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Abstract

The ability to combine words into novel sentences has been used to argue that humans have symbol
language production abilities. Critiques of connectionist models of language often center on the inabil-
ity of these models to generalize symbolicalikoior & Pylyshyn, 1988Marcus, 1998 To address
these issues, a connectionist model of sentence production was developed. The model had variabl
(role-concept bindings) that were inspired by spatial representatiamsiqu & Jackendoff, 1993In
order to take advantage of these variables, a novel dual-pathway architecture with event semantics |
proposed and shown to be better at symbolic generalization than several variants. This architecture he
one pathway for mapping message content to words and a separate pathway that enforces sequenci
constraints. Analysis of the model’s hidden units demonstrated that the model learned different types o
information in each pathway, and that the model’s compositional behavior arose from the combination
of these two pathways. The model’s ability to balance symbolic and statistical behavior in syntax ac-
quisition and to model aphasic double dissociations provided independent support for the dual-pathwa
architecture.
© 2002 Franklin Chang. Published by Cognitive Science Society, Inc. All rights reserved.
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An important use of language is to be able to talk about novel events and circumstances. I
order to do this, we need the ability to take the words that we know, and combine them in novel
ways. Applying knowledge to a new situation involves generalizing that knowledge beyond
the context in which it was originally learned. For example, we can use nouns in sentence
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frames that they have never been paired with before. If | teach you the counblicket you

can produce the sentendélicket is a blicketeven though you have never heatitketused

in this manner. This ability to combine words and sentence frames in the absence of previous
experience has led some researchers to argue that language requires symbolic capabilities
where knowledge about language is phrased in terms of variables and operations on those
variables Fodor & Pylyshyn, 1988Marcus, 1998Pinker & Prince, 1988

In addition to arguments for symbolic processing, there is research that shows that people are
recording the detailed statistical properties of the sentences that they are hearing and producing
One source of evidence for this is the role of frequency in language processing, where frequen-
cies of words and syntactic structures seem to influence the processing of lanGaagsef,
Pearlmutter, Myers, & Lotocky, 199MacDonald, Pearlmutter, & Seidenberg, 1994 the
statistical regularities are sufficiently rich, then when people encounter novel language se-
guences, they can use the similarity of the novel sentences to other sentences that they have
experienced to process these novel sequences.

Given that the language system seems to require both symbolic and statistical types of
knowledge, theories have been developed which use separate mechanisms to implement thes
two types of processing, and hence these theories have been called dual mechanism theories
One example of this type of theory concerns the processing of the English past-tense. The
English past-tense has a regular form (e.g., walk—walked) and several exceptional cases (e.g.
run—ran).Pinker and Prince (198®&ffer a dual mechanism account in which the regular form
is handled by a symbolic mechanism (a rule that uses variables), and exceptional cases are
handled by a mechanism that is sensitive to statistical regularities (spreading activation in a
lexical network). Some theorists, however, have argued that statistical learning is powerful
enough to explain both symbolic and statistical processing using a single mech@hiskeft
& Juola, 1999 Rumelhart & McClelland, 1986

There is some evidence that certain classes of connectionist models do not generalize in the
same way that people do. For examplgrcus (1998found that a simple recurrent network
(SRN) could learn equivalence relations likerose is a roser A tulip is a tulip, but when
given a novel sentence fragment li&elicket is a . ., the SRN could not predict thaticket
was going to be the next word. Rather, the model activates all the words that it has seen in
this sentence position (e.gase tulip, etc.). When humans experience equivalence sentence
like those above, they often infer that the equivalence relation is intended, and that leads them
to complete the novel sentence fragment bBlalicket is a .. with the wordblicket Because
SRNs complete this novel fragment with words that it has seen in similar sequences, it seems
to be directly representing the sequences that it has experienced during learning. This suggest:
that it did not develop abstract variable-based framesdikéis a X whereX is a variable
that can be bound to any word. This limitation is important, because SRNs have been used
extensively for modeling acquisition of syntactic frames and the use of statistical regularities in
language processin@liristiansen & Chater, 199&Iman, 1990, 1993 ohde & Plaut, 1999
St. John & McClelland, 1990

In some sense, the problem with the generalization ability of SRNs reflects a more basic
problem with statistical learning. The more that representations are shaped by experience-
driven learning, the more difficult it will be to use these representations in novel situations.
The overreliance on experience-driven learning can be reduced by incorporating specialized
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mechanisms into connectionist models, and thereby yield models with symbolic abilities
(Hummel & Holyoak, 1997 Shastri & Ajjanagadde, 1993But, because language requires
that symbolic representations be bound to lexical and structural representations that are specif
to a particular language, and these representations incorporate statistical regularities, it is nc
clear if these specialized mechanisms would integrate with statistical representations in a wa
that would yield human-like language performance. So, the task for adherents of connectionis
models is to figure out how to guide statistical learning so that it can develop representation:
that operate symbolically to the extent that humans operate symbolically.

Since “symbol processing” is not an overt behavior, definitions of symbolic computation
will vary. Most definitions, though, require that the symbol processor have an ability to bind
instances to variables, and use these variables in rules or operd&ioolts & Pylyshyn, 1988
Hadley, 2000; Marcus, 1998Because the rules or operations operate on variables, they can
be used when novel elements are bound to the variables. To provide an explicit account o
how symbol processing can be instantiated in a statistical learning system, | compare the ger
eralization ability of several models of sentence production. | first describe the messages an
the grammars that all the models will be usiigg€tion ). Then | present the different model
architectures that will be comparefidction 2. The first model architecture, ti&rod-SRN
is a simple extension of connectionist sequencing models to production. The second mode
architecture, th®ual-path modelis a novel model architecture that has features that allow it to
generalize symbolically. One feature of this model is that it makes use of spatial representations
which people use to act symbolically on objects in the world, to help the model do symbolic
processing in sentence production. To better understand this architecture, two variants on
will be presented: thlo-event-semanti@ndLinked-pathmodels. The following section will
describe the results of simulations of these model architectGesion 2.4 Next, | exam-
ined three specific tests of symbolic generalization, to understand why the architectures diffel
(Sections 2.5-2)7 The remainder of the article focuses on the Dual-path model, which was
the most successful on the generalization tasks. To see how the model represents these task
examine its internal representatio®e€tion 3. Finally, | show that the model’s computational
properties explain human acquisition and aphasia data. The acquisition of syntactic structure
in the model is compared with acquisition in children, to see if the model constrains overgen-
eralization of verbs to syntactic structures in a way similar to that of childdent{on 4. And,
the model will be lesioned to see if its architecture is consistent with double dissociations that
are found in aphasiggction .

1. Message structure and sentence grammar

Speaking involves mapping from a set of ideas (which will be calledntkesageto a
sequence of wordsBpck & Levelt, 1994 Garrett, 1988 To learn this mapping, children
must be exposed to sentences in situations where they can infer the message. Language |
searchers assume that children implicitly learn the internal representations that help them t
map between the messages and the sentences, and these representations allow them to
duce novel sentenceBifker, 1989. To simulate this language learning process in training the
models, | created a set of training sentences sampled from a grammar. The model learns tf
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Table 1
Example sentences from the grammar
Sentence type Subtype Example
Identity A dogis a dog.
Locative The cat is near the cafe.
Motion A dog go near the church.
Intransitive The cat sleep.
Transitive Active The dog chase the cat.
Passive The cat is chase by the dog.
Transfer dative Prepositional The man give a cup to the woman.
Double object The man give the woman a cup.
Benefactive dative Prepositional The man bake the cake for the woman.
Double object The man bake the woman a cake.
Change-of-state Locative-patient The girl fill the cup with water.
Cause—motion Patient-locative The girl pour water into the cup.
Spray—load Locative-patient The girl spray the wall with water.
Patient-locative The girl spray water onto the wall.

rules of the grammar from the limited number of training sentences, and exhibits that knowl-
edge by producing other sentences that have been generated from the grammar. The gramma
was designed to enable the testing of several phenomena from the psychological literature on
sentence productiofiable 1shows the types of sentences in the model’'s grammar. The gram-
mar did not include subject—verb agreement or other verb inflections, because the phenomena
under examination did not require these morphemes and eliminating them made the model
simpler.

When creating a data set for training or testing, a set of messages was first generated. The
messages defined only the propositional content of the target sentence, and did not encode the
actual surface structure of the sentence. Each message was created by selecting an action ar
entities that were appropriate to the action. For example, the action EAT was paired with an
entity that was living (the eater) and an object which was not living and not a liquid (the object
of eating). This representation would then be used to select lexical items that matched the con-
straints of the action. So, with the action EAT, the eater coulthBeand the object could be
cake The participants in an event were classified into one of three event agjest patient
goal. The agent was the cause of the action, the goal was the final location for the object, and
the patient was the object in motion or the affected object. The roles did not match exactly
the traditional definitions of these roles (d@@wty, 1991 for arguments about why traditional
roles do not work), but instead were designed to increase the generalization capabilities of
the model Chang, Dell, Bock, & Griffin, 2000 For example, the distinction between themes
and patients was collapsed into the rolgpafient Location arguments are not always goals,
but they were collapsed into that category for the model. The distinctions between the cate-
gories that were collapsed together in the model were expressed with verb-specific semantic
information.
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The model’s lexicon was made up of 20 verbs, 22 nouns, 8 prepositions, 2 determiners, 1
adjectives, and an end of sentence marker. Eight of the nouns were animate, and 14 were inar
mate. The verb types included datiggve, throw, make bake, transitive bit, build, eat, drink,
surprise scarg, change-of-statdi(l ), spray—load alternatiospray, load), cause—motiorput,
pour), intransitive §leep dancg, motion @o, walk) and existenceig). For the training and
testing sets, most verbs had an equal probability of being selected. But because existence al
intransitive verbs were easy to learn, their proportion was reduced, to give the other verbs mor
training (seéAppendix Afor details).

For training, each message was paired with a particular sentence structure. Very often
natural languages allow a particular meaning to be expressed with several alternative structure
(syntactic alternations) as shownTable 1 For example, active and passive voice sentences
(the transitive alternation) have similar meanings, but differ in the order of the noun phrases anc
their structural properties. Another alternation in the model was the dative alternation, where
the prepositional dative and the double object dative can express closely related meanings. Th
alternation occurred with both transfer datives (eiye, throw) and benefactive datives (e.g.,
make bake. The last alternation, the spray—load alternation, varied the order of the patient
and the goal. The generation of sentences was arranged so that 80% of transitive sentenc
were paired with active voice, and the rest with passives. For datives and spray—load structure:
each alternative occurred approximately 50% of the time. To create some extra variability in
the structures that were produced, these percentages were modified by the animacy of tt
arguments in the sentences, so that animate nouns would tend to go before inanimate noul
70% of the time (in structures that could alternate). The distribution of structures in the grammar
vastly oversimplified the real frequencies of these structures in the world, but maintained some
of their character within the alternations.

