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Abstract

Theories of sentence production that involve a convergence of activation from conceptual-semantic
and syntactic-sequential units inspired a connectionist model that was trained to produce simple sen
tences. The model used a learning algorithm that resulted in a sharing of responsibility (or “division of
labor”) between syntactic and semantic inputs for lexical activation according to their predictive power.
Semantically rich, or “heavy”, verbs in the model came to rely on semantic cues more than on syntactic
cues, whereas semantically impoverished, or “light”, verbs relied more on syntactic cues. When the
syntactic and semantic inputs were lesioned, the model exhibited patterns of production characteristi
of agrammatic and anomic aphasic patients, respectively. Anomic models tended to lose the ability tc
retrieve heavy verbs, whereas agrammatic models were more impaired in retrieving light verbs. These
results obtained in both sentence production and single-word naming simulations. Moreover, simulatec
agrammatic lexical retrieval was more impaired overall in sentences than in single-word tasks, in agree
ment with the literature. The results provide a demonstration of the division-of-labor principle, as well as
general support for the claim that connectionist learning principles can contribute to the understanding
of non-transparent neuropsychological dissociations.
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1. Introduction

The production of an utterance is a complex process, involving the convergence of multiple
sources of information throughout a succession of staBesk| 1982; Dell, 1986; Garrett,
1975; Levelt, 1989 Production begins withmessage meaning to be conveyed. The message
guides the retrieval of lexical items and the construction of an appropriate schema or frame that
specifies in what position and in what form the lexical items appear. Consider the utterance “The
bird flies.” The message contains the concepts of a particular BIRD and FLYING, indicating
that a previously discussed bird is presently flying. The appropriate lexical items “bird” and
“fly” are retrieved and a simple intransitive frame is prepared. This frame indicates that the
subject noun is to be placed after the determiner, in accordance with the grammar of English
noun phrases, and the main verb, suitably inflected for tense and number, is to follow.

On this view, producing a particular word at a particular point in a sentence requires the
integration of semantic and syntactic information. We say “bird” because its semantics cor-
respond to the entity in question, and we say it after “the” but before “flies”, because of the
syntax of English. That lexical retrieval in production is subject to both semantic and syntactic
constraints leads to the hypotheses explored in this article: the relative strength of the respec-
tive contributions of semantics and syntax during lexical access varies among words, and this
variation can explain certain dissociations in aphasic language production. Most importantly,
the syntactic-semantic variation arises frone competitiotin learning, resulting in division
of labor between these two information sources.

Cue competition is the tendency for inputs to compete with each other to control output;
the strength of each input cue varies as a function of the number and strength of other inputs
involved in determining the output. This can arise from, among other mechanisms, associative
learning algorithms that set the weights from input to output so as to reduceResdrla &
Wagner, 1972; Widrow & Hoff, 1988 Recent connectionist models have used cue competition
to account for differences in the processing of regular and irregular linguistic mappings. For
example, Plaut and colleaguédqut, McClelland, Seidenberg, & Patterson, 198¢pothe-
sized that regularly spelled words are read aloud largely on the basis of phonological input,
but irregular words require more semantic input. Their model’s architecture created competi-
tion between phonological and semantic cues to predict orthographic output, and the model’s
error-driven learning algorithm led to connection weights that “divided the labor” between the
two sets of cues in the hypothesized manner.

We apply this division-of-labor logic to the relative contributions of semantics and syntax to
lexical access in speech production. Our modeling studies seek to explain neuropsychological
data from the study of aphasia suggesting that lexical items are differentially dependent on se-
mantic and syntactic input. Importantly, we do not stipuégpeiori that certain words rely more
or less on semantic or syntactic information. Rather, the differences emerge from the natural
constraints on the task of producing grammatical sentences, coupled with the use of a learn-
ing algorithm that creates cue competition. When lesioned, the models illustrate the contrast
between lexical retrieval deficits typical of agrammatic patients and those typical of anomic
patients. Dissociations found in aphasic speech production, particularly between semantically
“heavy” verbs (e.g., “fly”) and semantically “light” verbs (e.g., “go'Breedin, Saffran, &
Schwartz, 1998 are replicated in the models. The results of the simulations demonstrate
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that connectionist models can explain double dissociations of symptoms without the need tc
postulate autonomous representational stores.

The present study links three domains in cognitive science: language production, aphasie
and connectionist models of learning. The principles of connectionist modeling are applied
to what we know about normal language production and what we have observed in aphasi
patients, in order to clarify the underlying nature of lexical access deficits in aphasia. The
following sections review the relevant literature in each domain.

1.1. Lexical retrieval in language production

Production theorists have long acknowledged the impact of syntactic as well as semantic
knowledge on lexical access. Syntactic effects are particularly apparent in two properties of
everyday speech errors, the syntactic category constraint and the differences between erro
involving open- and closed-class lexical items. In word substitution errors, such as saying
“knee” for “elbow” or “stop” for “start,” or in word exchange errors (e.g., “I'm writing a
motherto myletter’), the interacting words almost always belong to the same syntactic category
(Fromkin, 1971; Garrett, 19FINouns replace nouns, verbs replace verbs, and so on. A standard
interpretation of the syntactic category constraint is that sentence planning entails the insertiol
of retrieved lexical items into slots in a frame that corresponds to the syntactic structure of the
sentence. The slots are specified by their syntactic category with the result that only lexical
items of the proper category can be insertedagk & Levelt, 1994; Garrett, 1995

This slot-filler mechanism is also called upon to explain differences in the constraints op-
erating on open- and closed-class words. Closed-class categories—such as prepositions, at
iliaries, pronouns, determiners, and conjunctions—are so called because new words cann
be added to them. In contrast, open categories—such as nouns, verbs, and adjectives—can
expanded, because speakers continue to learn open-class words throughout their lives and he
the ability to create new category members through the productive use of morphology. These
differences are reflected in speech-error pattéasrett (1975, 198&)oted that closed-class
words are not involved in exchange errors the way that open-class words are. For example
exchanges such as “I'm writingraotherto my letter’ are common, but “I'm writingmyletter
to a mother” is not. For this and other reasons, Garrett proposed that closed-class words ar
not inserted into slots in the way that open-class words are; rather, they are an inherent pal
of the frame itself. By locating closed-class words in the frame, Garrett’s proposal links their
retrieval to syntactic processing, in contrast to open-class words, which are more dependent o
semantic information. As such, closed-class words have also come to be known as “function’
words, because they serve a predominantly grammatical function and are relatively devoid o
meaning. Open-class words are referred to as “content” words, because they convey most
the semantic content of the messaGée@son, 196)1 As will be discussed later, this view has
been very influential in characterizations of aphasic deficits.

In recent theories of sentence production, the notion of lexical items filling slots in syntacti-
cally specified frames has been retained, and the processes have been quantitatively specifi
in terms of spreading activation. Words are retrieved by the spread of activation from semantic
or conceptual units to candidate lexical units in a lexical netwGrémazza, 1997; Cutting
& Ferreira, 1999; Dell, 1986Dell, Burger, & Svec, 1997; Dell, Schwartz, Martin, Saffran,
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& Gagnon, 1997 Harley, 1984 Levelt, Roelofs, & Meyer, 1999Rapp & Goldrick, 2000;
Roelofs, 1992; Stemberger, 198%o0r example, activation from a message representing the
concept BIRD would spread to the lexical unit “bird” and, to a lesser extent, to related lexical
units, such as “plane” and “fly”. The insertion of “bird” into its grammatically appropriate slot

in the developing utterance can also be achieved by spreading activation, provided that the
lexical network is augmented by a separate network that can represent syntactic properties,
or what we will callsyntactic-sequential state§hese states have two important properties.
First, they change throughout the encoding of the sentence, starting at a state representing
the beginning of the sentence, moving through structurally defined states, and finishing at an
end-of-sentence state (e.g., for the simple sentence “The bird flies”, the sequential states would
proceed from the noun phrase—in this case, determiner then noun—to the verb phrase). Sec-
ond, these states send activation to lexical units with which they are consistent (e.g., from the
NOUN state to “bird” and to other nouns, like “plane”, but not to the verb “fly”). When this
activation converges with activation sent from conceptual sources, a lexical item is selected and
inserted in its proper slot. For the sentence “The bird flies”, “bird” will be receiving activation
from the message, but it will only become fully activated and selected for output when the
proper syntactic-sequential state is reached.

Selection and insertion of lexical items by spreading activation from syntactic-sequential
input has been emphasized in the Node Structure ThedvaoKay (1982, 1987)According
to this theory, the syntactic-sequential states are represented as activated localist units that
bear a close relation to the nodes of a syntactic tree. Other production theories also hold that
these states represent direct implementations of syntactic struddergs {988 Dell, Burger,
etal., 1997Ferreira, 1996; Schade, 1992; Stemberger, 1985; Vosse & Kemper), BQ0Othis
is not the only way that they can be characterized. Syntactic-sequential states could, instead,
correspond to the hidden-unit activation patterns of a simple recurrent network that learns to
be sensitive to the distribution of words in utterandelsnan, 1990, 1993; Elman et al., 1996;
Tabor & Tanenhaus, 1999 See als&Chang, 2002Chang, Dell, Bock, & Griffin, 2000Dell,

Chang, & Griffin, 199%or examples of this approach in production models.)

Thus, we see that the spreading activation models of lexical access in production allow for
lexical retrieval to be governed by convergent activation from conceptual-semantic units and
from syntactic-sequential states. Our claim is that the relative influence of these two activation
sources can be explained by principles of learning, and that the resulting differences in syntactic
and semantic influence help to explain key dissociations in aphasic lexical retrieval deficits.

1.2. Dissociations in aphasia

Since the earliest descriptions of aphasia, two broadly contrastive patterns of expression
have been observed. So-called “non-fluent” aphasia is characterized by hesitant and effort-
ful speech production with telegraphic-sounding sentences or sentence fragments, whereas
“fluent” aphasics produce flowing grammatical speech replete with word substitutions which
distort or decrease the meaning of the utterada&obson (1956Jlescribed this dichotomy
as a contrast between a syntagmatic disturbance, an impairment in the sequential ordering of
words, and a paradigmatic disturbance, an impairment in the selection of appropriate words,
a characterization which essentially captures the distinction between syntactic and semantic
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processing. Such broadly defined clinical categories have been criticized for their vagueness ar
heterogeneity (e.gSchwartz, 198¥and the subjective nature of their definition (e@ordon,

1998. However, the contrasting of maximally different patterns of performance within specific
domains remains a valid method of exploring how language is represented in the brain.

One pattern of aphasic language production which has been the subject of considerabl
controversy concerning its underlying deficit is agrammatism. Agrammatic speech production
is one of the factors contributing to non-fluency in aphasia, and is characterized by a tendenc
to omit closed-class (function) words and grammatical morphemes, and a reduction in the
syntactic complexity and length of utterances (Berndt, 2@igdglass & Kaplan, 1983; Kolk
& Heeschen, 1992Rochon, Saffran, Berndt, & Schwartz, 20@affran, Berndt, & Schwartz,
1989. Because the present study focuses on lexical access, the lexical retrieval deficits charac
teristic of agrammatism are contrasted with a different pattern of lexical retrieval deficits that
has been observed in anomic aphasia. Whereas agrammatic aphasics show particular difficul
producing grammatical function words relative to content words, anomic aphasics demonstrat
the opposite patterr§oodglass & Kaplan, 1983

That this dissociation occurs in both directions (i.e., function words better than content
words in some subjects, content words better than function words in others) is of particular
interest to investigators of language production, because it cannot be explained solely on th
basis of the relative difficulty of the two types of items. Rather, glmlible dissociationsave
been interpreted as strong evidence for the autonomy of representational stores or processi
modules. In the case of content and function words, for example, the double dissociation
observed in aphasic performance supports the hypothesis discussed earlier, that the two typ
of words are accessed through different processing routes. Because agrammatism disrupts t
structural frame, access to function words is more affected than access to content words (e.g
Bradley, Garrett, & Zurif, 1980Segalowitz & Lane, 2000 Function words are also much
more frequent than content words, which could explain their relative ease of production in
normal speech and anomic aphasic speech, but leaves the opposite dissociation in agrammati:
unexplainedDell, 1990.

