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We present a detailed process theory of the moment-by-moment working memory retrievals
and associated control structure that subserve sentence comprehension. The theory is derived
from the application of independently motivated principles of memory and cognitive skill to

the specialized task of sentence parsing. The resulting theory construes sentence processing
as a series of skilled associative memory retrievals modulated by similarity-based interference
and fluctuating activation. The cognitive principles we appeal to are formalized in computa-
tional form in the ACT-R architecture, and our process model is realized in ACT-R. We present
the results of six sets of simulations: five simulation sets provide quantitative accounts of the
effects of length and structural interference on both unambiguous and garden path structures.
A final simulation set provides a graded taxonomy of double center-embeddings ranging from
relatively easy to extremely difficult. The explanation of center-embedding difficulty is a novel
one that derives from the model's complete reliance on discriminating retrieval cues in the
absence of an explicit representation of serial order information. All fits were obtained with
only one free scaling parameter fixed across the simulations; all other parameters were ACT-R
defaults. The modeling results support the hypothesis that fluctuating activation and similarity-
based interference are the key factors shaping working memory in sentence processing. We
contrast the theory and empirical predictions with several related accounts of sentence pro-
cessing complexity.

In this paper we present a detailed process theory of theetical problem in human sentence processing (e.g., Jurafsky,
moment-by-moment working memory retrievals that sub-1996; Crocker & Brants, 2000; MacDonald, Pearimutter, &
serve sentence comprehension. The theory is based on geBeidenberg, 1994; Altmann & Steedman, 1988; Frazier &
eral, independently motivated principles of memory and cogRayner, 1982; Stevenson, 1994; Tabor, Juliano, & Tanen-
nitive skill, and provides precise quantitative accounts ofhaus, 1998; Tanenhaus, Spivey-Knowlton, Eberhard, & Se-
reading time data. Our vehicle for bringing sentence procesddivy, 1995; Trueswell, Tanenhaus, & Garnsey, 1994; Ferreira
ing into contact with cognitive theory is ACT-R (Anderson & & Clifton, 1986). This has been an extremely productive
Lebiere, 1998, Anderson, this issue). The sentence proceskne of research that continues to provide insights into cross-
ing theory is derived from the application of cognitive prin- linguistic processing regularities (Frazier, 1998), the nature
ciples, as embodied in ACT-R, to the specialized task of senand time course of information used to resolve ambiguities,
tence parsing. The resulting theory construes sentence prand some major architectural issues such as serial vs. paral-
cessing as a series of skilled associative memory retrievalggl parsing; see (Clifton & Duffy, 2001; Mitchell, 1994) for
modulated by similarity-based interference and the fluctuareviews.
tion of memory trace activation. It combines insights from  However, an even older stream of research (Miller &
cognitive architectures, memory theory, and psycholinguisticchomsky, 1963; Chomsky & Miller, 1963) focuses on an-
theory. other major functional requirement of sentence processing:

By focusing on working memory retrieval, we are depart-the requirement to temporarily maintain partially interpeted
ing from a long tradition in psycholinguistics and computa-linguistic material so that incoming material may be inte-
tional psycholinguistics that takes pervasive local ambiguitygrated with it. As McElree, Foraker, and Dyer (2003) point

as both the central functional problem and the central theoout, sentences with long-distance extractions provide a clear
case of this requirement, as in (1), in which the neoyis

interpreted as the theme lile:

We thank Daniel Grodner for generously sharing a pre-(1) This weekend we bought a toy that Amparo hoped
publication version of his work with Ted Gibson. We are also grate- Melissa would like.
ful to Jerry Ball and three anonymous reviewers whose detailed
comments significantly improved this paper. Please send commenBut long-distance linguistic dependencies show up routinely
to either of us at rickl@umich.edu or vasishth@acm.org. in other constructions as well, as illustrated by the following
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extended dependency betweba dogand the verlstopped Toward computationally
. . . Complete sentence processing
(2) The dog running around the park without his collar architectures

yesterday finally stopped barking last night.

In fact, establishing any novel relation, whether long or

short, requires some memory of the immediate past. This ) ) )

is the functional requirement for working memory. Itis not Our theoretical approach is comprised of two related long-
unique to language, but is a necessary feature of any con{e'™M goals. First, the sentence processing theory should
putational device that must process information over timg@ke the form of a functionally and computationally complete
(Elman, 1990) or compute sufficiently complex functions model of comprehension. We meaompletein two senses.
(Newell, 1990). This requirement gives rise to the following The model should beomputationallycomplete in that it

theoretical question: specifies all the fixed mechanisms required to define any
computational architecture: memories, primitive processes,
How are linguistic relations established in sen- and control structure (Lewis, 2000; Newell, 1973, 1990).
tence processing—exactly what are the work- The model should also Hanctionallycomplete for the par-
ing memory processes that bring prior linguistic ticular task of real-time sentence comprehension, meaning it
material into contact with present material, and should specify mechanisms for lexical, syntactic, semantic,
what are the constraints on those processes? and referential processing, ambiguity resolution at all levels,

and the reanalysis of ambiguous material that has been ini-

Most sentence processing theories make assertloost  tially misinterpreted. These completeness criteria are only
composed structures or attachments (e.g., explicitly statingartially met in the current model. In the present paper, we
why one is preferred over the other or why one is computapresent a computationally complete architecture, but with an
tionally more costly to maintain or build than another) with- emphasis on specifying and testing the structure of working
out explaining the basic processes and memory structuraaemory. Functionally, the emphasis of the present model is
which give rise to them. (One outcome of this state of affairson syntactic parsing.
is that almost no work has been done on the representation of )
serial order information in sentence processing, in contrast to The second long term goal, alluded to above, is to ex-
speech production; Dell, Burger, & Svec, 1997.) This is everPlain as much detailed psycholinguistic phenomena as pos-
true for many explicit theories of working memory resourcesSible with independent principles of cognitive processing.
in sentence processing, such as Dependency Locality Theo@og_nltlve archltectur.es such as ACT-R provide the means to
(Gibson, 1998, 2000), which provides a characterization ofchieve both goals simultaneously: they are computationally
the computational costs of building linguistic relations ab-complete, and they explicitly embody cognitive principles in
stracted away from the processes that build them. a form that can be applied to a range of tasks.

An important exception is the work of McElree et al.  g,me researchers will rei ;

) X " ject outright our second long term
(2003) and Van Dyke and Lewis (2003), which explicilly o4 Seeking to provide a general cognitive basis for linguis-
attempts to pin down the retrieval processes in sentencg. processes might seem ill-advised if we take language to
comprehension. Using speed-accuracy tradeoff paradignis, 5 specialized faculty (Fodor, 1983; Chomsky, 1980). In
which permit detailed time course analyses, McEIree any ¢ it must be doomed to fail for two reasons under Fodor’s
colleagues have built the case for an associative, parallel r¢1 g3y view: not only is linguistic processing patently not a
trieval process in parsing, and we draw extensively on thigiq of general cognition, but since nothing secure is known

work in what follows. Van Dyke and Lewis (2003) used (o can bhe known) about the nature of general cognition, it
unambiguous and ambiguous structures to tease apart thiegrely not the place to look for detailed insights into other
effects of decay and interference, and sketch a theory gt onia) phenomena.

retrieval in sentence processing that is consistent with the
model presented here. However, issues of modularity and specialization are
The remainder of this paper is structured as follows. Firstjargely orthogonal to the question of whether general cog-
we briefly describe what it means, both theoretically, anchitive principles may form the basis of an explanatory theory
practically, to build a sentence processing model within ACT-of sentence processing. The rejection of this independence
R. We then derive the sentence processing theory from (djnplicitly assumes that the only way that general cognitive
ACT-R’s architectural assumptions, (b) basic assumptionprinciples can explain both task A and task B is if task A
about the parsing algorithm from psycholinguistic work, and task B both execute on teemegeneral purpose mech-
and (c) representational assumptions from theoretical syntaxanisms. This need not be the case, and our guiding hypoth-
The next two major sections describe simulations that illusesis is that language comprehension is a specialized process
trate how the model accounts for a range of length, structuradperating on specialized representations which is neverthe-
complexity, and garden path reanalysis effects. We concludiess subject to a range of general principles and constraints
with a summary of the theory and data coverage, provide ann cognitive processing (Bever, 1970; Lewis, 1996; Newell,
analysis of its relationship to other accounts, and reflect 01990). The sharing of mechanisms and resources is a sepa-
the role of ACT-R in the enterprise. rate, though important, issue.
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Table 1
The subset of ACT-R’s major cognitive processing principles relevant to the current model.

Al Declarative memory of chunks. Declarative memory consists of itemsh(ink$ identified by a
single symbol. Each chunk is a set of feature/value pairs; the value of a feature may be a primitive
symbol or the identifier of another chunk, in which case the feature/value pair represents a relation.

A2 Focused buffers holding single chunksThere are an architecturally fixed sethfffers each of
which holds a single chunk in a distinguished state that makes it available for processing. Items
outside of the buffers must be retrieved to be processed.

A3 Activation fluctuation as a function of usage and delay.Chunks have numeric activation values
that fluctuate over time; activation reflects usage history and time-based decay. The activation affects
their probability and latency of retrieval.

A4 Associative retrieval subject to interference. Chunks are retrieved by a content-addressed, as-
sociative retrieval process. Similarity-based retrieval interference arises as a function of retrieval
cue-overlap: the effectiveness of a cue is reduced as the number of items associated with the cue
increases.

A5  Procedural memory of production rules with a least-commitment, run-time control structure.
All procedural knowledge is represented as production rules (Newell, 1973)—asymmetric associ-
ations specifyingonditionsandactions Conditions are patterns to match against buffer contents,
and actions are taken on buffer contents. All behavior arises from production rule firing; the order
of behavior is not fixed in advance but emerges in response to the dynamically changing contents of

the buffers.
Overview of the essential ative memory as a feature bundle that can have relations to
elements of ACT-R theory other chunks. Figure 1 illustrates this chunk structure show-

_ ) ) ing the model’s representation of syntactic structure (the lin-
The theoretical basis of the present model is the sefjuistic assumptions are discussed in more detail below).

of components that form the core of ACT-R’s theory of . .
cognition: the declarative memory system and procedura] (A2) Rather than a fixed buffer that can hold seven (Miller,

memory system. At this stage we are not taking full ad-1956) or four (Cowan, 2000) chunks, ACT-R has a small set

vantage of ACT-R's perceptual-motor system, though weof buffers each with capacity one. There are three important

consider it a feature of the architectural approach that Wé;ognlitive buffers f(fAnderson, .thisliss%e):caﬂtrol buffelr a
may naturally extend the theory to provide models of eyeProblem state bufferand aretrieval buffer The control (or

movements in eye-tracking paradigms, button-presses igoal) buffer serves to represent current control state infor-

self-paced paradigms, and so on. Our present focus is giation, and the problem state buffer represents the current

pinning down the cognitive structure of sentence processingf)mblem state. The retrieval buffer serves as the interface to

For more comprehensive and up-to-date overviews of ACTdecIarative memory, holding the single chunk from the last

R, see Anderson (this issue) and Anderson et al. (2005). retrieval. This structure has much in common with concep-

Table 1 summarizes the principles in ACT-R that we arelions of workmg memory and short_—term memory that_ posit
applying to the task of sentence processing. This is not in&"! extremely limited focus of attention of one to three items,
tended to be a comprehensive overview (e.g., it omits th ith retrieval processes required to bring items into the focus