The relationship between meaning and structure in language is not arbitrary. Rather, there ar
regularities in the way that arguments in a message are expressed in syntactic distributions.
has been argued that the mapping of meaning into form represents a unit of language knowledg
called aconstructionand constructions are useful in explaining how people use their syntactic
knowledge Goldberg, 199k An important feature of a construction is that its meaning is not
simply a combination of the meaning of its component words, because speakers can generaliz
words to constructions that they have never been paired with befores(eegzés intransitive,
but you can salisneezed the napkin across the tablencode that sneezing was the cause of the
motion of the napkin). The meaning of each construction is represente@vettt semantics
which is different from the semantics associated with lexical concepts. Event semantics identify
similarities among construction§gble 2 and thus helped the models generalize from one
construction to a related construction. For example, the intransitive motion construction (e.g.,
The girl goes to the cafds related to the cause—motion construction (€lge woman put
the dog onto the tabje because thgirl and thedog are both undergoing motion. This is
represented by having both constructions share the event feature MOTION. The cause—motio
construction was also related to the transfer construction (Ehg@. man gives the dog to the
girl), because they shared both the features CAUSE and MOTION. There is evidence that botl
children and adults are sensitive to these event features in their language knowlstige, (
Gleitman, & Gleitman, 1991Gropen, Pinker, Hollander, Goldberg, & Wilson, 198Fopen,
Pinker, Hollander, & Goldberg, 1991



614 F. Chang/ Cognitive Science 26 (2002) 609-651

Table 2
Constructions
Sentence type Event semantics Verbs
Identity EXIST is
Locative is
Motion MOTION go, walk
Intransitive sleep, dance
Transitive CAUSE AFFECTED hit, chase, eat, drink
CAUSE CREATE make, bake
CAUSE EXPERIENCE surprise, scare
Transfer dative CAUSEMOTION TRANSFER give, throw
Benefactive dative CAUSE AFFECTED TRANSFER hit, chase, eat, drink
CAUSE CREATE TRANSFER make, bake
CAUSE EXPERIENCE TRANSFER surprise, scare
Change-of-state CAUSE CHANGE fill
Cause—motion CAUSEMOTION put, pour
Spray-load CAUSE CHANGE MOTION spray, load

As mentioned earlier in the example with the action EAT, the arguments of a verb were
constrained to be appropriate for it. To implement this knowledge, each construction was
associated with argument constraints. For example, the goals in cause—motion events (e.g.,
the caken The woman pushed the car onto the gakere allowed to be inanimate, but the
goals in transfer dative events were required to be animate f@egnanin The woman gave
the car to the man Another constraint is that adjectives were divided into two classes, those
that were restricted to animate argumemisé€ silly, funny, loud, quie?), and those that were
not restricted good red, blue, pretty, young old). These constraints made the sentences that
were generated more plausible, but still allowed the grammar to generate some implausible
sentences. It is difficult to incorporate all of the world knowledge that is needed to constrain
this grammar in the way that human language is constrained. Also, because | will be doing
model comparisons, the plausibility or implausibility of the grammar will be the same for all
the model types, and so the differences in the models cannot be attributed to these constraints

In generating the training and testing sentences, the event semantics were used to determine
which messages could alternate. In order to alternate, the messages had to be related to two altel
native structures by means of these event feat@eklperg, 1995 and each message-structure
mapping represented a separate construction. For example, messages with the event feature
CAUSE, MOTION, TRANSFER could use the double object structure (élge, man give
the girl the bool, because this was designhated as the default structure for these features. But
because this combination of features overlaps with those used in the cause—motion construc-
tion (i.e., CAUSE and MOTION), it could also use the prepositional-dative structureTasy.,
man give the book to the gjrlThe spray—load alternation arose because the messages with
event features CAUSE, MOTION, and CHANGE were associated with two constructions.
The cause—motion construction (licensed by CAUSE and MOTION) selected the structure
which put the patient before the goal (e.§he man spray the water onto the wWallvhile
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the change-of-state construction (licensed by CAUSE and CHANGE) was associated with the
order that put the goal before the patient (elfe man spray the wall with wadeiThe passive
structure was allowed to alternate with all transitive constructions.

Although event semantics in the intended message can influence the sentence structure th
is chosen, speakers can also choose a structure based on other factors. In production studi
people are told to repeat sentences as they hear them, and for the most part, they are able
do this. Here, some verbatim memory of the structure is guiding the choice. But, when doing
repetition, people also frequently change the structure of their sentduitar(& Lombardi,

1990. What this suggests is that there is some information in the message that allows people
to control their structure building, but this information is weak enough that sometimes it is
overcome by other factor86ck, 1983. To represent this weak control information, the model
made use of the relative activation level of the event semantics. Consider the active—passiv
alternation. For passives, the AFFECTED feature would be more active than the CAUSE
feature, and vice versa for active sentences. For datives, if the TRANSFER feature was mor
active thanthe MOTION features, then a double object was produced, otherwise a prepositione
dative was produced. For the spray—load alternation, if the feature CHANGE was more active
than MOTION, then a locative-patient sentence was produced, otherwise a patient-locative
was produced. To set up these differences, | used a prominence parameter (set at 0.8), whi
controlled the difference in the activation levels for these features. For example, the activation
of the feature MOTION was 80% of the activation of the TRANSFER feature if a double object
structure was desired.

How do speakers select between alternations in production? Experimental work in sentenc
production has shown that speakers plan their sentences incrementally, adjusting their structure
to fit the words that have come beforgock, 1982, 1986; Ferreira, 199berreira & Dell,

2000. To create this ability in the models, the models needed feedback about the previously
produced words. Two types of feedback were used: one type that corresponds to the feedbax
in production and the other that corresponds to the feedback in comprehension. Feedback tyy
was fixed within a sentence, so a sentence could be experienced in either production mod
or comprehension mode. Production mode involved passing previously produced words as a
input for all the words in a sentence. Correspondingly, comprehension mode involved passing
the previous “heard” target words as an input. Comprehension and production modes bott
attempt to predict the next word in a sequence with a message, but they differ in terms of
whether they use an external sequence to help them to do this. Because the model is learnir
to do production, its production outputs early in training are not very useful for learning the
language, so a larger percentage of the training sentences were in comprehension mode (75
and the rest were in production mode (25%). For testing, the model was always tested ir
production mode, because we were interested in its production behavior.

The sentence grammar was used to generate 501 training sentences. In order to test tl
model’s ability to generalize, the training sentences had one extra restriction: thelegrd
could never be the goal of the sentence. By testing the model’s ability to prodgas the
goal of a sentence, even though it was never trained to do so, we can see how well the mod
generalizes outside of the regularities in the training set. To test overall generalization, a test se
was created with 2,000 randomly generated sentences from the grammar. Because the grat
mar can generate 75,330 possible messages (not including surface form alternations) and tt
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training set is small, the testing set is mostly made up of novel sentences, and therefore can
provide a good picture of the overall accuracy of the model.

2. Symbolic generalization in different architectures

To show that neural networks can exhibit symbolic properties and that their architecture can
influence this ability, several architectures will be described and compared. The firstarchitecture
(Prod-SRNmodel) is a model that embodies the hypothesis that symbolic generalization is
simply due to learning the appropriate statistical representation. This non-symbolic model will
be compared to the model that this paper features, callddubepathmodel. The Dual-path
architecture uses a message based on variables and it sequences these variables by using eve
semantics. In addition, this model places limits on how sequential information can interact
with lexical semantics, effectively creating two pathways in the architecture. To show that
the model’'s behavior is not simply due to the addition of variables, it will be compared to
a version of the model that lacks the event semantiltsdvent-semantiasodel). To show
that the power of the variables also depends on its dual-pathways architecture, the Dual-path
model will be compared to a fourth model, theked-pathmodel, which links up the pathways
that the Dual-path model keeps separate. Linking the pathways was expected to diminish the
combinatorial abilities of the model.

In addition to the same training and testing sets, the models also shared a few other features.
Allthe models had to have some way of representing the message, and once the message was se
there was no external manipulation of the message during the production of the sentence. All
the models were taught to produce words as output, where a single unit represented each word
To increase the models’ tendency to choose a single word, the output units employed a soft-max
activation function that magnified activation differences (&ppendix Afor further details).

All the models were trained using back-propagation of error, which is a learning algorithm
that computes the difference between the target representation and the model’s output and ther
passes this information back through the network in order to guide weight ch&twgeslhart,

Hinton, & Williams, 1986.

2.1. Statistical learning of production: the Prod-SRN model

The Production Simple Recurrent Network (Prod-SRig, 1) was a SRNEIman, 1990,
which was augmented withraessagéDell, Chang, & Griffin, 1999Jordan, 198 One part
of the network mapped from a representation of the previous word to the next word in the
sequence. The outputord units received inputs from a set biddenunits, and thehidden
units received inputs from the previous wooatvord the ‘c’ indicates that this input is feedback
through the comprehension system) and setaoftextunits that had a copy of the previous
hiddenunit states.

Because production involves planning a sequence with an intended meaning (as opposed to
sequence prediction), the Prod-SRN included a static message. The message was connecte
to the SRN hidden units, and this allowed the model to use the message to guide the sequence
generation. The message representation used binding-by-$jzaay et al., 2000; Dell et al.,
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TTTLIIL word (teacher)

hidden @ Y
context

comp= 4 CcWord message

Order of layers from bottom to top represents
the order of forward spreading of activation.
Lines marked prod and comp represent the
feedback from previous word and external
input, respectively.

Fig. 1. Prod-SRN model.

1999 McClelland & Kawamoto, 19865t. John & McClelland, 1990That is, different event
roles were represented by different banks of units. Each bank (or set) of units represented a sl
in the message, and there were three role slots (agent, patient, goal) and a slot for the actio
Each of the roles had a localist semantic representation: a unit for the meamogiofthe
agent slot (e.g.the dog chased the gaand a separate unit fatog in the patient slot (e.qg.,
the cat chased the ddgEach action was represented by a unique action feature. The event
semantics were also included in the message, in the action slot, by giving each event semant
feature its own unit.

Table 3is an example message for the sentefiaaan bake a cake for the cafBecause
this message has a separate set of semantic features for each slot in the message, the featt
in each slot are labeled with a number£lagent, 2= patient, 3= goal) to show that they are
different from the same feature in another slot (e.g., CAKEL1, CAKE2, CAKE3). The action
slot did not overlap with any other slots, so those features are not given the extra numbel
index. In this message, there aeent-semanticeatures (CAUSE, CREATE, TRANSFER)
and a verb-specific feature (BAKE). Definite articlésg] were marked with the slot-specific
feature (e.g., DEFINITE3). Indefinite articles) (vere not marked (because they cannot occur
with mass lexical items, e.gcoffee leaving them unmarked made them depend on the lexical
semantic information, since that was the only information that was available).

The output of the model was a localist representation for the words in the lexicon. The
hiddenlayer andcontextayer were 50 units each, and tbentextunits were initialized to 0.5
at the beginning of each sentence. As mentioned in the section on the training and testing set
the cword representation is set by the target previous word 75% of the time (comprehension

Table 3

Example message (binding-by-space)

Role Features

Action BAKECAUSE CREATE TRANSFER
Agent MAN1

Patient CAKE2

Goal CAFE3DEFINITE3
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mode) and set to the previously produced word 25% of the time (production mode). Because
the model learns production during comprehensiongtierd units were set to the sum of the
previousword output and the target previous word. In production,diverd units are solely
dependent on the model's production output, but in comprehensiocwibiel units were a
combination of previous produced word and previous target word. The analog to this in human
behavior is that people sometimes mishear what other people sagw(thnéd units), because

they have filled in their own predicted continuations (thard units).

2.2. A symbolic connectionist model: the Dual-path model

The Dual-path model was designed to generalize symbolically, and hence it differed substan-
tially from the Prod-SRN model. In language production, symbolic generalization is exhibited
by placing words in nhovel sentence positions. If you learn a new word, you can use this word in
a variety of frames. To get this word-based generalization, the mapping from lexical semantics
to word forms should be the same, regardless of where the word occurs in the sentence.

Capturing both lexical and sentence-level aspects of words is similar to a problem in the
spatial processing of visual input, where one has to both categorize an object and record its
position in a sceneLandau & Jackendoff, 1993The process of object categorization must
remove location-specific information and transform the object to take into account the point of
view of the viewer, in order to get an invariant representation that can be used for categorization
(Kosslyn, 1980. The process of locating an object, on the other hand, does not need to concern
itself with the identity of the object in order to determine the position in space. These two
functions have been identified with separate brain structuresylhiat (object) andwhere
(location) pathwaysNlishkin & Ungerleider, 198 These two separate representations have
to be bound to each other, in order to know which object occurs in which location. The resulting
system can recognize known objects in new locations and identify the location of unfamiliar
objects. That is, it generalizes well. And it does so because of the separation (and binding) of
the object and location information.

Just as the spatial system can generalize in different ways because it has sejpataiel
whererepresentations, a model of sentence production should be able to generalize well if
it represented its message in several separate representations that were linked together. The
idea was the basis for the Dual-path model. This architecture had two pathways, one for
representing the mapping of object semantics to word forms, and another for representing
and mapping objects (and the words that describe them) into appropriate sentence positions
(Fig. 2.

The first pathway of the model was thessage—lexical systdsee thick arrows oRig. 2).

This subnetwork was a feed-forward network from the message to the lexicon. The message in
this model was represented in weight bindings between a layenefeunits (thematic) and a

layer ofwhatunits (semantic). By using this type of representation, the saimatunits could
represent the meaning of a word, regardless of its event rolewfibesunits represented the
agent, patient, and goal event roles, and another unit represented action informatiwhat he

units represented the semantics of words using the same localist representation that was use
for the Prod-SRN. Messages in this model were represented by setting the weight between
the whereunits and thevhat units to an arbitrary “on” value (se&ppendix Afor details).
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message-lexical system

........... word

what

A compress

where

-—
hiddeng™~~ < copy

/ V@ccmtexl
. event-semantics
: cwhere~_
: A copMcwhere2 ccompress
cwhat
tprod W~ sequencing
Sermmnmmnnns » cword system

-------

Underlined layers receive teaching signals. Position
from bottom to top represents the order that activation
was spread and back-propagation of error was in
reverse order. Lines marked prod and comp represent
the feedback from previous word and external input,
respectively.

