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Chapter 4

Learning

In this chapter I describe the basic extension of the Dual-path model archi-

tecture necessary to accommodate the production of multi-clause utterances.

Several meaning representations for complex sentences with relative clauses

are presented. Learning results for these message types are discussed and

analyzed. I identify an optimal set-up which will form the basis for simulations

in subsequent chapters.

4.1 Introduction

The Dual-path model of Chang (2002) and Chang et al. (2006) has been used to in-

vestigate the processing of single-clause utterances exclusively. In language acquisi-

tion, however, many controversial claims about the limits of data-driven learning and

the role of universal grammar are intimately tied to complex sentence structure, for

example, the purported innateness of the human capacity for recursive productivity

(Hauser et al., 2002) or the non-learnability of structure-dependent rules of grammar

(Crain and Pietroski, 2001). In theories of language production and comprehension,

complex sentence structure plays a critical role in elucidating the nature of syntactic

processing. Often, fundamental properties of the human language system are inferred

from the differential processing of structurally distinct multi-clause utterances. Differ-

ential processing has been found for right-branching, cross-serial and center-embedded

dependencies (see Christiansen and Chater, 1999b and Gibson, 1998), for subject- and

object-relativized subordinate clauses (King and Just, 1991), and more generally the ac-

cessibility of noun phrases to relativization (Keenan and Hawkins, 1987). Moreover,

differential processing of relative clauses has been shown to co-vary with linguistic

experience (MacDonald and Christiansen, 2002; Wells et al., 2008) and frequency of

occurrence (Reali and Christiansen, 2007a,b). These studies suggest that probabilistic

information influences syntactic processing in intricate ways. Other processing pref-

erences have been observed in relative clause attachment priming (Scheepers, 2003),

in the preferred ordering of short noun phrases before longer noun phrases which are
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74 Chapter 4. Learning

modified by relative clauses (‘heavy NP shift’, Arnold et al., 2000), and in the way main

verb/reduced relative clause ambiguities (‘garden paths’) are resolved in comprehension

(MacDonald et al., 1994). Relative clauses are purely syntactic devices to modify NPs

and are not part of the argument structure of lexical items or linguistic constructions.

Hence, the differential processing of sentences with relative clauses opens a window

into human syntactic processing. Processing preferences reveal how syntactic structure

is built in the human language processor during comprehension, how meaning is gram-

matically encoded during production, and shed light on both the nature of the syntactic

representations involved and the cognitive architecture maintaining and using these

representations.

Relative clauses pose many challenges for theories of processing and acquisition.

The questions how meaning is mapped onto sentences and how language is learned

from input have been studied by different branches of psycholinguistics. The Dual-

path model, on the other hand, is built on the assumption that learning and processing

are inseparable, that there exists an intimate relationship between linguistic input, syn-

tactic knowledge and the processing capacities of the human language system. The

model’s processor is the very locus of its syntactic knowledge and this knowledge is

shaped through linguistic experience. In the framework of the Dual-path model, the

language system is not conceived as a fixed device which constrains learning and pro-

cessing but as a mechanism which is itself altered and adapted through learning and

processing. Since this model is sensitive to the distributional properties of its linguistic

environment, it provides an ideal platform to investigate the complex interactions be-

tween input, learning and processing of relative clause constructions. In order to utilize

the model in this endeavor it is first of all necessary to accommodate its architecture for

the processing of multi-clause utterances. This will be the primary task in the current

chapter.