More specific double dissociations have also been noted within the category of content
words. Several studies have illustrated that, whereas some aphasic patients (particularl
anomics) have more difficulty producing nouns than verbs, others (particularly agrammat-
ics) have relatively more difficulty producing vert®dtes, Chen, Tzeng, Li, & Opie, 1991
Berndt, Haendiges, Mitchum, & Sandson, 1997; Berndt, Mitchum, Haendiges, & Sandson,
1997 Bird & Franklin, 1995/1996; Breen & Warrington, 1994; Caramazza & Hillis, 1991;
Damasio & Tranel, 1993Danieli, Giustolisi, Silveri, Colosimo, & Gainotti, 1994#illis &
Caramazza, 1995; Luzzatti et al., 200Hceli, Silveri, Villa, & Caramazza, 1984Nilliams &
Canter, 1982, 1987; Zingeser & Berndt, 1988; Zingeser & Berndt, 1888Druks, 200Xor a
review). Because nouns and verbs are both content words, this dissociation is not explained b
the different retrieval processes described above, but several other hypotheses have been
forward. It has been suggested that verbs are generally more difficult to access, and that thi
difference is especially evident in naming tasks, in which the imageability of the word plays
a significant role Bird, Howard, & Franklin, 2000Kohn, Lorch, & Pearson, 198Williams
& Canter, 198J. This hypothesis is supported by findings of specific verb impairments in
both fluent and non-fluent aphasics, while specific noun impairments have been reported les



6 J.K. Gordon, G.S. Dell/Cognitive Science 27 (2003) 1-40

consistently, and primarily for fluent aphasics (eJgnkers & Bastiaanse, 1998; Luzzatti et al.,
2002; Zingeser & Berndt, 19900thers have hypothesized that verb deficits are related to the
greater grammatical complexity of verbs relative to nouns (eapointe, 1985; Miceli et al.,

1984 Saffran, Schwartz, & Marin, 198®ingeser & Berndt, 1990 a factor which affects
agrammatic speakers more strongly than anomic speakers. However, neither of these explana:
tions accounts for the occurrence of selective noun impairments.

The simplestand most popular explanation for the noun/verb double dissociation is that there
is a transparent association of specific grammatical class deficits to disruptions in correspond-
ing components of a grammatically subdivided lexicon (€gramazza & Hillis, 1991; Miceli
et al., 1984; Williams & Canter, 198.7A related hypothesis postulates that the dissociation
arises from a closely corresponding distinction between different types of semantic-conceptual
representations. Specifically, disruption in the processing of perceptual features affects nouns
more than verbs, whereas a deficit in functional features affects verbs more thanBaiass (
et al., 1991; Bird et al., 20Q00This proposal carries the advantage of neurobiological plau-
sibility, because verb (or functional-feature) impairments are usually associated with anterior
brain lesions, which lie close to motor cortex, while noun (or perceptual-feature) impair-
ments are more often associated with posterior lesions, which lie closer to sensory associa-
tion areas Bates et al., 199IMartin, Haxby, Lalonde, Wiggs, & Ungerleider, 1995; Martin,
Wiggs, Ungerleider, & Haxby, 199@eterson, Posner, Fox, Mintun, & Raichle, 19&8 sim-
ilar neurobiological explanation has been proposed to account for the content/function word
dissociationPulvermdller, 1995 Furthermore, simulated deficits in functional and percep-
tual features have been demonstrated to account, not only for the noun/verb dissociation, but
also for a frequently observed semantic category dissociation between animate and inanimate
objects Bird et al., 2000 but seeCaramazza & Shelton, 1998r a critical review of this
hypothesis).

Among patients with noted verb impairments, many of whom are agrammatic, recent studies
have shown a further double dissociation betwiggm andheavyverbs Bencini & Roland,

1996 Berndt, Haendiges, et al., 1997; Berndt, Mitchum, et al., 1B8&edin et al., 1998; Kohn

etal., 1989. Light verbs are relatively unspecified semantically; they represent core predicates
which often make up part of the semantic specification of a heavier Jedpérson, 1965;

Kegl, 1995. For example, a light verb like “go” consists of semantic features (i.e., to move
from one place to another) which form part of the definition of heavy verbs such as “fly” (i.e.,

to move from one place to another through the air) and “run” (i.e., to move from one place to
another rapidly, by springing step8erndt, Mitchum, et al. (199 Moted that verb-impaired
aphasic subjects tended to rely on light verbs in sentence production and story retelling tasks.
The authors hypothesized that this might constitute a compensatory strategy in the face of
failure to retrieve a specific verb (see alsegl, 1995. Kohn and colleagues (1988&und

similar tendencies in the sentences generated by both aphasic and normal control subjects. By
contrast,Bencini and Roland (1996)ompared agrammatic aphasic speech samplesrf

& Obler, 1990 to speech samples from unimpaired subjects and noted that the agrammatics
used fewer light verbs than the controls. A similar dissociation has been shown between a
greater-than-normal percentage of high frequency verbs in the spontaneous speech of a fluen
aphasic subject and a preponderance of low-frequency verbs in an agrammatic aphasic subjec
(Bird & Franklin, 1995/199%
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Breedin and colleagues (199&)plicitly investigated the use of heavy and light verbs in a
group of eight non-fluent aphasic subjects. First, subjects were tested to determine the degre
to which agrammatism was evident in their spontaneous discourse (a story telling task), a:
indicated by four measures—the proportion of words in sentences, the ratio of nouns to verbs
the proportion of closed-class words, and the complexity of verb inflection used. On this
basis, three subjects were classified as agrammaticS@imn et al., 198%r details about
the diagnostic procedure). In addition to these characteristics, all of the agrammatic subject:
produced more heavy than light verbs, whereas all but one of the non-agrammatic subject
produced more light than heavy verbs.

The most striking contrast, and the most relevant to the present study, is illustrated by subjec
SS, who displayed all four indices of agrammatism, and subject VP, who displayed none, anc
has been classified as anonBecéedin & Martin, 1996Dell, Schwartz, etal., 1997According
to the number of words per minute produced in narrative, both subjects were less fluent thar
normal (mean 132 wpm), although subject SS (17 wpm) was far less fluent than subject VF
(69 wpm). In addition, SS produced more than six times as many nouns as verbs (noun:ver|
ratio = 6.4), whereas VP, like the control subjects, produced almost equivalent numbers of
each (noun:verb ratie= 1.2). Of the verbs produced in the narrative task, 85% of VP’s were
light verbs, but only 9% of SS’s verbs were light. In a sentence completion task targeting
particular verbs, VP also produced more simple, light, and general verbs than did SS, as
proportion of the verbs produced correctly by each subject. Among the errors produced or
this task, SS tended to substitute heavy verbs for light verbs (17 heavy-for-light substitutions;
5 light-for-heavy substitutions), while VP tended to substitute light verbs for heavy verbs (5
heavy-for-light; 29 light-for-heavy).

These results confirm previously noted differences between agrammatic and anomic aphas
patients in both the degree of fluency exhibit€d6dglass & Kaplan, 198and in relative pro-
portions of nouns and verbs produc#dl{iams & Canter, 198Y. Furthermore, they extend the
behavioral dissociation to the relative proportions of heavy and light verbs produced by agram-
matics and anomics. To explain the heavy-verb advantage in agrammatic prodBotiedin
and colleagues (1998)ypothesized that, in some patients, the semantic richness (i.e., greater
number of semantic features) of heavy verbs may make them more resistant to disruption tha
light verbs. Another possibility presented was that heavy verbs, being more constrained in the
contexts in which they can occur, have representations which are less variable than those ¢
light verbs, rendering them easier to retrieve consistently. To explain the opposite dissociatior
observed in some of the non-agrammatic subjects, Breedin and colleagues speculate that p
tients who show a light verb advantage may simply be taking advantage of a strategic reliance
on higher frequency verbs.

Within a modular view of lexical representation, such a dissociation suggests separate rep
resentations for light and heavy verbs. However, whereas the distinctions between conter
and function words, and between nouns and verbs, are independently motivated on linguis
tic grounds, it is not clear why heavy and light verbs should dissociate. They belong to the
same syntactic category and occupy similar semantic spaces, but differ quantitatively along
several dimensions: light verbs, by definition, are specified by fewer semantic features thar
are heavy verbs; they are also less constrained by semantic context and, consequently, occ
more frequently than heavy verbs. Furthermore, it offends the rule of parsimony to continue
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to fractionate the lexicon into increasingly specific modules in order to account for individual
variations in aphasic performance. What is required instead is a solution that can account for
the dissociation based on established featural and distributional differences between light and
heavy verbs.

1.3. Dissociations and division of labor in connectionist models

One ofthe most compelling accomplishments of connectionist models that use learning to set
connection weights is their ability to characterize the processing associated with quasi-regular
linguistic domains. In such domains, the mappings that must be achieved to transform one type
of representation into another can vary from perfectly systematic to completely unsystematic.
Multi-component connectionist models can learn such regular, quasi-regular, and irregular
relationships by dividing up the labor of such mappings among the different components.
Consider connectionist models that learn to transform orthographic inputs to phonological
outputs (asinreading aloud). These models allow for outputs to be achieved via two pathways—
a direct pathway from phonological input, and an indirect pathway mediated by semantics
(Harm, 1998; Harm & Seidenberg, 1999; Harm & Seidenberg, submitted; Plaut et al., 1996;
Seidenberg & McClelland, 1989Each word’'s computed phonology is influenced by both
pathways, but to a greater or lesser extent, depending on the regularity of the word'’s spelling.
Similarly, in the mapping from present to past form in English, there are forms (e.qg., “take”
“took™) that do not follow the typical pattern of analogously spelled words (e.g., “baked”
“baked”, “rake” — “raked”).Joanisse and Seidenberg (1988ye shown that past tense forms
of non-word verbs rely on input from a phonological component, whereas irregular past tense
forms are more dependent on input from a semantic component.

The varying contributions of semantic, phonological, and orthographic knowledge to regu-
lar and irregular items result from the model's exposure to properties of the relevant map-
pings, together with an error-driven learning rule that creates cue competition. Consider
spelling-to-sound mappings. For most words, the mapping from orthography to phonology
is systematic, and therefore relatively easy for the model to learn. However, the mapping from
semantics to phonology is almost always arbitrary, and this pathway is, therefore, at a com-
parative disadvantage. Because of the error-driven learning algorithm used in these models,
the pathways compete. To the extent that the orthographic-phonological pathway is very suc-
cessful in predicting the correct pronunciation, there is little learning in the semantic pathway.
Thus, the orthographic-phonological pathway becomes specialized for the regular items (e.g.,
“soon”). In addition, this pathway is essential for non-words (e.g., “moop”), which have no
semantic representations and must be pronounced by analogy to similarly spelled words. For
irregular items (e.g., “flood”), on the other hand, the orthographic-phonological pathway is
much less successful, so they must rely heavily on the semantically mediated pathway in order
to compute pronunciations accurately.