Fig. 2. Dual-path model.

For example, if a dog was the agent, then the agérgreunit would be connected to the
DOG feature in thevhatunits. If a dog was the patient, then the patiehiereunit would be
connected to the same DOG feature. In this way, we could represent the different roles of dog
in these events, while maintaining the common semantics that all dogs share.
The other part of the message—lexical system was the connection betweemathaits
and thewvord units. This allowed the model to learn a word label for each meaning. Since there
was only one set oivhatunits (unlike the Prod-SRN model, which duplicated the analogous
units for each event role), learning the mapping of the semantic feature DOG to the word dog
allowed the model to generalize this word to other eventroles. By using a single semantic/lexica
network, this model is more in line with mainstream lexical production theobed, (1986
Levelt, Roelofs, & Meyer, 1992han the message—lexical mapping of the Prod-SRN model.
The second pathway of the network, gexjuencing systenvas a simple recurrent network
with a few other inputs (see thin arrows Biy. 2). The network mapped from tfeevordunits
to ahiddenlayer. Thehiddenlayer received input fromontextunits, which, like the Prod-SRN
model, had a history of their previous states as well as a copy of the préwdzleunit states.
The hiddenlayer then mapped to the sam@rd units that are used in the message—lexical
system. LikeEIman’s (1990)model, in between the lexical layersiord andword) and the
hiddenunits were compression layerscObmpresscompresy which helped the sequencing
network to create generalizations over words, rather than word-specific representations.
The sequencing subnetwork also received input from areverse version of the message—lexic
network cword — cwhat — cwhere— hidden. Without this subsystem, the model would
not be able to vary its sentence structures based on the role of the previously produced worc
If you saidthe cat it could be the beginning of the sentertbe cat chased the dogr the
cat was chased by the dog/ithout knowing what rolecat plays in your message, you do
not know whether to continue the sentence with an active or passive structure. The revers
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message—lexical network tells the sequencing network the role of the last word that the model
produced, which allowed it to dynamically adjust the rest of the sentence to match earlier
choices. This network mappewordunits intocwhatunits and thewhatunits had a variable
binding to thecwhereunits that was set to the analogous revevkat—wheredinding before

the initiation of production of a sentence.

In order for the model to use thewhatcwherelinks, it had to learn the mapping be-
tweencwordandcwhat That is, it had to learn the meaning of each word in the comprehen-
sion direction. Because the error signal from #inard units, that is, the produced word, was
back-propagated along the weights in the network, error information was weakened as it passes
back in the network. The error signal from outputted words was not sufficient to learwane
to cwhatmapping in a way that would help the overall learning of production. Therefore, to
help these units learn, tlwsvhatunits were provided with the previoughatunits’ activation
as target activations. But since tivat units activation depend on the links from tivbere
units, and initially, the model had not learned to control Wieereunits yet, it did not have
very good targets to give to trmvhatsystem. What happened was the model bootstrapped
word learning, by incrementally learning to comprehend the previously produced semantics.
For example, suppose the model was learning a sentence where the agent was a cat. At the
beginning of training, the network had random weights. To get an error signal twihat
units so that the model could learn tleatord unit cat should be linked to thewhatunit CAT,
the model needs to activate the productiamatunit CAT by activating the agent unit in the
wherelayer. But activation of thevherelayer depended on hidden unit states, and those states
in turn depend orwhereinformation. But slowly, as the model learned to activatewihere
units appropriately in production, thrghatunit activations became more distinctive, and more
error was passed back to thehatunits. Intuitively, the model must learn to pick out the role in
the message that is associated with the word that it hears. There is evidence that children have
similar abilities, in that they can actively guide their attention to elements in a scene to learn
the right meanings for words. Children actually go beyond the model in this respect, because in
addition to being able to control attention in word learning, they also have sophisticated joint
attention abilities to infer intended referenBa{dwin, 1993; Tomasello, 1999

There were a few other details about the Dual-path architecture that should be mentioned.
The hiddenlayer in the Dual-path model was smaller than in the Prod-SRN model (20 units
instead of 50 units), because in this architecture,hidelenlayer did not have the task of
mapping all the message elements into words. GWereunits were soft-max units, which
forces these units to choose one winner and to reduce the activation of competitors. To help
the model to remember what event roles had already been produced, the model also had a se
of context units calle@where2 The cwhere2units summed the activation from the previous
cwhereand cwhere2states. Because tloavhereunits were strongly biased to represent the
present role of theword input, thecwhere2units helped the model to record the history of
roles that the model had gone through.

The hidden units also received inputs from a set of units that held the event semantics of
the intended construction. Theseent-semantiasnits helped the sequencing system to create
appropriate sequences for that construction. The functionality of the event semantics will be
examined by comparing the Dual-path model to the No-event-semantics model, an otherwise
identical model that lacked these features.
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Table 4

Example message (what-where message and event semantics)

Role Features

Action BAKE

Agent MAN

Patient CAKE

Goal CAFE, DEFINITE

Event semantics CAUSE CREATE TRANSFER

Table 4shows how the Dual-path model would represent the example message that was use
earlier A man bake a cake for the cafeBecause this model, unlike the Prod-SRN model,
only used one set of semantic features, the features were not indexed with a number. Th
event-semantidayer held the construction-specific features.

There were two points where the message—lexical and the sequencing systems interacte
One point was a connection from tieddenunits of the sequencing system to thvere
units of the message—lexical system. This allowed the model to sequenadéhneunits,
and that enabled it to produce message-related words in appropriate places. But because t
sequencing network did not have access to the message, it tended to develop representatio
that were independent of the lexical-semantic content of the intended message. That is, it
representations tended to be syntactic, as | show later in an analysis of the hidden units
The second point of interaction between these two systems wasditkunits. Here the
message—lexical system activated meaning-related possibilities, and the sequencing syste
activated syntactically-appropriate possibilities. The intersecting activation from these two
sources enabled the production of message-appropriate words (message—lexical system)
the proper positions in sentences (sequencing system). The use of separate networks for ea
mapping is consistent with work in sentence production that showed that lexical-semantic
factors and syntactic factors have independent effects on sentence struBtoks1(987
Bock, Loebell, & Morey, 199

Because of the complexity of the model, it is useful to present an example of how a fully
trained model would produce the senteAcman baked a cake for the cafawill first demon-
strate the operation of a trained model in production mode and later comment about the dif-
ferences that would occur in comprehension mode. Feed-forward connectionist models brea
down processing into timesteps. In each timestep, activation is propagated forward in the net
work, and for back-propagation networks, error is back-propagated. Before the first timestep
the message would be set in both tieat—whereandcwhat-cwherelinks (seeAppendix A).

In this case, the agemthereunit would be linked to the MAN semantics, the patient linked

to CAKE semantics, and goal linked to CAFE and DEFINITE features (the corresponding
reverse links were set in trmvhatcwherelinks). Once the message was set, there was no
external manipulation of it. Thevent-semanticanits would also be set at this time, and
since the target sentence is using the benefactive dative construction, the feature CAUSI
would be more activated than the feature CREATE, which would be more activated than the
feature TRANSFER. Because the model has learned sentences wherevifyigissemantics
activation values were associated with activationsvbire units that are appropriate for
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the benefactive dative structure, teeent-semanticsnits are helpful for creating the target
order.

After setting the message amdent-semantiasnits, production of the first timestep would
begin. Thecword andcontextunits needed to be initialized to default values at the beginning
of the first timestep, because normally their activation values would come from the activation
of other units on previous timesteps. Téword units would be set to 0, and tleentextunits
would be setto 0.5. Activation would then spread from the “bottocwdrd units) to the “top”

(word units) thus identifying a word output. Because the model is in production mode, it must
produce the first word without any cword inputs (initialized to 0). The model compares its own
output with this target, and the difference (error) is back-propagated to adjust the weights so
that the model will be better at producing this word at the beginning of sentences with message
like this one.

At the beginning of the second timestep, thierd output (i.e.,a) would be copied back
to thecword units. The activation values of thvehatunits at the previous timestep would be
used as target values for tioevhatunits (at this point, this helps the model associateahe
cword activation with the agent lexical semantics (MAN), but since the model experiences
with a variety of different nouns, it doesn’t learn a strong connection to any particular noun).
The activation of thewhereunits would be copied to thewhere2units and summed with the
previous activation of those units. Thentexunits would receive a copy of the previdchigden
units states. Activation would spread up to therd units (since the model is trained, it should
saymanat this point). The model’s output is compared with the comprehended targetaord
and the difference is used to adjust the weight through back-propagation. This process (setting
of copied units and input units, spreading activation forward, back-propagation) continues for
each word in the sentence. In comprehension mode, the only difference would be that the
external comprehended word and the previously produced word would be summed to set the
cwordactivation values.

As I mentioned earlier, a primary inspiration for the representation of the message in weights
betweenwhatandwhereunits was inspired by the distinction in spatial processing between
object and location processing. If visual and other representations are already pre-segmentec
into these types of representations, and if these representations were bound together with tem-
porary links, then these representations instantiate a type of variable representation, where the
location variables can be used to index semantic content. If language makes use of location vari-
ables that are instantiated by other systems, then as long as new concepts could be temporarily
bound to these variables, then the language system could also make use of these new concept
in constructing its sentences. This arrangement would also allow a connectionist model to have
more symbolic abilities, because even if you use statistical learning to develop the sequences
that activate the variables, the variables allow novel elements to be incorporated into these se-
guences. One prediction of this approach is that spatial factors might be influencing language
processing, and in the next few paragraphs, | will provide some evidence for this influence.

The idea that spatial factors influence language has a long tradition within certain linguistic
theories such as Cognitive Grammhbakoff, 1987; Langacker, 1987; Talmy, 199®n these
theories, some syntactic operations are represented as movement through an abstract spati
representation, and therefore these theories are particularly good at explaining why non-motion
events make use of motion vocabulary (as in change-of-states sudis agod went from
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good to badl. The cognitive grammarians argue that non-motion constructions often make
use of an abstract spatial-path of a trajectoo¢d between a sourcegfod statg and a

goal (pad statg, and that allows speakers to talk about abstract state changes as movemer
through a spatial representation. A related claim has been made is that the organization ¢
the spatial system influences the organization of syntactic categogiedau and Jackendoff
(1993) have suggested that the distinction between nouns and prepositions is a direct resul
of the distinctions in the spatial system between object representatitrag @nd location
representationsvhere. The idea that language makes use of perceptual representations is ar
important part of more general accounts of cognition which argue that most of cognition is
inherently modality-specific and involves perceptually represented syntbaisglou, 1999

Developmental psychologists have also argued that spatial representations are importal
in the development of conceptual representatidfsndler (1992)claimed that children an-
alyze multi-modal perceptual information and redescribe that information internally as im-
age schemas (e.g., path, containment, force). These image schemas represent abstract spe
relationships. In particular, they abstract over the concept fillers that participate in these re-
lationships, and simply treat them as variables. By identifying the relationships among the
components of image schemas, children can derive important thematic distinctions like the
difference between animacy and agency. Since children must make use of perceptual infor
mation to derive the distinctions that are necessary for language, it seems reasonable thi
perceptual systems would interface in some manner with language.

Thereis also evidence that the spatial nature of these conceptual representations caninfluen
language acquisition, sometimes in spite of the language input that children receive. An exampl
of this comes from non-conventional usefromby 2- and 3-year-old English speaketsark
and Carpenter (1989pund that children tended to ud®m to mark agents, in cases where
adults would not have marked agents or where a passive would be used with the prepositiol
by (e.g.,He’s really scared from Tommgnd| was caught from you befoyeThey argue that
children are collapsing agents and causes into the spatial source category, which is normall
marked with the prepositioirom (as inHe drove from home to woykThe use ofrominstead
of byto mark agents suggests that source is a default category for agents which is later modifiel
to mark agenthood.