: ing (Wickelgren, Corbett, & Dosher, 1980; McElI-
perceptual/motor systems), and it departs from standard d or processing ( ) ' ' ! '
scriptions in some ways. We believe though it is an accuratéee.& Dosher, 1989, McEIree, 1993, .1998)' The. state and

trieval buffers are the minimum functionally required to be

characterization and one that highlights the aspects importah . ]
for our present purposes. In whgat f%llows we tF))riefIy expplaina le to establish novel relations between chunks. We further

each principle. assume in the sentence processing model the existence of a

(A1) The declarative memory component in ACT-R servesleXical buffer which holds the results of lexical retrieval.

functionally as both a long-term memory (encompassing How big is a chunk (Simon, 1974)? The claim that each
semantic and episodic memory) and a short-term workindpuffer holds a single chunk has no content if chunks can be
memory, though there is not a structural distinction betweerarbitrarily defined to hold whatever information the modeler
the two. It is useful to think of each item or chunk in declar- sees fit. The response to this concern is straightforward and
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[X]
cat :IP DP3 NP6
num : sing cat : DP cat : NP
IP spec :DP3 num : sing case : nom
comp : vP7 head :the num : sing
tense : past comp : NP6 head : writer
DP VP finite : finite
/\
det NP R 7
th v DP DP9 NP14
¢ |\‘| surprised " cat . VP cat : DP cat : NP
. det NP num : sing-plural : "
writer the | tense : past num : plural case : acc
N head :sur fised head :the num : plural
editors comp ; ngp comp : NP14 head : editors

Figure L An example of chunks in ACT-R’s declarative memory, showing the chunk representation (right) of a syntactic structure (left).

is based on two observations. The first observation is thatssociation from elemenjsto chunki. The total activation
the answer is implicit in principle Al: a chunk is the repre- of a chunk determines both retrieval latency and probability
sentational element that enters into novel relations with otheof retrieval. The weight$V;'s are not generally free param-
elements. The feature contents of two items and the novel reeters in ACT-R models but are set @/ j, where | is the
lation between them cannot be represented in a single chunkumber of goal features, and ti&is the total amount of
The second observation is that learning can of course changgal activation available, also set by default to 1.
the representational vocabulary so that single symbols can Associative retrieval interference arises because the
come to denote more and more structure (Miller, 1956)—strength of association from a cue is reduced as a function
which is why we carefully restricted the first observation to of the number of items associated with the cue. This is cap-
novelrelations. We take sentence comprehension to be prirtured by Equation 3, which reduces the maximum associative
cipally a task of composing novel combinatorial representastrengthS by the log of the “fan” of item;, i.e., the number
tions, so the theoretical degrees of freedom in deciding whadf items associated with
a single chunk contains are quite restricted.

(A3) All chunks have a fluctuatingctivationlevel, which Sji = S—In(fan;) (3)
is a function of usage history and decay. Equation 1 gives the
equation for the base level activation of itent; is the time The final equation we require maps activation level onto
since thejth retrieval of the item, and the summation is over retrieval latency. The latency to retrieve chuirik given by

all nretrievals.
n "
B =In Z tjfd (1) Ti = FeﬁA' (4)
j=1

is a scaling constant that varies across ACT-R models; in
e sentence processing model weFixo be 014 and use
is for all the simulations.

This equation is based on the rational analysis of Anderso
and Schooler (1991) and is intended to track the log odds th

an item will need to be retrieved, given its past usage history. o . . .
! e eved, given I's past usage i Principles A1-A4 in Table 1 and associated Equations 1—

The parameted is estimated to be 0.5 in nearly all ACT- . o

R models (Anderson et al., 2005) and we adopt this value® (0gether form a simple theory of associative memory re-
A critical feature of this equation is that it does not yield a tiéval specified in enough detail to make quantitative pre-
smoothly decaying activation from the initial encoding to the dictions. What remains to have a computationally complete

present time; rather, the curve has a series of spikes corr§@Meworkis an answer to the question: how are the memory

sponding to the retrieval events. retneyal; organlzeq in the service of cognition? N .
The total activation of a chunk is the sum of its base ac- Principle AS gives ACT-R's answer.  Cognition is

tivation (given in Equation 1) and an associative activationcontrolled by production rules (Newell, 1973)—sets of

boost received from retrieval cues in the goal buffer. Thecondition-action pairs. In ACT-R, all conditions are con-
activation of chunk is defined as: strained to match against the contents of buffers, and all ac-

tions are constrained to make changes to buffers. The form

A =B+ ZV\IjSJ-i (2) ofatypical ACT-R production is given in (3) below.
]
; I . . 3) IF  control state is ...
whereB; is the base activatioVy;’s are weights associated and chunk just retrieved has features ...

with elements of the goal chunk, aBgl’s are the strengths of and problem state has features ...
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THEN  set new control state e How should linguistic knowledge be distributed across
and update problem state the procedural memory and declarative memory?
and set retrieval cues
and request retrieval e What kind of syntactic representation should be con-
structed, and how does this representation map onto
All cognitive behavior in ACT-R consists of the sequential ACT-R chunks?

selection and application of production rules. (See Anderson
et al. (2005) for details of the ACT-R choice rule and utility =~ e What kind of parsing algorithm should be used (head-

learning.) driven, bottom-up, etc.)?
A theory of sentence processing e How is local structural ambiguity handled? Are multi-
ased on ACT-R ple structures generated and pursued in parallel? How

o o . are misanalyses recovered from?
Before describing and motivating the assumptions of the

model in detail, it will be useful to have a high level overview. We take up each of these questions in turn. We acknowledge
Figure 2 gives this overview, showing the critical buffer us-that simply asking these questions presupposes much theo-
age and production rule firings unfolding over time. The typ-retically.

ical processing cycle is as follows; the numbers refer to the

circled numbers in the Figure. Distribution of linguistic knowledge across proce-
(a) Aword is attended and a lexical entry is accessed frondlural and declarative memory

declarative memory (1) containing syntactic informa-

tion, including argument structure. The lexical entry
resides in the lexical buffer (2).

We assume that the content of the lexicon resides in
declarative memory. Although we are not concerned
presently with modeling the details of lexical access, the im-
(b) Based on the current syntactic goal category (a kind ofmediate yield of this assumption is the prediction of context-

syntactic expectation) and the contents of the bufferstodulated frequency effects (from Equation 1), and contex-
a production fires (3) that sets retrieval cues for a priortual priming effects (from Equation 3). The more contentious
constituent to attach to. question concerns how grammatical knowledge is distributed
. . across declarative and procedural memory.
(c) The working memory access takes some time (4), and  Athough it is impossible to construct a working model
eventually yields a single syntactic chunk that residesy ACT-R that consistnly of declarative chunks, there is
in the retrieval buffer (5). still a wide range of functionally viable distributions of gram-

(d) Based on the retrieved constituent and lexical contentnatical knowledge across production rules and chunks. This
a production fires (6) that creates new syntactic struc!@nge is reflected in the wide variety of parsers explored in
ture and attaches it to the retrieved constituent. Th&OmMputational linguistics and parsing theory. At one ex-
control buffer is also updated with a new syntactic pre-I'éme are parsers with active procedures corresponding to
diction (7). grammar rules (e.g., traditional top-down recursive-descent

parsers; Aho & Ullman, 1972). At the other extreme are

(e) Finally, other productions fire that guide attention toparsers that encode all or most of the grammar in declara-
the next word. tive form—the procedural component is simply an efficient

The two production rules and retrieval processes in (3), (4)Nterpreter of a database of declarative rules. Such parsers
and (6) (in gray in the Figure) are the critical processes of''€ Widely favored in computational linguistics because they
interest in this paper: we refer to the time taken by all thesd®€'Mit the easy inspection, modification, and extension of
processes jointly as thettachmentime for a word. Apart he grammar. Also closely related.are Iex_|cal|st approaches
from the new lexical buffer and parallel lexical access mechlC 9rammar and sentence processing, which seek to place as
anisms, the structure of the architecture in Figure 2 is stanr:nUCh grammatlcal structure as possmle—perhaps all .Of It
dard ACT-R. into t.h(_a I.eX|con, SO that parsing is a matter of lexical retrieval
We now derive the details of the sentence processing th and joining of retrleved §truc;tl_1res (MachnaId etal., 1994;
ory from a combination of ACT-R’s assumptions and exist- chabes & Joshi, 1991; Srinivas & Joshi, 19?9)' Boland,
ing psycholinguistic evidence and theory. We first describ eevg'rsgsaer:ﬁali’ilgg%‘;t;gztﬁg;)sba_}’ﬁ:ggfgrm; gl?)lgr?zlaltgf;g;L
the major choice points in developing the model. as MacDonald et al. (1994) and Jurafsky (1996) point out, is
Major choice points in developing the sentencehe unification of lexical and syntactic processing.
processing model In contrast, the model we present here assumes that much
grammatical knowledge is encoded procedurally in a large
Practically speaking, building an ACT-R model meansset of quite specific production rules that embody the skill
specifying the contents of procedural and declarative memef parsing. The model thus posits a structural distinction be-
ory. For sentence processing, there are a few immediate méween the representation of lexical knowledge and the repre-
jor choices to be made: sentation of abstract grammatical knowledge. Is such a move
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LEXICAL ACCESS
of subordinate lexical entry

@ LEXICAL ACCESS
of dominant lexical entry

@ LEXICAL BUFFER LEXICAL BUFFER
holding dominant lexical entry holding subordinate lexical entry
CONTROL BUFFER @ CONTROL BUFFER
holding current goal category, holding new goal category
other control state and control state
_ 3) SETWM @ CREATE
e e o production cycle RETRIEVAL STRUCTURE ,\/TET;.EUVDOL% e o o o
CUES & ATTACH
<— 50 ms —>| l<— 50 ms —><—50ms —>

4 WORKING
EMORY ACCESS

<— retrieval time —>

@ RETRIEVAL BUFFER
holding retrieved constituent

<—————— attachment time

Figure 2 Overview of the model, showing the critical focus buffers (control buffer, lexical buffer, and retrieval buffer) and processing
dynamics (time flows left to right). The three key working memory processes are shown in gray: (3) a production rule encoding grammatical
knowledge sets cues for retrieval of a prior constituent; (4) a prior constituent is retrieved from working memory via parallel associative
access; and (6) a second production rule creates the new structure and attaches it to the retrieved constituent.

worth the potential loss of the unification of lexical and syn-sight it may appear that this claim is inconsistent with well-
tactic processing? We believe it is, for three reasons: twdnown syntactic priming effects (Bock, 1986). However,
based on independent empirical evidence, and one based eyntactic priming can be explained within the ACT-R archi-
ACT-R itself. tecture in terms of the decay of production-relevant infor-

mation (in addition to decay of declarative chunks); Lovett

First, empirical evidence suggests that not all syntactic(1998) motivates this approach in the related and more gen-

knowledge is lexicalizedAlthough early presentations of ©ral area of choice in human perceptual and response pro-
the lexicalist approach (e.g., MacDonald et al., 1994) emSeSSes. In fact, recentwork on syntactic priming is consistent

phasized the effects of traditional lexical features such as aith this approach: (Bock & Griffin, 2000) suggests that the
gument structure, it is now clear that a fully lexical parserPersistence of priming over long periods favors a long-term

must contain much more elaborated syntactic representatio@giustment within a sentence production system rather than
that go beyond argument structure. In particular, Frazief ransient memory account.

