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Abstract

This thesis presents a computational model of working memory load in human sentence
processing that attempts to explain a number of well-established linguistic performance ef-
fects that are associated with processing difficulty of certain syntactic structures. The com-
putational model presented here is based on recent assumptions of working memory in com-
putational cognitive modeling. In particular the assumption that there are working memory
demands in on-line sentence comprehension associated withboth storage of incomplete syn-
tactic structure and integration of new lexical input into the structure built thus far. The model
has been realized as an implemented system for parsing a fragment of English into depen-
dency representations. The implementation provides detailed quantitative predictions of the
time course of sentence comprehension and processing difficulty. These predictions afford
comparison with empirical evidence such as reading time data. In contrast to current sen-
tence processing theories which rely on phrase structure representations, we implement an
algorithm for parsing where the basic syntactic relations necessary for interpretation are es-
tablished directly as asymmetrical dependency relations between lexical nodes. In addition
to accounting for well-established processing contrasts,the dependency-based parsing model
detailed here reflects important principles of real-time sentence processing, such as incremen-
tality and predictivity.
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1 Introduction

In order to understand a sentence in natural language it is necessary toassemble
its syntactic structure and recover the semantic and referential representation associ-
ated with it. Syntactic structure assembly in human sentence comprehension requires
some immediate memory of the past so that incomplete structure can be retained
and integrated with new lexical input. Although words are input in succession and
processed serially, linguistic dependencies may span several words. As a first ex-
ample, consider the sentence in (1). This sentence involves a non-local subject-verb
dependency spanning several words. The embedded relative clausewho my sister
met by the sea last nightinterrupts the dependency between the subjectthe girl and
the main verbwore. Thus, when processing this sentence, some representation of the
initial subject must be retained in memory before it can be syntactically and seman-
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 sentence parsing
requires processing resources in the form of working memory resources1. The ev-
idence suggests that the efficiency of processing is constrained by inherent work-
ing memory limitations. One recent theory of the influence of working memory in
sentence processing - the dependency locality theory (Gibson, 1998, 2000) - makes
precise, quantitative predictions of processing load and hence processing difficulty
during on-line sentence comprehension. According to the dependency locality the-
ory, processing resources are required for two aspects of language comprehension:
storageof the structure built thus far; andintegrationof new lexical input into the
structure built thus far. Based on integration and storage, the dependency locality the-
ory defines a structural metric over syntactic structures which can account for a rich
variety of behavioral processing data across a range of languages.

In this thesis, we draw on the distinction between these two different functions
of working memory in sentence processing. The aim of this work is to providea
computational model of working memory load in sentence processing, realized as an
implemented model for parsing a fragment of English into dependency-based rep-
resentations. The implemented model provides detailed quantitative predictionsof
word-by-word processing difficulty and on-line reading times. These predictions af-
ford comparison with behavioral data fromself-paced reading time studies, in which

1Research in cognitive psychology has justified a distinction between long-term memory, in which
a large number of facts and autobiographical events are stored, and short term memory, in which very
limited amounts of information are kept active for very brief periods of time. Short-term memory is gen-
erally referred to as a kind of working memory system: “. . . a short-duration limited-capacity memory
system capable of simultaneously storing and manipulating information in the service of accomplishing
a task” (Caplan and Waters, 1999).
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participants are presented with sentences one word at a time and measurements of
the time taken for the participant to request the next word are recorded2.

In contrast to current sentence processing theories which rely on phrase structure
representations, we implement a model for parsing where the basic syntacticrelations
necessary for interpretation are established directly as asymmetrical dependency re-
lations between lexical nodes. In addition to accounting for performance effects in a
number of structures, the computational parsing model detailed here reflects impor-
tant principles of real-time human sentence processing, such as incrementality and
predictivity3.

1.1 Cognitive modeling and language engineering

The computational mechanisms which support human language processing form the
central area of research in experimental and computational psycholinguistics. Un-
derstanding the mechanisms underlying language use and how they relate to general
cognition is of critical importance to cognitive science in general. In addition, we
argue that various aspects of linguistic performance also have implications for the
engineering of natural language processing systems. In this view, computational the-
ories and behavioral evidence can serve to inform research on language technologies.
By way of illustration, consider the incremental nature of human sentence processing.
Extensive experimental evidence has shown that language comprehension is incre-
mental: each incoming word is processed immediatley and integrated without delay
into a partial sentence interpretation (e.g., Marslen-Wilson 1973; Just & Carpenter
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 ex-
ample, in order to build dialogue systems which can afford a natural dialogueflow,
reaction times need to be reduced close to the order of that of humans. To achieve
this, words need to be recognized and integrated into some structural representation
as soon as they are encountered.

Turning to the matter at hand, any kind of information processing task makes cog-
nitive demands on human processing capabilities.Cognitive 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 respect thelimitations
of human working memory. If a system requires the user to process too muchin-
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 correctly
predicts which kind of linguistic structures are associated with much cognitiveef-
fort in terms of processing load has a number of potential applications. Forexample,
natural language generation systems, e.g., dialogue and machine translationsystems,

2 The typical procedure of a self-paced reading experiment is as follows. Each sentence is presented
on a computer screen as a series of dashes which indicate the length and position of each word in
the sentence. Participants press the spacebar to reveal each word in thesentence. Each subsequent
press reveals the next word and removes the preceding word. The amount of time a participant spends
reading each word is recorded as the time (in milliseconds) between key-presses. After the final word
of each sentence, a comprehension question appears which prompts the participant to answer a yes or
no question about the information in the previous sentence.

3This does not mean, however, that the implemented model should be considered a cognitive model
in the strongly equivalent sense of Pylyshyn (1984). The processingsteps in the implementation are not
held to correspond to the processing steps of the human sentence processing system.

2



should preferably not produce output which people fail to understandor have diffi-
culty in understanding. Filtering of sentences that are hard or difficult to process can
be a useful component in such systems. A metric of processing load can also be used
in such systems to select the syntactic structure associated with the least process-
ing effort, so that the resulting sentence is easier to understand than otherpotential
alternatives. Further applications include text readability, grammar and stylecheck-
ing software, and in general any computational linguistic application in which the
comprehensibility of language is important. In addition, understanding the nature of
working memory capacity limits have applications in any area concerned with cogni-
tive overload in humans, such as aphasiology, attention-related disorders, multitask
performance (e.g., driving while talking on the phone), the design of time-critical
systems, user interface design etc.

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

1.2 Structure of the thesis

Throughout this thesis, we focus on those properties of the model that are relevant
for understanding it as a computational model of sentence processing. Thus, the the-
sis does not address technical details of the implementation4. The remainder of this
thesis is structured as follows. In chapter 2 we review some well-establishedexper-
imental evidence for inherent working memory constraints in sentence processing.
We also present a brief overview of the dependency locality theory. In chapter 3
we first consider general properties of dependency-based representations of syntactic
structure and then detail an incremental and predictive strategy for parsing a frag-
ment of English into such representations. A simple metric of working memory load,
the number of open syntactic predictions, affords an account of a number of perfor-
mance effects. In chapter 4 we focus on retrieval processes in sentence processing
and the working memory resources required for performing structural integrations.
We present a discourse-based activation decay model which correctlypredicts a va-
riety of performance phenomena. In Chapter 5 we provide some useful information
about the implemented system. Chapter 6 provides a summary of the work presented
in this thesis.

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

Research over the past forty years has provided important insights into the nature
of working memory and its influence on language processing. In this chapter we
introduce a small set of linguistic structures for which there are substantialexperi-
mental evidence of particular processing effects arising as a consequence of working
memory limitations. We also review some influential accounts of these performance
effects. We will restrict our attention here, as well as in subsequent chapters, to un-
ambiguous sentence processing difficulty. Thus, we will not be concerned with the
processing difficulty associated with misinterpretation of local structural ambiguities,
e.g. garden path effects1.

2.1 Center-embedding

One of the first clearly identified phenomenon associated with computational aspects
of language in use was the difficulty in comprehending multiply center-embedded
structures (Miller and Chomsky, 1963). A syntactic category,X, is center-embedded
within another categoryY, if there is some constituent inY 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 comprehend. In (3), the rel-
ative clausethat the cat bitis center-embedded within the sentencethe 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 more levels of
embedding in such structures. Thus, increasing the depth of embedding from one to
two center-embedded relative clauses makes the sentence in (3) extremely difficult to
process. This fact has been documented extensively in a large number of languages
apart from English. The difficulty in processing English multiply center-embeddings
is illustrated in (4) and (5) below2.

(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 structural ambiguity which is resolved in
favour of an incorrect reading. The sentence in 2 provides a well-known example:

(2) The horse raced past the barn fell.