In addition to links between the representations in language and spatial processing, there als
seems to be evidence that links the spatial system to on-line language prod@Gctifam and
Bock (2000)found that eye movements in picture description were coordinated with the order
of elements in sentences that speakers were producing in away that suggested a tight connecti
between the two processes. A system that modularizes language and spatial representatio
by using abstract propositional representations to mediate between them would be unlikely
to show this tight connection between eye movements and sentence structure, because in
modular theory, the mediating representations would make it difficult to map backwards from
syntactic decisions (e.g., passive structure) to eye movements (e.g., look left). But in a theon
with spatial organized messages, where production can be seen as movement of attention ov
spatial variables, it is easier to understand why syntactic processing and eye movements shou
be so closely coordinated.

If language and spatial representations are related, how should this relationship be imple
mented? In the Dual-path model, | have made the assumption that the link between spac
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and language is limited to the organization of the message. There are two ways that spatial
properties have influenced the representation of the message. Firstis in the separation betweel
object characteristicsmpha) and their relational characteristicatferg into separate banks
of units with bindings between them. This has the concrete effect of reducing the number of
units that are needed to represent the message (the Prod-SRN used 130 units and the Dual-pat
used 56 units). The second is that the event roles that are instantiatedvingteeinits can be
thought of as corresponding to components of a spatial “path.” The evidence from the linguis-
tics (Jackendoff, 1990; Lakoff, 198and developmental literaturelgléndler, 1992 suggests
that the distinctions present in thematic roles (agent, patient, experiencer, etc.) can arise from
elaborations of spatial roles like source (start of event), theme (object in center of attention),
and goal (end of event) that represent a path for an evenR@gier, 1995for a connection-
ist model that makes use of a path representation to model the cross-linguistic acquisition of
preposition use). This idea is implemented in the model by collapsing thematic-roles distinc-
tions into three spatial roles. In the description of the message representations, | labeled these
rolesagent patient goal, so that they would map onto the appropriate label for most of the
sentences in the grammar. But becausatentslot collapsed agents and causes, it could also
be labeled as an abstratturcerole. Likewise, theatientslot collapsed patients, themes, and
experiencers, it could be also be relabeled as an abstetteor objectrole. And thegoal
slot represents the roles of goals, recipients, and locations. The distinction among the different
thematic roles that used a single spatial role was represented in the event semantic features
that were associated with these units (e.g., experiencers had the feature EXPERIENCE, which
distinguished it from other patients). As with the what—where distinction, the spatial-path ap-
proach to thematic roles also had the effect of reducing the numbenereunits needed to
represent the message.

While none of these linguistic, developmental, and processing findings is definitive, there
is a growing consensus that language and space are interrelat®&lqsee Peterson, Nadel,
& Garrett, 1999 for a recent summary of this issue). This consensus suggests that we should
prefer models that provide a means of linking language and space over those that make no suct
link or make it very indirectly. Thevhat-whererepresentation in the Dual-path model reflects
this preference.

2.3. Two alternative architectures: the No-event-semantics and Linked-path models

The existence of variables in the Dual-path model should lead to symbolic abilities in the
model. But what is often not recognized by advocates of symbolic theories is that variables
require a lot of information to control their use. Having a variable called AGENT does not tell
you that agents can occur in the subject position in active English sentences dnelihrase
in English passives (or that they are marked by the panticle Japanese passives). Rather,
language users must learn to use variables in a way that is appropriate to a particular language
The Dual-path model has two characteristics that constrain how variables are used. One is
the event semantics, which provide the sequencing system with information about the type of
structure that will convey all of the variables in the message. The other is the architecture of the
model, which allows the model to ignore the content of the variables when it decides how to
use them. To show that these factors influence symbolic generalization, the Dual-path model



F. Chang/Cognitive Science 26 (2002) 609-651 625

will be compared to two models: one that lacks ¢vent-semantiasnits (No-event-semantics
model) and another that violates the architecture of the Dual-path madké@-pathmodel).

First, considerthe No-event-semantics model. Itwas designed to be identical to the Dual-patl
model, except thevent-semanticanits were disabled. Disabling these units prevents the
sequencing system from getting information about the intended message, and this makes if
representations more syntactic. The sequencing system can only make predictions based on't
lexical items that it has produced or comprehended previously. For example[Ditiligpath
model has thevent-semanticieature TRANSFER activated, then the model can use that to
restrict sentential subjects to animate nouns, since dative subjects in the grammar tended
be animate. But without that information, the model will tend to activate all nouns, because
over all the constructions in the grammar, the subject of the sentence could be animate o
inanimate. So, a model without event semantics should learn syntactic structures and linl
them to variables in the message—lexical system. Therefore, the No-event-semantics modt
implements the idea that syntactic rules and variables are all that a system needs for symboli
generalization. If the Dual-path network is better than the No-event-semantics model, then tha
suggests that variables are not that useful without information that guides their use (in this cas
event semantics).

The comparison between the Dual-path and the Linked-path model is an attempt to show
that symbolic capabilities are not necessarily associated with the most complex models. The
Dual-path model has variables and a special architecture, so it might generalize better tha
a simpler model like the Prod-SRN model. While it is generally true that simpler symbolic
models have fewer capabilities than complex models, connectionist models that use learning t
develop their internal representations tend to be opportunistic in their use of information, and
therefore more complicated models have nminegpropriateways to learn to represent a task.

To demonstrate this, the Dual-path model will be compared with an identical model that
has a link between thehatunits and théniddenunits. This removes the separation between
the pathways. This Linked-path model can use thekat-hiddenweights to make use of
message information in the sequencing system, and should therefore develop representatio
that are more optimal for the particular sentences in the training set. This optimization would be
expected to reduce the ability to generalize symbolically. If the Dual-path model generalizes
better than the Linked-path model, it can be concluded that the separation of the pathway:
plays an important role in the acquisition of production skills.

2.4. Model comparison experiments

To summarize, four different model architectures were compared (Prod-SRN, Dual-path,
No-event-semantics, Linked-path). The Prod-SRN used the binding-by-space message, whil
the others used the what—where message. The No-event-semantics model was the same as
Dual-path model, except the sequencing system did not haveveh@-semanticsnits. The
Linked-path model was the same as the Dual-path model, except the sequencing system he
access to the lexical semantic content of the message througth#tehiddenlinks.

Four different training sets (501 sentences each) were created using different random seed
For each of these sets, the Prod-SRN, Dual-path, No-event-semantics, and Linked-path mode
were trained for 4,000 epochs. This amount of training resulted in good accuracy within that
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amount of time. On analogy with human subjects where different people experience different
sentences in their lifetime, the labelodel subjectvill be used to refer to differences that

are due to a particular training set. So, each model type had four model subjects, yielding a
total of 16 models. Model weights were initialized to random values betwdesnd 1. Every

200 epochs during training, each model was tested on its own training set and a set of 2,000
randomly generated test sentences that was the same for all model subjects. A sentence wa
accurately produced if the most activated output word (whose activation was higher than the
threshold 0.5) matched the target output word for every position in the sentence. The dependent
measure in the analyses was the percentage of sentences that were accurately produced in ea
of the sets.

Averaged over all the model subjects, all of the model types achieved higher than 98%
accuracy on the training set by the end of trainifgg( 3. They differed somewhat in the
time that it took to reach achieve that accuracy level (Prod-SRN reached it after 3,000 epochs,
No-event-semantics reached it after 3,600 epochs, Linked-path reached it after 1,200 epochs,
and the Dual-path reached it after 1,400 epochs), but their final accuracy level at 4,000 epochs
shows that the architectures ultimately did not differ in their ability to represent the knowledge
needed to produce the sentences in the training set.

Totestoverall generalization, | looked at the accuracy on the set of 2,000 test sentences gener-
ated randomly from the grammadi@. 4). On these test sentences, the differences among the ar-
chitectures were evident. The Prod-SRN model never generalized very well. Even as the training
accuracy reaches 99%, the testing accuracy never climbs above 13%. The No-event-semantict
model did better, reaching a final accuracy of about 52%. The Dual-path and Linked-path
models jumped above 70% after 1,200 epochs (as the models were reaching the maximum
accuracy on the training set). Here the two diverge, and the Dual-path model reached 79%
while the Linked-path model fell to 68% accuracy. A repeated measures analysis of variance
(ANOVA) was performed on the accuracy at epoch 4,000 for all four model types with training
set as the random factor. Model type was signific&@] 9) = 63.9, p < .0001]. Pairwise
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comparisons were performed between the different model types, and all differences were sig
nificant [Fs(1, 9) > 10.2, ps < .02] except the difference between the Dual-path model and
the Linked-path modelf (1, 9) = 4.2; p > .07]. The large differences in the generalization
abilities at epoch 4,000, when the training accuracy is the approximately the same, sugges
that the architecture plays a crucial role in a model’s ability to generalize.

Another point to notice is that the Dual-path model did not lose its generalization ability
after it reached 99% accuracy on the training set. Instead, the model continued to improve
going from 76% at epoch 1,400 to 79% at the end of training (epoch 4,000). So, the Dual-path
model seems to avoid overfitting the training set. Overfitting is a problem for generalization in
error-based learning systems, especially when the model has too many widigitizs Krogh,

& Palmer, 199). Normally, the better adapted a model is to the particular characteristics of
the training data, the worse it becomes at dealing with new data. The Linked-path model may
suffer from overfitting of the training set, because at epoch 1,400, its testing set accuracy
reached asymptote, and began to decline. To test that the Linked-path model is overfitting, th
difference in the sentence accuracy between epoch 1,600 and 4,000 was computed for all mod
subjects in each model type (epoch 1,600 was used to insure that all Linked-path models ha
reached asymptote). The mean difference was negative for the Linked-path mOded),

while it was positive for the other models (Prod-SRNO0.03, No-event-semantics 0.004,
Dual-path= 0.008) (model type was significant,(3, 9) = 8.0, p < .0065). Comparisons of
these differences revealed that the Linked-path was worse than the Dual-path Adgé) [=

8.3, p < .02]. Eventhough the Dual-path and the Linked-path models both maintained the same
level of accuracy on the training set for this period, the Dual-path continued to improve and the
Linked-path degenerated. A likely account of this is that the Linked-path model took advantage
of the message information in thdatunits to help the model’s sequencing system to memorize
regularities in the training set. But this is the wrong thing to do if it wants to generalize to new
sentences. The Dual-path model avoided overfitting because its isolation of lexical-semantic:
and sequencing kept message-specific knowledge from reducing generalization.
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2.5. Dog-goal test

One part of symbolic generalization is the ability to bind words to novel event roles, and
generate sentences that convey those novel meanings. In the training of the model, the grammal
was constrained so that the watolgwas never allowed to be the goal of the sentence. By testing
the model on messages where the goal was bound to DOG, we could see whether the model
can generalize its experience with other goals to produce these novel sentences correctly. One
hundred test sentences were randomly generateddedim the goal slot. Using the weights
at epoch 4,000, all four model subjects for each of the four model architectures were tested on
this dog-goal test set.

The dependent measure for this analysis was the percentage of sentences for which all
the words match the target sentence exactly, or the overall sentence accuracy. The Prod-SRN
model produced 6% of the dog-goal sentences corrdeity §). The other models generalized
fairly well (No-event-semantics model 55%, Linked-path model 67%, Dual-path model 82%).
An ANOVA was performed, and model type was significaf{(3, 9) = 96.7, p < .0001].
Pairwise comparisons showed that all differences were signifiéa(t[9) > 6.6, ps < .03].

The dog-goal test helps to explain why the Dual-path and Linked-path models were better
than the other two models in the previous test of generalization using the 2,000 test sentences.
While all the models achieved good accuracy at the sentences that they were trained on, it is
likely that the novel test sentences had words in roles that had not been trained before (the
training set was relatively small compared to the possible sentences that the grammar can
generate). The Dual-path, Linked-path, and No-event-semantics models derived some benefit
from the dual-pathways architecture, which allowed the same semawties (nits) to be
used for different roles. So, if you learned to shgin any of these models, there was a link
from the semantic unit DOG to the word unlibg and this allowed it to be said in different
sentence positions. The Prod-SRN used a binding-by-space message representation, wher
different roles had their own set of semantic units. Since the training set did not include any
sentences with dog as the goal, the semanticddgiin the goal slot (DOG3) had never been
associated to any other units, so it would not be able to use this unit to activate the word
dog, and this would keep it from producing it in the appropriate position. It also seems that
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Fig. 5. Dog-goal test result.
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the event-semantics information is crucial, because the Dual-path model was better than th
No-event-semantics model. Event-semantics information helped the sequencing system kno
that the message had a goal and that the goal tended to occur in certain sentence positior
This helped the model sequence the GOAhereunit at the time when the goal should be
produced. And, the difference between the Dual-path and Linked-path models suggests the
the Linked-path model was including lexical-semantics in its dative syntactic representations
(e.g.,dogcan’t follow to), and that hurt its ability to produce novel dog-goal sentences. So,
the dog-goal test showed how slot-independent lexical mapping, event-semantics information
and abstract syntactic frames work together to effect symbolic generalization.