The competition between cues or pathways is a natural consequence of error-driven learn-
ing. Error-driven algorithms such as thelta rule (Widrow & Hoff, 1988) only affect con-
nection weights to the extent that output activations differ from target activations. A single
input that is predictive of an output will acquire a strong connection to that output, but two
inputs that are equally predictive of it will each acquire smaller weights because they do
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the job together. Such cue competition effects are common in learning. Overshadowing ef-
fects in Pavlovian conditioning@min, 1969, illustrate that strong contingencies between a
conditioned and an unconditioned stimulus may not be learned if other stimuli already pre-
dict the unconditioned stimulus. The principal model developed to account for these effects
(Rescorla & Wagner, 19%2s actually formally identical to the delta rul&tton & Barto,

1987).

The division of labor among competing components in connectionist models has conse-
qguences for the application of those models to neuropsychological dissociations in languag
production. Traditionally, double dissociations are assumed to be transparently related to dis
sociations in the underlying functional architecture of the language processing system. With
connectionist models, however, it is possible to obtain non-transparent double dissociation:
(Plaut, 199%. For example, the double dissociation between regular and irregular past tense
formation that has been observed in brain-damaged patientsWérgan et al., 199Yis, in
a traditional modular framework, hypothesized to arise from separate impairments to distinct
processes—a process of rule application for regular past tense formation, and a lexical look-u
process for irregular past tense formation (Rgnker & Prince, 1988 HoweverJoanisse and
Seidenberg’s (19999onnectionist simulation of past tense formation exhibited this double
dissociation without separate mechanisms for regular and irregular items. Because the model’
phonological and semantic representations divided the labor of retrieving past tense forms a
described above, with regular (non-word) forms more dependent on phonological weights anc
irregular forms on semantic weights, lesions to the phonological and semantic components it
the model produced different patterns of results. Similar non-transparent double dissociation:
have been reproduced in connectionist models of reading, with respect to deficits in reading
concrete and abstract wordBldut & Shallice, 199Band in reading regular and irregularly
spelled wordsPRlaut et al., 1996

The current study uses a similar approach to the observed dissociation between light an
heavy verb production in aphasia. We start with the uncontroversial premise that lexical ac-
cess depends on both conceptual-semantic and syntactic-sequential input. We then show th
the relative contributions of each type of input can be determined by connectionist learning
principles. This results in a continuum of dependence of lexical production on syntax and
semantics, with function words at the syntactic end, and nouns and heavy verbs toward th
semantic end. Light verbs fall at an intermediate point along the continuum. It is this trade-off
between syntactic and semantic cues that results in the light/heavy verb dissociation, rathe
than their representation in distinct modules.

In the following sections, we describe four simulation studies. The first presents a model of
normal lexical access in sentence production that learns to map two sources of information—:
semantic-conceptual message and a sequence of syntactic states—onto an ordered seque
of words. In the second study, this model is lesioned in an attempt to account for aphasic
lexical retrieval deficits, notably the double dissociation between light and heavy verbs. The
third study manipulates the dimensions of difference between light and heavy verbs, in ordel
to examine why the model produces this dissociation. In the final study, the performance of the
model is tested in a new situation—producing single words instead of sentences—to determin
whether the model can account for differences in aphasic performance on sentence productic
and naming tasks. In each study, the connection weights are examined to determine why th
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model behaves as it does; this direct interpretation is allowed by the simplicity of the model’s
architecture and vocabulary.

2. Study 1: normal sentence production

2.1. Network architecture

A model of sentence production was constructed from a two-layered non-linear feed-forward
network.Fig. 1 shows all of the input and output units and the intended mappings between
them. The output layer consisted of lexical nodes for each of the words in the sentences,
and the input layer consisted of nodes for syntactic-sequential states and semantic features
defining each lexical item. There were no hidden layers. To keep the network manageable and
interpretable, only intransitive sentences were modeled, and the only syntactic nodes included
represented the three syntactic states corresponding to the initial determiner, the subject noun,
and the verb. The only semantic features included were those sufficient to distinguish each word
from the others in the network. Lexical items were uninflected, also for the sake of simplicity,
because inflectional distinctions were not important for the purposes of this study. Furthermore,
the model is not intended to provide a data-fitting mechanism, but to better understand how
dissociations in behavior may arise in a system. The small vocabulary and simple structure

Inputs Outputs
Semantic Syntactic-Sequential
DETERMINER THE

BIRD

WING

ANIMAL T

DEVICE
PERSON
MALE
FEMALE

MOTION

REMAI%/ X .
AIR \a.,%I'IOVER
PLAYFUL ~ HOP

Fig. 1. The architecture of the network. Only intended mappings are shown, although potential connections exist
between all input and output nodes. Syntactic connections are shown by dotted lines; semantic connections by solid
lines.
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of the model allowed a straightforward interpretation of its output, in relation to its input and
various properties.

The network was set up to reflect the relative properties of light and heavy verbs in natural
language samples. The two light verbs were specified by fewer semantic features than th
heavy verbs, and these features constituted a subset of the features specifying the heavy verl
Thus, GO was specified by the featt©TION, FLY was specified by the featurs4OTION
andAIR, and SKIP was specified by the featuM®TION andPLAYFUL Light verbs were
represented in target sentences more frequently than heavy verbs, and had fewer contextu
constraints. That is, they co-occurred with more of the model’'s nouns—or were more widely
distributed—than the heavy verbs: BIRDs, PLANES, BOYs and GIRLs can GO and STAY, but
only BIRDs and PLANESs can FLY or HOVER, and only BOYs and GIRLs can SKIP or HOP.

2.2. Training the model

All input nodes were connected to all output nodes, but the relative strengths of these con
nections were set by training the model to map semantic messages onto grammatical sequenc
of words. The input consisted of sets of features defining sixteen simple intransitive sentences
and the desired output consisted of the lexical items appropriate to each sentence. For exampl
the target sentence “The bird flies” was trained by the following three input—output sets:

Input Output
Syntactic-sequential state Semantic features

DETERMINER WING, ANIMAL, MOTION, AIR THE
NOUN WING, ANIMAL, MOTION, AIR BIRD
VERB WING, ANIMAL, MOTION, AIR FLY

Note that the semantic message remains static, but the syntax changes throughout the se
tence to ensure that the correct lexical item is output at the correct time. By keeping the
semantics static, the model reflects a key assumption of modern spreading activation theorie
of production (e.g.Berg, 1988; Chang et al., 200Dell, Burger, et al., 199MacKay, 1987,
Schade, 1992; Stemberger, 198bhat is, the message is largely in place when production
begins (seé&riffin & Bock, 2000, and the part of the model that changes to create ordered
output is the syntactic-sequential state. This aspect of the model will be importantin explaining
the results of Study 4, the comparison of single-word naming with sentence production.

The model was constructed and trained using “tlearn” softwRlenkett & Elman, 199y
The learning algorithm used was the delta rdled, = ¢f’ (net) (¢, — ao)ai] (Widrow & Hoff,

1988. The change in connection weight ¢;,) between a given output noda,j and a given

input node &) was determined by the difference between the desired, or target, activation of
the output nodet§) and its actual activatiorag), multiplied by its input activationg}). Output
activations were a logistic function of their net inputs (ranging from 0 tof1jnet) refers to

the slope of this activation function at the net inpu(C — ao)). The learning rate used was
small ¢ = 0.1), in order to allow weights to be changed gradually as they approach a solution
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with each successive trial. Initial weights were randomly assigned to values bet®ekand

+0.1. There were no biases on output units. The model was considered to be “trained” once
the root mean squared (RMS) error, representing the collective discrepancy between desired
and actual activations of targeted nodes, dropped below a criterion value of 0.50.

2.3. The model's output

After 5,000 sweeps through the training corpus of 16 sentences, the model reached a RMS
error of 0.407. At this point, the model was run once on each of the 16 sentences to assess
whether the input features resulted in the desired output sentences. For each sentence, the mod
produced three sets of activation levels, one for each sequential state within the sentence. At
each sequential state, the accuracy of the intended target word was calculated by a stochastic
choice rule McClelland & Rumelhart, 1981 which determined the probability of production
of a lexical item given its activation level relative to the activation levels of all the lexical
items. (In this determination, activations) (were transformed te*“, with © = 10.) These
probabilities were used to determine the model’s actual output for each target sentence and,
when targets were not correctly produced, the errors most likely to be produced instead.

Table 1shows the activation levels and production probabilities for each lexical item in two
sample sentences, one with a light verb and one with a heavy verb. To illustrate, in the sentence
“The plane flies” in the unlesioned model, the probability that “plane” would be produced
is calculated by comparing its activation level £ 0.741) to the activations of all the other
possible outputs, yielding a probability of .988. Because the model contains no hidden units,
the error-driven learning mechanism (the delta rule) should converge on the best set of weights.
Thatis, there is a single global error minimum, a fact which was confirmed by two replications
of the model. Because the three runs of the model showed the same results, only one run,
randomly sampled, is reported here.

Production probabilities for each lexical type (determiner, nouns, heavy verbs, and light
verbs) were then averaged across all the target sentences. These accuracy levels reflect hoy
predictable a particular type of lexical item is, based on its input semantic and syntactic cues
and on how well the model has learned these cues during the training phase. The determiner
THE, which appeared at the beginning of every sentence, was extremely well learned, with a
mean probability of production across sentences of .998. The four nouns, evenly divided among
the training sentences, were also very well learned, with a mean production probability of .989.
Light verbs occurred with the same frequency as the nouns and showed a mean probability of
production of .954. This accuracy level is slightly below that for nouns, because the semantic
cues for light verbs are less predictable; they have no semantic features that do not also apply
to heavy verbs. Relative to heavy verbs, however, which showed a mean production probability
of .809, light verbs were learned more quickly and considerably more reliably. This is because
they occurred twice as often as the heavy verbs, and were therefore given more practice during
the training phase. A one-way ANOVA, treating sentences as the random effect, showed that
the part of speech (determiner, noun, light verb, or heavy verb) had a significant effect on
probability of production £3 44 = 67.6, p < .001). Scheff@ost hocpairwise comparisons
(p < .001) showed that heavy verbs were less likely to be produced correctly than all other
parts of speech, and that determiners had a higher probability of production than light verbs.



Table 1
Output activations and resulting production probabilities for two sample sentences: unlesioned and lesioned models

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP Target p
Unlesioned model
The bird goes
0.934 0.120 0.008 0.005 0.006 0.125 0.056 0.027 0.009 0.015 0.008 the .999
0.055 0.737 0.143 0.102 0.108 0.116 0.053 0.027 0.009 0.015 0.008 bird .987
0.056 0.121 0.008 0.005 0.006 0.672 0.259 0.120 0.115 0.075 0.035 go 963 X
The plane flies S
0.925 0.007 0.127 0.003 0.003 0.024 0.180 0.015 0.002 0.040 0.005 the 9%
0.049 0.131 0.741 0.059 0.057 0.022 0.172 0.015 0.002 0.040 0.005 plane .088
0.049 0.007 0.119 0.003 0.003 0.257 0.564 0.072 0.025 0.177 0.020 fly .899 8
Syntactically lesioned model W]
The bird goes %
0.311 0.427 0.044 0.029 0.029 0.366 0.185 0.088 0.037 0.050 0.026 the 149
0.311 0427 0.044 0.029 0.029 0.366 0.185 0.088 0.037 0.050 0.026 bird .47§
0.311 0.427 0.044 0.029 0.029 0.366 0.185 0.088 0.037 0.050 0.026 go .259 gﬁ
The plane flies a
0.283 0.039 0.440 0.016 0.015 0.089 0.456 0.052 0.008 0.123 0.015 the 08
0.283 0.039 0.440 0.016 0.015 0.089 0.456 0.052 0.008 0.123 0.015 plane 392
0.283 0.039 0.440 0.016 0.015 0.089 0.456 0.052 0.008 0.123 0.015 fly 460 ﬁ
N
Semantically lesioned model ~
The bird goes 3
0.969 0.155 0.157 0.154 0.165 0.199 0.208 0.223 0.189 0.228 0.237 the 958
0.115  0.790 0.785 0.791 0.803 0.185 0.199 0.221 0.189 0.228 0.238 bird .24’{
0.116 0.156 0.147 0.147 0.166 0.780 0.607 0.586 0.773 0.607 0.573 go 390 ©
The plane flies
0.969 0.155 0.157 0.154 0.165 0.199 0.208 0.223 0.189 0.228 0.237 the .996
0.115 0.790 0.785 0.791 0.803 0.185 0.199 0.221 0.189 0.228 0.238 plane .231
0.116 0.156 0.147 0.147 0.166 0.780 0.607 0.586 0.773 0.607 0.573 fly .069

Note. Highlighted numbers indicate activation levels of the targeted output nodes.