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

2Following notational conventions we indexgrammaticalbutunacceptablesentences with #.
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(5) # The mouse that the cat that the dog that the elephant admired chased bit ate
the cheese.

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

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

(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 are schematically illus-
trated below:

(8) Right-branching:[α. . . [α. . . ]]

(9) Left-branching:[[α. . . ]α. . . ]

(10) Center-embedding:[α. . . [α. . . ]. . . ]

It is generally assumed that the difficulty associated with center-embedding iscaused
by an inherent constraint on working memory resources. Although thereis a general
agreement that working memory limitations play a fundmental role in explaining the
difficulty, it is much less clear why exactly the processing system fails to construct
a representation for such constructions. One general explanation relies on the num-
ber of nominal arguments which must be temporarily retained in working memory
before either argument can be integrated with its associated verb. The fact that hu-
man working memory is bounded suggests that the processing system does not have
access to the memory resources required in order to retain the nominal arguments
in memory, and as a result it fails in representing the associated syntactic structure.
This kind of processing breakdown associated with center-embedded structures is
generally referred to as aprocessing overloadeffect.

However, much research on embedded structures since the early work by Miller
and Chomsky (1963) has shown that the issue of embedding is considerably more
complex than initially assumed. For example, not all multiply center-embedded struc-
tures are unacceptable, and contrary to common assumptions, some multiply center-
embedded structures occur surprisingly frequently in language (Roecket al., 1982).
Roeck et al. (1982) collected examples of naturally occuring center-embeddings from
English and German newspaper texts and showed that such structures are occasion-
ally produced. Thus, besides right-branching and left-branching constructions, there
are a variety of acceptable center-embedded constructions (Cowper, 1976; Gibson,
1991; Lewis, 1993). For example, consider the sentences in (11) and (12). These
sentences are acceptable even though both involve multiply center-embedding.

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

(12) The possibility that the man who I hired is incompetent worries me.
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In (11), two sentences (the food tasted good, John ordered) are center-embedded
within the main clause (That. . . pleased him). In (12), a relative clause (who I hired)
is embedded inside a complement clause (that the man is incompetent). Although
both of these sentences involve two levels of center-embedding they are stillaccept-
able and do not cause the processing difficulty associated with the center-embedded
structure in (4).

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

(13) John-wa Bill-ni Mary-ga Sue-ni Bob-o 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 occurs,yet such
constructions are acceptable in Japanse. The crucial difference between the Japanese
construction and the English double center-embedded structure in (4) is that the nom-
inal arguments in the Japanese sentence are marked for case. Processing the Japanese
sentence requires retaining no more than two nominal arguments of any particular
syntactic function in memory: at most two subjects, two indirect objects, and a direct
object. In contrast, processing the center-embedded structure in (4), requires retain-
ing three nominal arguments of the same syntactic function (subject) before any verb
occurs. Lewis (1993, 1996) showed that a range of cross-linguistic data on center-
embeddings can be explained assimilarity-based interferenceeffects in a capacity
limited working memory. The central assumption here is that retaining incomplete
syntactic constituents with the same syntactic function causes interference effects
in working memory during processing, resulting in increased processing difficulty.
Based on behavioral data, Lewis suggested that the working memory system could
store no more than two items under the same syntactic relation at any point during
the course of processing a sentence3.

2.2 Relative clause asymmetry

There is considerable experimental evidence showing that it is harder to process an
an object relative clause sentence such as (14) than a subject relativeclause sentence
such as (15) (e.g., 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 relative clauses, such
structures are processed more slowly than subject relatives. This contrast has been

3Lewis original model has since been substantially revised. Lewis and Vasishth (2005) provides
a detailed sentence processing theory based on activation decay and similarity-based interference in
working memory.
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established in several studies, using a variety of experimental techniques, e.g., self-
paced reading time and event-related potentials4.The critical differentiating region
occurs at the verb of the relative clause (attacked) which is associated with increased
reading time in object relative clause sentences. Moreover, it has been reported that
aphasic patients have great difficulty in comprehending object relative clauses (e.g.,
Grodzinsky, 1989).

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

(16) The reporteri [S′ whoi [S the senator attacked ei ]] admitted the error.

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

(17) The reporteri [S′ whoi [S ei attacked the senator]] admitted the error.

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

The processing asymmetry between the two different structures, e.g., as measured
by reading-times, has been given different explanations. Under a capacity-limited
view, when processing the object-relative clause, two nominal arguments must be re-
tained in working memory before any verbal information clarifies the sentence struc-
ture. By contrast, in the subject relative clause only one nominal argument precedes
the embedded verb. Thus, processing load at the embedded verb is higher in the ob-
ject relative clause, and as a result reading times increase at this word. Adifferent
influential account which will be reviewed in section 2.5 relies on the greaterlinear
distance between the embedded verb and the extracted relative pronoun (or more pre-
cisely, between the empty category position ei and the relative pronoun) in the object
relative clause. This account explains the observed contrast under the assumption 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 embeddings in right-
or left-branching structures, center embedded relative clause structures are critically
restricted, as previously discussed. There have been attempts to characterize human
memory limitations in syntactic processing by considering these acceptability bounds
relative to the computational memory requirements of particular parsing algorithms
for context free grammars (Miller and Chomsky, 1963; Johnson-Laird,1983; Abney
and Johnson, 1991; Resnik, 1992). These accounts have relied on the stack size, i.e.
the number of incomplete nodes at each point in the parsing process, as a reasonable
metric for working memory load.

4Event-related potentials (ERP):A measurement of brain activity which indicates the presence of
syntactic (P-600) and semantic anomaly (N-400) during language comprehension.
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2.3.1 Top-down and bottom-up parsing

In a strict top-down parsing algorithm for context free grammars the stackis main-
tained in order to keep track of syntactic categories that have been predicted thus far
and therefore still need to be found. A top-down algorithm may require an unbounded
amount of stack space in order to parse left-branching and center-embedded struc-
tures (Miller and Chomsky, 1963; Abney and Johnson, 1991). Top-down processing
associates bounded (constant) space with right-branching structures only. Thus, a
structural metric of processing load based on the memory requirements of a top-
down algorithm suggests that left-branching structures should be as unacceptable as
center-embedded structures and harder to process than right-branching structures.
Since left-branching structures such as (18) are acceptable, such anassumption is
incorrect with respect to behavioral data (Chomsky and Miller, 1963; Miller and
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 been found thus
far, and still need to be structured together. A bottom-up algorithm may require an
unbounded amount of stack space in order to process right-branchingand center-
embedded structures (Chomsky & Miller, 1963; Abney and Johnson, 1991). Bottom-
up processing associates constant space only with left-branching structures. Hence,
a metric based on the memory requirements of a bottom-up algorithm suggests that
right-branching structures should be as unacceptable as center-embedded structures
and harder to process than left-branching structures. Since right-branching structures
such as (19) are acceptable, such an assumption is also incorrect with respect to
performance data (Chomsky and Miller, 1963; Miller and Chomsky, 1963; Johnson-
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 sentence processing system
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 unbounded memory
with center-embedded structures only. It has been shown, however, that an instance
of the left corner algorithm do require unbounded stack space for center-embedded
structures while retaining bounded space for both left- and right-branching structures
(Aho and Ullman, 1973; Johnson-Laird, 1983; Abney and Johnson, 1991; Resnik,
1992). A left corner algorithm proceeds partially top-down and partially bottom-
up by identifying the left most corner of the right hand side of a context-free rule
bottom-up, and predicting the remaining categories on the right hand side of the rule
top-down. Thus, when given a context free rule such as (20) below and a structure
of categoryR1 is found bottom-up, a structure of categoryL is built aboveR1 and
the categoriesR2 to Rn are predicted to the right. CategoryL is complete when the
categoriesR2 to Rn have been found. At that point, categoryL may cause left-corner
prediction for all those rules in the grammar in whichL is the leftmost category of
the right hand side.
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(20) L → R1 R2 . . .Rn

Left-Corner parsing defines a range of possible parsers dependning on which
arc-enumeration5 strategy that is employed. For example, anarc-eagerstrategy enu-
merates the arc between two nodes as soon as both nodes are present, while anarc-
standardstrategy enumerates the arc between two nodes only after all the nodes
dominated by the child have been enumerated. While an arc-eager left corner pars-
ing algorithm requires only constant space on left- or right-branching structures it
may require an unbounded amount of memory in order to process center-embedded
structures. Thus, the memory requirements of the arc-eager left corneralgorithm
correspond appropriately to acceptability bounds on processing with respect to left-,
right- and center-embedded structures. However, it is clear that the diverse nature of
human sentence processing difficulty can not be accounted for with reference to the
memory requirements of the left corner algorithm alone.