(%99561.1998) has pointed out tgat a ngmal parser must ha¥e Second, the goal of rapid processing mitigates against
the ability to project structure beyond argument structure iy, 5 geclarative retrievals in ACT-REven if all syntactic
it is to handle adjunct attachment and phenomena in head;,

. . . ) Knowledge is not lexicalized, it still might be possible to
final constructions (Frazier, 1987b; Bader & Lasser, 19940 |aratively represent and access abstract structures, as in
Konieczny, Hemforth, Scheepers, & Strube, 1997; Inoue

&models based ononstruction grammarse.g., McKoon &

Fodor, 1995; Hirose & Inoue, 1997). Some highly lexical- pay.)itf 2003: Jurafsky, 1996). However, doing so would in-

ized grammar formalisms such as LTAG have the necessary, . avira time cost in ACT-R. In general, ACT-R theory has

properties (Schabes & Joshi, 1991; Srinivas & Joshi, 1999),,avs assumed that skill acquisition involves a shift from
such as adjunct positions encoded in lexicalized forms. HowWyaclarative to procedural processing. Because we are mod-

ever, gecent empirical Worlij ccar)sistently ;?]oints t?] distinc-gjing a3 highly practised behavior, when the choice arises it
tions between argument and adjunct attachment that are Ups, o5 sense to assume information is proceduralized rather
expected under the lexicalized account (Boland et al., 200 han remaining in declarative form.

Boland & Blodgett, 2001).
In sum, these considerations weigh against loading all the Third, cognitive neuroscience evidence suggests that the
syntactic information into the declarative lexicon. A first lexicon and grammar do map onto distinct underlying
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declarative and procedural brain systenihe natural ACT-  Given this grammar, and a sentence like dog ran the

R mapping of lexicon/grammar to declarative/procedural igparse would proceed as in Figure 3. When the parser makes
consistent with a growing body of evidence from brain imag-the wrong commitment, it would need to re-structure the pre-
ing and patient data (Ullman, 2004; Vannest, Polk, & Lewis,dicted tree somehow. This can be accomplished by means
2003, in revision; Vannest et al., 2004, submitted). The mapsuch as backtracking over (ranked) alternative parse trees, or
ping appears to be that combinatorial processing is realizecepair (Lewis, 1998a). As outlined below, the ACT-R model
by a frontal-basal-ganglia circuit, while non-combinatorial is a repair parser.

lexical processing is realized by a temporal circuit. The map- i

ping of ACT-R’s declarative/procedural system to these brain 1€ content of the production rules: How the model real-
areas has already been proposed on independent grourld§S LC parsing Note that the parsing algorithm in Figure 3
(Anderson et al., 2005). The existence of these separate brafjPlicitly assumes at least two memories: a control stack
systems along with this independent mapping considerabl9f predicted categories, and a memory of the partially built

lessens the concern about loss of explanatory power in mowtuctures. In the ACT-R mapping itis critical that we do not
ing to a dual-memory-system approach. implicitly or explicitly rely on such memories; everything
must be realized within ACT-R’s memory systems.

The realization of LC parsing in ACT-R is straightfor-
ward. Each word triggers the sequence of events described

For the novel structures incrementally constructed duringn the overview above and illustrated in Figure 2. There are
sentence processing, there is no choice in ACT-R for whichthus two important kinds of production rules that embody
memory system must be used. It must be the declarative sygarsing skill: productions that set working memory retrieval
tem, under control of productions. Figure 1 gives an exampleues, and productions that perform attachments to retrieved
of the X-bar (Chomsky, 1986) structure that we assume, witltonstituents. The form of the two types of rules is given in (4)
a straightforward mapping onto chunks. Each chunk reprebelow (compare to the general ACT-R rule schema in (3)).
sents a maximal projection, with features corresponding tq .
X-bar positions (specifier, comp, he&dnd other syntactic (4 a IF  goal categoryis...

Declarative representation of syntactic structure

features such as case and agreement.

It is important to understand that the entire syntactic tree
built during the parse is not maintained in memory as a
unified entity. Rather, subtrees (e.g., DPs) are maintained
as chunks that are also values of features in a larger sub-
tree. Given the architectural restrictions outlined above, this
means that accessing the information in subtrees generally
requires working memory retrievals.

Procedural representation of parsing skill

and lexical entry has features. . .
THEN  set retrieval cues to. ..

IF  lexical entry has features. ..
and retrieved constituent has features. . .
THEN create new constituent
and attach it

As a simple example, consider the case of projecting a
determiner phrase from a determiner and attaching it to a
predicted IP node (the first part of the left-corner example

In this section we describe a simple mapping of a well-in Figure 3). The two rules that handle this case are given

known parsing algorithm onto production rules. The result-Pelow.

ing production rules encode both the grammar and the Progs)
cedural knowledge of how to apply it.

Left-corner parsing There is much evidence that real-
time sentence comprehension involves incremental structure
building (see references cited above): the human parsing
mechanism strives to immediately predict syntactic structure
as it successively encounters each word in a sentence. In
syntactic terms, this means parsing is driven by a top-down
(predictive) as well as bottom-up mechanism. Johnson-Laird
(1983) was the first to note that this corresponds to the well-
known left corner (LC) parsing algorithm (Aho & Ullman,
1972).

LC parsing can be illustrated with a simplified example.
Consider the rudimentary context-free grammar of English
at the top of Figure 8. We use the left-corner rule, defined

Set-retrieval-cues-IP-goal-input-Det
IF  goal categoryis IP
and lexical entry is a DET
THEN  setretrieval cues to IP expectation

Attach-DP-as-subject-of-predicted-IP
IF  lexical entry is category DET
and retrieved constituent is a
predicted category IP
THEN  setgoal category to be NP
and create new DP with det as head
and attach new DP as subject
of predicted IP

We make a simplifying assumption in the present model that

as follows: given an input (terminal) and a goal category, ifagjuncts are attached via a “modifier” slot rather than through

there exists a grammar rewrite rule of which the input is achomsky-adjunction, though this is not a critical assumption for
left corner, replace the input with the left-hand side (LHS)the model’s empirical predictions.

of that rewrite rule; repeat this process with the LHS non- 2 This presentation borrows from Crocker (November 1996), and
terminal symbol until no further replacements are possiblethe rules depart from our X-bar assumptions in some ways.
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S— NP VP Det— a,the NP— Det N
N — man,dog V-ran,saw VP—V
VP — V NP

INPUT: the

GOAL CATEGORY STACK: [ S] S
AcTIONS: If theis the left corner of any phrase structure rule NP/\VP
then replace the stack content with the LHS of that rule. Repeat

this left-corner rule until no further steps are possible. Wait for th{\N

next input word. These actions yield the structure to the right:

INPUT: dog

GOAL CATEGORY STACK: [NNP VP S ] S

ACTIONS: Use the left-corner rule to expamtibgto N. Since

N is predicted in the incremental structure built so far (Step 1), NP vP

integrate the N built up bottom-up into the tree. Since no further the/\N

applications of the left-corner rule are possible, wait for the next dog

input.

INPUT: ran

GOAL CATEGORY STACK: [VP S] S

AcCTIONS: Use the left-corner rule to expaman to V, and ap- TN

ply this rule once again to expand to VP. Since a VP is predicted NP VP

in the structure, integrate this with the tree. the/\N |

Y

dog ran

Figure 3 A simple example of left-corner parsing, demonstrating the mix of bottom-up and top-
down control with prediction. Attop is the phrase structure grammar; the three panels and trees show
the incremental parsing dtie dog ran

Note that the goal category “IP” is a primitive symbol; itis  Furthermore, there is no explicit serial order representa-
not an actual constituent. Access to the IP node in the pargén (Lewis, 2000, cf. McElree et al., 2003). This does not
requires a retrieval. A useful way to think of the syntactic mean that word order plays no role—word order constraints
goal category symbols is that they form a set of control stateare deeply embedded in the structure of all the production
for the sentence processor. rules, because they depend on a distinction between the word
These rules are a compiled form of the parsing and grambeing processed now and what has come before (what must
matical knowledge represented in the left-corner algorithnbe retrieved). The critical problem is distinguishing the rel-
plus phrase structure rules like those in Figure 3. There arative order of two items in the past. Instead of adopting a
many other specific instances of these two rules classes, baerial order mechanism, we are initially pursuing an extreme
for a given phrase structure rule set (or schema set), the sbBypothesis about serial order representation in the human
is finite. The direct mapping from specific context to specificparser: there is none. Instead, the processor relies on the
actions that the rules embody is similar to the precompiledability of retrieval cues to discriminate candidate attachment
indexing schemes used in highly efficient left-corner parsersites, and in cases where retrieval cues cannot discriminate,
(Noord, 1997). the processor relies (implicitly) on activation level. We ex-
plore the implications of this assumption later in the simula-
The elimination of the stack and serial order information tions of center-embeddings.
In the ACT-R model, there is no separate stack or chart data
structure. The memory consists exclusively of the chunks Retrieval cues for embedded structures and gapped struc-
representing the syntactic structure built thus far, and théures One virtue of using a top-down goal-category to guide
only access to that memory is via the retrieval mechanismbehavior is that the processor can be sensitive to whether
described above. These chunks also double as a representa-not it is processing an embedded clausal structure or
tion of the information in the control stack; a feature “next- gapped structure (such as a relative clause). For gapped
goal” on each constituent chunk specifies the goal-categorgtructures this is useful because it provides the triggering
that should be pursued once the constituent is complete. cue to attempt retrieval of the dislocated element. (We as-
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sume here a syntactic representation that uses empty cafg=*PTh¢: "the" at 0.235

gories, althoygh the model COU!d be re.formUIated as a dl_0.286: Set-Retrieval-Cues-IP-Goal-Input-Det
rect association model). Thus, in addmon_ to goal symbols ;550" 1511 Retrieved

such as/p and1p there are also corresponding goal symbols ( 3gg. attach-pp-as-Subject-0f-Predicted-1p
VP-gapped and IP-gapped, andgap features on the con-
stituent chunks themselves. Similarly, the model is sensitive
to whether or not it is parsing an embedded clause by usingattachment time for THE: 0.152
goal symbols such agP-embedded andvP-embedded and
correspondingmbedded features on the constituents them-
selves. This helps the processor functionally to discriminat@EADING: "lawyer" at 0.623

between the predicted main and predicted embedded claus@&*PING: "that® at 1.016

during retrieval. ) ‘

These assumptions have precedents in both the Iinguis-}'gg;j ;;Eﬁgiiii;oues_Input_comp
tic and psycholinguistic literature. The passing down of 1.153: Attach-CP-As—Modifier—Of-Retrieved-DP
gap features (Gazdar, 1981; Gazdar, Klein, Pullum, & Sag,

1985) is similar to the use of the SLASH feature in Head-
driven Phrase-structure Grammar (Pollard & Sag, 1994), andattachment time for THAT: 0.136
the vocabulary of gapped categories is inspired by (Combi-
natorial) Categorial Grammar (Bar-Hillel, 1953; Steedman,
1996). The distinction between embedded and main claus@§ADING: "the" at 1.388

is independently needed because these structures admit dieADING: "editor" at 1.947
ferent syntactic phenomena (Green, 1976; Hooper & ThompREAPING: "hired" at 2.356
son, 1973; Koster, 1978).

.408: Set-Retrieval-Cues-Goal-VP-Gapped-Input-V
.441: IP16 Retrieved

.491: Attach-VP-Transitive-DP-Object-Gap

.548: DP16 Retrieved

.598: Attach-Filler-In-Object-Gap

Responding to local ambiguity: Serial, probabilis-
tic, repair parsing

To fully specify a parser we must specify mechanisms for
handling local lexical and structural ambiguity. In the present
model, these mechanisms follow from the ACT-R architec- ;... yrent time for HIRED: 0.240
ture, and implicitly provide a theory of ambiguity resolution.
Because our current focus is on working memory retrieval
and our initial set of results can be described independentlysapInNG: "admired" at 2.833

of ambiguity resolution, the following brief summary will
suffice: 2.885: Set-Retrieval-Cues-Goal-VP-Input-V-Finite

) ) 2.963: IP11 Retrieved
e Lexical access proceeds via ordered access modulated . ¢13: attach-vP-Transitive-DP-No-Gap

by frequency and context, with competition effects.
This is a direct result of Equations 1, 2, and 3. Attachment time for ADMIRED: 0.178

DD DN

e Structural ambiguity is resolved probabilistically via a

combination of Working memory factors (SUCh as re- Figure 4 A partial trace generated by the model in processing the

cency) and ACT-R’s rational production choice rule. sentencd he lawyer that the editor hired admired the writ€imes
This is a direct result of ACT-R control structure and &€ in seconds; see text for an explanation of “attachment time”.
the declarative memory equations.

e A single structural interpretation is pursued, though the parse and thus have not been retrieved since their

multiple possibilities are locally generated in paral- initial creation.
lel. The single-path nature of the system is indirectly

a consequence of associative retrieval interferencepp, example parse
which mitigates against maintaining multiple similar

structures. We now briefly illustrate the behavior of the model on
a simple example that brings all the mechanisms together.