€T
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Production probabilities of non-target items were also examined to determine the main
competitors for each target. For the noun slot in each sentence, the next most likely item to
be produced was a semantically related noun (e.g., PLANE for BIRD), and in the verb slot,
the next most likely item was a semantically related verb (e.g., GO for FLY). (This can be
seen by looking at their relative activation levelsTiable 1) Thus, in the unlikely event of
an error, syntactic category constraints, which have been observed in studies of both normal
and aphasic errors (e.dsagnon, Schwartz, Martin, Dell, & Saffran, 199Garrett, 1992,
were preserved. Given the observed probabilities, the most likely error to occur would be the
substitution of a light verb for a heavy verb, replicating findings from the spontaneous speech
of normal speakers (e.d<phn et al., 198%

The differential performance of light and heavy verbs can be further clarified by examining
the relative weights on syntactic and semantic connectibaisle 2shows a matrix of the
trained connection weights between all input and output nodes. When targeted for production,
heavy verbs receive a small positive input from the syntadiRBnode (e.g., the connection
weight to FLY is 0.43), but most of their activation comes from the semantic feature nodes,
particularly their most specifying semantic feature (the connection &titio FLY has a large
positive weight of 1.22). At the same time, specifying semantic featureé\liResend strong
negative inputs to inhibit the activation of other verbs (the connection &tiRto GO carries
a weight of —1.73). In contrast, light verbs are primarily activated by the synta¢i&B
node (the weight to GO is 1.27), and to a much lesser extent by their semantic features (0.50
from MOTIONto GO). Thus, the expected division of labor is observed between syntactic and
semantic cues. During the training phase, this division of labor comes about because there are
no unique semantic predictors for the light verbs. Therefore, the syntax must assume a greater
proportion of the responsibility for their production. This pattern of inputs, along with their
greater frequency of occurrence, serves to make the light verbs function to some extent as
default verbs. On the other hand, the semantic fea&lRein combination with théVlOTION
feature, is a reliable predictor for the production of FLY. A strong connection is established
betweenAlR and FLY, in order to overcome the tendency for ¥ERBnode, which also
becomes activated when FLY is the target, to activate GO instead.

The other types of lexical items also show the predicted division of labor between syntax and
semantics. The determiner has no semantic features in this model, so necessarily relies on stron
positive input from its syntactic-sequential specification. Like the heavy verbs, the nouns rely
largely on their unique semantic features. (Like light verbs, nouns also receive a significant
proportion of activation from their syntactic node; however, the greater importance of the
semantic features to noun production will become evident when the model is lesioned.) While
the distributional and frequency characteristics of the lexical items determine the optimum
division of labor for their accurate and efficient production under normal conditions, this trading
off of cues also makes them more or less susceptible under different conditions of damage.

3. Study 2: lesioning the model

Once the “normal” model was sufficiently trained and examined, it was lesioned to simulate
either a syntactic (agrammatic-like) deficit or a semantic (anomic-like) deficit. Syntactic lesions



Table 2

Input—output connection weights: original model

Input nodes Qutput nodes

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP
DETERMINER 3.44 -1.70 —1.68 -1.70 —-1.62 —1.39 —-1.34 —-1.25 —1.46 —-1.22 —-1.17
NOUN —-2.04 133 1.29 133 141 —1.48 -1.39 -1.26 —1.46 —-1.22 -1.16
VERB —2.03 —1.69 —-1.76 —-1.76 -1.61 127 0.43 0.35 123 0.43 0.29
MOTION —0.40 —1.05 —-1.04 —1.04 —-1.02 0.50 -0.37 —-0.35 —2.05 —1.87 —-1.67
REMAIN —-0.35 —-1.04 —-0.99 —-1.02 —-1.04 —1.96 —-1.94 -1.70 0.47 -0.35 -0.35
AIR -0.11 —0.03 -0.10 —-0.54 —-0.59 —-1.73 122 —-0.49 —-1.64 1.02 —-0.49
PLAYFUL 0.00 —0.61 —0.62 —0.08 —0.04 —1.69 —0.50 112 —1.68 —0.48 0.91
WING —-0.25 —0.45 —0.45 —1.66 —-1.69 -0.77 —-0.74 -1.29 —0.80 —0.75 —-1.40
ANIMAL -0.14 121 —-1.59 —-0.80 —0.80 —0.28 -0.37 —-0.70 —0.42 -0.32 —0.56
DEVICE —-0.16 —1.68 1.35 —0.86 —0.90 —0.33 -0.29 —-0.78 —0.38 —0.36 —0.62
PERSON -0.31 —1.58 —-1.67 —-0.42 —0.50 —0.70 —-1.41 -0.71 -0.71 -1.39 -0.72
MALE -0.17 -0.89 -0.81 1.28 —1.68 —0.38 -0.73 —0.38 -0.34 —0.70 —0.33
FEMALE -0.14 —0.88 —-0.82 —1.66 1.28 —0.35 —0.67 —-0.34 —-0.35 —0.64 —0.45

Note. Highlighted numbers indicate activated input features for each target output.
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involved setting all the connection weights between syntactic input features and output lexical
items to zero, effectively severing all syntactic connections. Semantic lesions were simulated
by severing all connections between semantic input features and output lexical items. Partial
lesions were also simulated, by systematically reducing the weights from either syntactic or
semantic nodes. (Note that the same effects could have been achieved by eliminating or reducing
the activation levels of the input nodes.)

In the syntactically lesioned model, all word-order cues were lost, so the output activation
pattern across lexical items did not change throughout the three sequential states in a given
sentence (se€able 1for examples). Averaged across sentences, nouns were most accurately
produced (mean probability- .499), followed by heavy verbs (mean probability .354),
then light verbs (mean probability .208). The determiner had consistently low activation
levels, with a mean production probability of about .123. Scheffét hoctests showed that
each pairwise comparison was significant: nouns had a higher probability of production than
all other words p < .001); determiners had a lower probability of production than both heavy
verbs (p < .001) and light verbsg{ < .05); and heavy verbs were more likely than light verbs
to be produced correctlyp(< .001).

These probabilities predict particular sentence patterns. Because of the extremely low prob-
ability of production of the determiner, both the noun and the verb (especially a heavy verb)
were more likely than the determiner to be produced at the beginning of the sentence. Sim-
ilarly, when a light verb was targeted, the sentence’s noun was more highly activated. Thus,
a typical sentence output might be “Bird bird flies”, or “Bird bird bird”. If we allow that
low activation levels might sometimes result in no output at all, a property which could
easily be built into the model using a minimum threshold of activation, then some words
might be omitted altogether, resulting in one- or two-word sentences such as “Bird” or “Bird
flies”. (The relevance of such a threshold will be explored further in the discussion.) All
of these production patterns are characteristic of agrammatism. Note that error substitutions
come from within the target sentence (i.e., syntagmatic errors), such that the resulting out-
put reflects clinically observed patterns of function word omission and sentence fragment
production.

To simulate more realistic lesions, syntactic connection weights were reduced to 75%, 50%
and 25% of their original values. Irig. 2, the resulting mean probabilities of production for
each lexical type are plotted at these three connection weight strengths, the completely lesioned
connection weight strength (0%), and the unlesioned connection weight strength (100%). With
syntactic lesions (Graph A), the light verb advantage of the unlesioned model is evident at the
100% connection strength point. As the severity of the lesion increases, however, this advan-
tage is gradually reversed until a heavy verb advantage is evident. The actual point at which
this reversal occurs is an artifact of the somewhat arbitrary quantitative characteristics of the
model (e.g., numbers of semantic features, frequency of occurrence of lexical items, number
of competitors in the lexicon). Nevertheless, the apparent relationship between the severity of
the syntactic deficit and the direction of the dissociation may help to explain some of the vari-
ability among agrammatic patients. For example, as discussed darttedin and colleagues
(1998)found a heavy/light verb dissociation in the spontaneous speech of only four of the five
verb-impaired subjects in their study; the one who did not show the dissociation was the one
with the least severe verb impairment.
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Fig. 2. Effect of lesions on probability of production: sentence production. To simulate partial lesions, connections
between output nodes and either syntactic-sequential inputs (A) or semantic inputs (B) were systematically reduce
to 75%, 50%, and 25% of their original strength. Unlesioned (100%) and completely lesioned (0%) models are alsc
included for reference.

In the semantically lesioned model, the output activation pattern varied across sequentia
states, butbecause all semantic information was lost, the same three activation patterns occurr
for each target sentence (Seble 1. The determiner, which in this simulation has no semantic
features, retained a high likelihood of production (mean probab#it@96). The four nouns
were all highly activated, but to virtually the same degree, giving each about a .25 probability
of production, no matter which one was the target. Light verbs had a much higher likelihood of
production (mean probability: .377) than heavy verbs (mean probability.061), such that
light verbs were likely to substitute for heavy verb targets.pslt hogairwise comparisons
were significant < .001). The most probable output would therefore take the form of a
semantically empty sentence such as “The [randomly chosen noun] goes” (or, if such a defaul
light noun had been included in the network, “Tihing goes”), a typically anomic response.
Because the most likely errors are substitutions from within the same grammatical category
(i.e., paradigmatic errors), syntactic structure remains accurate and complete, although th
meaning of the utterance is disrupted.

Graph B inFig. 3shows the effect of partial semantic lesions. The “normal” dissociation
(i.e., the light verb advantage) is exaggerated by semantic lesions of increasing severity,
finding which accords well with studies of anomia in normal aging and demesialés &

Poon, 1985Nicholas, Obler, Au, & Albert, 1996 It is also of note that nouns, having the
same number of semantic features as heavy verbs, follow roughly the same slope with severit
Determiners, on the other hand, which have no semantic features, show virtually no change.

As predicted, the division of labor between syntactic and semantic information gives rise to
characteristic anomic and agrammatic speech patterns, particularly in the production of light
and heavy verbs. Reference backiable 2illustrates why. In syntactically lesioned models,
weights from the/ERBnode are reduced or set to zero, which disrupts light verbs such as GO
to afar greater extent than heavy verbs. In semantically lesioned models, reducing the semant
inputs forces targets to rely on their syntactic input. The difference in weights fron'BR&
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node to GO and FLY shows how heavy verbs are disrupted more than light verbs when this
happens. The factors promoting this division of labor were explored more deeply in the next
study.

4, Study 3: manipulating the characteristics of light and heavy verbs

Several different simulations were run, modifying the original set of training sentences to
systematically manipulate the variables that differentiate light from heavy verbs—frequency
of occurrence, range of distribution, and number of semantic features. In real vocabularies,
these variables are confounded: words with fewer semantic features are less constrained in
terms of the contexts in which they can occur; being more widely distributed means that these
items also occur more frequently. Different hypotheses have been put forth in the literature
concerning which aspect of the difference between light and heavy verbs determines their
differential behavior Berndt, Haendiges, et al., 1997; Berndt, Mitchum, et al., 189&edin
etal., 1998. A model such as this affords the opportunity to manipulate each variable in turn,
in order to partial out their effects.