2.4 Storage and computation

Most theories of the influence of working memory in language processing have relied
on the conception of working memory as a limited-capacity buffer reserved for short-
term storage of incomplete structure. For example, the algorithmic-based approach
previously reviewed quantified processing load in terms of the number of nodes tem-
porarily retained on the stack during parsing. However, much experimental evidence
in more recent memory research has motivated a different conception of working
memory. Thus, it is currently assumed that memory resources are requirednot only
for short-term storage of the intermediate products of computations, but also for sup-
porting the actual computations themselves. Working memory is better construedas
both a storage space and an arena for computation (Just and Carpenter, 1992). For
example, when performing a task such as keeping track of a list of unrelated words
or numbers for a short period of time it is necessary to hold information in temporary
storage to complete the task. However, when performing a task such as an arithmetic
calculation, such as adding two three digit numbers, additional processingresources
are required in order to compute the answer. Just and Carpenter (1992) suggested 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 he con-
structs and integrates ideas from the stream of successive words in a text
or spoken discourse. In addition to its role in storage, working memory
can also be viewed as the pool of operational resources that performthe
symbolic computations and thereby generate the intermediate and final
products.

The distinction between storage and computational resources has been partic-
ularly influential in one recent theory of working memory in sentence processing.
Next, we present a brief overview of this theory.

5The order in which the nodes and arcs of the parse tree is enumerated (Abney and Johnson, 1991).
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2.5 The dependency locality theory

The dependency locality theory (DLT, Gibson, 1998, 2000) instantiates the distinc-
tion between different functions for storage and computational resources in sentence
comprehension. According to the DLT, working memory resources are required for
two aspects of sentence comprehension:storageof 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 syntactic structures
which predicts a wide range of processing effects in both unambiguous andambigu-
ous structures. Storage is associated with a cost measured inmemory units(MUs),
and structural integration is associated with a cost measured inenergy units(EUs).

2.5.1 Storage cost

The processing resources required for storing a partially processedstructure are pro-
portional to the number of incomplete syntactic dependencies at that point in process-
ing the structure. As a result, processing load increases when the numberof incom-
plete dependencies increases. More specifically, storage cost is computed as follows.
Each syntactic head required to complete the current input string as a grammatical
sentence is associated with a storage cost of 1 MU. It is assumed that the minimal
number of syntactic heads needed to complete a grammatical sentence is two: a noun
for the subject, and a verb for the predicate. If words are encountered during process-
ing that necessitate other syntactic heads to form a grammatical sentence, then these
heads are also predicted and additional storage cost is incurred. For example, after
processing the partial input stringthe 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 subjectthe girl requires a verb
and the relative pronounwho also requires a verb. Thus, for example, the sentence
can be completed grammatically asthe girl who sleeps shivers.

(21) The girl who sleeps shivers

Consider the simple sentence in (22) and its storage cost profile presentedin table 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 senator

Matrix verb 1 R

Subject 1 R

Object NP 1 R

Total cost 2 1 1 1 0

For the first word, the determinerthe, two syntactic heads are needed to complete
a grammatical sentence, a noun for the subject and a verb for the predicate. Thus the
storage cost is 2 MUs at this point. At the next word,reporter, the prediction of a
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noun is realized and thus only a verb is required to complete the sentence. Hence
the storage cost is 1 MU at this point. At the third word,attacked, a direct object is
needed to complete the sentence grammatically, so the cost at this word is 1 MU.
The following determinerthedoes not satisfy the prediction for an object, but it does
not add any additional predictions either, so the storage cost remains at 1MU here.
The last wordsenatorrealizes the prediction of an object and completes the sentence
grammatically.

The DLT Storage cost component can account for processing overload effects in
multiply center embedded structures, as well as for the processing contrast between
object relative clauses and subject relative clauses. In particular, atthe point of having
processed the partial input stringthe man who the . . ., in the previously discussed
object relative clause structure, repeated here in (23), there are four predictions 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 verb for the rel-
ative clause, an empty category position in the RC (relative clause) to be associated
with the relative pronounwho, and a noun for the determinerthe. In contrast, when
processing the subject relative clause in (15) there are never more thantwo open
predictions at any given point.

Both storage cost and integration cost provide explanations for a wide range of
performance effects. According to the DLT, however, integration costreflects reading
time effects most directly.

2.5.2 Integration cost

The structural integration cost associated with integrating a new word into thecurrent
syntactic structure increases as the linear distance increases between theword and the
most local head or dependent to which it attaches in the structure. More precisely, the
cost of integrating the current wordw with a previous syntactic item is proportional to
the number of discourse referents6 that separatesw and the associated syntactic item
in the structure built thus far. The motivation for quantifying head-dependent distance
in terms of discourse referents is based on experimental evidence which suggests that
the difficulty of processing a nominal argument depends on the accessibilityof the
nominal referent in the discourse. It is harder to access or mentally construct referents
which refer to new discourse referents than entities or individuals which are already
in focus in the discourse. Focused entities or individuals, which are usually referred
to with pronouns, are highly accessible. Nonfocused entities or individuals, usually
referred to with proper names and definite descriptions, and indefinite noun phrases
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, it is as-

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

“A discourse referent is an entity that has a spatiotemporal location so that it can
later be referred to with an anaphoric expression, such as a pronoun for NP’s, 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 theerror

New discourse referent 0 1 0 1 0 1 1 0 1
Structural integration 0 0 0 0 0 0 2 0 0
Total 0 1 0 1 0 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 processing the head
verb of a VP that refers to a new discourse event (also a discourse refer-
ent) consumes substantial resources, but processing other words does not
consume substantial resources in the discourse processing componentof
structure building. (Gibson, 2000, 103).

The total integration cost at a word is the sum of all structural integrations taking
place at that word. Consider the structural integration cost metric with respect to
the subject-object relative clause asymmetry. The subject relative clausesentence is
repeated here in (24) and its associated structural integration cost profile is presented
in table 2.2.

(24) The reporteri [S′ whoi [S ei attacked the senator]] admitted the error.

In the subject-relative clause, all integrations taking place are local until the main
verbadmittedis processed. Each of the previous wordsreporter, attackedandsena-
tor are associated with a discourse cost of 1 EU, since each of these wordsintroduce
new referents in the discourse. The wordadmittedis attached as the main verb for the
subjectthe reporter. There is a discourse cost of 1 EU at the main verb corresponding
to the referentadmitted. In addition, there is a structural integration cost associated
with integrating the main verb with the previous subject. The integration crossestwo
discourse referents,attackedandsenator. Thus, the structural integration cost at the
main verb word is 2 EUs.

Consider now the object relative clause sentence, repeated here in (25), and its
associated integration cost profile given in table 2.3.

(25) The reporteri [whoi [the senator attacked ei ]] admitted the error.

The structural integration cost in the object relative clause differ from the sub-
ject relative clause only at the embedded verbattacked. At this word, there are three
structural integrations taking place. The wordattackedis attached locally as the verb
for the subjectthe senator(0 EUs). An empty category,e, is integrated locally as
the object ofattacked(0 EUs). The empty catgory,e, is co-indexed with the pro-
nounwho. This is a non-local integration. There are two discourse referents,senator
andattacked, in the intervening region. Hence, the structural integration cost at the
embedded verb is 2 EUs. The total integration cost atattackedis 3 EUs.

In sum, structural integration cost predicts the well-established increase inread-
ing time at the embedded verb in an object relative clause. Processing this word re-
quires more integration resources in an object relative clause than in a subject relative
clause.

12



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 theerror

New discourse referent 0 1 0 0 1 1 1 0 1
Structural integration 0 0 0 0 0 2 2 0 0
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 DLT accounts for
various processing overload effects, including the difficulty with multiple center-
embeddings, the acceptability of right- and left-branching structures, length/heaviness
effects7, various ambiguity effects and a number of other performance effects not dis-
cussed here.

2.5.3 The relationship between integration and storage cost

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

Apart from storage cost and integration cost, there are additional factors assumed
to influence the comprehensibility of a sentence: (i) the frequency of the lexical items
being integrated, i.e processing high-frequency lexical items require fewer resources
than the processing of low-frequency lexical items; and (ii) the contextualplausibil-
ity of the resulting structure, i.e structures representing plausible meanings require
fewer resources than structures representing implausible meanings. Thedependency
locality theory, however, makes no further assumptions with respect to these factors.

7 Length/heaviness effects refer to the fact that linguistic constructions are generally 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 into dependency-
based representations. The parsing model presented here involves both bottom-up
processing and top-down prediction of expected syntactic relations between words
already seen and yet unseen words. A simple metric of working memory load,the
number of syntactic predictions associated with incomplete dependencies, affords
an account of a number of well-established performance contrasts. Before we turn
to a description of the parsing model, we first consider some general properties of
dependency representations and dependency parsing.