2.6. Ildentity construction test

The dog-goal test was a good test of the ability of the models to generalize a word to a
novel sentence position. But this test might overestimate the generalization abilities of the
models, because the goal often occurred at the end of the sentence in many construction
and so we do not know if the model would be able to continue to generate structure after
producing a word in a novel position. Also, it could be that accidental distributional properties
of the dative construction were influencing generalization. Consequently, another test was
carried out. Inspired biarcus’s (1998klaim about the inability of SRNs to produce novel
sentences lika blicket is a blicketthis identity construction will be used to see how well these
models generalize. This identity test takes advantage of the accidental fact that in the randor
generation of each training set, only a subset of words used the identity construction. (Recal
that existence and intransitive verbs were less frequent than other verbs in training.) Nove
identity construction sentences were randomly generated for each model subject (the actu:
number varied between 48 and 58 because each training set had different identity sentence:
The four model subjects for each model architecture were tested on these sentences at epo
4,000 Fig. 6). The difference between the Dual-path model and the other three models was
quite dramatic. The Dual-path model had an 88% accuracy, while the other models do nof
get above 44%. An ANOVA was performed and model type was signifida(8,[0) = 5.1,

p < .03]. Pairwise comparisons found that the Dual-path model was superior to the Prod-SRN
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Fig. 6. Identity construction test results.
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and No-event-semantics modelkq1, 9) > 9.6, ps < .02] and marginally superior to the
Linked-path [F(1,9) = 3.6, p > .09].

The fact that the Dual-path model does better on this test is not that surprising given the
dog-goaltest. Whatis surprising is how bad the other models are at producing novel words in this
simple construction. In all the models, the identity construction used the patient slot to instanti-
ate the single argument of this construction. All the models had experience mapping some words
from the patient slot to both pre- and post-verbal sentence positions with other constructions.
Even though they had this experience, they still were not able to make use of this information to
help their generalization. Instead, they developed sequencing representations that were specific
to the particular words that they had experienced in this construction. The Prod-SRN and the
Linked-path models in particular were probably learning lexical-semantic-specific mappings,
while the No-event-semantics model probably learned that thels®réas followed by the set
of nouns experienced in training. The separation of lexical semantics from sequencing in the
Dual-path model allowed the sequencing system to avoid using lexical-semantic information
in its representation of the identity construction, and the event semantics helped the Dual-path
model strongly activate the message—lexical system at the appropriate time to overwhelm any
lexical-specific sequencing regularities that the sequencing system had picked up.

While the “identity construction test” is similar tdarcus’s (1998A blicket is a .. test,
it differs in that the models being compared here had previous experience placing the nouns
into both surface positions. In Marcus’s test, a novel walidketis used; the human does
not have experience placing the novel word in either sentence position. But even though the
models have the previous experience placing houns into these positions, the Prod-SRN and the
No-event-semantics models cannot make use of this experience to increase their generalization
Of the models that | compared, only the Dual-path model gets this right.

2.7. Novel adjective-noun pairing test

Both of the two previous generalization tests involved placing a noun in a structure that it
was not trained in. This ability is the natural outcome of incorporating variables that are bound
to the semantics of phrases, because phrase ordering knowledge can generalize over thes
variables. One question is whether all symbolic generalization in the model requires that each
element have its own variable. This question can be addressed by looking at novel sequences
within noun phrases, because phrasal semantics was bound to axgiegdenit and therefore
the phrase internal elements were not given their own variables. To test this in the model, |
exploited restrictions on adjectives in the training grammar. The grammar restricted adjectives
so that they could only pair with appropriate nouns. There were two kinds of adjectives, those
that were restricted to animate entitiescg, silly, funny, loud, quie?) and those that were not
restricted good red, blue, pretty, young old). So, dogs could be nice, but cakes could not
be nice. But both cakes and dogs could be old or good. In all the previous training and test
sets, these restrictions were enforced. People, however, can make metaphorical extensions o
animate adjectives to inanimate elements. For example, a car can be nice if itis easy to maintain.
Or awall can be silly if it is painted in a crazy fashion. We can see if the model can generalize
symbolically without using separate variables if it can produice caror silly wall when the
message calls for it.
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Fig. 7. Novel adjective—noun pairs test result.

One hundred randomly generated test sentences were generated with animate adjectiv
attached to inanimate nouns. All four model subjects for each model type were tested or
this novel adjective-noun test set at epoch 4,08@.(7). Again, the Dual-path model was
best, producing 73% of these sentences correctly. The Linked-path model produced 53%
No-event-semantics model produced only 32% correct, and the Prod-SRN was worst at 2%
correct [F(3,9) = 331, p < .0001, pairwise comparisons found that all differences were
significant, Fs(1,9) > 6.9, ps < .03]. The ability of the Dual-path model to generalize
better than the other models in this case is not primarily due tatte-wheresystem, as in
the previous two tests. In the earlier tests, if the model produced the appraophieteunit at
the righttime, then the models would have a good chance of generalizing symbolically. Because
both adjective and noun semantiegh@t units) were connected to the sambereunit, the
same strategy would not work in the case of phrase-internal sequences. Rather the model h:
to develop a way to sequence words in a symbolic manner without using variables.

For thisto occur, the model had to get two things right. First, the appromriaeeunit for the
phrase had to be activated. The No-event-semantics model probably did not activatestieis
unit appropriately, because it did not know anything about the message. The second part wa
to sequence the words within a phrase without reference to their co-occurrence frequency. Th
Prod-SRN model should record lexical-specific co-occurrence frequency, because its hidde
units have access to the semantics of the whole phrase, and so they will prefer that thes
adjectives be followed by animate nouns. The Dual-path and Linked-path models were able
to meet both requirements for producing these novel phrasesvéts-semantickelped it
activate the rightvhereunit at the right time. And the compress units in the sequencing system
kept the models from recording lexical-specific co-occurrence frequencies. The fact that thes:
models can do this metaphorical extension suggests that the model has developed a symbo
ability to sequence words within phrases, in addition to its ability to symbolically sequence
phrases within a sentence.

2.8. Conclusions about symbolic generalization in different architectures

Why was the Dual-path model better at generalization than the other three models? Ther:
were three dimensions that were manipulated in these comparisons. One was the message ty|
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The Prod-SRN had a slot-based message, while the other three models hddhthehere
representation. Theghat-wheremessage allowed those models to learn syntactic structures
which used thevhereunits to activate variable information in the links. Over all the compar-
isons, the models with thehat-wheremessage were better than the Prod-SRN at generalizing,
and so it seems that there is a definite benefit to using this type of variable representation.

The second dimension was the architecture of the network. The issue was whether a sep-
aration between the message and the syntactic representations was needed to achieve goc
generalization. This comparison can be seen in the differences between the Dual-path network
and the Linked-path network. These networks were equivalent except that the Linked-path
network linked the two pathways, and this allowed the syntactic representations to use the
information about the message that was being produced. The Dual-path model was clearly
better than the Linked-path model in the magnitude of all generalization measures (signifi-
cantly better in two comparisons and marginally significant on another two). This comparison
shows that the architecture plays a crucial role in keeping the model from learning the wrong
representations for symbolic generalization.

The third dimension that was manipulated was the presence or absence of event-semantics
information. While it is true that the Dual-path model did better than the No-event-semantics
model on all measures, its higher performance cannot be solely due to the existence of
event semantics. Recall that the Prod-SRN model’'s message representation also had this
event-semantics information. In the Prod-SRN model, event semantics could help the learning
of sequencing constraints, but it had to learn the individual combinatorial relationship between
the event-semantics features in its message and each of the semantic-lexical mappings sepa
rately. In the Dual-path architecture, the event semantics was connected to an SRN that was
blind to the message and able to sequence variables throug¥htreunits. So, in this net-
work, the value of the event semantics was increased, because it was used to sequence variable
within abstract frames.

Given that this paper addresses the limitations of connectionist modeldanats (1998)
points to, it is worthwhile to frame the model comparison in terms of his notionti@filsing
space Marcus argues that multi-layer connectionist models that use back-propagation do not
generalize beyond their training spadéafcus, 2001 The training space is the set of input
feature values that have been experienced during training. These input feature values have
associated output outcomes, and so the model can interpolate between input values to find in-
terpolated output values. But outside of the training space, these models cannot extrapolate to
find appropriate output values. While all four model types received the same training set within
amodel subject, the architecture of the models created different training spaces for each model.
The Prod-SRN model has a message where each role occupies different units. That means tha
its training space is role-dependent, where each word’s semantics has to be trained in a particu-
lar role to generalize appropriately. In the other three models, there is only onendettahits
that represents lexical semantics for all the event roles. If the model learns to produce a word
correctly, then that word’s semantics is in the training space. And because the Linked-path
and Dual-path models have the event semantic units, the ability to produce one sentence in a
construction correctly with the event semantic inputs allows other sentences in that construc-
tion to be in the training space. The problem with the Linked-path model is that the sequence
representations that it uses are contaminated with lexical-semantic information, because of the
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link between the message—lexical system and the sequencing system. The Dual-path mod
overcomes this limitation by isolating these two systems, forcing the sequencing system tc
only use a limited number of syntactic categories to make the distinctions that will be useful.
The Dual-path model is successful at capturing the character of human sentence generalizatic
because the training space of the Dual-path model is divided into constructions (which oper-
ate on syntactic categories and variables) and lexical-semantic representations (which sele
words), and this way of dividing up language seems to be appropriate for characterizing humar
language use.

The most surprising aspect of this model comparison is the relationship between vari-
ables and symbolic generalization. From the literature on symbolic generalizetdor(&
Pylyshyn, 1988 you might expect a straightforward relationship between the existence of
variables and the ability to generalize to novel elements. But the novel adjective—noun pair-
ings show that symbolic generalization can arise without separate variables for each elemen
and the No-event-semantics model showed that variables without meaning do not generaliz
well. These comparisons suggest that symbolic generalization in language production is reall
several separate types of generalization. Interaction between variables and syntactic categori
will yield one type of novel pairings, while event semantics and variables will yield a different
kind.

3. Hidden unitsanalysis

In order to understand how each pathway in the Dual-path model works, it is valuable to
examine the activation of the units in the model as they process sentences. It is useful t
look at thecompresaunits to understand the sequencing system, because these units directly
influence the production of words, and so the effects of the sequencing system on words must b
propagated through this layer. To see how the message—lexical system works, it is not as usef
to look at corresponding input to tieord units, thewhatunits, because thehatunits depend
on the message-specifihere-whatlinks. So, | looked instead at the activation of thkere
units, which were less message-dependent. As a single Dual-path model was tested on the no\
2,000 sentences test set at end of training (epoch 4,000), the activationvadi¢heand the
outputcompressinits was recorded. There were faunereunits (agent, patient, goal, action)
and 10compressinits. The average activation of these units for one model subject when tested
on the 2,000 novel sentences was calculated, and the results were quantized into five distin
levels, to make the similarities between units more evideatile 5. Because of this averaging,
the most diagnostic information comes from the strongly activated units (dark elements in
table), because the less activated units could reflect the averaging of strong and weak elemer
over different sentences. The activation of these units was averaged by syntactic class wit
verbs separated by verb class (intransitive, transitive, psych, change-of-state, cause—maotio
spray—load, dative).

First consider thecompressunits, which represented the output of the sequencing sys-
tem. Here, the goal was to test the claim that these represent syntax-like states in the mode
While the activation was quite distributed, there were some clear patterns. Verbs mainly usec
the units C1, C2, C4, C5, C10 to activate the appropriate verb, and similar verb classes
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had similar activation patterns. C6 and C8 seemed to be more specialized for phrasal el-
ements like nouns, adjectives, prepositions, and determiners. Nouns and adjectives sharec
the same units except nouns also activated C4. Determiners and prepositions both had many
units activated. Auxillary and intransitive verbs shared C3 and C5. Syntactic categories that
had more activated units in this layer depended on the sequential system more than other
categories, and therefore closed class words seemed to depend on this pathway more thar
open class elements. Thus, tmmpresanits use distributed representations to encoded im-
portant syntactic knowledge such as major syntactic category distinctions and verb class
information.