The Dual-path model learns from exposure to message-sentence pairs. In the begin-

ning, the model receives a meaning representation as input and incrementally predicts a

sentence form suitable to express this message. During prediction, the model’s output is

compared word-by-word with the intended utterance and the model receives feedback

when mismatches occur, which alters the strength of synaptic connections between neu-

rons. In this way, the model’s state of knowledge is gradually adjusted until it converges

on a stable state which, ideally, represents the target grammar. Thus, representations

of syntactic knowledge are the outcome of learning a meaning-to-form mapping for the

training language. The model acts as an incremental transducer which casts the concep-

tual structure of its semantic input into a syntactic string of words. In this process, the

model accomplishes a number of subtasks which are instrumental to achieving its learn-

ing goal. For instance, it learns the meaning of lexical items in the training language and

induces word categories based on statistical regularities in the input. Also, the model

learns to appropriately sequence thematic roles in basic constructions and builds rep-

resentations of syntactic frames for these constructions.1 Compared with single-clause

1See Chang (2002), Chang et al. (2006) and Chapter 5.
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structures, sentences with relative clauses complicate the meaning-to-form mapping the

model has to learn considerably. It must produce clauses in the right order and respect

their integrity. It must identify the relative clause attachment and gapping site, estab-

lish the co-reference of constituents in different clauses, omit the relativized constituent

in the surface form, and correctly resume superordinate clauses once an embedding is

complete. In addition, relative clauses create many alternative forms of expressing iden-

tical propositions which renders the meaning-to-form mapping more complex and the

message input to the model less distinct. Both these factors might prevent the model

from learning the target language to a satisfactory degree altogether.

In this chapter I seek to identify the requirements on the conceptual structure of

the message input which enable the model to learn and generalize relative clause con-

structions. To learn relative clause constructions, the semantic representations of these

constructions must be sufficiently rich to allow the Dual-path model to reliably make

the right structural choices in processing. Encoding the meaning of complex sentences

in the event semantics is subject to three constraints. The first constraint concerns the

absence of temporal order with which the message input is provided. The message is

given to the model in its entirety at the start of each production episode. All seman-

tic information is present from the beginning and remains active and unaltered until a

sentence is complete. The message is static and the model has to dynamically map this

message onto a sequence of words. With complete message input the model has to solve

a serial-order problem (what to produce next) and a timing problem (when to produce

what). To solve these problems, it must figure out when to use which chunk of semantic

information in the message. In case of single-clause sentences the model could achieve

this task because the conceptual structure of the message corresponded systematically

with the syntactic structure of the sentence (see Chang, 2002; Chang et al., 2006). For

multi-clause utterances, one might consider providing the model with semantic infor-

mation in a piecemeal fashion, e.g., separately for main and subordinate clause with a

time delay. But this would endow the model with sequential guidance which might not

be available to human learners in acquisition or speakers in grammatical encoding.2

The second constraint pertains to the spatial organization of the event semantics

component of the input message. I aimed at semantic representations which charac-

terize complex events by a linear pattern of activation. Although relations between

message elements were encoded by means of neural activation in this pattern, represen-

tations did not have a hierarchical structure in a spatial sense (such as, e.g., different

layers of features and connections between features in different layers). The model was

supposed to assemble the hierarchical structure of complex sentences from activation-

based, relational features. Complex events were conceived of as concatenations of more

basic events, with semantically salient participants and prominence relations between

basic events. All this information was projected onto a flat pattern of activation rather

than a hierarchically structured network of semantic feature nodes. The spatial distri-

bution of neural excitation in hierarchically structured representations could give rise

2Confer, however, the paragraph on future directions in Section 9.2.3, page 280.
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to temporal information in the message input, a property which was ruled out by the

first constraint.

A third constraint derives from the learning task itself in which the model is tested

on its progress for experienced as well as novel sentences. For learning the experienced

fragment of the target language it is conducive if meaning representations are highly

distinct. We can expect optimal learning if every construction has an idiosyncratic rep-

resentation in semantic space, e.g., by using disjoint sets of features. For generalization,

on the other hand, idiosyncratic messages are detrimental because novel constructions

would be paired with novel meanings not experienced during learning. The model

would have no experiential basis for producing structurally novel utterances from se-

mantic representations which share no resemblance with experienced meanings. Mes-

sages must therefore be sufficiently close in semantic space to allow similarity-based

analogical extension of the production mechanism from trained to novel constructions.