3.1 Dependency representations and dependency
parsing

Dependency-based theories of syntax define the syntactic structure ofsentences in
terms of binary asymmetrical dependencies between the words of a sentence1. Thus,
in contrast to syntactic representations based on constituency or phrasestructure,
there are no higher nodes (i.e. phrasal nodes) in dependency structures. A depen-
dency relation holds between two terminal nodes, of which one is the head and the
other is the dependent. Every lexical node in a dependency structure is dependent
on at most one other lexical node. There is only one node which is not dependent
on any other node. The node which is not dependent on any other is generally re-
ferred to as the root of the sentence. A dependency structure can be defined as a
directed graph, where the set of nodes is given by the set of lexical elements, and the
set of arcs represent dependency relations from heads to dependents (Nivre, 2005).
Figure 3.1 shows a dependency structure for an English sentence represented as a
directed graph, where each word of the sentence is labeled with its lexical category
and each arc labeled with a syntactic function.

Given that dependency structures can be represented as directed graphs, condi-
tions governing the well-formedness of such structures can be stated as graph con-
straints2. Thus, for example a dependency graph must beconnectedin order to pro-
vide a complete syntactic analysis of a sentence. This constraint ensures that each
node is related to at least one other node. In addition, there are two more basic con-
straints generally imposed on dependency graphs: thesingle-headconstraint and the

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

2For a more detailed discussion of dependency graphs and graph constraints, the reader is referred
to Nivre (2003).
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Figure 3.1: Dependency graph for an English sentence

acyclicityconstraint. The single-head constraint ensures that each node is dependent
on at most one other node, while the acyclicity constraint ensures that the graph does
not contain cycles3. In addition to these constraints, a dependency graph may bepro-
jectivewith respect to the linear order of the words in the sentence. Informally, the
projectivity constraint ensures that if a nodeh is the head of another noded, then each
wordw, which occurs betweenhandd in the linear order, is a direct or indirect depen-
dent ofh. By assuming the projectivity constraint, dependency graphs with crossing
branches are rejected. Thus, there is a general acceptance in most dependency-based
theories to recognize non-projective structures in order to account for discontinuous
constructions, and the syntactic structure of languages with free or variable word
order.

It should be noted that although not explicitly expressed, phrase structure or con-
stituency is still recognized in dependency representations. A phrase orconstituent
in a dependency representation consists of any head and all its direct and indirect
dependents. Thus, phrase structure can be derived from the binarydependency rela-
tions. The basic syntactic primitives in dependency representations, however, are the
asymmetrical dependencies that hold between lexical items. These relations impose a
hierarchically organized structure on the words of a sentence, such that the complete
syntactic structure can be defined as a directed graph (or rooted tree).

In order to account for syntactic structure in terms of dependency relations, it is
necessary to establish criteria which distinguishes the head from dependent in such
relations. Dependency relations are generally motivated by both semantic and syntac-
tic criteria. Some of the criteria which have been proposed for identifying a syntactic
dependency relation between a headH and a dependentD in a constructionC is
presented below (Nivre, 2005).

1. H determines the syntactic category ofC and can often replaceC.

2. H determines the semantic category ofC; D gives semantic specification.

3. H is obligatory;D may be optional.

4. H selectsD and determines whetherD is obligatory or optional.

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

6. The linear position ofD is specified with reference toH.

Mel’ čuk (1988) makes a distinction between different linguistic levels of dependency
relations. In particular, he recognizes three different types of dependencies:morpho-

3There are, however, dependency frameworks that do not impose the single-head or acyclicity
constraint on the syntactic structures, e.g.Word Grammar(Hudson, 1984).
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logical, syntacticandsemantic. According to Mel’̌cuk, these three different kinds of
dependencies are distinct in the structure of sentences and should not be confused.

Dependency representations are generally more constrained and hence less ex-
pressive with respect to certain aspects of syntactic structure than constituency-based
representations (Nivre, 2005). However, while constituency representations are more
expressive, the more constrained dependency representations present potential ad-
vantages with respect to the parsing of natural language into such representations
(Nivre, 2005). Below, we summarize some of the arguments which have been put
forward in support of parsing with dependency-based representations (based on Cov-
ington (2001) and Nivre (2005)).

• Constrained parsing problem
In contrast to constituency-based representations, the number of nodes in a
dependency structure is fixed by the input string itself. Thus, there is no pos-
tulation of additional nodes in dependency parsing. This affords conceptually
simpler methods for parsing.

• Correspondence to semantic interpretation
While being more constrained (and hence less expressive) than constituency-
based representations, dependency representations provide a relatively direct
encoding of predicate-argument structure. Thus, there is generally a direct cor-
respondence of dependency relations to the structural relations that are neces-
sary for semantic interpretation.

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

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

Covington (2001) presents variations on what is referred to as a fundamental al-
gorithm for parsing natural language into dependency representations. His approach
is based on a parsing algorithm originally formulated for discontinuous dependency
parsing. Here, free word order is considered the most general caseand restrictions
on word order are realized by imposing additional constraints on the parsing strat-
egy. The basic strategy is similar to bottom-up shift-reduce parsing for context free
grammars. The parsing strategy presented in Covington (2001) is deterministic, in
the sense that once a dependency relation has been established it it assumed to be
part of the final structure and can not be removed. However, in orderto handle lo-
cal ambiguity, Covington recognizes a limited backtracking mechanism. The time
complexity of the deterministic parsing algorithm isO(n2). The fundamental parsing
strategy assumes only a dependency grammar defined in terms of binary dependency
rules. Given any two words, the grammar should be able to determine whethera
dependency relation can be established between these words and to identify which
is the head and which is the dependent. The fundamental left-to-right strategy is as
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 dependent issearched
for. Thus, when searching for a previous head or dependent of thecurrent wordwi ,
it is possible to start either from the most recently processed wordwi−1, or from the
beginning of the input string. However, given that syntactic relations tendto be local,
it is concluded that the former strategy is likely to be more efficient. The most-recent-
first search strategy is subsequently refined by imposing different constraints on the
linking operation. Thus, the single-head (uniqueness) and projectivity constraint 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 not consider words
that are already dependents of something else; (ii) when looking for the head of the
current word, stop after finding one head, there will not be another. The projectivity
constraint is implemented as follows: (i) do not skip a potential predependent of the
current word, that is, either attach every consecutive preceding word that is still in-
dependent, or stop searching; (ii) when searching for the head of the current word,
consider only the previous word, its head, that word’s head, and so onto the root of
the tree. In summary, the algorithm for dependency parsing presented in Covington
(2001) provides a way to accept free word order while at the same time maintaining
a recency preference for syntactic attachments. In addition, by modifyingthe link-
ing operation, this parsing strategy can be implemented so as to produce dependency
structures which satisfy the constraints ofsingle-headandprojectivity.

3.2 Predictive processing

Recent psycholinguistic evidence suggests that language comprehension isanticipa-
tory or predictive. People not only process language incrementally, but also make
continuous predictions about what they expect to follow next (e.g., Kamideet al.,
2003a; Kamideet al, 2003b). Thus, in addition to providing sufficient information
for attaching the word being processed into the existing structure without delay, pre-
viously processed input also provides cues to linguistic properties of subsequent in-
put. As previously shown, retaining predictions for incomplete dependencies is asso-
ciated with processing load in the storage cost component of the dependency local-
ity theory4. Accordingly, the DLT predicts that processing difficulty should increase
when the number of syntactic predictions increases in the structure.

Most current approaches to dependency parsing do not involve anticipatory or
predictive (top-down) processing. For example, the parsing algorithm in Covington
(2001) reviewed above, proceeds by accepting words from left to right, first trying to
attach the current word as the head of previous words and then to attach the current
word as a dependent of a previous word. There is, however, no attempt to predict
any syntactic properties of subsequent heads or dependents followingthe current
word. Thus, if there is no previous node to which the current wordw can attach
as dependent, no further attempt is made to identify a subsequent head node for w,
although the possible syntactic identities of such a head may be constrained bythe
lexical properties ofw. Correspondingly, there is no attempt to identify a subsequent

4More precisely, each predicted syntactic head required to complete the current input string as a
grammatical sentence is associated with increased working memory load inthe DLT.
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dependent node for the current wordw, although the dependent may be required and
its syntactic properties constrained by the properties ofw.

Here, we will detail a preliminary attempt at a parsing strategy which involves
top-down prediction of expected syntactic relations between words alreadyseen and
yet unseen words. We present a parsing algorithm based on Covington(2001) which
embodies both bottom-up and top-down processing. Although the parsing strategy
has been realized as an implemented parser, it must be emphasized that its perfor-
mance has been assessed only with respect to the particular syntactic structures it
was designed to account for. Additional functions will need to be added inorder to
parse a larger fragment of English appropriately.