The activations of thahereunits as a function of syntactic category tell a different story
(Table § right side). Thewhererepresentations were not strongly differentiating these cate-
gories. The action role (AC) was active for verbs, prepositions, determiners, and nouns. The
agent role (AG) was active for determiners, nouns, adjectives, auxillaries, and intransitive
verbs, and the patient role (PA) had a similar pattern except prepositions were activated by
this role. The goal role (GL) was active for prepositions only. So, some syntactic informa-
tion is available, but the distinctions among the categories is not strong. Also, verb class

Table 5

Averaged activations afompresainits andwhereunits by syntactic categoty
Syntactic categories and Compress units Where units
verb classes cl|c2|c3|ca|cs|ce|c7|cs|co|cClo|AC | AG | PA|GL
Determiners e E [ ] | A1 BE BE BR BN |
Adjectives ] [ | | H N
Nouns m [ | | H B
Prepositions H E N mm L BN | | AN |
Auxillaries [ ] n |
Intransitive verbs H » H B RN
Transitive verbs [ | [ | L |
Psych verbs [ | [ | HE
Change-of - state verbs H R | Bl | = | BN |
Cause-motion verbs H B | |
Spray-load alternation verbs | |l | H B | |
Dative alternation verbs ] [ ] LN |

aFive levels of activation: black= high, white= low.
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distinctions were not maintained in these units. So, it would seem that the sequencing systern
rather than thevhat-wheresystem, was responsible for much of the syntactic behavior of the
model.

To understand how thehereunits influence processing, a second analysis was done, looking
at activation of these units given a particular sequence of syntactic categories. In English
sequences of syntactic categories encode role information, and adéneunits should be
more defined when grouped on the basis of the preceding sequence. The unit activations can
from a single Dual-path model tested on the 2,000 novel sentences at epoch 4,G0fel6
the average activation of units is given for a syntactic category in a particular sequence (market
in bold). For example, if we had a sentenidee man gave a cake to the cHie state of the
compres@andwhereunits would be recorded for each word in the sentence. These states were
averaged over the sentences with similar sequences of syntactic categories in the novel 2,0(
sentences test set to get an aver@a§d NOUN VDAT DET NOUN PREP DET NOUstate
representation, and this was placed ihable 6 At the end of the table, the average activation
for a prepositional dative sentence with the wdaodjin the prepositional phrase was appended
for comparison with other nouns. Two other lines were also appended to show the averag:
activation for prepositional phrases with an adjective.

Table 6

Average activation ofompres@&ndwhereunits predicated on syntactic sequences
Syntactic categories sequence Compress units Wiere units
(bold marks position) Cl|C2|C3|C4|C5|Co6|(CT|CB|C9|Cl0O| AC | AG|PA|GL
DET N VDAT DET N PREP DET N P EEE N HE R O N
DET N VDAT DET N PREP DET N [ | [ ] [ ] [ |
DET N VDAT DET N PREP DET N B m I L]
DET N VDAT DET N PREP DET N BE B | ] H EH B B ||
DET N VDAT DET N PREP DET N [ | [ ] ] [ |
DET N VDAT DET N PREP DET N B R B HE 2 B B | AN
DET N VDAT DET N PREP DET N Bl B BR BR AR | H E R |
DET N VDAT DET N PREP DET N [ | [ | [ | |
DET N VDAT DET N PREP DET DOG [ | [ | [ | | |
DET N VDAT DET N PREP DETADJ N | |l [ | | ||
DET N VDAT DET N PREP DET ADJ N m [ | [ | ] |
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As the model produced the sentences, the activation of/tiezeunits tracked the phrases
that the model was producing (the sentefite man give the cake to the aaill be used
as an example). As it produced the subjp&T N (e.g., the man), the agent (AG) unit was
activated strongly. Then it turned off as the action unit (AC) was activated and the dative verb
(VDAT) (e.g., give) was produced. The next noun phrase started with both patient (PA) and
goal (GL) activated, but as the patient phrase won (¢hg.cakg, the GL unit was shut off.

This demonstrated the incremental nature of the model’s decisions about structure selection,
because if it had planned the sentence structure earlier, GL would be deactivated from the
beginning of the production of the patient phrase. Once the patient phrase and the preposition
were produced, the model produced the goal phrase by activating the GL unibh@azj. This

GL unit stayed activated through the whole phrase. Because the lexical-semantic information
was embedded iwhere-what links, the sequential activation @fhereunits is exactly the
behavior that we would expect in order to extract this information at the appropriate moment.

There is some independent support for thinking of sentence production as a process that
involves moving attention over eventroles, or the sequential activation and deactivation of roles
from the study byGriffin and Bock (2000mentioned earlier. They found that when speakers
describe pictures of events, they tend to fixate on the picture elements right before naming
them in their sentences. They found that this fixation depended on the syntactic structure
that they actually used, which suggested that the syntactic structure and eye movements are
linked in some manner. Production theories with static message representatiorSh@ng,
et al., 2000 would not predict that eye movements would be so synchronized with structural
decisions. The Dual-path model, however, used message representations that were spatially
represented invhere-what links, and which were dynamically activated during production.
During event description, activation of the appropriatereunit might be related to focusing
attention on elements in a scene. If this were the case, then both structural decisions and eye
movements would be related to the activatiowbfereunits, and this provides a reason why
syntax and spatial processing might be synchronized.

Incrementality can also be seen within noun phrases. When the model produces noun phrases
that have an adjective (DET ADJ N) versus those that don’'t (DET N), the activation values for
the word after the determiner (DET) do not seem to differ. In bottoifabie § the activation
states for both theompresaunits andwhereunits were identical for the production of the
noun in the sequence. PREP DETN (e.g.,cat) and the production of the adjective in the
sequence.. PREP DETADJ N (e.g.,red). What this shows is that the model did not plan
to produce either the adjective or noun specifically at the point after the determiner. Rather, it
simply produces the word that was most activated at that point in the sentence. If the adjective
was produced, then the model activated C4 and deactivated C1 to produce the noun at the
next timestep. If the noun was produced, then the model was done producing the sentence.
So, the model was being incremental at various points in processing, which is consistent with
experimental work in language production demonstrating that sentence construction is sensitive
to the lexical availability of words at different points in processiBgd¢k, 1986 Ferreira &

Dell, 2000.

The hidden unit analysis can also help us understand how the model generalized words to
novel positions as in the dog-goal test. When we look at the activation pattern for nouns that
have beentrained in the goal role (PREP DET N, it is no different for nouns that were never
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trained in that role.(. PREP DET DOG. The model learned to treat this novel message in a
way that was identical to the other messages in this construction. Because of the architectur
of the Dual-path network, this ability was due to #eent-semanticsnits, in concert with

the cwhereinformation, activating the goal unit at the appropriate moment in the sentence.
The mapping fromevent-semanticgnits towhereunits was not novel (it was shared with all
dative sentences), so the model could sequence any word that was attached to the goal unit. T|
equivalent mapping in the Prod-SRN involved mapping from role-specific semantic units like
DOG3 in the goal slot to the appropriate sentence position. DOG1 and DOG2 had been traine
before, but DOG3 had never been used before, and that was why the Prod-SRN model faile
to generalize properly. DOG3 was not in the training space of the Prod-SRN model, becaust
it was not explicitly trained. So, the Dual-path model uses the event semantic information to
select the appropriate sequencevbireunit activation for both sentences that it has produced
before, as well as sentences with novel lexical items.

The hidden unit analysis tells us several things about the Dual-path model. First is that
syntactic categories are represented primarily in the sequence system using distributed repr
sentations, while the activation of théheresystem seems to reflect the target phrase that is
being produced. Second, processing in the model is incremental, and this incrementality ca
be seen in the way that lexical factors influence structure selection, and the sequencing of th
whereroles. The third point is that the model seems to be treating novel sentences in a way
that is identical to the way that other sentences in that construction are treated.

4. Constraining overgeneralization: Baker’s paradox

Inthe previous sections, | concentrated on the computational properties of the model and hov
these computational properties led to symbolic behavior. Humans exhibit symbolic behaviors,
but these behaviors also seem to be constrained by statistical regularities. Since the Dual-pa
model implements symbolic processing with a statistical learning mechanism, we should be
able to see the influence of these types of regularities on some aspect of the model’s behavic
in a way that is functionally similar to some aspect of human behavior.

A useful domain to look at the role of statistical processing is the way that verbs are paired
with structural frames. Unlike nouns, verbs seem to be more selective about the structures thg
they can be paired with, and this relationship seems to be probabilistic, that is, it is graded.
While nouns are easily paired with sentence frames, verbs are less easily paired with frame
that they have not been heard ifo(nasello, Akhtar, Dodson, & Renau, 199The problem
of constraining verb generalization is a problem for symbolic systems, because verbs anc
nouns are both controlled by variables. The same mechanism that gives nouns their ability
to generalize to different frames might, one would think, also give verbs the same abilities.
This property of symbolic systems has led to a learnability problem that was first described by
Baker (1979)and which is referred to as Baker’'s parad®xdpen et al., 1989 The paradox
arises from the fact that children both seem to be able to overgeneralize a verb to a novel fram
and yet they are reluctant to do so. This behavior could be explained if children started with a
tendency to overgeneralize, and gradually learned to constrain that generalization because
negative evidence from their parents. But adults do not give enough detailed direct negative
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evidence for children to avoid overgeneralization, and so it is a puzzle how they learn to
constrain themselves.

The Dual-path modelimplemented symbolic processing in aframework that used a statistical
learning algorithm, and so the same questions about verb generalization could be applied to
the model. If the Dual-path model is simply a symbolic system that generalizes freely, then it
may also be subject to Baker’'s paradox, because the training set does not provide the type of
information necessary to restrict generalization. Specifically, the model never received negative
evidence that verbs could not occur in alternative constructions, so we would expect that all
verbs would generalize equally well. If, on the other hand, the model is simply a statistical
learning system, then we might expect that verbs would not generalize to novel frames, because
these novel pairings have a statistical frequency of zero. But if the Dual-path model employs
the right mix of these symbolic and statistical properties, it should exhibit properly constrained
generalization.

The experimental evidence for Baker’s paradox can be segrojpen et al.’s (198%xperi-
ments. Intheir third experiment, they taught a novel verb in a neutral frame while demonstrating
a transfer action (e.g., X moves Y to Z while sayihfis is norping. They then tested the
child’s ability to produce the novel verb in a double object frame (&au,norp me the ball
They also asked the child to describe the action using a known dative verly¢eigive me the
ball). They elicited 78% double object responses for verbs that the child knew before the exper-
iment (e.g.give) and 41% double object responses for novel verbs (@ogp). Sincenorphas
never been associated with the double object frame, the child has no statistical evidence that
norp can go in that frame, and they should not be able to produce any double object responses
if this evidence is the sole basis for use. But that is incorrect. If the way that children generalize
is to use a variable (ACTION= norp) and a frame with variable AGENT ACTION GOAL
PATIENT), then we would predict that they would userpas much as other verbs that they can
use in that structure (e.@ive). But they don't. The fact thatorpgeneralizes at an intermediate
level suggests that neither of these accounts, by itself, can explain the generalization.

To examine Baker’s paradox in the model, 30 messages that would produce double object
dative structures using the vetlwrow (e.g., The boy throw the girl a cypwere generated.
Several other lists were created by replacing the action semanticstbfdmesentences with
the verbsdance hit, chase surprise pour, andload. In training, onlythrow occurred in the
double object frame. The other verbs never occurred in this fr@aeceonly occurred in
the intransitive constructiorHit, chase surpriseoccurred only in transitive and benefactive
frames. The verpouroccurred only in the cause—motion frame. The Vedunoccurred only in
the cause—motion frame and the change-of-state frame. To create a double object dative test set
the goal argument was made more prominent (by setting the event semantics unit TRANSFER
to be more active than MOTION), which made the double object the target structure. All four
model subjects for each model type were tested with all seven of these test sets.

Fig. 8shows the average sentence accuracy on the seven test sets in the Dual-path model a
epochs 1,000, 2,000, 3,000 and 4,000. For the tladw, which was trained with the double
object structure, the model achieved a high level of accuracy (above 95%) after 2,000 epochs.
The other verbs were not trained in this structi@ur generalized well to this structure above
78% after 2,000 epochkoadgeneralized at 86% at 2,000 epochs, but fell to 56% by 4,000
epochs. The verbsurprise chase andhit generalized above 27% at 1,000 epochs, but fell to
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Fig. 8. Accuracy of generalization to double object dative frames.