For each version of the model, once the unlesioned model was trained, it was syntactically
and semantically lesioned to assess how the double dissociation was affected. The following
manipulations are described in reference to how they differ from the original model, which
represents our implementation of the natural language situaladrie 3 shows the mean
probabilities of production for each version of the model, in unlesioned and lesioned forms (for
now, disregard the probabilities listed under “Naming Simulation”). The size of the dissociation
in each models is indexed by the difference in probabilities between light and heavy verbs
(e.g., .145 for the unlesioned original model). This difference is calculated according to the
predicted direction, as shown in the original model. That is, heavy verbs are subtracted from
light verbs where probabilities for light verbs are expected to be greater than for heavy verbs,
and vice versa So a negative dissociation indicates that the difference is in the direction
opposite to that shown in the original model. The size ofinebledissociation in the lesioned
models is indexed by the combined difference scores of the lesioned models. So, for example,
the dissociation in the syntactically lesioned original model is the probability of heavy verb
production minus the probability of light verb productio334 — .208 = .146), and the
dissociation in the semantically lesioned model is .316, the light verb probability (.377) minus
the heavy verb probability (.061). These combine to a double dissociation of .462. Note that a
dissociation that is in a direction opposite to that predicted will reduce the size of the double
dissociation.

4.1. The role of frequency

The most obvious potential source of the light verbs’ advantage in the original model is their
relatively high frequency of occurrence—they each occurred in four sentences, whereas each
heavy verb only occurred twice. To assess the role played by this factor, the training corpus
was altered to match the frequencies of each heavy verb to each light verb, while preserving the
discrepancy in their range of distribution. In the resulting output, light verbs were significantly



Table 3
Mean probabilities of production across different versions of the model

Model Sentence production Naming simulation

DETERMINER NOUN LIGHT HEAVY  DISSOCIATION NOUN LIGHT HEAVY  DISSOCIATION

VERB VERB VERB VERB
Mean probabilities of production (%)
Original model
Unlesioned 0.998 0.989 0.954 0.809 0.145 0.992 0.930 0.852 0.078
Syntactic lesion 0.123 0.499 0.208 0.354 0.146 0.901 0.662 0.843 0.181
Semantic lesion 0.996 0.249 0.377 0.061 0.316 0.249 0.377 0.061 0.316
0.462 0.497
Equal Frequency model
Unlesioned 0.998 0.990 0.813 0.936 —0.123 0.992 0.684 0.942  —-0.258
Syntactic lesion 0.118 0.458 0.140 0.414 0.274 0.906 0.453 0.897 0.444
Semantic lesion 0.996 0.249 0.246 0.126 0.120 0.249 0.246 0.126 0.120
0.3%4 0.564
Equal Distribution model
Unlesioned 0.998 0.988 0.985 0.876 0.109 0.991 0.752 0.845 —0.093
Syntactic lesion 0.102 0.451 0.325 0.422 0.097 0.843 0.225 0.845 0.620
Semantic lesion 0.996 0.249 0.386 0.056 0.330 0.249 0.387 0.056 0.331
0.427 0.951
Equal Frequency/Equal Distribution model
Unlesioned 0.998 0.990 0.951 0.943 0.008 0.991 0.433 0.911 —0.478
Syntactic lesion 0.109 0.451 0.250 0.435 0.185 0.851 0.184 0.847 0.663
Semantic lesion 0.996 0.249 0.260 0.119 0.141 0.256  0.260 0.119 0.141
0.326 0.804
Equal Features model
Unlesioned 0.999 0.990 0.969 0.926 0.043 0.990 0.981 0.868 0.113
Syntactic lesion 0.122 0.450 0.333 0.372 0.040 0.937 0.933 0.793-0.140
Semantic lesion 0.996 0.249 0.281 0.109 0.173 0.249 0.281 0.109 0.172
0.212 0.032

Note. Highlighted numbers represent the size of the double dissociation between light and heavy verb production (see text for details).
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lesslikely (p < .001) to be produced correctly (mean probability.813) than were heavy
verbs (mean probability= .936). Not only did the advantage for light verbs disappear, but it
was reversed, resulting in a negative dissociation df23.

Examination of the new connection weights revealed that the effect of equalizing frequency
was to bring the activation from input nodes shared by light and heavy verbs closer together.
(For example, compare the connections from the featUeEeRBand MOTION to the verbs
GO and FLY in the weight matrix ifable 4to the same weights in the original matrix in
Table 2) This reduces the light verb advantage from syntactic cues, and increases the heavy
verb advantage from semantic cues. The combined effect was to reduce the double dissociation
from .462 in the original model to .394.

4.2. The role of distribution

The heavy verb advantage revealed in the model with equal frequencies is probably at-
tributable to differences in distribution between light and heavy verbs: the greater the variety
of contexts in which a word appears, the more difficult it is to learn, as suggestetbgin
and colleagues (1998)o test this, the model was re-run on a new set of training sentences in
which the range of distribution for light verbs was restricted to match that of heavy verbs. This
manipulation had the effect of increasing the accuracy of both types of verbs in the unlesioned
model (sedable 3, although the light/heavy dissociation is maintaingd< .001).

The effect of distribution on the division of labor is manifest primarily in the connections
between verbs and the semantic features of the nouns with which they co-occur. These connec-
tions are naturally inhibitory, in order to prevent activation of a verb when a noun is required.
However, connections from noun features lassinhibitory when they co-occur with a given
verb. For example, in the original model (s&&ble 2, inhibition from the featuréERSON
is twice as strong to FLY{1.41) than to GO +{0.70), because the nouns specified by the
PERSONeature (BOY and GIRL) never occur with the verb FLY. When the distribution of
light verbs is artificially restricted, noun features gain importance in their ability to predict
the occurrence of light verbs (see the weight matriXable 5. As a consequence, the heavy
verb advantage is reduced. The light/heavy dissociation becomes smaller in the syntactically
lesioned model, but slightly larger in the semantically lesioned model. Note that the seman-
tically lesioned model shows very little change compared to the original model, because the
effect of distribution is primarily on those connections which are severed. Overall, the double
dissociation in the lesioned models (.427) was slightly less than in the original model (.462),
reflecting the reduced heavy verb advantage.

When both the frequency and the range of distribution were equalized for heavy and light
verbs, the network connections show combined effects of the two previously described ma-
nipulations (sedable §. Given their equivalent distribution and frequency, the light/heavy
verb dissociation in the unlesioned model is negligible. Thus, frequency of occurrence and
distribution have opposing effects, but the effect of frequency appears to be stronger, at
least in this implementation, conferring an overall production advantage on light verbs
despite their wider distribution. Even when frequency and distribution are equalized, how-
ever, the remaining difference between light and heavy verbs—that is, the number of seman-
tic features—still prompts a division of labor between syntactic and semantic cues, which



Table 4

Input—output connection weights: Equal Frequency model

Input nodes Qutput nodes

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP
DETERMINER 341 -1.71 —1.64 —-1.61 —-1.67 —1.18 —-1.42 —1.44 —-1.15 —1.47 —1.44
NOUN —2.08 1.32 1.39 142 1.36 —-1.17 —-1.42 —1.44 —-1.14 —1.46 —1.45
VERB —2.08 —-1.72 —-1.64 —-1.62 —1.68 0.96 0.67 0.66 0.97 0.60 0.67
MOTION —0.30 —1.00 —1.00 —1.05 —1.00 0.30 —0.10 —-0.19 —1.69 —2.05 —-2.10
REMAIN —0.30 —0.99 —1.00 —1.05 —1.00 —1.60 -1.97 —2.08 0.22 -0.17 —-0.18
AIR -0.12 -0.09 —0.08 —0.80 —0.81 —1.55 1.04 —0.76 —1.52 1.00 —0.70
PLAYFUL —0.09 —0.69 —0.76 —0.08 —0.08 —1.53 —0.75 1.03 —1.60 —-0.70 1.05
WING -0.32 —0.43 —0.48 —1.65 —1.55 -0.72 -0.77 —1.38 -0.71 —0.68 —1.46
ANIMAL -0.11 132 —1.65 -0.75 —0.84 —0.33 —0.40 —0.80 -0.33 -0.37 —0.76
DEVICE —-0.10 —1.65 131 —-0.74 —-0.85 —-0.34 -0.41 —0.78 —0.33 —0.39 —-0.72
PERSON —0.36 —1.59 —1.58 —0.39 —0.46 —0.64 —1.49 —0.76 -0.71 —1.47 -0.73
MALE -0.10 -0.83 —0.86 1.23 —1.66 —0.42 -0.77 -0.34 —0.29 —0.70 —0.38
FEMALE —0.09 —0.80 —-0.84 —-1.73 131 —0.40 —-0.78 —-0.37 —0.28 —0.68 —-0.38

Note. Highlighted numbers indicate activated input features for each target output.
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Table 5
Input—output connection weights: Equal Distribution model
Input nodes Output nodes

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP
DETERMINER 3.44 —1.66 —1.67 -1.62 —1.68 —1.55 -1.23 —-1.34 —1.56 —1.36 -1.21
NOUN —-2.02 1.36 1.32 1.32 1.32 —1.55 -1.21 —-1.38 —1.57 -1.34 —-1.18
VERB —2.06 —1.68 -1.73 —-1.72 —1.66 145 0.40 053 1.39 0.49 0.39
MOTION —0.28 —-1.04 —-0.97 -1.14 —1.04 -0.21 —0.38 0.00 —1.49 —2.06 -1.72
REMAIN —-0.30 —-1.11 —-1.18 -1.01 —0.96 —1.60 -1.71 -2.11 —-0.13 —0.02 —-043
AIR —0.09 0.01 0.02 —0.58 —0.60 —-2.11 135 —0.51 —0.85 0.69 —0.52
PLAYFUL —0.14 —0.65 —0.65 —0.03 —0.04 —0.81 —0.55 0.61 —2.06 —0.52 132
WING —0.36 —0.46 —0.46 —1.58 —1.69 —0.06 —0.99 -1.73 —1.58 —-0.54 —-1.23
ANIMAL —0.19 127 -1.64 —0.82 —0.84 —0.10 —0.38 —0.92 -0.84 —0.29 —0.61
DEVICE —0.19 —-1.67 1.26 —0.81 —0.82 —0.04 —0.40 —0.93 —0.86 —0.24 —0.55
PERSON —0.36 —-1.64 —-1.57 -0.37 —-0.44 —1.54 -1.25 —-0.43 -0.11 —-1.74 —0.88
MALE —0.18 -0.77 —0.75 127 -1.74 —0.82 —0.55 -0.27 -0.11 —0.83 -0.41
FEMALE —0.11 -0.77 —0.74 —1.64 113 —0.82 —0.56 —0.25 —0.16 —0.79 —0.47

Note. Highlighted numbers indicate activated input features for each target output.