3.2.1 Lexical constraints

The syntactic attachments considered by the parser are restricted by the lexical con-
straints associated with each lexical item. These constraints apply during the process-
ing of a sentence as lexically-based predictions about the categories thatcan follow
the current lexical itemw, which are in a head-dependent relationship withw. Given
that a dependent node generally presupposes the presence of the head and that a head
may require the presence of the dependent, anticipated nodes may be predictions of
either head nodes or dependent nodes. Parsing, as construed here, is a process of
looking up the lexical features of the current word and trying to match thesefeatures
to the predictions in the dependency structure built thus far. We will assume adepen-
dency grammar formalism similar to Covington (2001). The formalism employed
here differs, however, from Covington (2001) in that it definesdirecteddependency
rules (Nivre, 2003) and distinguishes betweencomplementsandmodifiersof a head.
A directed dependency rule identifies the relative position, in the linear order, of
the dependent with respect to the head. Thus, a dependency relation in which the
dependent precedes its head in surface syntax isleft-directed, while a dependency
relation in which the dependent follows its head isright-directed. The distinction
between complements and modifiers (or adjuncts) is central to syntactic theory. A
lexical head may imposevalencyrequirements on its syntactic dependents. In partic-
ular, the lexical properties of a verbal head identifiescomplementsof the verb which
are either required or syntactically permitted by the verb. Thus, complements are
valency-bound by their head. By contrast, dependents that are not valency-bound by
their head are modifiers. Modifiers are generally optional dependents ofthe head.

In the current formalism, each word is defined by a lexical entry,Lw, that speci-
fies the orthographic form of the word, lexical category information and agreement
features of the word5(e.g.,person, number, gender case, tense). In addition, lexical
entries are anchored to lexical constraints, which are defined in terms of aset of de-
pendency rules.

We define a dependency grammar as a quintuple〈W, C, D, F, R〉, where

• W is a vocabulary; a finite set of word forms;

• C is a finite set of lexical categories;

• D is a finite set of dependency relations, e.g.,subject, object, adverbial;

5For expository purposes, the internal agreement features of wordsare not explictly defined in the
subsequent definition of the formalism.
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• F is an assignment function (F : W→ C);

• R is a set of dependency rules of the following form:

〈[HEAD, COMPLEMENT, MODIFIER, DIRECTION]〉, where

HEAD is the head of the rule; a lexical categoryCh ∈ C;

COMPLEMENT identifies complements ofHEAD in terms of a set of fea-
ture structures of the form:[funct: Funct, cat: Cd] , whereFunct∈ D and
Cd ∈ C;

MODIFIER identifies a modifier ofHEAD in terms of a feature structure
of the form:[funct: Funct, cat: Cd] , whereFunct∈ D andCd ∈ C;

DIRECTION identifies the linear position ofCOMPLEMENT and MODI-
FIER with respect toHEAD, i.e., eitherleft or right;

Thus,left-directed rules identify valency-bound and optional dependents to the
left of the head, whileright-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 procedures:ATTACH AS HEAD andATTACH AS

DEPENDENT, respectively. Thus, for each wordw, it first tries to attachw as the
head of words read earlier and then to attachw as 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 immediate, such
that parsing proceeds by accepting words and attaching each word into the depen-
dency structure as soon as there is a previous head or dependent it can attach to. In
addition, processing is predictive, such that the parser strives to predict subsequent
heads and dependentstop-downas it successively encounters each word in a sen-
tence. As a result, any intermediate representation of the dependency structure may
contain nodes which have been predicted but still lack lexical realization. Given that
dependency structures lack phrasal nodes, a predicted node only encodes a syntactic
function and a lexical category (i.e., a pre-terminal category in constituency terms)
which can realize the associated function. Syntactic predictions are derived from the
lexical constraints of each succesive word encountered during parsing. These predic-
tions represent lexical heads or dependents that will need to be integrated into the
dependency structure at some point in the parse. When all words in the input string
have been processed, each prediction must be resolved, which means that there must
be no lexically uninstantiated nodes left in the dependency structure.

To enable parsing, at least two list-based data structures are required:a buffer,
referred to as theWM (working memory) buffer, where temporary representations
of predicted nodes are retained, and a representation of the dependency structure
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built thus far, referred to as theDS(dependency structure). Syntactic predictions are
retained in theWMbuffer until they can be lexically instantiated and attached into the
dependency structure. In order to attach the current wordw as head or dependent of
a previous word, the lexical features of the current wordw are first matched against
a syntactic predictionP that is part of theWM buffer. Such a match results in a
retrieval of the previously processed word which fired the prediction ofP. Then, the
current word attaches into the dependency structure as head or dependent of this
word. Nodes in theWM buffer are encoded as eitherpredicted head nodes(PHNs)
or predicted dependent nodes(PDNs). Each such node is a feature structure with
feature values for a syntactic relation and a lexical category which can realize the
syntactic relation. In addition, each such node has a feature,id, whose 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 features, as defined by
Lw, are looked up in the lexicon. The lexical category of the current word,Cw, is then
matched against the syntactic predictions that are part of the WM buffer, such that
each successive occurence of a predictedheadnode in the buffer that matchesCw

is dropped from the buffer and lexically instantiated with the current word,w. The
current word then attaches in the dependency structure as the head of the lexical item
identified by the value forid in the prediction. Next, the parser attempts to derive top-
down predictions about forthcoming dependents ofw based on the lexical constraints
associated with the word. If the current word requires a complement to its right, then
this prediction is shifted to the buffer. In addition, an incomplete dependencyedge is
built, in which the current word is attached as the head of a dependent node which is
not yet lexically realized.

Consider this procedure with respect to the processing of the wordchasedin the
sentencethe black cat chased a rat yesterday. After having processedcat, there is one
node in the buffer, corresponding to a prediction of a verb as the head for the subject
cat. When the wordchasedoccurs, this prediction is realized and thus dropped from
the buffer andchasedis attached as the head ofcat in the dependency structure.
Furthermore, the lexical constraints associated with the verbchasedlicenses a new
prediction because the verb chased requires a complement. Thus, a new expectation
that corresponds to an object and a noun for realizing the object function is shifted
to the buffer. Furthermore, an incomplete edge is built in the dependency structure,
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 find a single
head for the word being processed.

3.2.4 ATTACH AS DEPENDENT

This procedure attempts to attach the current word as a dependent of oneof the words
previously processed. Given the restriction that every lexical node in adependency
structure is dependent on at most one other lexical node, this procedure is complete
as soon as a potential head for the current word is found. The lexical features of the
current word,w, is first matched against the predictions that are part of the buffer,
such that the first occurence of a predicteddependentnode in the buffer that matches
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Cw is dropped from the buffer and lexically instantiated with the current word.This
word then attaches in the dependency structure as the dependent of the lexical item
identified by the value forid in the prediction. However, if there is no prediction
that matchesCw, 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 head ofw is part of
the previously processed input. In this case, a search process is initiated, beginning
with the most recent itemwi−1, moving backwards through previously constructed
dependencies. Assuming that the parser only builds projective structures, the parser
utilizes the search strategy defined by Covington (2001). Thus, searchproceeds by
first considering the previous word as a head, then that words’ head,its head etc,
until either a potential head is found or a node which does not depend on any other
is found. If a head is found, then the current wordw is attached into the dependency
structure as a dependent of this word. This procedure is then complete and the next
word is read from the input. If, however, no head is found in the searchprocess, the
parser attempts to predict a forthcoming head node for the current word.Because
we are predicting aheadnode for the current word, only left-directed dependencies
should be considered. If such a prediction is licensed by grammar, this prediction
is shifted to the buffer, causing an incomplete edge to be built in the dependency
structure in which the current word attaches as the dependent of a headnode not yet
lexically realized. However, if the grammar does not sanction such a prediction, the
next word is read from the input.

Consider this procedure with respect to the processing of the wordblack in the
sentencethe black cat chased a rat yesterday. Whenblack is accepted, there is only
one node in the buffer corresponding to a prediction of a head noun forthe deter-
miner the. Furthermore, search can not be initiated since no complete dependencies
have been established thus far in the dependency structure. Thus, the parser attempts
to predict an upcoming head for the adjectiveblack. Such a prediction is licensed
by the grammar, given the rule that adjectives are attributive premodifiers of nouns.
Consequently this prediction is shifted to the buffer and an incomplete dependency
edge is built in whichblack attaches as dependent of a head node which has yet
to be lexically realized. When the following wordcat is processed, this prediction
is realized andcat is instantiated as the head ofblack (and also as the head of the
determinerthe) in the structure.