5% at 4,000 epochs. The vatbhncenever generalized to the double object structure. Although
none of the test verbs excaptowhad training in the double object structure, there were several
different degrees of overgeneralization. Some verbs generalized in a free variable-like manne
(e.g.,pour), while others generalized in a way that reflected the co-occurrence properties of
the construction and that verb (e.dancg. If we compare the model with the children, we
can look at epoch 1,000, which approximates the model’s childhood state. At epoch 1,000,
the model produced 70% double objects for verbs that it had experienced in the double objec
dative frame (e.gthrow) and 36% double objects for verbs that had never appeared before in
this structure (average chasedance hit, load, pour, surprisg, which shows that the model

can capture the intermediate nature of generalization that Gropen et al. found.

The developmental pattern of the model also resembled the way that generalization change
in children. The model initially was unable to produce any sentences, but as it learned the
language, it started to overgeneralize between epoch 1,000 and epoch 2,000. This overgene
alization was slowly reduced as the model continued to |eaunprise chase hit, andload
showed this pattern. The pattern was partially due to differences in the speed that the twc
pathways in the model learned their corresponding representations. The mapping from ever
semantics through the message—lexical system is shared with all the sentences in a constru
tion, and so it is learned quickly. This allowed the model to overgeneralize. The mapping from
thecwordunits through the sequencing system towloed units requires lexical-specific learn-
ing, and this takes longer to constrain generalization. This knowledge eventually reduced the
overgeneralization of the model. These mappings resemblardlagl andnarrow constraints
thatPinker (1989has argued for. The mapping of teeent-semantiasnits to thewhereunits
is similar to the operation of the broad constraints, where the semantics of the whole construc
tion influences the order of the argumer@dpen et al., 1989 The mapping from theword
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units to theword units through the sequencing system represents the operation of the narrow
constraints, which involves the way that lexically-specific classes restrict the generalization of
the constructiongrooks & Tomasello, 1999

The reason for the variability in the model among different verbs (damgevs. pour) in
the degree of their ability to generalize to the double object dative structure was partially due
to overlap in event semantid3anceandthrow shared No-event-semantics, and so it was very
difficult to producedancein a dative framePour generalized well to the double object frame,
because it shared the features CAUSE and MOTION with the dative construction. The link
between event semantics and the verb is probably one of the main reasons that the children
in Gropen et al. (1989Qeneralized, becausleis is norpingwas presented in a context which
should have suggested the event semantics for a transfer event, which was also present at tes
Another reason for variability stems from the available syntactic frames that a verb was seen
in. For examplepour andload shared the same features CAUSE and MOTION \ilitiow.
But load can also occur in the change-of-state construction (€lge,boy loaded the wagon
with hay) where the goal (entity that undergoes a state-change) occurs after the verb. Initially,
load overgeneralized to the dative as muclpasrdoes (around 82%). But after epoch 2,000,
as the model learned to use the change-of-state construction to put the goal after the verb, its
ability to use the double object dative was reduced (at epoch 4pe00,78%, load 56%).
Since the change-of-state construction puts the goal after the verb, it is more similar to the
double object datives which also puts the goal after the verb. Because of this similarity, the
ability to be used with the change-of-state construction should interfere with the ability of this
verb to be used in double object dative. The change-of-state construction is said to preempt the
use of the double object construction as a way of fronting the goal. Preemption or blocking is
an important way that children reduce overgeneralizati@ark, 1987; Pinker, 1989Another
important reason for variability in the model’'s generalization was due to the simplicity of
the model’s verb representations. Lexical semantic similarity was not captured in the model
(e.g.,eatanddrink shared no semantic features in thehat unit representations), so event
semantics (e.g., TRANSFER) provided the only reliable information about generalization. In
people, verbs cluster into semantic classes that are smaller than the broad classes specified b
event semantics, and these subclasses are predictive of syntactic frames that they can appes
in (Fisher et al., 1991

While the model does seem to be subject to Baker’s paradox, it constrains generalization
in a way that is similar in character to the operations that children might be using. It overgen-
eralizes by making use of the pathway through the message—lexical system, and it constrains
generalization by learning lexical-specific information in the sequencing pathway. While the
results are promising, it is likely that children are exposed to a larger collection of words and
structures, and future work will need to address how well these types of models scale up to the
language that real children experience.

5. Dissociating processing systemsin aphasia

Connectionist models have been used to link our understanding of normal language pro-
cessing to cases where brain damage has impaired critical processing s{Et#n&chwartz,
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Martin, Saffran, & Gagnon, 199Plaut, McClelland, Seidenberg, & Patterson, 128 these
studies have helped us understand how the architecture of a language processing system c
influence the type of symptoms that appear in impaired patients. In describing the architecture
of the Dual-path model, | have concentrated on the way the architecture enables the model t
exhibit certain functional behaviors. But it is also desirable to show that this model approxi-
mates the architecture of language in the brain. This can be done by establishing that damac
to the physical architecture of the model can lead to symptoms that are similar to patients with
injury to real brain systems. To do this, lesions will be applied to the two separate pathways,
and the resulting behavioral effects will be analyzed. These behavioral effects will be comparec
with aphasic symptoms, to see if the model’'s processing abilities are damaged in ways that ar
similar to patients with brain injuries.

Double dissociations in the production of different lexical categories have been an important
type of evidence for separate processing systems. Researchers have suggested that funct
words (prepositions, determiners, auxillary verbs) and content words (nouns, adjectives, verbs
are represented in separate syste@®sodglass & Kaplan, 1983Some patients have more
difficulty with function words and relatively less difficulty with content words. Other patients
have the opposite pattern, with content words being relatively spared and function words being
relatively impaired. Other researchers have found that light and heavy verbs also dissociat
(Breedin, Saffran, & Schwartz, 1998 ight verbs (such ago, give, have do, get make and
take are the first to be learned, are the most frequent in the speech of children, and acros
languages are the first learngdldrk, 1978. Some aphasic patients have trouble with heavy
verbs, and are relatively spared with respect to light veBesr{dt, Mitchum, Haendiges, &
Sandson, 1997 Other patients have the reverse patt@regdin et al., 1998 These double
dissociations are important, because they demonstrate that each behavioral pattern is depe
dent on different brain areas, in that there exists a way to focally lesion each system without
automatically impairing the other.

Gordon and Dell (2003rgue that the function-content word dissociation and the light-heavy
verb dissociation reflect an underlying distinction between syntactic and semantic representa
tions, and lexical items are dependent on these separate representations to different degre:
Using a two-layer connectionist model that learned to produce simple sentences, they showe
that the model learned representations in which light verbs relied more on the syntactic systen
and heavy verbs depended more on the semantic system. Since light and heavy verbs both h
syntactic and semantic determinants, these dissociations in the model arose out of difference
in the degree of dependence on each system. Because the Dual-path model also claims tf
different types of representations (as a result of different pathways) are independently influ-
encing lexical representation, it is possible to examine whether this model will also exhibit
aphasic dissociations.

To test the importance of separate pathways in the trained Dual-path model, lesions wert
applied to each of the pathways to create two types of impaired modelahEtevordesioned
model (WWL model) was created by lesioning the message—lexical system, specifically the
links between thavhat units and theword units. Thehidden-wordlesioned model (HWL
model) was created by damaging the sequencing system by lesioning the links between th
hiddenunits and thevord units. Lesions were created by randomly removing weights between
sets of units. Each of the four trained Dual-path model subjects received four lesions: two
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Table 7
Sample output of what-word lesioned model (WWL) and hidden-word lesioned model (HWL)
(1) Target a man eat the icecream
WWL a man make the blue
HWL eat man the icecream
(2) Target a cup scare a woman
WWL a—scarea—
HWL cup scare woman
3) Target the man pour a silly dog in a boy
WWL the blue man put a cup
HWL the man pour silly silly silly silly boy
4 Target a girl give a woman the croissant
WWL a grass gie a — the —
HWL girl a girl put croissant the the croissant
(5) Target the owl throw the boy the cafe
WWL the blue woman give the blue —the blue
HWL the owl throw the the the the the the

aDashes (—) mark positions where all output word units were less than the threshold of 0.5.

for the what-wherelinks and two for thehidden-wordlinks. These 16 models were tested
on the 2,000 novel sentences test set and the results were coded for analysis. Lesioning of
the what-wordlinks was more damaging to the network than the same amount of lesioning
of the hidden-wordlinks. To reduce the differences due to overall severity of the lesion, the
hidden-wordesion removed 11% of its connections, while teat-wordlesion only affected
5% of its links. These lesions led to the same average word accuracy (correct word in the
correct position) over the model subjects for both WWL and HWL models (45.9 and 46.1%,
respectively, not significantly differenf’ (1, 7) = .008, p > .9), which suggests that the
overall severity of each lesion was equal. Word accuracy is a finer measure of model accuracy
that can capture partial productivity that is lost with grosser measures like sentence accuracy.
Table 7shows the intended target and the output of the two lesioned models when they try
to produce this target. This sample illustrates some of the differences in the way the lesions
influence production. For example, the WWL model will get local word ordering correct, but
will often omit content words and substitute non-contextual words (gid.becomegrass
in 4). The HWL model tends to convey the appropriate content, but sometimes in the wrong
order (1), without determiners (2), and repeating content words (4). Determiner use by the
WWL model is more frequent in the appropriate positions, and sometimes that model repeats
multiword sequences (in 5, it satfse bluetwice), while the HWL model only repeats single
words. The WWL model replaces heavy verbs with their light counterppasr(— put,
throw — give). Broadly speaking, the HWL model is acting like a Broca aphasic, and the
WWL model is acting like a Wernicke aphasic, although in humans and in the models, there
is quite a bit of variability.

To examine the use of function and content words, the percentage of function words that were
correctly produced and the corresponding percentage of content words will be the dependent
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Fig. 9. Accuracy at producing function and content words depending on lesion type.

measures. Function words in the model include prepositions, determiners, and the auxillan
verbs. Content words constituted all other words. As showrign 9, the WWL model pro-
duced function words better than the HWL model (76% and 42%, respectiv&ll) 7) = 8.6,
p < .02]. The reverse was true for the content words, with the WWL producing fewer correct
words (28%) than the HWL model (48%k([1, 14) = 12.1, p < .02]. This double dissoci-
ation was a natural outcome of the constraints of the Dual-path architecture. Content words
by definition, have content, or meaning, and so they depend more on the message and tt
what-wordpathway. Function words were only produced in certain syntactic contexts, and so
they needed the syntactic information that is provided by the sequential system. Lesioning eac
of these pathways selectively damaged one component, leaving the other relatively spared.
The other dissociation that was examined in the model was the light—heavy verb dissociation
Several theories of verb semantics have argued that the light verbs represent basic primitives «
sentence meaning@pldberg, 1995k In the model, | have incorporated these ideas by treating
some verbs as the default verb for a construction (these verbs are marked asTadikif).
This means that these verbs do not have features in the action event role. For example, the ve
throwhad a feature in the action event role, but the \ggviedid not. Because of this difference
in the features in thevhat-wherelinks, the model should depend more on the message—lexical
system for heavy verbs, and more on the sequencing system for the light verbs. As showi
in Fig. 10 the WWL model produced light verbs correctly 79% of the time, while the HWL
model produced them only 29% of the timB([L, 7) = 33.3, p < .0007]. For heavy verbs,
the WWL model (15%) was more impaired than the HWL model (53%0)1[ 7) = 44.4,
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Fig. 10. Accuracy at producing verbs depending on lesion type.
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p < .0003]. So, the model exhibited a double dissociation for verb complexity, as has been
found in the aphasic literature.

For function/content word use and light/heavy verb use, the model exhibited double disso-
ciations that have been argued to reflect selective impairment of processing modules in aphasic
brains. In the model, these modules were given concrete instantiations and have been shown tc
work together to produce sentences. One module corresponded to the message—lexical syster
(impaired in the WWL model), which supported the production of semantically rich infor-
mation like content words and heavy verbs. The other module was the sequencing system
(impaired in the HWL model), which supports categories that were identified with syntactic
frames like function words and light verbs. The original motivation for these two modules was
the computational demands of getting a connectionist model to generalize more symbolically.
But the solution to that problem also nicely accounts for these aphasic dissociations.