Limited recovery from misanal is initi r- ! . . .
ted recovery fro sanalyses is initiated oppo Consider the object relative clause structure in (6):

tunistically by the reactivation of discarded structures,
and completed by simple repair. This is indirectly agB) The lawyer that the editor hired admired the writer.
consequence of the architecture as well; it is the mos

natural outcome given the serial nature of the parse. Figure 4 gives a partial trace of the model parsing this ex-
The discarded structures are simply chunks in memample, highlighting the processing of four words: the initial
ory like any other, but they have not participated in the, the complementizethat, and the embedded and main
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verbs. Each line prefixed by a timestamp indicates either than the actual experiments. There are four important quanti-
completion of a production rule firing or a memory retrieval. tative parameters that affect the predictions: the decay rate
The two productions fothe are the same ones given in (4) b (Equation 1), the maximum associative strengtfEqua-
above. tion 3), the latency factdf (Equation 4), and the production

The total syntactic attachment time indicated in the traceexecution latency. The decay rdiehas a standard ACT-R
is the sum of the processing time after lexical access untivalue of 0.5. The production execution latency has a stan-
the attachment is complete (see also Figure 2). As describethrd ACT-R value of 50 ms, which is also consistent with the
above, each word is typically processed by (a) a lexical acestimate in Epic (Meyer & Kieras, 1997) and Soar (Newell,
cess (not shown in the trace), (b) a production rule to se1990). The associative strenddis estimated at 1.5 in sev-
retrieval cues, (c) a working memory retrieval, and (d) a pro-eral models of memory interference experiments (Anderson
duction rule to perform the attachment. & Reder, 1999; Anderson et al., 2005), and we adopt that

Whentheis read at time 0.235, retrieval cues are set (viavalue here. We estimated the latency factor at 0.14; this just
a production rule) for a predicted IP given the input Deter-serves as a scaling factor. In sum, we are simply using ACT-
miner; the production rule execution takes 50 ms (the ACT-RR default parameter ranges and estimating a single parameter
default). The retrieval cues trigger a retrieval of the IP, whichwhere the theory does not provide explicit guidance.
takes 53 ms. Finally, a second production rule attaches the All of the simulations described here were fit with the
Determiner Phrase as subject of the predicted IP, and this alsame parameter values; there is no parameter variation across
takes another 50 ms. Adding 50, 53, and 50 gives the totaimulations. Furthermore, the plotted “fits” are not standard
attachment time fothe 152 ms. linear regression fits with two parameters (a slope and inter-

The processing ahatis similar. When it is read at time cept). Because ACT-R has its own scaling parameter, it is
1.067, retrieval cues are set for a DP, and the previously seamt appropriate to further scale the values with another re-
DP is retrieved and the CP attached to it as a modifier. Thgression parameter. Thus, we plot here absolute differences
two productions take 50 ms each, and the retrieval 36 msagainst the data, with a constant adjustment to factor out
resulting in a total attachment time of 136 ms fioat button-press times, etc.

For admiredthe attachment time 178 ms is the sum of 50 Table 10 summarizes the simulation, the parameters, and
ms, 78 ms, and 50 ms (the two 50 ms for production ruletheR? values. We report thed® values as a rough summary
execution times, and 78 ms for retrieving the IP node whichof how well the model is capturing the data patterns, with the
is expecting the VP). Fdrired, there is an additional produc- caveat that correlations are based on a two-parameter linear
tion firing and retrieval associated with retrieving the relativemodel and we are interested here in assessing the match of
pronoun and attaching a coindexed trace to fill the gap in thebsolute time differences across the simulations. Rather than
relative clause structure. rely on a goodness of fit summarized by a single quantity,

we prefer instead to guide the reader through analyses of the
Summary of the major theoretical claims aboutdata that focus on individual contrasts of theoretical interest.
working memory _ _ . . .

Simulation #1: Subject relatives vs. object rela-

Before describing the quantitative simulations, let us takg;jyes
stock and summarize the major theoretical claims about
working memory in sentence processing. Table 2 lists these There is considerable psycholinguistic evidence that En-
claims. It is important to understand that these are simplglish object relative (OR) clauses are more difficult than sub-
instantiations of the basic ACT-R principles listed in Table 1,ject relatives (SR) (e.g., Ford, 1983; Holmes & O’Regan,

and formalized in part by Equations 1-3. 1981; Hudgins & Cullinan, 1978; Hakes, Evans, & Brannon,
1976; King & Just, 1991; Larkin & Burns, 1977): they are
Quantitative effects of activation processed more slowly and often result in poorer compre-
fluctuation and interference hension. Consider the pair in (7) below, from King and Just

) . ) ) ) ~(2991), in which each relative clause modifies the subject of
In this section we describe a series of five sets of simuthe main clause.

lations that test the ability of the model to explain relatively
complex patterns of reading times and provide quantitativd7)  a. [SR] The reporter who attacked the senator ad-

accounts of those patterns. We are primarily interested here mitted the error.
in the effects of decay and interference on syntactic process- b. [OR] The reporter who the senator attacked ad-
ing, so we focus on experimental contrasts that factor out ef- mitted the error.

fects of lexical and other processing. These provide the mo
straightforward test of the model’s working memory assump
tions.

?Ithere have been many explanations proposed of this con-
trast. Most explanations can be classified into one of four
types: (a)distanceexplanations (Gibson, 1998; Grodner &
How the fits were obtained Gibson, 2005; Just & Carpenter, 1992) attribute the contrast
to the fact that in the OR structure there is a greater distance
In all the simulations reported below, the ACT-R model between the embedded vesltackedand the relative pro-
parses, word-by-word, examples of the sentences presentadun; (b)double functiorexplanations (Bever, 1970; Shel-
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Table 2
Summary of the major theoretical claims about working memory in sentence processing.

SP1 Declarative memory for long-term lexical and novel linguistic structure. Both the intermediate
structures built during sentence processing and long-term lexical content are represented in declara-
tive form by chunks, which are bundles of feature/value pairs.

SP2 Extremely limited working memory focus. Single-chunk buffers hold: (a) the results of lexical
access; (b) the constituent just retrieved from working memory; and (c) local control state, including
the current syntactic goal category. Active processing is restricted to the contents of these buffers.

SP3 Activation fluctuation as a function of usage and delayChunks representing constituents during
sentence processing and lexical entries in long-term memory have activation values that fluctuate
over time; activation reflects usage history and time-based decay. The activation affects their proba-
bility and latency of retrieval.

SP4 Associative retrieval subject to interference.All chunks, including chunks comprising working
memory, are accessed by a content-addressed, associative retrieval process. Retrieval cues are a
subset of the target chunk’s features. Similarity-based retrieval interference arises as a function of
cue-overlap: the effectiveness of a cue is reduced as the number of items associated with the cue
increases.

SP5 Efficient parsing skill in a procedural memory of production rules. A large set of highly specific
production rules constitute the skill of parsing and a compiled form of grammatical knowledge. The
parsing algorithm is best described as a left-corner algorithm, with a mix of bottom-up and top-down
control. Sentence processing consists of a series of memory retrievals guided by the production rules
realizing this parsing algorithm.

don, 1974) attribute the contrast to the fact that in the objectto spillover from the embedded verb, so it is difficult to get a
relative clause, one noun phrageporter) simultaneously clean comparison of processing time on the main verb be-
plays two different underlying functions (object of the em- tween the two structures. They corrected this (and other
bedded clause and subject of the main clausesxpgrience- problems) by using the following structures:
basedexplanations (MacDonald & Christiansen, 2002) at-

tribute the contrast to the putative divergence of the OR struc8) @ [SR] The reporter who sent the photographer to

ture from the canonical and much more frequent SVO En- the editor hoped for a story.
glish word order, or to the relatively rare occurrence of ORs b.  [OR] The reporter who the photographer sent to
(Korthals, 2001); and (djeanalysisexplanations attribute the editor hoped for a story.

the contrast to the local ambiguitywwhoand the preference . Lo .

L : : . Their observed reading times and the model generated times
to initially analyze the structure as a subject relative (Fra2|erare shown in Figure 5.gThe model captures thge basic contrast
1987a, 1989). . o . between SR’s and OR’s; the highest reading times are on the

There are empirical and conceptual difficulties with theempedded verb in the OR. There are two further interesting
latter three explanations; see (Grodner & Gibson, 2005) for &atterns present in the data. First, the effect of extraction
critique of the reanalysis and experience-explanatiodse  tyne is greatest at the embedded verb. Table 3 shows this
problem with the double-function account is that it does notcontrast. In fact, in the human data, there is no effect at all
hold up cross-linguistically. Studies in Japanese (Hakutagf extraction type on the main verb; there is a small effect
1981) and Hebrew (Schlesinger, 1975) have demonstratggesent in the model. Second, the reading times on the main
that it is not double function per se, but center-embedding, o{erp are shorter than the embedded verb in the OR condition,
amount of interruption, that best accounts for difficulty. but longer in the SR condition.

We are interested in accounting for the pattern of read-

ing times at embedded verbs and main verbs in both struc- 3The distance-based explanation does not appear to work for

tures. King and Just (1991) collected word-by-word self-head-final languages because the verb invariably appears clause fi-
paced reading times for structures such as (7) above, buily in the embedded clause, and yet in these languages too there
Grodner and Gibson (2005) point out that reading times folis an SO preference. Here, Korthals’ frequency-based explanation
the main verb may be inflated in the object relative case dués plausible.
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Table 3 tion paradigm (RSPV) at 250 ms per word, and responded to
Contrasts in reading times (milliseconds) for subject rela-a tone at various time lags after the onset of the final word of
tives and object relatives. Data from Experiment 1, Grodnerthe sentence. The task was to perform a semantic acceptabil-

& Gibson (2005). ity judgment, which required the participants to successfully
parse the sentence. Examples of their materials and condi-
Contrast Model  Data tionsare givenin (9):
9) a. [NoNE] The book ripped.
Object relative vs. subject relative b. [OR] The book that the editor admired ripped.
At main verb 27 -4 c. [PP-OR] The book from the prestigious press
At embedded verb 105 67 that the editor admired ripped.
Interaction of verb and extraction 78 71 d. [OR-SR] The book that the editor who quit the
journal admired ripped.
e. [OR-OR] The book that the editor who the re-

ceptionist married admired ripped.