Now, consider this procedure with respect to the processing of the adverbial mod-
ifier yesterdayin the same sentence. After having processedrat, the buffer is empty
since all predictions associated with the words in the sentence have been resolved
and the input stringthe black cat chased a ratconstitutes a complete grammatical
sentence. When the modifieryesterdayoccurs, a most-recent-first search for its head
begins at the previous wordrat. Since adverbs do not modify nouns, search continues
for the head ofrat. The head ofrat has been established aschasedin the structure, and
because adverbs do modify verbs,yesterdayis attached as the dependent ofchased.
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3.2.5 Parsing algorithm

Given a list of words to be parsed, and two working listsM andDS:

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

while there 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 node inM,

if [funct: Funct, head: Cw, id: Di ] then
removePHN from M;
attachW as the head ofDi in DS

else
terminatefor loop

(PREDICT DEPENDENT)
if (Cw, [funct: Funct, cat: Cd], Mod, right)∈ R then

PDN := [funct: Funct, dep: Cd, id: Wi ] ;
addPDN to M;
add incomplete edge to DS:(W, Cd, Funct, Wi)

end if

(ATTACH AS DEPENDENT)
for PDN := each successive predicted dependent node inM,

if [funct: Funct, dep: Cw, id: Hi ] then
removePDN from M;
attachW as dependent ofHi ;
terminatefor loop

else (Search for the head ofW in DS)
H := the word immediately precedingW in the input string;
Ch := the lexical category of H;

loop
if (Ch, Comp, [funct: F, cat: Cw], right) ∈ R then

attachW as dependent ofH in DS;
terminate the loop

if H is independentthen
terminate the loop;

else H := the head ofH
end loop;

(PREDICT HEAD)
else if

(Ch, Comp, [funct: Funct, cat: Cw], left) ∈ R
or

(Ch, [funct: Funct, cat: Cw], Mod, left)∈ R
then

PHN := [funct: Funct, head: Ch, id: Wi ] ;
addPHN to M;
add incomplete edge to DS:(Ch, W, Funct, Wi);

end while
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3.2.6 Parsing illustration

Figure 3.2 illustrates the word-by-word parse sequence for the sentence the black
cat chased the rat yesterday. The figure illustrates the partial syntactic dependency
structure built after each respective word has been input and processed. As shown,
parsing proceeds incrementally, i.e. each new word is integrated into the evolving
dependency representation as soon as it occurs in the input stream. Furthermore,
the parser attempts to establish as much structure as possible at each parse state by
predicting, top-down, expected syntactic relations and lexical categorieswhich can
realize the associated syntactic relation. In the figure below, we use a bar over nodes
that are predicted but not yet found.
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Figure 3.2: Illustration of the word-by-word parse sequence for an English sentence

3.3 Storage profiles

The assumption that working memory load increases for each syntactic prediction
associated with an incomplete dependency relation affords a simple explanation for
many processing contrasts in human sentence parsing. In this section we show that (i)
the parsing algorithm presented above is asymmetrical with respect to right-branching
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and center-embedded structures, and that (ii) the parsing algorithm associates a higher
storage cost with object-relative clause structures than subject-relativeclause struc-
tures. Given that center-embedded structures require more storage resources than
right-branching structures, it follows that object-relative clause structures require
more resources than subject-relative clause structures. However, since both pairs of
syntactic structures are freqently discussed in the literature, we provide storage pro-
files for each of the respective structures.

A few things should be noted about the structural dependency analysis assumed
here. Syntactic dependencies take precedence over semantic dependencies (Mel’cuk,
1988). With respect to relative clauses this means that a relative pronoundepends
on the main verb of the relative clause rather than on the subject of the main clause.
The embedded verb is the head of the relative clause, which in turn depends on the
nominal element it modifies. Sentence processing, however, also involveslinking
pronouns to their appropriate antecedents during the incremental structuring of the
input. Thus, there is also a semantic dependency relation between a relativepronoun
and its antecedent not taken into account here. Furthermore, we do notassume that
there are any empty category positions to be associated with extracted relative pro-
nouns in the syntactic representations. Instead, we follow Pickering and Barry (1991)
and assume a processing account according to which there is adirect associationbe-
tween an extracted pronominal element and its verbal head6.

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 slept

Subject 1 R

Object 1 R

Spec 1 R 1 R 1 R

RC1 verb 1 R

RC1 object 1 R

RC2 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 in table 3.1.
The storage cost upon processing the first wordthe is 1, corresponding to the predic-
tion of a head noun for the determiner. This prediction is realized when the next word
senatoris processed. At this parse state a new prediction is built, corresponding toa
verb for the subjectsenator. Thus, the storage cost is 1 also at the second word. Next,
the verbmetis processed and attached as head for the subjectsenator. Since the verb
met requires 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 following noun, both
predictions are resolved and storage cost is reduced to 0. When the first relative pro-
nounwhooccurs, a new prediction corresponding to a verb is stored. The next word

6See Pickering and Barry (1991) for a sentence processing accountwhich does not rely on empty
categories. See also Pickering and Barry (1991) for initial evidence that empty 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 slept

Subject 1 R

Spec 1 R 1 R 1 R

RC1 verb 1 R

RC1 subject 1 R

RC2 verb 1 R

RC2 subject 1 R

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

attackedrealizes this prediction. However, the verbattackedrequires a complement.
When the following two words,theandreporterhave been processed storage cost is
reduced to 0 again. The following pronoun requires a verb. This prediction is realized
upon processing the last wordslept. The total storage load remains very low during
the course of processing the right-branching structure. There are never more 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-branchingstructure above
is presented in table 3.2. As this table illustrates, there is a considerably higherstor-
age cost associated with processing the center-embedded structure. Inparticular, after
processing each noun and relative pronoun there are correpondingpredictions for (i)
a verb for a subject and (ii) a verb for the relative pronoun. This results in an increase
of verbal predictions which are not beginning to be resolved until the first verbmet
is encountered. The maximal point of storage cost occurs at the most embedded sub-
jectsenatorand its preceding specifierthe. After having processed the wordsenator,
there are five verbal predictions corresponding to three verbs for each preceding 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 object-relative clause
sentences in (26) and (27) are presented in figure 3.3 and 3.4, respectively.

(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 presented in table 3.3.
At the point of processing the first relative pronoun,who, storage cost is incremented
to 2 because here not only must the parser store the prediction of a main verb for the
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 the embedded
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 noun for the
determiner. When the wordsenatoris processed next, it resolves the predictions of a
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Figure 3.3: Dependency graph for the subject RC sentence in (26)
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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 error

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 specifier. Thus, storage
cost is reduced to 1 atsenatorsince there is only one prediction left at this point.
The remaining prediction corresponds to a main verb for the subjectreporter. This
prediction is realized upon processing the next word,admitted. The verbadmitted
requires an object. This prediction is resolved at the point of processingthe last word.

The predictions associated with processing the object relative clause in (27) are
presented in table 3.4. The computations differ from the subject relative clause only
with repect to the relative clause. When the determinerthe of the relative clause is
processed, the parser makes a prediction corresponding to a head noun for this word.
In addition, the parser already maintains two predictions corresponding to averb for
the relative pronoun and a main verb for the subject. Thus, there is a storage cost of
3 at the point of processing this word. When the next wordsenatoroccurs, the most
recently stored prediction is resolved. However, a new prediction corresponding to a
verb is now stored. The storage cost thus remains at 3 here.

There is a relatively low storage cost associated with processing both subject-
and object-relative clause sentences. However, processing the subject relative clause
in (26) requires maintaining one less incomplete prediction than the processingof
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 error

Subject (verb) 1 R

Object (noun) 1 R

Det (noun) 1 R 1 R 1 R

RC verb 1 R

RC subject (verb) 1 R

Total cost 1 1 2 3 3 1 1 2 0
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4 Working memory retrieval

Thus far, we have only considered working memory load as a function of the number
of syntactic predictions retained at each word in the processing of a sentence. We
have not associated any processing effort with performing structuralintegrations, i.e.
we have not associated any working memory resources with what the dependency
locality theory refers to as structural integration cost. To perform an integration in
the current parsing model, it is generally necessary to first match the category of the
current word with a syntactic prediction that is part of the predictions held inworking
memory. This match then reactivates the lexical head/dependent associatedwith the
syntactic prediction. In this chapter we turn to consider how structural integration
cost is realized in the current model of sentence parsing.