In addition to its ability to model some dissociations in aphasia, the Dual-path model is
broadly consistent with some theories of how language knowledge is distributed in the brain,
which is not surprising since most theories of brain localization of language are designed to
account for aphasic symptoms. Before describing these theories, it is important to clarify the
relationship between computational models and data about brain connectivity and localization
of function. Since brains are made up of immensely complex networks that are dynamic, it is
unlikely that a computational model with a few hundred neurons can provide a satisfactory
model of a whole neural system. But, if one is comparing the properties of different compu-
tational models, evidence about brain connectivity and localization of function can provide
converging evidence supporting a particular architecture.

Here, 1 will use evidence from neuropsychological studies in a comparison of the Prod-SRN
and the Dual-path model. One difference between these two architectures is that the Dual-path
model’s sequencing representations are isolated from the message, while the Prod-SRN model’s
sequencing representations are linked to the message. One theory of language localization tha
supports the Dual-path model is one thdtman (2001)has proposed. He argues from a vari-
ety of behavioral and neuropsychological data that the way that language is represented in the
frontal and temporal lobes differs. The left temporal lobe tends to encode semantic/episodic
knowledge and the left frontal lobe is more likely to encode abstract language rules. The
Prod-SRN model does not support the separation of these types of information into separate
lobes, because its semantic knowledge in the message can influence its sequencing represent:
tions directly. The Dual-path model naturally models this separation, where the message—lexical
system acts like the temporal lobe and the sequencing system acts like the frontal lobe. Further-
more, the original evidence for the what—where distinction, localization of separate pathways
for object and spatial processingi{ner & Goodale, 1995Mishkin & Ungerleider, 198p, and
evidence that they are bound in the temporal |df&rfath, 2001Lis more consistent with the
approach of the Dual-path model which binds object and spatial roles in the message—lexical
system, rather than the Prod-SRN model, which does not separate objects from their roles.

Whether the architecture of Dual-path model appropriately captures the functional relation-
ships between brain architecture and language is an issue for further research. But it suggests
that incorporating some distinctions that have been found in the brain can be helpful in both
modeling the effects of brain injury and in explaining how the architecture of the brain con-
tributes to the symbolic creativity of language.
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6. Conclusions

In summary, an incremental connectionist model was able to learn to produce sentence
from message-sentence pairs, and to generalize that knowledge to novel sentence structures
accomplished this generalization by isolating different types of knowledge in each of its two
pathways, and then creating novel combinations from the pathways. Sometimes this involvec
putting a word into a novel position (dog-goal, identity, and novel adjective-noun pairing
tests), and sometimes it involved limiting generalization through sensitivity to the statistical
regularities of lexical items (novel verb—frame pairings). Furthermore, the architecture of the
model exhibited double dissociations that resemble dissociations that are found in aphasia.

A key innovation in this work was the use of weights to represent temporary variable
bindings in messages, and the use of a sequencing network to activate the variables. Instead
arguing that the variable-like behavior of language emerges from distributed representation:
and statistical learning, this model instantiates the idea that variable-like behavior arises fron
pre-existing variables in the spatial system that are linked to sequencing representations i
the language system. Given that space and language are proposed to be related by behavio
scientists (linguists, psycholinguists, developmental psychologists) and are proposed to inhab
similar regions in the temporal lobe, it seems natural that combining spatial variables with
connectionist learning algorithms would yield a system that treats language in a manner tha
is more similar to human speakers.

Do these symbolic abilities make the model too powerful? The model has parameters tha
allow it to vary its dependence on symbolic and statistical processing. For example, the size o
the compress layer determines how much the sequence system can influence lexical selectio
and so the more compress units the model has, the more statistical sequencing informatio
influences production. But, being able to process sentences that do not conform to the exper
ences of the model is an important feature of the madledtmsky’s (1957ell-known claim
that English speakers can recognize the grammaticality of meaningless sentenceklike
less green ideas sleep furioustyevidence that we do not simply construct sentences from
only statistical or semantic regularities. The model’s ability to produce novel adjective—noun
pairings (as irgreen ideagand violations of the lexical experience of verbs (agleas sleep
is a reflection of its ability to use finite means to generate a greater set of possibilities.

Part of the power of thevhat-wherevariable representations came from the fact that they
are linked to abstract structural frames. These frames arose from learning to combine differen
types of information to predict sequences, and hence the abstractness of these structural fram
depended on keeping message—lexical content separate from the sequencing system, as in
Dual-path model. The abstractness of these frames does help symbolic generalization in thi
model, allowing any member of a syntactic category to operate in a certain position, if the
message is set appropriately. But, at the same time, these frames are not much use if there
little concrete information that can be used to decide when to use these frames. In the model, th
event semantics do this job. So, while the architecture increases the abstractness of the syntac
representations, the event semantics give these structures specific conditions for their use.

The combination of variables, syntactic structural frames, and event semantics is powerful
This combination puts this work somewhat outside the two main schools of connectionism. One
school, the eliminative connectionist approach, emphasizes the power of error-based learnin
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algorithms to extract statistical regularities from the training environmEihgn, 1993
Plunkett & Juola, 1999Rohde & Plaut, 1999 At the same time, this school de-emphasizes

the role of the input representations and the architecture of the model. While the Dual-path
model does make use of statistical regularities that are extracted by the learning algorithm (par-
ticularly in the sequencing system), a large emphasis is placed on pre-existing representations
(what-whererepresentations) and the architecture of the network (Dual-path architecture) in
explaining how the model works. The other school, the structural connectionist approach, takes
a pragmatic approach to building networks, focusing on particular computational operations
like variable binding $hastri & Ajjanagadde, 1998r task decompositiordacobs, Jordan, &

Barto, 199). The Dual-path model shares the pragmatic approach to building networks and the
emphasis on using modules to build more complex systems, but it also places a large emphasis
on the way that different systems interact with each other, and the way that learning is important
for both learning system-internal representations (e.g., sequence system weights are learned)
as well as how systems interact (e.g., combining the outputs of the message—lexical and se-
quence systems, which is crucial for the light/heavy verb dissociations). The Dual-path model
is a compromise between these two approaches, incorporating aspects of both into a single
framework.

In addition to suggesting how eliminative and structural connectionism could be combined,
this modeling work illustrated the usefulness of building models that attempt to link dif-
ferent domains. Psycholinguistic research suggested that we needed connectionist-learning
algorithms and architectures to capture detailed lexical statistical regularities that arise in
incremental processingfacDonald et al., 1994; MacWhinney, 198Tsights from biolog-
ical, developmental, and linguistic theories of spatial representations hinted at how messages
could be structured, which led to thehat-wheremessage. This message representation, in
turn, necessitated the dual-system architecture in order to place symbolic processing within a
connectionist framework. The Dual-system architecture allowed the model to constrain verb
generalization (Baker’'s paradox) and to account for certain double dissociations that occur in
aphasic patients.

In sum, the present work is a combination of ideas from computational, psycholinguistic,
biological, developmental, and neuropsychological literatures. When a cross-domain approach
is taken, solutions for particular problems in one domain propagate and interact with those
in other domains. By instantiating these ideas from different domains in the model’s input
representations and network architecture, and using connectionist-learning algorithms to glue
them together, the resulting model, like its human counterparts, has emergent abilities that arise
out of the complex interactions among these different systems.

Note

1. Alanguage is not a large, but finite, set of sentences. Rather it is made up of recursive
structures that allow for utterances of infinite length (subject to memory constraints).
While the present model is constrained in a finite way, its approach to creating language
strings would allow it to handle languages with recursive properties. In this model, sen-
tences are produced incrementally, making use of the representations that are activated
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at any one moment. This approach to production does not place finite constraints on
how long sentences can be. But, at this point, it is not clear whether messages can b
controlled in a way that allows for recursive structures.
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Appendix A

The models were implemented in the LENS 2.3.3 neural network softiarede, 1999
The learning algorithm was back-propagation, using a modified momentum algorithm (doug
momentum), which is similar to standard momentum descent with the exception that the
pre-momentum weight step vector is bounded so that its length cannot exced&bhdk(
1999. Momentum was 0.9. Learning rate started at 0.2 and was reduced linearly until it
reached 0.05 at 2,000 epochs, where it was fixed for the rest of training. Batch size was set t
be the size of the training set (501). Tewwhereandword units used the soft-max activation
function. Soft-max units caused the output to be passed through an exponential function, whicl
magnified small differences, and the result was then normalized (leaving only the most activate
unit, and squashing the activation of all the weaker competitors). Because soft-max units wer
used for the word output units, the error function for these units was the divergence function
(sum over all units: targek log(target/output)). All other units used the logistic activation
function.

In all the models, thevent-semanticsnits were the only units that provided information
about the target sentence order. So, for the dative sentemes bake a cake for the cafhere
were three event semantics units CAUSE, CREATE, and TRANSFER. For the prepositional
dative structure, the CAUSE feature would have an activation of 1.0, the CREATE feature
would have an activation of 0.8, and the TRANSFER feature would have an activation of 0.64
(80% of 0.8). For the double object dative (e4.man bake the cafe a cgke¢he CREATE
feature had an activation of 0.64 and the TRANSFER feature had an activation of 0.8.

Thewhereswhatandcwhatcwherelinks instantiated variables that were used to store the
message. Before the production of each sentence, the links betweaghdtendwhatunits
were set to 0 initially, and then individual links betweghereroles andvhatunits were made
by setting the weight to a value of 6. Theshatunits had a corresponding link to teevhere
units with the same level of weight. The LENS software allowed code to be run before each
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sentence sequence was initiated, and so functions that set the value of weights were used to se
the message representation before production of a sentence.

Thewhere what andcwhatunits were also unbiased to make them more input driven (all
other units exceptontexthad bias). Thewhatunits received the previous timestep activation
of thewhatunits as targets. Their error function was the cross-entropy function (sum over all
units: targetx log(targey/outpud + (1 — targed x log((1 — targed/(1 — outpud)).

To represent temporal information, copies of previous network states are copied into spe-
cial units, whichRohde (1999xalls elmanunits, and then these units are used as input for
the next state of the modeElman, 199). The cwhere2units areelmanunits that summed
their activation from thewhereunits and their own previous activation. Thentextunits
wereelmanunits that were initialized to 0.5 at the beginning of a sentence cWued units
were alscelmanunits that received their values from the sum of external input (representing
the previous word in the sequence) and the output ofvttrd units. So, during production, the
external input would be 0, and tieevordunits would only be a copy of the previowsrd units
activation. But during comprehension, the previaasd unit’s activation and the external input
were summed. Thewordandcwhere2units were initialized to O at the start of each sentence.

To generate a message, a verb was randomly selected from the list of possible verbs. Then
arguments were randomly chosen from the possible nouns that that were appropriate for that
verb. Also, random selection of adjectives was done within the adjectives that were appropriate
for a particular head noun (in terms of animacy of head noun). Prepositions were sometimes
selected by the constructiohy(in the passive) or by random selection from those that were
appropriate to the construction or the verb. Because messages with a single event role were
quickly learned, the training sets were arranged so that the i&rtéance andsleepwould
be less frequent than other verbs. To reduce their occurrence, when these verbs were choser
the verb selection was repeated. Sometimes the second selection would select other verbs. Only
if they occurred in the second selection were they allowed to be the basis for a message. Every
message ended with two end of sentence markers, so that if the model changed its sentence
structure, it could fully produced longer sentence structures (actives were shorter than passives
by two words).

The Dual-path model had 6gword units, 10ccompressainits, 52cwhatunits, 4cwhere
units, 4cwhere2units, 8 event-semanticanits, 20hiddenunits, 20contextunits, 4where
units, 52what units, 10compresaunits, and 64vord units. Inadvertently the semantics for
two of the prepositionsupder, in) were left out of all the models, but this is unlikely to
influence any of the results, because these prepositions were not crucial for any of the tests and
comparisons were between models. The preposifimmso, with, andby did not have lexical
semantics because they were associated with event semantics or syntactic frames. The verb
go, make give, put, andfill were considered light verbs and did not have verb semantics. The
No-event-semantics and the Linked-path models had the same number of units in each layer
as the Dual-path model. The Prod-SRN model was designed to use the same training/testing
patterns as the other models. This was done by placing the static binding-by-space message
into the weights between thmas unit (an invisible unit that was always on and connected to
all biased units) and theessagenits. The Prod-SRN model had é@ordunits, 130message
units (3 slots with 35 units each and an action slot with 25 unitshi8@enunits, 50context
units, and 64vord units.
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