. : . . The four conditions manipulate the amount and type of
This same interaction of extraction type and verb has beelnnterpolated material between the main veifiped and the

observed in two earlier reading times studies. The pattemubjectbook(None = no interpolation, PP-OR = preposi-

was observed in the King and Just (1991) experiment for alﬁonal phrase and object relative, OR-SR = subject relative

but the low working memory span subjects—despite the POSembedded within object relative, OR-OR = double embed-

sibility of spillover inflating the reading times on the main . . . ; . X
verb as discussed above. The pattern was also observed cljﬁ d object relative). Their SAT analysis provides an estimate

a self-paced paradigm using centrally presented words (Goe_;:ge time to retrieve the displaced subject NP at the main
don, Hendrick, & Johnson, 2001). Neither the CC-READER '
model (Just & Carpenter, 1992) or the locality-based inte- The analysis revealed three distinct retrieval times: one
gration metric (Grodner & Gibson, 2005) captures this asfast time for the None condition, an intermediate time for the
pect of the data. The locality account predicts the highesOR, PP-OR, and OR-SR conditions, and a third longer time
reading times at the main verb in both constructions; the CCfor the OR-OR condition. Note that the OR-OR construction
READER model predicts higher times for the SR construc-is the notoriously difficult classic double center-embedding,
tion and equal times for the OR construction. and McElree et al. (2003) suggest that the inflated OR-OR
The contrasts between the SR embedded and main and GiRnes result from additional recovery times from misparsing
main verbs in the ACT-R model are due only to differencesthis construction and do not provide a clean estimate of re-
in working memory retrieval times, modulated by activation trieval times. Figure 6 shows the results, without the OR-OR
fluctuation. The extra time at the object-gap filling is due in condition. (We discuss center-embeddings further later in the
part to an extra retrieval and production cycle, as explainedaper).

above. The subject-gap is posited and filled at the relative \jcEjree et al. (2003) argued that the 85 ms difference in
pronounwho, so an additional retrieval is_ not requi_red at the processing dynamics between the None and OR/PP-OR/OR-
verb? Table 3 suggests that the model is overestimating th&R conditions provides an estimate of the time required for
cost of the object-gap filling for this experiment. Itis possiblepe working memory retrieval of the subject NP. The ACT-
to adjust the latency factor to reduce the mismatch consider model differs somewhat from the structural assumptions
ably, but we prefer for now to explore the implications of of the McElree et al. (2003) model, in that there is still a
a consistent set of parameters across all of our simulationggtrieval required in the None condition. Nevertheless, the
until we adopt a principled basis for modeling individual dif- gttachment time in the None condition is much faster (by
ferences. 62 ms) than the other three conditions. We characterize the

contrast as “distal vs. local” rather than “retrieval vs. no-
Simulation #2: Estimating the time for working retrieval”.

memory retrieval Perhaps the most striking aspect of the McElree et al.
, , /(2003) data is the lack of difference between the PP-OR, OR-
McElree et al. (2003) have applied McElree’s (1993; SR and OR conditions. Table 4 summarizes this effect and

1998) theory of short term memory to sentence processshows that the ACT-R model captures this basic interaction,
ing. The major assumptions are consistent with the ACT‘though still predicting some minor differences.

R model: there is a very limited focus of attention, and

items outside the focus must be retrieved. McElree et al.

(2003) tested this idea in sentence processing using a speed-

accuracy-tradeoff paradigm designed to provide an assess- «One might argue that there should be additional retrievals for
ment of the cost of retrieving an element outside the focusvpP-internal subject traces; doing so would just increase times for all
Participants read sentences in a rapid serial visual presentee verbs across the board and would not change the basic pattern.
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Figure 5. Model-generated and observed self-paced reading times on embedded verbs and main verbs in subject relative and
object-relative clauses. Data from Experiment 1, Grodner & Gibson (2005).
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Figure 6 Model-generated and observed processing times on the final verb as a function of interpolated structures. Data from
Experiment 2, McElree, Foraker & Dyer (2003). None = no interpolation, OR = interpolated object relative, OR-PP = interpolated
prepositional phrase and object relative, OR-SR = interpolated subject relative embedded within object relative.
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Table 4 Table 5

Contrast in processing times (milliseconds) at final verb.Contrasts in reading times (milliseconds) for main verbs and
Data from Experiment 2, McElree, Foraker & Dyer (2003). embedded verbs as a function of subject modification. Data
from Experiment 2, Grodner & Gibson (2005).

Contrast Model Data estimate
Contrast Model Data
Distal vs. local attachment 62 85
PP-OR vs. OR 17 0 Embedded vs. main 139 115
OR-SR vs. PP-OR 5 0 Distal vs. local 49 48
PP modifier vs. none
Main verb 20 18
Embedded verb 49 18
Simulation #3: Effects of interpolated material on RC modifier vs. none
main verbs and embedded verbs Main verb 38 14

Grodner and Gibson (2005) conducted a follow up to their Embedded verb 88 140

relative clause experiment that lets us further test the model'’s
predictions concerning the effects of interpolated material
on main verbs (as in McElree et al. (2003)) and embedded
verbs. Examples of their materials are given in (10)

_ ) ACT-R model also predicts an interaction of verb type and
(10) a.  MAIN:NONE] The nursesupervisedthe ad-  mogification as Figure 7 and Table 5 reveal. The interaction

ministrator while. .. . arises for two reasons: there is increased retrieval interfer-
b. [MaIN:PP] The nurse from the clinisuper-  ence at the embedded verb (because the expectation for the

visedthe administrator ... . main verb overlaps in retrieval cues), and the effect of decay
c.  [MAIN:RC] The nurse who was from the clinic s felt on both the retrieval of the expected IP node and the

supervisedhe administrator while ... retrieval of the object gap filler. This prediction is consistent

d. [EmMBEDDED:NONE] The administrator who \yith the human data, though the interaction was not statisti-
the nursesupervisedscolded the medic while ¢4y significant.

e. [EMBEDDED:PP] The administrator who the gjmylation #4: Effects of length and interference

vl \fl\r/cr’]?ethe clinicsupervisedscolded the ;i 5arden paths and their unambiguous controls

f.  [EMBEDDED:RC] The administrator who the  The experiments we have considered thus far provide
nurse who was from the clinisupervised good quantitative tests of the model’s account of distal vs.
scolded the medic while ... local attachments under various conditions, but do not yet

begin to clearly distinguish the effects of decay and interfer-

nce, both of which are fundamental parts of ACT-R’s (and

us the model's) theory of memory retrieval. Van Dyke
and Lewis (2003) recently used locally ambiguous garden
gath sentences in addition to unambiguous structures in an
ggtempt to tease apart the effects.

The conditions contrast the effect of modifying the subject
of either the main verb or the embedded verb: the condition
None (ho modification), PP modification, and RC modifica-
tion are crossed with main verb and embedded vsulpér-

visedin the example above). These structures thus provid
another test of both how the model processes relative claus
(the main vs. embedded contrast) and how the model handles

non-local attachments across different structures (the mOdbiven in (11). There were two manipulations: a structural

fier type contrasts). interference (NT]) and distance §HORT]) manipulation,

Figure 7 shows the experimental data and the modelergssed with an ambiguity (v)AMBIG]) manipulation.
generated reading times. There are a couple of important

contrasts to focus on; Table 5 summarizes these. First is thd1) a. [UNAMBIG:SHORT The assistant forgot that

Materials and design Examples of the materials are

effect of embedding for the object relative: a general increase the studentvas standingn the hallway.

in reading times for the embedded verbs vs. the main verbs, b. [UNAMBIG:LOW-INT] The assistant forgot that
as discussed above. Second, there is an effect of interpolated the student who was waiting for the exavas
structure (modifier type), with the relative clause modifica- standingin the hallway.

tion showing the largest effect. Furthermore, the main verb Cc. [UNAMBIG:HIGH-INT] The assistant forgot
reading times are remarkably flat, which is consistent with that the student who knew that the exam was

the result of McElree et al. (2003) discussed above. The importantwas standingn the hallway.
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Figure 7. Model-generated and observed self-paced reading times on main verbs and embedded verbs as a function of inter-
polated structure (different modifiers of the verb’s subject). Data from Experiment 2, Grodner & Gibson (2005). None = no
interpolated structure, PP = prepositional phrase, RC = subject relative clause.

d. [AMBIG:SHORT The assistant forgot the stu- additionaldistance effects, butto additionalinterference ef-
dentwas standingn the hallway. fects. The argument is as follows. Distance effects should

e. [AMBIG:LOW-INT] The assistant forgot the stu- show up most clearly when memory traces are left to decay
dent who was waiting for the examas stand-  without intervening retrievals and processing. A garden path
ing in the hallway. sentence with a clear preference for one structure over an-

f. [AMBIG:HIGH-INT] The assistant forgot the other provides just such a situation: the dispreferred struc-
student who knew that the exam was importantture is left to decay without additional processing during the
was standingn the hallway. ambiguous region (under a serial parsing account). However,

the interference effect should be about the same, because the

The critipal rggion of interest is the same in aII. conditions:imervening structures in the ambiguous region are the same.
the reading time on the embedded veras standing Note

that the embedded clause is a sentential complement, not a To clear: what is at issue here is the effect of distance and
relative clause in this case. We are interested in the effect Qfterference on the garden path effect itself. The prediction
material interpolated between the subjecttN®studenéind s not that garden path structures will show no interference
the embedded verb. effects; rather, relative to their unambiguous controls, there
Consider the unambiguous conditions first. In the shoris no additionalinterference. In contrast, the prediction for
condition, nothing intervenes between the subject NP and thgistance is the opposite. Relative to their unambiguous con-
verb. In the low-interference condition, there is an interven-+rgls, garden path structuresll show an additional distance
ing subject relative clause with a prepositional phrase. Theffect.
high-interference condition is equally long but instead of a
prepositional phrase, it includes another intervening senten- The ambiguous materials in (11) use the classic sub-
tial complement, which provides additional structural inter-ject/object garden path (e.g., Ferreira & Henderson, 1991)
ference. Van Dyke and Lewis (2003) argued that the contrastith lexical material carefully chosen to bias toward the sim-
between the short and low-interference conditions provideple object NP readinglfe students initially taken to be the
an estimate of aistanceeffect, while the contrast between object offorgot, rather than the subject of an upcoming em-
the low-interference and hight-interference conditions pro-bedded clause). Thus, the critical regiwas standingn the
vides an estimate of anterferenceeffect. ambiguous conditions now serves to disambiguate toward the
Now consider the ambiguous conditions. Van Dyke andsentential complement structure, and it is here that we expect
Lewis (2003) reasoned that garden path structures will showhe garden path effect to arise (Ferreira & Henderson, 1991).
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Table 6 Looking in more detail at the effects of interference, the

Contrasts in reading times (milliseconds) at the critical verb model correctly predicts a greater effect of interference on
for ambiguous and unambiguous structures as a function ochttachment than on reanalysis. Looking in more detail at the
length and interference. Data from Experiment 4, Van Dykeeffects of length, the model correctly predicts that length ef-

& Lewis (2003). fects are greater than interference effects for reanalysis. This
is because in the unambiguous case the pursued structure
Contrast Model Data has one additional retrieval as a result of participating in the

parse, and this reduces the effects of decay.
But we do see a discrepancy— see the first two data points

Aggregate garden path effect 65 61 in Figure 8 and the third part of Table 6. The striking aspect
of the data is the complete absence of a length effect on the

Interference effect unambiguous conditions. In fact, the effect numerically goes
Aggregate 30 62 in the opposite direction: a slight speed-up. As a result, the

On garden path effect 2 13 model also under-predicts the effect of length on reanalysis.

On attachment 29 56 In short, the actual human data is a more striking reflection of

the qualitative form of the prediction than the model behav-
Length effect ior is We believe that the model data overestimates the length
Aggregate 52 0 effect because it underestimates the effect that participating

On garden path effect 25 88 inthe parse has on activation level. In particular, there may
On attachment 39 -44  be additional retrievals associated with semantic processing

that are not captured by the present model.