4.1 Discourse-based activation decay

According to the dependency locality theory, processing resources are required not
only for maintaining temporary predictions associated with incomplete dependen-
cies, but also for integrating new words into the structure built thus far. Asnoted
previously, reading times are assumed to be reflected most directly by the structural
integration processes involved in sentence parsing. The DLT structuralintegration
cost is adistance-based cost. The greater the distance between the current wordw
and a previous head or dependent to whichw attaches in the structure, the greater
the integration cost. The reading time at a particular wordw is assumed to increase
with the linear distance betweenw and an associated head or dependent previously
processed. In particular, the difficulty of integrating a new wordw2 as head or de-
pendent of a previous wordw1 is proportional to the number of discourse referents
introduced sincew1 was last processed. The total integration cost at a word is the sum
of all structural integrations taking place at that word. Distance effects inlanguage
comprehension, according to Gibson (2000), could be a reflection of general cogni-
tive constraints on serialized information processing. In particular, distance effects in
sentence parsing might be explained in terms ofactivation decay(Gibson, 2000).

In an activation-driven model of sentence comprehension, each representation of
a lexical element in working memory has an associated activation level that decays
over time as additional words are input and integrated into the syntactic structure.
The activation level of a word at a particular point in the processing of a sentence
determines its accessability for retrieval. Integrating a new lexical item as head or
dependent of a previous item necessitates a working memory retrieval of some rep-
resentation of the item which occurred first in the linear order of the dependency
relation. In an activation-driven framework, retrieving a previously processed item
requires reactivating that item to a target threshold of activation. Since less recent
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words will generally be less highly activated than more recent words because of de-
cay, less recent words will be more difficult to reactivate and thus harder to retrieve
for additional attachments in the syntactic structure. As noted before, the dependency
locality theory assumes that considerable cognitive effort is involved in building a
representation for a new discourse referent. Because of the limited quantity of activa-
tion in the system, it is assumed that expending this effort causes substantialdecays
in the activations associated with preceding lexical items (Gibson, 1998).

The structural integration cost metric, however, is a general characterization of
the demands different sentence structures place on memory resources,defined with-
out reference to activation decay of working memory representations. Hence, the
structural integration cost metric is defined without reference to the more general
memory process which is potentially the primary cause for distance effects in sen-
tence parsing. In the computational model presented here, we provide anexploratory
account of structural integration cost which instead relies directly on discourse-based
activation decay in accounting for distance effects in human sentence parsing. The
simplified assumptions we make with respect to dicourse-based activation decay is as
follows. We assume that the activation level of a wordwi , at the point of processing
any subsequent wordwi+1. . .wn, is in part a function of the number of discourse ref-
erents that have been introduced sincewi was processed, such that for each discourse
referent followingwi in the input string, there is an associated decrement of activation
at wordwi . The motivation for this assumption is, again, that building a structure for
a new discourse referentwi , requires the allocation of substantial memory resources,
resulting in decreased activations for the lexical items preceding the current wordwi .
Furthermore, we assume that the lexical activation of a wordw decays as new words
are introduced and integrated into the dependency structure,unlessthe new words are
also involved in a head-dependent relation withw. If some intermediate word is also
involved in a head-dependent relation withw, then the lexical activation ofw will
be reactivated to its target threshold, so that a subsequent retrieval ofw will be less
difficult than if the intermediate word were not involved in a head-dependent relation
with w. The difficulty of retrieving a previous head or dependent is determined by the
amount of processing resources needed to reactivate the item-to-be-retrieved from its
current level of activation to the target level of activation. In the current model, this
processing effort is simply a reflection of the number of discourse referents that have
been processed since the item was last highly activated. As a new discourse referent
is introduced in the input, it is given an initial level of activation set to 1.0, which
also serves as the target threshold of activation in the current model. In addition,
the introduction of a new discourse referent results in a correspondingdecrement of
activation set to 0.1 at each preceding verb, nominal and pronominal element. For
simplicity, we will initially associate activation decay only with verbs, arguments of
verbs and pronominal elements. Thus, activation decay will not be reflected at any
other words in the model.

Now, construed in this way, we can consider the discourse-based activation decay
process as a lower level realization of the DLT structural integration costmetric. In
subsequent sections we shall see how the above assumptions apply in the computa-
tional model so as to provide predictions of processing difficulty in accordance 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 can account for a num-
ber of sentence processing contrasts. Our first example concerns theperformance
asymmetry between subject- and object-relative clauses. In this first example, we
also establish the retrieval cost notation to be used in all examples in this chapter.

4.2.1 Subject- and object-relative clauses

Consider the retrieval cost profile for the subject RC sentence in (28),presented 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 from left to right.
Here, we read off the level of activation of some word at the point of processing any
subsequent word. For example, the current level of activation of the word reporterat
the point of processing the wordadmittedis 0.7. This assumption is accounted for
as follows. The first discourse referent followingreporter in the input string isat-
tacked. Thus there is a corresponding decrement of activation atreporterat the point
of processingattacked. The next discourse referent followingattackedis senator.
Hence, there is an additional decrement of activation atreporter also at this point.
Next, the wordadmittedoccurs. Since verbs are also discourse referents according
to the DLT, processing this word causes an additional decrement of activation atre-
porter. Now, given that the initial level of activation for a word is set to 1.0 and that
each decrement of activation is set to 0.1, the activation level ofreporterat the point
of processingadmittedis 0.7. The numbers above the words in the sentence reveal
the amount of activation needed to reactivate the word in thatcolumnfrom its cur-
rent level of activation to the target threshold, at the words (row) where the parser
establishes dependency relations. For example, at the point of processing the word
admitted, the parser must establish a dependency relation between the verb and the
subjectreporter. Thus, processing the wordadmittedrequires retrieving the previous
word reporter. The retrieval cost associated with reactivatingreporter is easily read
off from the table. The activation level ofreporterat the point of processingadmitted
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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 reactivatingreporter to the target
threshold is 0.3, given that the target threshold level is set to 1.0. The retrieval costs
at each word in the sentence are presented in the last row of the table. We assume that
the total retrieval cost at any word is the sum of all retrievals that take place at that
word. The maximal retrieval cost in processing the subject relative clause sentence
occurs at the processing of the main verbadmitted. The total retrieval cost at this
word is 0.3.

Now consider the retrieval cost profile for the object RC sentence in (29), pre-
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 five words. This
does not imply, however, that there is no processing effort involved in parsing this
region of the sentence. Instead, it is a consequence of the fact that thecomputational
model has separated the processing resources needed for retaining incomplete de-
pendencies in working memory, from the processing resources neededfor retrieval
of previously processed items. For example, at the point of processing the fourth
word, the, the parser maintains three predictions. These predictions correspond toa
verb for the subjectreporter, a verb for the relative pronounwho and a head noun
for the determinerthe. Now, however, we focus on the retrieval resources needed for
integration of new words into the dependency structure built thus far. At the point
of processing the embedded verbattacked, both the previous relative pronounwho
and the most recent wordsenatormust be retrieved and attached into the dependency
representation. At the point of processing the embedded verbattacked, the activa-
tion level ofwho is 0.8. Thus, there is a cost of 0.2 for reactivatingwho to the target
threshold. The current level of activation of the wordsenatorwhen processing the
embedded verbattackedis 0.9. Thus, retrievingsenatoris associated with a cost of
0.1. Adding both retrievals taking place at the embedded verbattackedgives a to-
tal retrieval cost of 0.3. at this word. The retrieval cost associated withintegrating
the main verbadmittedinto 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 the follow-
ing predictions with respect to actual reading times for subject- and object-relative
clause structures. Reading times for the subject relative clause sentenceare fast 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 0.0 0.1 0.0 0.1 0.0 0.1 0.0 0.1
cost

do not increase much except at the main verbreporter. In contrast, reading times for
the object relative clause are relatively fast for the first five words, then slow both
on the embedded verbattackedand the main verbadmittedand then fast again on
the last word. These predictions fit the available on-line experimental data for the
processing of both kinds of structures (see e.g. Gibson (1998), Gibson (2000), Just
and Carpenter (1992)). In addition, Nilsson (2005) compared DLT structural integra-
tion costs to actual reading times in a self-paced reading study of Swedish relative
clause processing. The results of this study are also consistent with the predictions
above, thus lending additional cross-linguistic support for the discourse-based 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 efficiency andacceptability
of simple sentence structures such as deep right-branching structures.It is crucial that
the model does not predict any dramatic increase in reading times for such structures.
We confirm that there are no such increases predicted for right-branching structures
in the current model. The retrieval cost profile for the right-branching sentence 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 accounted for be-
cause the retrieval costs remain very low at each word in the processing of the
sentence. Retrieval costs do not exceed 0.1. at any parse state. Thus, the current
activation-driven parsing model provides the following explanation for the accept-
ability of right branching structures. Building a structural representationfor a right-
branching structure requires reactivating lexical items whose level of activation has
decayed minimally by the time they are retrieved and integrated into the dependency
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-embedded relative
clause structures. The retrieval cost profile for the double center embedded sentence
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 exceptionallyhigh. In
particular, the total retrieval cost at the verbattackedis 0.7. Thus, it is extremely
difficult to perform the necessary structural integrations at this word. The associated
working memory retrievals taking place at this word are as follows. The nounsenator
must be established as the subject of the verbattacked. The activation level ofsenator
at the point of processingattackedis 0.7. Thus, reactivatingsenatoris associated with
a cost of 0.3. In addition, the relative pronounwhoof the first embedded clause must
also be retrieved and integrated into the dependency structure withattacked. The
lexical activation of the wordwhoat the point of processing the verbattackedis 0.6.
Thus, there is an additional retrieval cost at the verb of 4.0. Adding bothretrievals at
attackedresults in a total retrieval cost of 0.7.