(44

0T (€002) Lz ®2u8I1ds BANUBOD /|18d "S'D ‘UOPIOD “M'C



Table 6
Input—output connection weights: Equal Frequency/Equal Distribution model

Input nodes Qutput nodes

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP
DETERMINER 341 -1.70 —1.63 —1.68 —1.66 —1.30 —-1.42 —1.54 —-1.29 —-1.50 —1.40
NOUN —2.09 133 1.40 1.36 1.36 -1.32 —1.42 —1.53 -1.30 —1.49 —1.38
VERB —2.09 —-1.71 —-1.64 —-1.69 —-1.67 1.07 0.60 0.76 1.09 0.80 0.62
MOTION —0.26 —0.97 —-1.02 —1.02 —-1.02 —0.20 —-0.21 0.09 —-1.40 —2.29 —-1.99
REMAIN —0.29 -1.07 -1.11 —0.95 —0.96 -1.34 —1.95 -2.23 -0.20 0.04 —0.30
AIR —0.06 —0.04 —0.05 -0.71 —0.75 —1.99 127 —0.70 —0.86 0.44 —0.81
PLAYFUL —0.16 —-0.81 —0.83 —0.06 —-0.08 —0.85 —0.75 0.45 —1.94 —0.67 1.26
WING -0.34 —0.42 —0.45 —1.60 —1.60 —0.20 —0.93 -1.76 —1.52 —-0.41 -1.17
ANIMAL -0.16 127 —-1.67 -0.84 —-0.81 —0.05 —-0.43 —0.85 —-0.64 -0.17 —0.65
DEVICE -0.17 -1.70 1.29 —0.82 -0.82 —0.06 —0.44 —0.82 —0.63 -0.17 —0.60
PERSON —0.28 —1.51 —1.56 —0.39 -041 —1.46 -1.29 —0.38 -0.19 —1.75 —0.87
MALE -0.14 —-0.79 —-0.78 121 -1.71 —-0.75 —0.58 -0.21 —0.07 —0.88 —-0.47
FEMALE -0.14 —0.80 —0.75 —1.76 1.23 —-0.73 —0.56 —0.22 —0.07 —0.86 —-0.47

Note. Highlighted numbers indicate activated input features for each target output.
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gives rise to dissociations in both lesioned models. The observed double dissociation
was .326.

4.3. The role of semantic richness

In the final manipulation, the original model with unequal frequencies and distributions
for light and heavy verbs was modified by the addition of a “neutral” semantic input node to
each light verb. Thus, each of the light verbs was specified by two semantic features (GO by
MOTIONandNEUTRAL STAY by REMAINandNEUTRAL just like each of the heavy verbs.
Theresulting output activations illustrate that the advantage for light verbs over heavy verbs was
maintained, though it was not as great as in the original modeT@dde 3. Furthermore, when
frequency and distribution were equalized as described above, the only remaining difference
being number of features, light and heavy verbs were equally accurate. Having fewer semantic
features, then, does not seem to significantly affect the accuracy of production in normal
speakers, that is, as long as both semantic and syntactic sources of information are available.
However, this factodid show an effect on the behavior of the lesioned models.

Increasing the number of semantic features defining light verbs served to transfer much
of responsibility for their activation to the neMEUTRALfeature (sedable 7. The feature
NEUTRALdoes for GO and STAY whailR does for FLY and HOVER. As a consequence,

GO is no longer automatically activated as a subset of the features of FLYVER&node

also becomes less important in activating GO, because the labor is divided among three input
nodes rather than two. Because of their increased semantic richness, light verbs are not as
devastated by a syntactic lesion, so the heavy verb advantage is almost completely eradicated
However, because light verbs retained their frequency advantage, they also retained a small but
significant advantage over heavy verbs in the unlesioned and semantically lesioned models.
The double dissociation in this version of the model (.212) is about half the size of that in
the original model, indicating that semantic richness makes a significant contribution to the
division of labor between syntax and semantics.

4.4, Summary of model manipulations

The most important observation from these manipulations is that the double dissociation
between light and heavy verbs was maintained in each version of the model: light verbs were
more disrupted than heavy verbs in the syntactically lesioned models, and heavy verbs were
more disrupted than light verbs in the semantically lesioned models. The double dissociation
was tested statistically, as the interaction between type of verb (light vs. heavy) and type of
lesion (syntactic vs. semantic) in a22 ANOVA, and found to be significanp(< .001) in
each case. However, the size of the double dissociation varied, indicating that each variable
played a role in determining the relative strengths of semantic and syntactic cues in the acti-
vation of light and heavy verbs. The greater frequency of occurrence of light verbs served to
increase the light/heavy verb dissociation in semantically lesioned models and decrease it in
syntactically lesioned models. The wider distribution of light verbs decreased the dissociation
slightly in semantically lesioned models but increased it in syntactically lesioned models. The
impoverished semantic representations of light verbs increased the dissociation with both types



Table 7

Input—output connection weights: Equal Features model

Input nodes Output nodes

THE BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP
DETERMINER 343 —1.66 —1.64 —1.63 —1.66 —1.67 -1.25 —-1.27 —1.51 —-1.18 —-1.20
NOUN —2.07 1.45 141 145 141 —1.60 —-1.22 —1.28 —1.45 —1.13 —-1.18
VERB —2.05 —1.62 —1.56 —1.58 -1.62 112 0.71 0.61 1.17 0.72 0.67
MOTION -0.21 —0.92 —-0.88 —-0.94 —0.86 0.19 —0.01 —-0.01 —-2.17 -1.70 —-1.59
REMAIN —0.22 —0.89 —-0.91 —-0.90 —0.90 —-2.17 -1.71 —1.64 0.19 0.04 0.04
AIR -0.18 —0.44 —-0.47 -0.70 -0.71 —1.49 0.49 -0.74 —-1.35 0.47 -0.77
PLAYFUL —-0.24 —-0.75 —0.82 -0.41 —-0.48 —-1.41 —-0.74 0.46 —-1.40 —-0.78 0.47
WING —-0.23 —0.23 —-0.22 —1.47 —1.59 —0.90 —0.50 —-1.22 —1.06 —0.54 —-1.23
ANIMAL -0.19 1.37 —1.66 —0.86 —0.79 —0.44 —0.24 —0.63 —0.53 —0.28 —0.59
DEVICE -0.17 —1.59 131 —-0.87 —-0.76 —-0.42 -0.25 —0.65 —0.52 —0.30 —0.64
PERSON —0.27 —1.50 —1.58 -0.21 —-0.24 —0.90 —-1.22 —0.49 —0.94 —-1.23 —0.44
MALE -0.19 —-0.80 —0.69 141 -1.61 —0.45 —0.58 -0.24 —0.49 —-0.61 -0.33
FEMALE —-0.15 —0.87 -0.74 —1.62 1.40 —0.44 —0.60 —-0.34 —0.50 -0.70 -0.23
NEUTRAL -0.21 —0.59 —-0.57 —-0.57 —-0.57 0.76 —1.45 —1.42 0.80 -1.39 —-1.42

Note. Highlighted numbers indicate activated input features for each target output.
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of lesion, because this factor contributes to a more radical division of labor for light and heavy
verbs.

5. Study 4: single-word production

The single most common manifestation of aphasia is difficulty with word retrieval, a deficit
most clearly evident in naming tasks. Picture naming entails a process of retrieving the concept
represented by a visual image, mapping the conceptual representation onto a corresponding
lexical representation, and retrieving the sound form of the lexical item. Semantically, this
chain of events is similar to the stages of word-retrieval which occur during natural language
production, but without the syntactic structure required for sentence production. Because of
the different demands of the two tasks, aphasic patients sometimes show a difference in perfor-
mance, even when the tasks use the same lexical items. In particular, agrammatic aphasics, whe
have difficulty processing syntactic structure, frequently have more difficulty producing words
in sentences than words in isolation, whereas the word-finding abilities of anomic aphasics are
more likely to benefit from the added cues that sentences pravakhek & Tompkins, 2002;
Schwartz & Hodgson, 2002; Williams & Canter, 1982

This difference in how agrammatics and anomics perform in naming as opposed to sentence
production may be explained through the model. In our approach to production, the main
difference between sentence production and naming is in the message. For a sentence, the
message contains features for all elements of the sentence and these remain active throughot
its production. For single-word naming, the message is simpler, corresponding only to the
features of the word to be named. The assumption that the message is complete and static
throughout production of a sentence requires that the syntactic-sequential states control serial
order. The changing syntactic input serves as a kind of traffic cop, letting words of one type
through at one time, and others at another time. Given this perspective, one might expect that
syntax lesions would be associated with a much greater impairment in sentence production
than in naming. To assess this claim, we used the models, trained for sentence production, to
produce single words. In the sentence production simulation, the input for a given lexical item
consisted of the syntactic and semantic features of that word, as well as the semantic features
of the rest of the sentence. By contrast, the naming simulation involved presenting the model
with only the input features specifying a given word (eNddQUN, WING andANIMAL for
BIRD). Syntactically lesioned models were given only semantic features as input\éNss
and ANIMAL for BIRD), and semantically lesioned models received only syntactic features
(e.g.,NOUN for BIRD). As in sentence production, models with partial lesions were also
tested.

The naming simulation examines whether the model, having learned its vocabulary in the
context of connected speech, can reliably produce words in isoldabie 8shows the output
activations and production probabilities for each noun and verb (the determiner was left out of
the naming task) in the unlesioned, syntactically lesioned and semantically lesioned naming
models. In the unlesioned model, both nouns and verbs are produced at high levels of accuracy.
Given that the model was never trained on this task, its ability to name noun and verb targets
represents a form of generalization to novel stimuli.
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Table 8
Output activations and resulting production probabilities: naming task

BIRD PLANE BOY GIRL GO FLY SKIP STAY HOVER HOP  Target p

Unlesioned model
0.889 0.322 0.243 0.252 0.074 0.075 0.037 0.064 0.092 0.042 bird .991
0.309 0.900 0.232 0.234 0.070 0.082 0.035 0.067 0.088 0.040 plane .993
0.241 0.233 0.900 0.316 0.071 0.028 0.087 0.075 0.035 0.099 boy .993

0.242 0.233 0.321 0900 0.073 0.030 0.090 0.075 0.038 0.088 qirl .993
0.061 0.057 0.058 0.067 0.854 0.516 0.500 0.305 0.192 0.202 go .933
0.059 0.052 0.034 0.038 0.5080.784 0.380 0.078 0.397 0.134 fly .903

0.034 0.032 0.053 0.064 0.520 0.3920.754 0.076 0.129 0.385 skip .865
0.061 0.060 0.058 0.066 0.332 0.182 0.209.845 0.522 0.487 stay .927
0.060 0.055 0.035 0.038 0.081 0.431 0.137 0.518.751 0.367 hover .860
0.034 0.033 0.054 0.063 0.084 0.118 0.443 0.504 0.4040.701 hop .782

Syntactically lesioned model
0.681 0.115 0.078 0.076 0.259 0.247 0.120 0.229 0.255 0.124  bird .885
0.106 0.711 0.074 0.070 0.251 0.263 0.112 0.235 0.247 0.117 plane .914
0.078 0.077 0.704 0.102 0.252 0.105 0.252 0.260 0.110 0.259 boy 912

0.078 0.077 0.111 0687 0.258 0.111 0.259 0.258 0.117 0.236 qgirl .895
0.259 0.261 0.262 0.264 0.623 0.409 0.414 0.114 0.134 0.159 go .676
0.253 0.242 0.171 0.167 0.2260.701 0.302 0.024 0.299 0.103 fly .894

0.159 0.159 0.247 0.256 0.234 0.2940.684 0.023 0.088 0.318 skip .865
0.261 0.270 0.265 0.261 0.123 0.126 0.15494.616 0.415 0.415 stay .648
0.255 0.251 0.173 0.164 0.024 0.329 0.101 0.236.662 0.302 hover .837
0.161 0.166 0.249 0.253 0.025 0.080 0.359 0.230 0.3050.636 hop 776

Semantically lesioned model
0.790 0.785 0.791 0.803 0.185 0.199 0.221 0.189 0.228 0.238 bird .243
0.790 0.785 0.791 0.803 0.185 0.199 0.221 0.189 0.228 0.238 plane 231
0.790 0.785 0791 0.803 0.185 0.199 0.221 0.189 0.228 0.238  boy .245

0.790 0.785 0.791 0803 0.185 0.199 0.221 0.189 0.228 0.238  girl 276
0.156 0.147 0.147 0.166 0.780 0.607 0.586 0.773 0.607 0.573 go .390
0.156 0.147 0.147 0.166 0.7800.607 0.586 0.773 0.607 0.573 fly .069

0.156 0.147 0.147 0.166 0.780 0.6070.586 0.773 0.607 0.573  skip .056
0.156  0.147 0.147 0.166 0.780 0.607 0.58®.773 0.607 0.573 stay .363
0.156 0.147 0.147 0.166 0.780 0.607 0.586 0.778.607 0.573 hover .069
0.156 0.147 0.147 0.166 0.780 0.607 0.586 0.773 0.6070.573 hop .049

Note. Highlighted numbers indicate activation levels of the targeted output nodes.