Simulation #5: Effects of storage load

Empirical and modeling resultsThe results of Van Dyke ~ The ACT-R model posits no separate role for “storage”
and Lewis (2003)’s self-paced reading study confirm thes&'s. “processing” or “integration” costs, in contrast to the Just
predictions: there was an effect of interference on the unand Carpenter (1992) models and the storage-based theories
ambiguous constructions but almost no effect of interferenc@f Gibson (Gibson, 2000, 1998). There is only retrieval cost
on the garden path effect. In contrast, there was no distandd modulated by associative interference and activation fluc-
effect on the unambiguous constructions, while there was #/ation. Theoretically, what the ACT-R model claims is that
significant distance effect on the garden path effect—a clea0 processing effort is expended in keeping prior constituents

cross-over interaction between effects of distance and intective: they simply decay and the difficulty in reactivating
action on reanalysis and attachment. them is a function of how much they have decayed and how

In the ACT-R model, both the noun-phrase and sententia?ﬁeCti‘_’e and discriminating_th_e retrieval cues are. Thus,
complement structures are generated at the locally ambigdbere is not a general prediction of storage load effects—
ous verbforgot, but lexical access delivers the NP comple-Instéad, a more specific prediction of similarity-based re-
ment argument structure first, so it is pursued in the parse (rdlieval interference.
alizing a simple race model of ambiguity resolution), while ~ Grodner, Gibson, and Tunstall (2002) report a self-paced
the other structure continues to decay without further proféading experiment which manipulated syntactic load to test

cessing. At the critical disambiguating verb, this discardedhe effects of syntactic storage costs on processing of am-
structure must be retrieved. biguous and unambiguous constructions. We focus here

Figure 8 shows the human times and the model generated" the_ir unambiguous constructions, examples of which are
times at the critical verb for the six conditions of the experi-91Ven in (12):

ment (the times are residuals after regressing out length arHZ) a. [SCLow LoAD] The witness thought that the
word position effects). (The Figure also shows times for an- ' evidence that was examined by the lawyer im-
other region in the unambiguous constructions; we return to plicated his next-door neighbor

this data in the discussion of syntactic load effects). b. [RCMIGH LOAD] The witness who the evi-
This is a fairly complex pattern of data, and there are sev- dence that was examined by the lawyer impli-
eral important contrasts. The contrasts are summarized in cated seemed to be very nervous.

Table 6. First, there is a main effect of ambiguity—a garden

path effect of 61 ms. The model predicts this effect becaus@&he region of interest here fibe evidence that was examined
of the additional retrieval time taken in the ambiguous caséy the lawyer implicatedin the low load condition, this re-

to reactive the discarded memory item. Second, there is alsgion is embedded in a sentential complement. In the high
a main effect of interference (comparing the high and low-load condition, this region is embedded in a relative clause,
interference conditions); the model predicts this because afo that a prediction of the empty category must be maintained
additional retrieval interference from the intervening IP nodeacross the region. Under the storage model, the reading times
in the high-interference structure. should increase in this region.
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Figure 8 Model-generated and observed self-paced residual reading times on the critical verb in unambiguous and ambiguous
(garden path) structures as a function of length and structural interference, and reading times in the storage region (Region 2 in the
original experiment) as a function of syntactic storage load. Human data from Experiment 4, Van Dyke & Lewis (2003). Short

= zero length ambiguous region, low-int(erference) = long ambiguous region with low structural interference, high-int = long
ambiguous region with high structural interference. Low-load = low syntactic storage load, high-load = high syntactic storage
load.

The results, shown in Figure 9 confirm the predictions ofall the reasons explained earlier.
Egreeztoggggr;%%c’f On:'h eV\fe ghigx(se Fr:\;ﬁ: %rl}]é)ir:gﬁarr$3|§;2 O(fvl\?e_ There is also, perhaps surprisingly, a small load effect at
collapsed together Regions®i¢ evidenceand 4 hat wag examinedthis is a retrieval interference effect due to the ad-

to take into account spillover effects from the reanalysis 01‘d.'t'0naI expected IP. Thus, we see that the model can in prin-

. X o . ectht ciple capture some storage effects as retrieval effects. The
E%Eﬁt;éﬂ?g\fgg object-relative clause at the subjectiieP model does not presently account for the size of the effect,

. . or the effect on the agent R the lawyerthough the latter
The are sgveral important th|r)gs to note about the modelé uld plausibly be spillover. Table 7 summarizes the con-
data comparison. This the first simulation we have presentegl, ;<
which models reading times across regions of a sentence that ~
include constructions other than verbs. Such comparisons are One way to distinguish the retrieval interference and stor-
inherently problematic because they compare across syntagge accounts is to find cases where the locality/storage the-
tic and semantic types, but we note that the model is doin@ry predicts an increase in reading time during the mainte-
a reasonable job of accounting for the basic patterns witthance of a stored prediction, bogforethe critical retrieval.
syntactic processing alone. This is broadly consistent witilhe materials in the Van Dyke and Lewis (2003) experiment
the success that Grodner and Gibson (2005) had in modelingjscussed previously includes such a condition. Van Dyke
reading times with their locality-integration model. and Lewis (2003) detail how the storage account predicts in-
More to the point, however, is whether the model succeedsreased reading time across the italicized regions of the long
in capturing the differences between the low and high loadinambiguous materials (Region 2 in the original analysis):
conditions. Figure 9 clearly reveals that the success is mixed.
In the region the evidence that wagegion 3 and 4 in the (13) a. [UNAMBIG:LONG] The assistant forgot that the

original analysis), the model predicts greater reading times student whowas waiting for the exanwas
in the high-load condition due in part to processing involved standing in the hallway.

in reanalyzing from a subject to object relative clause. At the b. [UNAMBIG:INT] The assistant forgot that the
embedded verb region, the model predicts increased times student whdknew that the exam was important

associated with filling the object gap in the RC condition, for was standing in the hallway.
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Figure 9 Model-generated and observed residual self-paced reading times in regions of low and high syntactic storage load.
Human data from Experiment 1, Grodner, Gibson, & Tunstall (2002).

Table 7 In sum, the model predicts reasonably well the pattern
Contrasts in reading times (milliseconds) as a function ofacross regions in the two load conditions of Grodner et al.
syntactic storage load. Data from Grodner, Gibson, & Tun-(2002), but only partially accounts for the size of the load

stall (2002), and Van Dyke & Lewis (2003). effect. However, data from Van Dyke and Lewis (2003) sug-
gests that the explanation of load effects as retrieval interfer-
Contrast Model Data €nce effects may in fact be the correct one. A more complete

account of these patterns awaits further development of the
model, as we describe in the General Discussion.

Load effect (Grodner et al., 2002)

Aggregate (not includingmplicated 48 142 Center Embeddina and the

the evidence that was 41 46 Problem of Serial Order

examined 7 a7 Discrimination

by the lawyer 0 49

implicated. .. 78 98 We turn now to a set of contrasts concerning center-
embedding. Before we consider the center-embedded struc-

Load effect (Van Dyke & Lewis, 2003) tures, it is important to confirm that the model does not

Storage region -3 -3 predict dramatic increases in reading times for deep right-

embeddings.

Deep right embeddings

The reading times revealed no significant load differences, We ran the model on the following structures: deep right-
however (see the Storage region points in Figure 8 and thranching sentential complements, and deep right-branching
contrast in Table 7). The model actually predicts a tiny de-Prepositional phrase modifiers.

crease in time over the high load region. (14) a. The boy thought that the man saidat the ed-

itor thoughp that the writer believegthat the
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Table 8 The “No Serial Order Representation” Hypothesis
Memory retrieval times in the model as a function of right-

; : : : As part of a functional analysis of the demands on se-
branching depth. The first level is the baseline and set torial order representation in parsing, Lewis (2000) raised the

zero. . o . .
following possibility: perhaps there is no serial order repre-
.. ._sentation or serial order mechanism in human sentence pro-
senterllztirglbsgr%%?ements Embpiggggiggﬁ2|-?ﬁ2¥29955i”9 at aI_I—_parsing is based_ on nothing more than_cue-
Level (at the verb) (at the preposition) based associative retrievals. This fits well with the findings
of McElree (McElree & Dosher, 1989, 1993) which point to
rapid, parallel access from working memoryiteininforma-
1 0 0 tion, but a slow, serial access of relativeler informatior?.
5 6 10 The ACT-R model embodies this hypothesis. In short, the
3 11 18 model proposes that sentence processing relies heavily on
2 16 >4 discriminating retrieval cues and the distinction between the

present and the past to get by. For the most part, this works
well—where it potentially fails is in cases that have the fol-
lowing structure, wher@ is a word that triggers the retrieval

of eithera or a,, wherea; anda, cannot be distinguished
except on the basis of their relative serial positions:

medic thought that the assistant admired the

student. 15)  az...02...P
b. The medic with the assistant withthe dog | 5 case such as (15) above, memory retrieval will succeed
with; the editor with the duck. .. for whichever ofay or az has the highest activation value.

All things being equal, this will be the most recent element
due to decay, which is correct for nested structures (but not

We are interested in the attachment times for the verbs nunf:ross-serial; see Footnote 7). _ o
bered 1-4 and the prepositions numbered 1-4. The question Double self-embeddings are precisely cases that fit this
is whether there is a significant increase as depth of branc{lénéral schema. Consider the extreme case of the classic
ing goes up. Table 8 gives the results, setting the attachmefPuble-embedded object relative clause:
time of the first SC or PP at zero as a baseline; thus the othgli gy The salmon that the man that the dog bit smoked
times are increases over this baseline. For the embedded sen tasted good.
tential complements, there is a tiny increase of about 5-6 ms
at each depth. This is a small effect of proactive retrieval in- These structures are notoriously difficult to comprehend
terference. For the prepositional phrases, there is a larger b(Blauberg & Braine, 1974; Blumenthal, 1966; Hakes &
still modest increase (of 10 ms, decreasing to 6 ms) at sudzairns, 1970; Marks, 1968; Miller & Isard, 1964; Wang,
cessive attachments. This also represents proactive retrievé®70). Several theorists have proposed accounts of the pro-
interference from additional potential attachment sites. Theessing difficulty in terms of the demands center embedding
reason that the PP attachment generates longer increaseglaces on memory resources of some kind (e.g. Yngve, 1960;
informative about the structure of the model: the sententiaMiller & Isard, 1964; Kimball, 1973; Stabler, 1994; Gibson,
complements are arguments, and once attached, the verb 4091; Lewis, 1996). We identify here another basic prob-
longer expects a complement. This keeps the “fan” of thdem with processing such structures: there are multiple at-
retrieval cue at a constant across the embedding. The réachment points that require distinguishing candidate con-
trieval cue for the PP modifier attachment, however, is simstituents primarily or exclusively on the basis of their rela-
ply a constituent of category NP (or VP), and the number otive serial order. In particular, in (16), there are two active
potential attachment sites continues to increase throughofitlers and two predicted embedded finite clauses that must
the sentence. be properly distinguished by serial order to make the correct
attachments at the verbs.