In short, the model predicts the unaccaptability of these structures. The general
explanation provided here is as follows. Building a complete structural representa-
tion for a double center embedded structure requires reactivating lexicalitems whose
activation level has decayed substantially by the time they must be retrieved and in-
tegrated into the dependency structure.

4.2.4 Embedded pronominal subject in double center
embedding

One interesting processing contrast with respect to double center embedded struc-
tures is the relative lack of complexity in sentences such as (32) and (33) compared
to sentences such as (34).

(32) A book that some Italian thatI have 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
I 0.9 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 whoyoumet attacked died.

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

When the most embedded subject of a nested relative clause structure is a pro-
noun, the structure is somewhat easier to process. A study by Warren and Gib-
son (2000) confirmed that double center embedded structures containinga first- or
second-person pronoun as the most embedded subject are percievedas significantly
easier to comprehend than the same structures containing a proper name such as
John, or a definite desciption such asthe professor, as the most embedded subject.
It should be noted that this contrast can not not explained by the number of incom-
plete dependencies or predictions retained in working memory. The sentences in (33)
and (34) have the same syntactic dependency representation and thus contain the
same number of incomplete dependencies at any point. Yet, the sentence in (33) is
percieved as easier to process.

This processing contrast, however, is accounted for by the DLT structural integra-
tion cost metric and the discourse-based activation decay metric detailed here. Since
first- and second-person pronouns, according to the DLT, denote referents which are
already implicitly present in the current discourse, less resources are required in order
to perform structural integrations across such pronouns.

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

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

During the course of processing this sentence it is necessary to perform the same
working memory retrievals as in processing the previous center embedded sentence
in (31). For instance, when the verbattackedoccurs, both the nounsenatorand the
pronounwho of the first embedded relative clause must be reactivated to the target
threshold level. However, these memory retrievals are less difficult in the center em-
bedded structure which contains a pronoun as the most embedded subject,because
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 verbattacked. The
maximal retrieval cost in (31) occurs at the same word but instead at a retrieval cost
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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 0.1 0.1
cost

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

In sum, the current model accounts for the processing contrast as follows. Process-
ing a double center embedded structure containing a first- or second- person pronoun
as the most embedded subject requires reactivating items whose activation level has
decayed to a less extent by the time they must be retrieved, compared to a double
center embedded structure which does not contain any first- or second-person pro-
nouns. Thus center embedded structures with an embedded pronominal subject are
perceived as easier to comprehend.

4.2.5 Recency effects in structural ambiguity resolution

Distance effects are reflected not only in the processing of unambiguousstructures,
but also in the processing of ambiguous structures. In this section we turn toconsider
the predictions that the discourse-based activation decay model makes when used as
part of a metric in structural ambiguity resolution.

All other things being equal, the human sentence processing system prefers to
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 associated with a
strongly preferred local reading.

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

In (36), the adverbial modifieryesterdaycan attach either to the most local verb
left or to the more distant verbsaid. There is a strong preference, however, to at-
tach yesterdayto the most recent verbleft. According to the dependency locality
theory, such locality preferences occur because they keep the distribution of working
memory resources at a minimum during each stage in processing. Thus, the same
mechanisms that determine the processing difficulty of a sentence also influence the
resolution of structural ambiguities:

Ambiguity resolution hypothesis(Gibson, 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 0.1 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 the DLT under
the assumption that the human sentence processing system follows the less complex
structure in terms of structural integration and storage cost. Discourse-based acti-
vation decay provides an explanation for the preferred reading in (36). Consider the
retrieval cost profiles for each reading of (36), presented in table 4.6and 4.7. The two
profiles differ only with respect to the retrieval cost at the last wordyesterday. In the
local attachment reading whereyesterdaymodifiesleft, the cost for retrievingleft is
0.1. In the non-local attachment reading whereyesterdaymodifiessaid, the cost for
retrievingsaid is 0.2. In this discourse-based activation decay framework, the local
attachment is preferred because it takes less resources to reactivate the verbleft since
it occurred more locally in the input string and its activation level has decayed less
than that of the verbsaid.
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5 Implementation

The computational model of working memory load in sentence processing presented
in this thesis has been realized as an implemented system which is freely availablefor
research and educational purposes1. The system is designed to recover dependency-
based representations of sentence structure and to provide detailed predictions of
working memory load at each word as a sentence is incrementally processed. Thus,
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 assigned ade-
pendency representation and a profile which details the processing demands asso-
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 algorithm in sec-
tion 3.2.5 above. In addition, each structure building parser operation which neces-
sitates a retrieval of a previous lexical node is associated with a retrieval cost. The
retrieval process is implemented in accordance with the discourse-based activation-
decay principles reviewed in chapter 4.

A fully functional parser must specify mechanisms for handling local lexical
and structural ambiguity. We have not detailed any specific strategy for dealing with
ambiguity, in part due to the fact that our focus is on working memory processes
in sentences independent of ambiguity. In the present implementation we rely on
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 high degree of
transparency between the computational model presented here and the actual details
of the implementation.

1URL: 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-established linguistic perfor-
mance effects. The model is based upon the assumption that there are working mem-
ory demands in on-line comprehension associated with both storage of incomplete
syntactic structure and integration of new lexical input into the structure builtthus
far. This assumption is in accordance with a recent sentence processingtheory - the
dependency locality theory -, as well as with recent conceptions of working memory
load in other cognitive information processing tasks. The model presentedhere has
been realized as an implemented system for sentence parsing which yields detailed
predictions of word-by-word processing difficulty and on-line readingtimes. We re-
stricted ourselves to consider a small set of linguistic structures, for whichthere are
substantial experimental evidence of particular processing effects. Wehave shown
that the model is successful in accounting for the processing effects associated with
these structures. In particular, the implementation accounts for the following perfor-
mance effects:

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

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

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 on phrase structure
representations, we presented a parsing model where the basic syntacticrelations
necessary for interpretation are established directly as asymmetrical dependency re-
lations between lexical nodes. Thus, the parser produces dependency-based repre-
sentations of syntactic structure. These representations can be definedas directed
acyclic graphs. We presented a parsing algorithm for parsing a fragment of English
into such representations. The algorithm was motivated by a concern to incorporate
a predictive component into the parsing procedure. The resulting algorithm is driven
by both bottom-up and top-down processing and reflects both the incremental and
predictive nature of human sentence processing. A simple metric of workingmem-
ory load, the number of predicted heads and dependents associated with incomplete
dependencies, were shown to account for a number of performance effetcs. Thus,
in accordance with the dependency locality theory, the parsing model predicts that
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processing difficulty increases when the number of syntactic predictions retained in
working memory increases.

Structural integration cost is of particular relevance to a computational model
that aims to make strong testable predictions of processing load, as it is supposed to
reflect reading times most directly. The sentence processing model presented here im-
plements a novel formulation of structural integration cost which affords an account
of the retrieval processes which give rise to integration costs in sentenceprocessing.
This account is defined in terms of activation-decay, a cognitive principlegenerally
assumed to influence any serialized information processing task. The difficulty of re-
trieving a previously processed head or dependent noden1, in order to attach it in the
structure with the current lexical noden2, depends on the current level of activation
of n1. The current level of activation ofn1 is a decreasing function of the number of
discourse referents which have been processed since it was last highly activated. The
more discourse referents which have been introduced in the interim, the lower the ac-
tivation level ofn1, and as a result, the higher the cost for retrieving it and attaching
it into the structure with the current noden2.

In addition to accounting for behavioral data on the linguistic structures consid-
ered in this thesis, the implemented model lends an opportunity to further investigate
its predictions with respect to other linguistic structures. If these predictionsremain
consistent with experimental evidence such as reading time data, then the computa-
tional model presented here may provide additional support in articulating the ways
in which working memory constrains the efficiency of sentence processing. As such,
it will have implications for psycholinguistic research as well as for naturallanguage
engineering.
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