To compare the effects of the division of labor in the two tasks, refer badiaite 3
which shows the mean production probabilities in both the sentence production and naming
simulations. In general, the naming results in the lesioned models roughly mirror those of
the sentence production task: a double dissociation, reflecting a heavy verb advantage wit
syntactic lesions and a light verb advantage with semantic lesions, is observed in all but one o
the versions of the modep(< .001). There were, however, some differences from the sentence
production task. First, in the original model, the syntactic lesion results in significantly less
impairment in both heavy and light verb naming: the mean probability of light verb naming
is .662, compared to .208 in the sentence production task; the mean probability of heavy vert
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naming is .843, compared to .354 in sentence production. (Note that nouns are also much more
accurately produced in single-word than in sentence production.) This better performance with
naming reflects the fact that elements from within the sentence no longer compete with the
verb for production. Such competition is quite damaging in sentence production when there
is no syntactic input to direct activation to the appropriate word at the appropriate time. This
result supports empirical findings that agrammatic aphasics are more accurate when naming
words in isolation than in context (e.gSchwartz & Hodgson, 2002; Williams & Canter,
1982. On the other hand, the absence of semantic context in naming is not noticeable in any
of the semantically lesioned models, because all semantic connections are severed in both
tasks.

The second task difference is in the relative size of the heavy/light dissociation in those
syntactically lesioned models in which the range of distribution is artificially equalized across
verb types. In the Equal Distribution model, a syntactic lesion gives rise to a heavy/light dis-
sociation of .620 (compared to .097 in sentence production); in the Equal Frequency/Equal
Distribution model a syntactic lesion results in a dissociation of .663 (compared to .185). The
reason for these differential effects is that, in sentence production, equalizing the verbs’ distri-
butions allows light verbs to rely more on contextual semantic cues and therefore less on the
syntactic-sequential cue. In naming, however, the contextual cues are lost, which necessitates
that light verbs be produced from the remaining weakened cues. Therefore, the gulf between
light and heavy verbs is widened, as indicated by whopping double dissociations of .951 in the
Equal Distribution model and .804 in the Equal Frequency/Equal Distribution model.

The third task discrepancy is the size of the double dissociation in the Equal Features
model. When light and heavy verbs have equal numbers of features, the heavy verb advantage
of the syntactically lesioned model disappears in both tasks. Light verbs are more accurately
produced because the frequency effect is now partially spread out across all its input nodes
and is, therefore, not entirely wiped out by cutting off input from the syntAdERBnode. In
sentence production, this makes heavy and light verbs approximately equivalent in accuracy.
In naming, however, light verbs (with a mean probability of .933) actually perform better
than heavy verbs (mean probability of .793), because the distributional cues for heavy verbs,
which compensate for the light-verb frequency advantage in sentence production, are no longer
present. Because light verbs are more accurately retrievaatilesioned models, the double
dissociation (.032) disappears in the naming task.

Naming performance was also examined with less extreme syntactic and semantic lesions.
Fig. 3shows how the production probabilities of nouns, light verbs, and heavy verbs vary as
a function of the strength of input—output connections. As in the sentence production simula-
tions, a gradual reversal of the light verb advantage is seen with syntactic lesions of increasing
severity. However, as discussed above, the effects of these lesions are much less drastic than il
the sentence production task, reflecting a relative performance advantage for agrammatics in
single-word production tasks. Although no task difference was observed with complete seman-
tic lesions, a slight performance advantage for sentence production over naming was revealed
with partial lesions, because these preserve some of the contextual semantic input. With 50%
lesions, for example, the probability of production in naming was .446 for heavy verbs, .802 for
light verbs, and .878 for nouns, compared to .471, .877, and .928, respectively, in sentence pro-
duction. This finding is also consistent with clinical and empirical findings that word-finding
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Fig. 3. Effect of lesions on probability of production: single-word production. To simulate partial lesions, connections
between output nodes and either syntactic-sequential inputs (A) or semantic inputs (B) were systematically reduce
to 75%, 50%, and 25% of their original strength. Unlesioned (100%) and completely lesioned (0%) models are alsc
included for reference.

ability in anomic aphasics benefits from contextual support (8arton, Maruszewski, &
Urrea, 1969McCall, Cox, Shelton, & Weinrich, 199 Pashek & Tompkins, 2002

This dissociation in performance between the two tasks accords well with observations from
the aphasia literature, as mentioned above. Furthermore, it may clarify the nature of the undet
lying sentence production deficit in agrammatism. What contributes to the agrammatic deficit
in sentence production is not only the loss of syntactic markers, but also the interference fromn
semantic features of the other lexical items within the sentence. When input from syntactic-
sequential states is robust, this interference is largely eliminated, but without this information
acting as traffic cop, features of the entire message are allowed to interfere with the target. Sinc
the semantic features of words other than the single-word target are absent in the naming tas
the agrammatic deficit is much less severe, solely reflecting the loss of syntactic-sequentia
cues on the retrieval of the target. The idea that agrammatism is related to both structural an
lexical factors is not new (see for exampRychon et al., 2000What this model emphasizes,
however, is that successful lexical retrieval depends not only on the characteristics of the tar
geted word, but also on its immediate competitors, as determined by the task. It remains to b
seen how these factors would influence a more complex model of sentence production, but th
comparison to naming appears to be as valuable in simulations as in experimental data.

6. General discussion

Although the model is an extremely simplified characterization of lexical access in sentence
production, it provides insight into the nature of linguistic representations and their breakdown
in aphasia. Most importantly, a double dissociation between heavy and light verbs can be
simulated without postulating separate representations, provided that the model incorporate
the following assumptions: that light verbs have fewer features than heavy verbs; that suck
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features constitute a subset of heavy verb features; and that the contributions of semantics anc
syntax are determined by a learning algorithm that divides up the labor of activating output. The
dissociation is most apparent when heavy verbs are less frequent and more constrained in theit
distribution, as is the case in natural language distributions. This combination of characteristics
makes the syntax more important in the activation of light verbs. Their simpler, less specific
semantics and wider co-occurrences with other sentence constituents make for relatively weak
semantic cues, thus forcing the syntax to bear much of the responsibility for successful access.
This division of labor enables the model to account for several aspects of language disruption
in aphasia: the double dissociation between heavy and light verbs observed in agrammatic and
anomic aphasicsBfeedin et al., 1998 the more general dissociation between content and
function words (e.g.Goodglass & Kaplan, 1983; Pulvermuller, 1998nd the dissociation
between tasks involving single-word and sentence production in agrammatic aphasia (e.g.,
Schwartz & Hodgson, 20Q2Furthermore, the division-of-labor hypothesis can accommodate
aspects of aphasic performance which are problematic for other hypotheses—specifically, the
factthatthe relationship between underlying impairments and their behavioral manifestations is
often not straightforward, and the tendency for certain characteristic deficits to cluster together
in different types of aphasia.

6.1. The non-transparent relationship between deficits and underlying impairments

Because of the indirect relationship between the underlying impairment and its behavioral
manifestations, the division-of-labor hypothesis provides a more powerful explanatory tool
than transparent, modular models of impairment. It can account for double dissociations be-
tween linguistic structures for which there is no independent reason to assume a separation of
representation or processing, like light and heavy verbs. The over-production of light nouns
such as “thing” and “stuff”, another hallmark of anomia, might be assumed to reflect the same
trade-off of semantic and syntactic cues.

Other non-transparent relationships have been proposed to account for dissociations in
aphasic performance. For example, category-specific lexical access deficits in aphasia, such a:
animate versus inanimate things, objects versus tools, or nouns versus verbs, have been relate
to differences in the underlying semantic representations of different categories of words (e.qg.,
Bird et al., 2000; Farah & McClelland, 1991; Shallice, 1988; Warrington & McCarthy, 1987
again, se€€aramazza & Shelton, 1998r further discussion)-arah and McClelland (1991)
demonstrated that a frequently observed dissociation in naming living and non-living things
can be simulated by selective damage to visual and functional attributes, respeBtidedynd
colleagues (200CGurther suggest that noun/verb dissociations may be related to a differential
reliance on sensory and functional attributes. These hypotheses are attractive, not only becaust
they are able to account parsimoniously for a variety of deficit patterns in aphasia, but because
they are consistent with other neuropsychological evidence. In particular, the areas of the
brain that are activated during retrieval of these different types of words have been found
to dissociate: sensory association areas are implicated in the processing of living things and
objects (especially animate), while areas anterior to Broca’s areas, close to motor cortex, are
more strongly associated with the processing of tools and action wighalsin et al., 1995,

1996; Peterson et al., 1988ranel, Adolphs, Damasio, & Damasio, 2001
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A strictly modular account would require that types of structures which are behaviorally
dissociated be represented separately in the lexicon and, thus, independently vulnerable 1
disruption (e.g.Tranel et al., 2001; Ullman et al., 199Tn most cases, this may be the most
parsimonious explanation to account for observed dissociations. However, when there is n
independent evidence to support separate representations—as is the case for light and hea
verbs—the modular account is on shaky ground. The division-of-labor hypothesis provides arn
alternative explanation which may be preferable in such cases. For the purposes of the prese
study, a division of labor between syntax and semantics provides a natural explanation whict
is motivated by normal language models and neuropsychological evidence.

6.2. The co-occurrence of symptoms in aphasia

In addition to explaining how functional dissociations can be indirectly related to under-
lying impairments, the distributed nature of processing in connectionist models also allows
for multiple dissociations to arise from the same underlying cause. Given its representa-
tional and lesioning assumptions, the present model results in a division of labor that fa-
vors syntactic-sequential information for function words (“the”) even more strongly than for
light verbs. Similarly, Bastiaanse and colleagues found an association between the productio
of determiners and verbs in German agrammatic aphasics (Bastiaanse, Rispens, Ruigendij
Rabadan, & Thompson, 2002). On the other hand, nouns pattern with heavy verbs, rely-
ing more on semantic than syntactic-sequential information. Although the network was not
set up to simulate content/function word or noun/verb dissociations, the results suggest tha
such dissociations might have an underlying cause common to the light/heavy verb disso
ciation. The content/function word distinction is, by definition, a semantic/syntactic distinc-
tion which, in traditional language production models, is instantiated in different retrieval
routes (e.g.Garrett, 1988 The division-of-labor concept provides an alternative, quantita-
tive way of accounting for this dissociation within a connectionist framework. The noun/verb
dissociation may have a similar basis: verbs have more complex grammatical representation
(Bates et al., 1991; Breedin & Martin, 19960llina, Marangola, & Tabossi, 200Kim &
Thompson, 2000 whereas nouns arguably have richer semantic representaimds( al.,

2000; Caramazza & Shapiro, in prgskhe inconsistency of noun/verb dissociations in the liter-
ature may be related to the fact that their relative “heaviness”, or semantic richness, has not bee
controlled. In addition to dissociations in the retrieval of different lexical types, the division of
labor also shows potential in accounting for the task differences observed. Semantic context, t
the extent that itis preserved, plays a facilitative role for anomic aphasics, but becomes a poter
tial source of confusion when the syntactic-sequential cues are disrupted, as in agrammatisn

Underlying impairments along a syntactic-semantic dimension that is common to all these
dissociations can naturally account for the frequently observed co-occurrence of these symg
toms in many agrammatic and anomic patients. In modular theories, on the other hand, suc
symptom complexes can only be explained by coincidental damage to neurally proximal rep-
resentations. For example, in the worddwi€eli and colleagues (1984)

[T]here appears to be no theoretically defensible connection between the omission of main verbs an
the omission of grammatical markers in agrammatic speech: No theory of language production ha:
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been proposed which when appropriately “lesioned” (with a single lesion) predicts the omission of
grammatical markers and verbs. The co-occurrence of these two symptoms, then, must be considered
to be a consequence of an impairment to independent cognitive systems that tend to co-occur because
of the neural proximity of the two systems . (pp. 217-218)

Just such a functional association between symptoms is proposed here: the division-of-labor
hypothesis predicts that words and tasks which rely more heavily on semantic representa-
tions will be disproportionately disrupted in anomia, whereas those which are more reliant on
syntactic-sequential states will suffer more in agrammatism.