It seems unlikely that the small increases in the sententigdbimulation # 6: Toward a graded taxonomy of
complement embeddings could be detected empirically—eenter-embeddings
even at greater depths, because the size of the effect con- _
tinues to decrease as a result of the nonlinearity of Equation !N order to test how much various forms of center-
3. The PP attachment times might be detectable, and fufMbedding depend on serial order discrimination, we ran

ther_ empirical Wor_k IS warranted to see if the model's pre- ®McElree et al. (2003) adopt an alternative position: that the
dictions are quantitatively correct. But for present purposegentence processing has special-purpose serial order mechanisms
the results of the simulations support the qualitative claimnat operate on a fast, parallel basis. We believe that the data that
that deep right branching does not produce dramatic effectsotivated this position can be handled by the model without serial
in processing times. information; but this remains a tenable position.
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a series of simulations of the model with activation ndise. memory retrieval failure. Not all incorrect parses led to mem-

One of ACT-R’s standard assumptions is that there is alwaysry retrieval failures, but in some cases an incorrect attach-
some noise added to the activation value of a chunk at eachment earlier in the sentence eliminated the correct candidate
retrieval. This noise value is generated from a logistic distri-for a retrieval later in the sentence. This happened, for exam-

bution with mean 0 and variance given by Equation 5: ple, when the main verb prediction was retrieved too early—
perhaps at the second verb in a double-center-embedding—
2 _ szsz and was not available when the final (main) verb was actually
=3 ®) read

wheres is a parameter. This activation noise permits the. Figure 10 plots the resu_lts. There_ area ”“”?be_f ofinterest-
use of ACT-R to model. RT distributions and various kinds "9 results. The most striking effect is the qualitative contrast
of memorv errors: it plavs a kev role in the Anderson anolbetween the two difficult double relative clauses embeddings
Matessa (31997) n",lodé)l 0¥ list meymory for example, were and the two easier double embeddings introduced above.
ranged from 0.2 to 0.5. We set the noi,se paranmteb.& A second interesting contrast is between the RC/SC and
One of the empirical puzzles about double center>C/RC embedding: the former Ied.to some misparses. The
embedding pointed out by several theorists (Cowper, 19763C/SC and SC/RC contrast was first pointed out by (Gib-
Gibson, 1991), and most fully addressed by Gibson (1998), ig°n 1998); the locality theory predicts the contrast because
the existence of double clausal center-embeddings which d&'€ filler-gap relation is over a much longer distance in the
not yield the same breakdown associated with (16). For exC/SC construction than the SC/RC construction. We visit
ample, subject sentences such as (17-a) below are noticeafjjS contrast again in a moment. _
easier that the classic double object relatives, as are senten-A third interesting and more subtle contrast is between
tial complements embedded within relatives (17-b) (Gibsont® OR/OR and SR/OR structures. The prediction that the
1998): SR/OR structure is easier is consistent with the results of
McElree et al., 2003, who found that the OR/OR structures
(17) a. That the food that the medic ordered tastedoroduced slower dynamics than the SR-OR structures. Their

good pleased her. description of how this might have happened in their SAT
b. The news that the assistant that the lawyer hiregbaradigm is remarkably consistent with our account: “mis-
left the firm surprised everyone. analysis of any one of the (verb-argument) dependencies will

leave a verb stranded without an argument or produce a se-
antic anomaly. Time course differences of the form seen
ere could arise from successful reanalysis following mis-
analysis on a proportion of times”. “Misanalyzing” depen-
(18) a. [OR/ORJobject relative within object relative dencies is precisely what the model is doing here. A little
The editor that the writer that the dog chased©Vver half of these misanalyses do result in memory retrieval
scolded supervised the assistants. failures that result from leaving a verb “stranded”.
b. [SR/OR]subject relative within object relative Finally,_ note the positioning of the SC/SC contrast, some-
The medic who the dog that bit the reporter Where midway between the RC/SC and SC/RC. The in-
chased admired the writer. creased errors on SC/SC relative to SC/RC are a result of the
c. [RC/SC]sentential complement within object greater discriminability of the clauses in the SC/RC case—
relative clause the relative clause carries an additional “gap” feature which
The reporter who the claim that the editor ad- permits a bit more retrieval-time discrimination.
mired the medic amused sent the gift. One way to view the ordering of the structures in Fig-
d. [SC/SC]sentential complement within senten- ure 10 is that the failure rates provide a quantitative measure
tial complemeniThe claim that the news that Of the degree to which successful parsing of these structures
the reporter admired the medic amused the eddepends on an accurate representation of serial order. This
itor upset everyone. overall ordering is consistent with the acceptability ratings
e. [SC/RCJobject relative within sentential com- reported by Gibson and Thomas (1997) as well, with the ex-
plement ception that they found that the SC/SC structures patterned
The claim that the reporter who the editor ad- with RC/SC—the SC/SC structures were not more difficult.
mired sent the gift amused the writer. However, it is important to note that the results of Fig-
f.  [SS]object relative within subject sentence  ure 10 report parsing failure rates only; they do not take
That the reporter who the editor married liked into account reading time differences. The model’s predicted
the medic was surprising.

We were therefore interested in the model’'s performance o
these structures relative to the classic cases. The full set
structures were as follows:

. . . 5 The other simulations presented in this paper do not have acti-
The right-branching structure [RB] (14-a) was included as Jation noise switched on because the goal there was to first under-

baseline. i stand the model’s behavior without involving any random variation.

For each structure, we ran the model 100 times and detefye have started to experiment with activation noise in these other
mined the number of times that the model arrived at the corsimulations, and preliminary results suggest that the results do not
rect parse, as well as the number of times that a parse led tochange significantly.
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Figure 10 The behavior of the model on double-center-embeddings, when activation noise is added. Parsing failure is the
percentage (out of 100) of over-all failed parses. Retrieval failure is the percentage of parses that led to working memory retrieval

failures.
Table 9 ing to see the SC/SC structure and SC/RC structures pattern
Predicted reading times for verbs on SC (sentential completogether. The reason is that although the SC/SC structures
ments) and RC (relative clause) mixes. generated somewhat more failures than SC/RC structures,
they also generated somewhat lower reading times when the
Attachment time RC/SC SC/RC SC/SC parses succeeded (see Table 9 and Figure 10).
Although we believe this is the first explicit serial order
discrimination account of difficult center-embeddings in the
Verb 1 163 278 163 literature, it is very much in the spirit of accounts proposed
Verb 2 371 210 211 by a number of theorists over the years that explain the dif-
Verb 3 238 237 211 ficulty in terms of similarity and discrimination rather than

memory overload (Bever, 1970; Chomsky, 1965).

" There are a number of linguistic phenomena that may appear
at first to be insurmountable challenges to parsing without serial

reading times across the three critical verbs for the SC/IRCY rder. These include explicit order terms sucticamer, latter, and

T . ivel -serial i h h h -
RC/SC, and SC/SC structures is given in Table 9. Not su respectivelyand cross-serial dependencies such as those that rou

I . . . .
g ) . ! . inely appear in Dutch subordinate clauses with perception or cau-
prisingly, the highest reading times occur in the SC/RC an(iation verbs (Bach, Brown, & Marslen-Wilson, 1986; Steedman,

RC/SC structures. By far the highest predicted reading timeooo: Kaan & Vasic, 2004). Cross-serial dependencies are particu-
occurs in the RC/SC structure on the second verb. The inarly interesting because they are syntactic constructions that appear
creased distance of the filler-gap relation means that there is violate the standard nested most-recent-first ordering most natu-
more time for the gap-filler's activation to decay—and cru-rally supported by a parser with activation decay. A full treatment
cially, there are no intervening reactivations to mitigate thisof these phenomena is beyond the scope of this paper, but it is worth
effect Th|s |S Cons|stent Wlth the |Oca||ty account. Summarizing brleﬂy what our initial analyses have revealed. FII’St, it
. . oL is important to carefully analyze what other cues may be available
While we do not yeft, hqve a precise quant'tat've the‘?ryto the system to achieve the discrimination required—even in the
that predicts acceptability judgments, we believe a plausibl@nsence of serial order information. Perhaps surprisingly, in a left-
one will take into accounboth failure rates and latencies. corner parse of Dutch cross-serial dependencies, there is enough
The latencies will tend to dominate in structures with low information available at the verb to discriminate the predicted ver-

failure rates. Under such an account, it would not be surpriskal categoriesvithout appeal to explicit serial order information,
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Summary and General R model to DLT. One view focuses on the fact that the ACT-
Discussion R model is a decay model and takes the model to simply be

. an elaborate implementation of locality theory. A second,

Summary: Theory and modeling results related, view takes the ACT-R account to be a cognitively

lausible, lower level computational realization of locality
rinciples. We believe both views are incorrect. The reason
_that DLT and the ACT-R-based accounts diverge substan-
lly, both theoretically and empirically. There are at least
ur key points of divergence:

(1) Fluctuating activatioris not the same theoretical con-

We presented a theory and computational model of th
working memory processes that subserve sentence comp i
hension. The theory construes parsing as an efficient series f
guided memory retrievals. The basic tenets of the theory arg)
simple and follow directly from ACT-R: sentence processing

is controlled by production rules representing the skill of ef-Cept aslocality. A locality framework leads the theorist to

ficient parsing, the activation of memory elements fluqtuate%sk the question: what linguistic units should be counted as
as a function of usage and decay; and memory retrieval Ii

subject to associative interference. The computational mod entributing to locality cost? Indeed, attempting to answer

. ) - is question has driven some of the work in the DLT frame-
represents a novel integration and application of these the?/\'/orlg ACT-R’s activation fluctuation, in contrast, does not
retical concepts to sentence processing. require the postulation of a unit of locality cost. The only

The model was successful in accounting quantitatively fo.rcurrency is time. One patrticularly interesting difference is

L:?%'Sg \t,:lrgess Ilzzmrrjg/deeﬁgp:;safne)t(i?)igrg%rga V%gr%ho:esérl] at DLT posits a difference in integration cost as a func-
y P y on of the referential types of the intervening elements over

processing. The model als_o led naturally to a novel accou hich integration is made; this is not an explicit part of the
of the difficulty of processing center-embedded structuresAC.I._R model

and yielded a graded taxonomy of double center embeddings Furthermore, what counts in the ACT-R model is not the

ranging from easy to difficult. distance to the dependent, but rather the history of retrievals.

These results provide supportfor the claim that the ACT-R, ¢, + “AcT_R's activation equation is not properly described
account of memory retrieval, developed in domains out3|d%

X ) : adecayequation; rather, it predicts both power law learn-
real-time sentence processing, also provides a good acco rﬁ?g and forgetting (Anderson & Lebiere, 1998): the activa-

of what s happening in the moment-by-moment retrievals o ion can in fact rise over time with additional retrievals.

parsing. Of course, we are not denying that there is a clear rela-

. Table 10 summarizes the simulation r_esults anq underly'Eionship between decay and locality. All things being equal,
ing quantitative parameters. Only the single scaling factoqO

was estimated to fit the data, and this factor was set once fQp-9¢ distances (over whatever unif) usually mean more
all the simulations. All other’ arameters were set based oqrme, which sometimes (but not always) means activation de-
ACT-R defaults ana prior Worlfon memory interference eay. This association of length and decay has a long history

Although the fit to the data is reasonably good forasingle-In psycholinguistics: it is why Chomsky (1965) suggested

parameter model, it does provide clear cues for how to im:[hat heaviness and length effects point to memory decay as

rove the model: in general. the model appearsveres- the culprit, and why Gibson (1998) also suggested decay
prov - Ing » TN €l app might be behind distance effects. We believe they are both
timate length effectand underestimate interference effects

S right.
Any structural or quantitative change to the model that moves (2) Associative retrieval interferends not the same the-

Icnretgseeg "éenﬁu?]gs?sf grfciﬁgrsfi(rjegénep\?v%i% %Ee?ecgdaggttg]'retical concept astorage cost DLT posits separate in-
P yy egration and storage cost components; this dual process-

fits. This is bodes well for extending the theory to semantic . : :
and discourse processing, which can only add extra retrievagggg:?egie(flrggn;)’wgfpg Tq%rgef?ﬂzﬁtirg_l\f_\gh _tl_hhee.Jx(s:tT?llgd

and therefore reduce the effects of decay, but cannot redu(fﬁodel expends no resource keeping memory items active (of
interference. 4 - . ; X
course, it can strategically work to keep items active via re-

. . : hearsal, but there is not time to do that in language process-
Relationship to other models and theories ing.) The ACT-R model posits no computational resource
Although the ACT-R-based theory is conceptually simple,——
it has interesting relationships to a wide variety of other ap-2nd without additional processing cost relative to nested structures.
proaches in the literature, and owes a large intellectual debt urthermore, even in cases where explicit serial order information
much empirical and modeling work in psycholinguistics and oes seem to be required (as we believe is the case for order terms),

o . ) the locus of that order information may be in a different memory
cognlt[ve archltecturgs. We 90n3|der some of thesg debt,?epresentation from that supporting the incremental parse. Our hy-
spending the most time relating the approach to Gibson'sinasis is that order terms lifermer andlatter, or first, second
(1998, 2000) Dependency Locality Theory (DLT), which hasangthird, are discourse anaphors whose semantics are grounded in
been one of the most successful attempts to date to accousplicit relations in a discourse model, perhaps held in long-term
for data such as that presented here. working memory. In this sense, they may not be fundamentally dif-
ferent from spatial relation terms likeboveor below(and indeed

Relationship to Dependency Locality Theofhere are  such terms are often used in text discourse, as we have occasionally

several views one might take on the relationship of the ACT-done above).
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consumed except time. we expect differences in the predictions of the ACT-R model

(3) Inadequate serial order discriminatiomnd high  and DLT, which explicity assumes that integration cost
locality-based integration costre different theoretical ex- varies as a function of referential type. One important chal-
planations for the difficulty associated with the notoriouslylenge for the ACT-R model is to account for the greater ease
bad double center embeddings. As we outlined above, thef processing double center-embeddings with pronouns in
discrimination account does not supplant the distance anthe subjects of the most embedded clause (Bever, 1970; Kac,
interference effects, which the model also captures in thd981; Gordon et al., 2001; Gibson, 1998). ACT-R would
reading times on those rare occasions that it parses them calearly be sensitive to the difference because the pronoun
rectly. But we believe that the discrimination account pro-is processed more quickly than a full NP, but it seems un-
vides a plausible explanation for the rather dramatic qualitakikely that this would be enough to capture the contrast in the
tive effect of the double embeddings, and complements in adifficult embeddings. However, one possibility is to simply
important way a reading time/locality-based explanation. assume that nominals have base activations that reflect their

(4) The ACT-R model specifies computational structurereferential type (perhaps their position in an accessibility hi-
and quantitative parameters on an independent basis thatarchy (Givn, 1978)). Such an assumption does not derive
must be added to DLT to generate precise quantitative prérom the ACT-R theory itself, unlike other aspects of the the-
dictions. In particular, these include assumptions about thery presented here—it would simply be an assumption about
locality cost function (linear, non-linear, etc.) and the com-how certain linguistic distinctions are manifest in processing.
bination function for cost at points of multiple integrations This is precisely the status of the assumption in DLT.
(e.g., whether the distances are summed then put through the
cost function, or put through the cost function separately and
then summed, etc.)

The empirical predictions of DLT and the ACT-R model
reflect the theoretical divergence; we noted some of the
throughout the paper. To summarize:

Working memory theoryAs we pointed out earlier, the

ACT-R theory is most consistent with the memory theory
Sof McElree (1998), which emphasizes an extremely limited
ﬁ/orking memory focus and parallel, associative retrieval.
' O . What the present theory adds is activation fluctuation and
(1) The fluctuating activation of the ACT-R model (which similarity-based retrieval interference. One minor, but pos-

can yield different levels of activation across identical dis-_; o . : ;
. . ; . ibly empirically very important, structural difference is that
tances) was critical for accounting for the differential effectr:af) y empiricaily very Important, Sructura

. . .~ ~"the McElree account assumes that the most recent item is
of distance and interference on garden path reanalysis a

X : .- available in the focus. That is not always possible in the
attachment.(SllmuIatlon 4). (2) The 'AQCT'R model ma},kes.d'f'ACT-R model, depending on how that item was processed. In
ferent predictions from DLT about “storage effects” (Sim-

ulations 4 and 5). (3) The ACT-R model predicts a cross general, the McElree SAT phenomena themselves will pro-

: ; ; . ‘vide important future empirical tests of the model.
over interaction of extraction type and verb (main vs. em-

bedded) in the reading times on relative clauses (Simulation
1); DLT does not. (4) The ACT-R model predicts a greater Activation-based model€f the prior computational sen-
effect of interpolated material on embedded relative clausetence processing theories, the ACT-R model bears the most
than main verbs (due to greater interference and processingsemblance to other hybrid symbolic activation-based mod-
of the object gap relation); DLT predicts this interaction butels, including the competition model of Stevenson (1994),
to a smaller degree than the ACT-R model (Simulation 3)the inhibition model of Vosse and Kempen (2000), and
(5) The ACT-R model predicts a relatively flat effect of in- CAPS/CC-Reader (Just & Carpenter, 1992). The Stevenson
terpolated material on main verb reading times (Simulationsnodel has something like an activation decay component and
1,2,3); this is a direct result of the parallel associative repredicts recency effects in a similar way that ACT-R does.
trieval mechanisms of the model. (6) The ACT-R modellt maintains a stack-like data structure, however, and so we
predicts probabilistic parsing failures in addition to longerdo not believe it will provide the foundation for a plausible
reading times; DLT has not been used to generate such prolaecount of unambiguous structures. The Vosse and Kem-
abilistic predictions (Simulation 6) (see Gibson and Thomaspen (2000) unification space model has been applied to both
(1999) for use of locality theory to account for binary accept-ambiguous and unambiguous structures, and its account of
ability contrasts). (7) Although we did not show such effectsdifficult center-embeddings is the closest to the one we pro-
in the simulations in this paper, the ACT-R model is capableposed here. It has been used to model qualitative garden path
of predicting “reverse” length effects: that igsterreading and embedding phenomena, and has neurobiological support
times with increased length. Such apparently puzzling ef{Hagoort, 2003). However, it was not intended to—and is un-
fects have been confirmed now in German (Konieczny, 2000able to (Kempen, personal communication)—model reading
Vasishth, Cramer, Scheepers, & Wagner, 2003; Vasishthitime data. Although all of these models use the concept of
Scheepers, Uszkoreit, Wagner, & Kruijff, 2004), Hindi (Va- activation of memory elements, the ACT-R account has the
sishth, 2003b, 2003a), and Japanese (Gibson, personal cowirtue that it is founded on a set of independently motivated
munication). We are currently developing models to accounaind extensively tested architectural principles of memory re-
for data from these languages. trieval and controlled processing; the success of the reported
Finally, although we have not yet attempted to model dif-modeling simulations attests to the benefits of this founda-
ferences due to referential type of intervening constituentstion.
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Interference sentence processing theori€&»me recent degrees of freedom in statistical modeling. With respect to
approaches to sentence processing have emphasized the ritiese parameters, our response is straightforward: we believe
of similarity-based interference (Lewis, 1993, 1996; Vanwe have come as close as possible to zero-parameter predic-
Dyke & Lewis, 2003; Gordon, Hendrick, & Levine, 2002; tions by adjusting only the scaling factor, adopting all other
Gordon etal., 2001). Lewis (1993, 1996) emphasizesage  values from the ACT-R defaults and literature, and using the
interference, while Lewis (1998b) and Gordon et al. (2002 same parameter settings across multiple simulations.

2001) emphasizeetrieval interference. The latter emphasis  With respect to the degrees of freedom inherent in the
is consistent with our current account. content of the production rules and declarative memory, we

It is worth reviewing briefly here why similarity- take advantage of the fact that in sentence processing we are
interference arises in the model, and how similarity is com-blessed with a brutally fast domain with a well-studied con-
puted. Similarity interference arises at retrieval, and it is atent domain theory (syntax). The absolute time scale of the
direct consequence of Equation 3, which reduces the strengtffects means that there is simply no room for adding or sub-
of association between a cue and a target as a function of theacting a production here and there to get a better fit. The
number of items associated with that cue. Reduced strengibver-arching principle for language processing is “do things
of association means reduced activation boost, which proas fast as possible”, and that principle entirely guided the
duces higher latencies and higher failure rates. The strondevelopment of the parser. All of the model’s processing is
claim about this kind of interference is that itretrievalin- ~ done in the most efficient manner that is functionally possi-
terference, and it is purely a function cfie overlap In the  ble, and all of it boils down to two or three production firings
current model, the retrieval cues are simply a subset of thand one or two memory retrievals.
features of a target item, so similarity interference is based
purely on representational overlap, not general thematic coriFhe value of architectures and prospects for the fu-
nections (e.gcow—milk though ACT-R as an architecture tyre
admits of such associations).

It is therefore the nature of the cues that dictate the na- Is ACT-R just an implementation language for theories?
ture of the interference. In the current model, we have realAgain, we will not provide a general answer to the ques-
ized only syntactic cues, which are used primarily to reaction, but simply note that the answer should be very clear
tive predicted structure to unify with. However, the modelin the present case. ACT-R is not simply an implementation
can accommodate a richer set of cues—for example, thedanguage for the theory; a comparison of Tables 1 and 2 re-
may also be semantic cues derived from specific lexical conveals that the present sentence processing theory is itself best
straints (e.g., the semantic constraints that a verb places amderstood as the application of ACT-R theory (and thus, a
its subject). Apart from the extensive literature on the im-particular set of theoretical principles) to the task of parsing.
mediate effects of semantic constraints on ambiguity resolu- There are many interesting possible directions for addi-
tion (e.g., Trueswell et al., 1994), Van Dyke (2002) providestional functional and empirical extensions to the model. It
direct evidence for interference effects as a function of seshould be possible to extend the model to lower levels of
mantic cue overlap. Adopting such a richer set of cues mayrocessing to explore the interactions of lexical and syntactic
be on the path to providing an account for Gordon’s (Gor-processing; indeed much of the structure is already in place
don, Hendrick, & Johnson, 2004; Gordon et al., 2001) effectdo do so. It should also be possible to extend the model to
of NP type—at least on reading times at the verb, when rehigher levels of semantic and discourse processing; an in-
trieval interference should arise. However, some of the simitegration with the semantic interpretation model of Budiu
larity effects—particularly those showing up before the verband Anderson (2004) provides one possible avenue. Given
(Gordon et al., 2004)— may be more properly understoocprior ACT-R work on modeling individual differences, it
asencodinginterference, something that is missing from all should also be possible to use the current model as a basis

current processing models. for accounting for performance differences due to variation
in working memory capacity.
Degrees of freedom in the modeling Another important direction is to develop detailed mod-

els of the different experimental paradigms used in reading

A legitimate concern that can be raised about applyingesearch, including eye-tracking, self-paced reading, central
computational cognitive architectures to empirical data ispresentation, and speed-accuracy-tradeoff designs. Develop-
whether the theorist has too many degrees of freedom in fithg such models requires making explicit linking assump-
ting data. We will not attempt to provide a general responsgions about how linguistic processing is coordinated with
to this concern; for insightful responses see (Newell, 1990gye-movement control and manual button pressing. It is
Anderson et al., 2005; Meyer & Kieras, 1997). We will at- one of the key advantages of working within an architecture
tempt to address the issue with respect to the current modesuch as ACT-R that such models can be developed in a the-

As with any ACT-R model, there are two kinds of degreesoretically constrained and computationally explicit manner.
of freedom: quantitative parameters, and the contents of proFhis also has the advantage of addressing a possible concern
duction rules and declarative memory. The quantitative paabout relying too heavily on the self-paced moving-window
rameters, such as the decay rate, associative strength, apdradigm, which might increase working memory demands
S0 on are the easiest to map onto the traditional concept g€lative to natural reading.
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ACTIVATION-BASED MODEL OF SENTENCE PROCESSING
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