Of course, one of the hallmarks of aphasic syndromes is variability. Certain symptoms tend to
co-occur, butmay notin all patients. These dissociations may not be observed in allagrammatics
and anomicsJonkers & Bastiaanse, 199&r may not constitute real double dissociations
(Joanette & Goulet, 1991In fact, Appelbaum and Bates (199pdint out that the incidence
of double dissociations, as evidence for independence between functions, is overestimated
because of the failure to consider correlations between measures. However, these observation
are less problematic for connectionist explanations than they are for modular accounts. Because
of the continuous and quantifiable nature of the dimensions assumed to underlie impairments
in connectionist models (such as the relative connection strengths of syntactic and semantic
inputs in the present study), continuity in the degree to which operations dissociate would
likewise be expected. In modular models, deficits are frequently described in an all-or-none
fashion, although more recent studies do attempt to account for variations in performance. For
example,Ullman and colleagues (199M®ake the proposal that relative impairments might
arise as a consequence of a lesion that affects only part of a brain system. However, the gradec
nature of connectionist models allows a more motivated and straightforward account of the
occurrence of partial and mixed lesions.

6.3. The overactivation/underactivation dissociation

There is one other unanticipated finding from this study which echoes an empirically ob-
served dissociation in aphasia, and thus deserves mention. As illustratgolénl, syntactic
lesions of the present model resulted in low levels of activation overall, whereas semantic
lesions resulted in relatively high activation levels. Because the probability of production of
the targeted output item depends on its activation leslakive to the activation levels of all
other possible outputs, these under- and over-activation patterns are not directly reflected in
the accuracy levels. For example, when FLY is targeted in the syntactically lesioned model, its
activation level is 0.456, and its probability of correct production is .460; when FLY is targeted
in the semantically lesioned model, its activation level is higher, at 0.607, but its production
probability is only .069, because the activation levels of competing words are also much higher.
Why does the model exhibit overactivation with semantic lesions and underactivation with
syntactic lesions? The answer relates to the learning algorithm and the nature of the semantic
and syntactic representations. Because the semantic representation of the entire message is ¢
during the sentence, it follows that, at any given pointin the sentence, most of the active features
contribute more to the activation of non-target words than to the target. Under these conditions,
inhibitory connections develop between the active features and the lexical items that they
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incorrectly turn on. With a semantic lesion, these inhibitory connections are eliminated, with the
consequence that items are overactive. Consider, for example, the sentence “The bird flies” (se
Table 2for connection weights). At the time that BIRD is to be produced, the active semantic
features ar@&NIMAL, WING, MOTIONandAIR. The summed input from these features to
BIRD is inhibitory (121 + —0.45+ —1.05+ —0.03 = —0.32), and, of course, even more
strongly inhibitory to BIRD’s main competitor, PLANE{(1.59+ —0.45+ —1.04+ —0.10 =
—3.18). It is the positive syntactic input from ti¢OUN node to each of the nouns (1.33

to BIRD, and similar values to the other nouns) that makes BIRD’s total net input positive,
leading to a high activation level and a high selection probability. If you take away the semantic
contribution to net input, BIRD is even more active than under normal conditions. However,
accuracy is extremely poor because all of the other nouns are equally active.

The syntactic represention is quite different. At any given time during sentence production,
there is only one active syntactic-sequential feature (RQLJN). Because this feature is pre-
dictive of the target intended to be produced at that time (e.g., BIRD), an excitatory connection
is created between them. In the process of learning the training sentences, this occurs for ea
of the output lexical items. The syntactic-sequential feature thus controls output by sending
positive input to all lexical items consistent with the syntactic-sequential state indicated by the
feature. If this input is eliminated by a syntactic lesion, the target word and its competitors all
become severely underactivated. In sum, our assumptions about a static featural represent
tion for semantics and a relatively sparse dynamic representation of syntactic states, lead t
different roles for inhibition and excitation in the two systems, differences that lead to over-
and underactivation for anomic and agrammatic lesions, respectively.

This observation is intriguing because of its correspondence to a series of studies by Milberg
Blumstein and colleagues showing a dissociation between Broca'’s and Wernicke’s aphasics i
the degree of semantic priming shown relative to normal subjstilis€rg & Blumstein, 1981
Milberg, Blumstein, & Dworetsky, 1987, 1988a, 1988bhis difference was most clearly evi-
dentin alexical decision task in which words were primed either by semantically related words
(e.g.,catdog), by phonological distortions of the semantic prime (eggt-dog wat-dog),
or by unrelated words (e.gable-dog). Normal subjects showed a monotonic relationship be-
tween the degree of phonological distortion of the prime (zero, one, or two phonetic features)
and the amount of priming exhibiteM{lberg et al., 1988a Broca’s aphasics showed no prim-
ing for either of the distorted primes, whereas Wernicke’s aphasics showed as much priming
for distorted primes as for the undistorted semantically related primiéiserg et al., 1988h
These results were interpreted as illustrating an underactivation of the lexicon in Broca’s apha
sia and an overactivation of the lexicon in Wernicke’s aphasia, with each deficit producing
characteristic production patterns in these types of aphasia.

As an “existence proof” of the over/underactivation hypothdgisiNellis and Blumstein
(2001) constructed a connectionist model of word recognition using the same priming con-
ditions as in the behavioral experiments. The priming deficits of Broca’'s and Wernicke’s
aphasic patients were simulated by altering the resting activation levels of lexical items. Re-
sults of these simulations mirrored experimental results: the “Broca” model showed semantic
facilitation of dog only in response to the semantically related prirat, whereas in the
“Wernicke” model, semantic facilitation in response to the phonologically distorted primes
was equivalent to the facilitation fromat McNellis and Blumstein (2001¢oncluded that
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there is a critical range of resting activation in the normal lexicon. In Broca’s aphasia, resting
levels are below this range, with the result that incoming activation is insufficient for tar-
gets to reach the required threshold of activation for priming to occur. In Wernicke’s aphasia,
resting levels are elevated above the critical range, resulting in non-targeted items exceeding
threshold.

Although the populations studied by Milberg, Blumstein and colleagues are not exactly
equivalent to the agrammatic and anomic profiles of interest here, there is enough overlap
in symptoms across the groups that it would not be unreasonable to hypothesize a similar
dissociation in lexical activation levels in anomia and agrammatism. Our model naturally
produces the hypothesized under- and over-activation but, in its present instantiation, these
activation levels do not directly affect the accuracy of production. However, if the model had
included a threshold of activation which items were required to surpass before being produced,
then sentence production outcomes would have resulted in the frequent omission of items in the
syntactically lesioned models. In the semantically lesioned models, several items would exceed
the threshold, which, depending on the assumptions built into the model, might correspond
behaviorally to the production of several paraphasic attempts at a target. Such a threshold can
be conceived of in quasi-neural terms, in which the relevant units must be sufficiently active
to exert an effect on connected units. Alternatively, it can be interpreted as an instantiation of
the preserved ability of Broca's aphasics to monitor their language output, and thus inhibit
potential errors, compared to an impairment in self-monitoring (corresponding to reduced
thresholds) that is common in Wernicke's aphasiKsl & Heeschen, 1992 In any case,
further simulations are required before firm conclusions can be drawn from the activation
levels in the current model.

6.4. Conclusions and caveats

The ability of the model to demonstrate characteristics of language production that have
been observed in aphasic subjects suggests that connectionist approaches have some promis
in explaining dissociations in lexical access. Moreover, connectionist explanations have certain
advantages over traditional, modular explanations. As discussed above, they can account for
dissociations between items for which there isarqriori reason to assume representations in
distinct modules; they provide a functional basis for the co-occurrence of symptoms observed
in different types of aphasia, due to shared underlying processing components across items or
tasks; and they allow for dissociations to vary in degree. As such, connectionist models provide
a flexible and powerful alternative method of viewing language processing in the normal brain,
and its breakdown secondary to brain damage.

Despite these potential advantages, results from the current simulation must be interpreted
with a certain degree of caution, given the assumptions of the model. First and foremost,
the model vastly simplifies the process of sentence production, yet it is assumed that the
mechanisms of the simulation are representative of lexical access in spontaneous speech. A:s
in any model, a degree of simplification was necessary in order to hold constant extraneous
variables and reveal the operation of the particular variables of interest, in this case the relative
roles of semantic and syntactic cues on the retrieval of heavy and light verbs. To pare down the
process of sentence production, some arbitrary decisions were made, and some elements 0
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the process were deliberately ignored. For example, all the nouns in the model were assigne
two semantic features, like heavy verbs, although it is recognized that there is a continuum o
“heaviness” for nouns as well. In addition, there are many aspects of the syntactic complexity
of verbs that are not implemented in the model. The degree of complexity of the argument
structures and thematic roles required by different verbs have been shown to contribute to th
verb-retrieval deficits of agrammatic patients (eBgeedin & Martin, 1996 Thompson, Lange,
Schneider, & Shapiro, 199.7Furthermore, it is generally recognized that verbs bear a great
deal of syntactic responsibility in determining the structure of the rest of the sentence. There ar:
often several structural alternatives for encoding a given message. Evidence suggests that tl
choice of syntactic frame may be influenced by, among other factors, the relative accessibility
of the different lexical items that constitute these alternatiBesk, 1982; Ferreira, 1996To
allow for this, an expanded model would need to represent alternative structures, and allov
for the choice of structures to be influenced by activated lexical items and the message. Ir
connectionist terms, the message and the lexical items would have learnable connections 1
the syntactic-sequential states.

By simplifying the process of sentence production, the model may also be seen to imply
a simplistic view of the nature of agrammatic and anomic deficits. However, the model is by
no means intended to capture the complexity of factors which contribute to the presentatior
of these aphasic syndromes. Rather, it is a means of representing one of the possible mec
anisms by which symptoms characteristic of each syndrome can arise. The model's power
in fact, lies in its simplicity. The assumption that lexical information is divided into seman-
tic and syntactic (or sequential) types of cues is independently motivated on linguistic and
psychological grounds, and provides the basis for a number of dissociations in lexical acces
during production. Different categories of words naturally come to rely to varying degrees on
semantic and syntactic cues, depending on their representational complexity, and their distri
bution and frequency in the language. What is critical to the model is that these cues “trade
off” in importance—more reliable cues become stronger, while less reliable cues become
weaker. Under normal circumstances, this division of labor provides an efficient and effec-
tive means of allocating resources during the production of language, and it can also accour
for some of the systematicities observed under conditions of disrupted language production
The model demonstrates one way in which these systematicities could emerge from learn
ing and the consequent division of labor. More generally, we (along with many others, e.g.,
Chang, 2002; Christiansen & Chater, 2001; Plaut et al., 18A86ourage the development of
explanations for language processing behavior that stem from the way in which language i
learned.
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