Hence, there might be a trade-off between learning and generalization which requires

attention in the process of determining a suitable message encoding.

4.2 Artificial language and method

In this section I will briefly describe the artificial language and training conditions I

used to find a message representation that enabled the model to learn the syntax of

subordination and generalize to novel multi-clause utterances.

4.2.1 Artificial language

This language consisted of templates for linguistic constructions which are basic to hu-

man experience, e.g., transitive action and dative transfer. (Goldberg, 1995). These tem-

plates contained open argument slots which could be filled by words and inflectional

morphemes from the lexicon to create sentences. Table 4.1 lists all basic constructions in

the artificial language. By means of relativization, basic constructions were combined

to form complex constructions with multiple clauses. In these complex constructions,

all combinations of basic constructions were admissible given that the modified head

noun matched the relativized element in the subordinate clause in terms of animacy.

In this way, a combinatorially complete language with at most one relative clause per

sentence was obtained from the constructions of Table 4.1. Some examples of such

constructions and their instantiating sentences are shown in Table 4.2. The lexicon

from which the argument slots of construction templates were filled contained 72 words

and morphemes—two articles (definite and indefinite), 12 animate nouns, 12 inanimate

nouns, 23 verbs in four categories (intransitive, transitive, dative and oblique), four

auxiliaries (��, ���, ���, ����), the continuous form ����	, three prepositions (�
, ��,

���), three inflectional morphemes (���	, ��, ���) to mark tense and aspect, a past

participle marker (����), the pronoun ��� and an end of sentence marker. In total, the

language comprised 131 different constructions which together with this lexicon yielded
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Construction type Example sentence (single-clause)

Animate Intransitive ��� ��� ��� ����	 
�� �

Agent-Patient ��� �� �� ����� 
�� ��� ��� �

(active voice)

Agent-Patient � �� �� ���� ��� 
�� �� ��� ������� �

(passive voice)

Transfer Dative ��� ��� ��� 
� � �		�� �� � ��� �

(prepositional)

Transfer Dative � ����� ���� 
�� ��� �� � ��� �

(double object)

Animate Oblique � ��� �� 	��� 
�� ���� � ��� �

Table 4.1: Basic constructions in the input environment.

roughly 1.03 × 1011 different sentence tokens. Thus, although this language has little

variety in its basic construction types, relativization created considerable structural di-

versity and a large amount of distinct sentence tokens for a data-driven learner to cope

with. Clearly, the artificial language is lacking many lexical categories of natural lan-

guages such as pronouns, adjectives, adverbs, quantifiers, etc., and I cannot even begin

to enumerate the grammatical categories it is lacking. The language is stripped to a

structural core of combining basic constructions (and their syntactic alternations) into

more complex sentences through relativization. The purpose of using such an impov-

erished language is to find semantic representations which enable the model to acquire

this grammatical device by capturing the relations between events expressed in multi-

clause utterances. If these representations are sufficiently general we can easily add

linguistic features and constructional variety later on, and tailor the language to more

specific learning and generalization tasks.

To train the model, sentences were randomly generated from the templates of Ta-

bles 4.1 & 4.2 and then paired with a semantic representation (message) which the model

received as input. As described in Chapter 3, each message consisted of concepts, par-

ticipant roles and event semantics features. The letters X, Y, and Z are placeholders

for thematic roles assigned to event participants. These ‘semantic variables’ were as-

sociated with concepts (e.g., BOY, CAT) in the message-lexical system. Combinations

of features in the event semantics (e.g., XX, YY, SIMP) encoded the conceptual structure

of an intended utterance. As Chang et al. (2006) point out, the XYZ representational

scheme does not correspond to any single theory of thematic roles but combines sev-

eral approaches to meaning. The central Y role is assigned to event participants which

are “most saliently changed or moved, or affected by the action”, such as subjects of

intransitives and obliques, objects of transitives and datives. Participants which cause

actions are assigned the X role, such as subjects of transitives and datives. The Z role is

assigned to the goal, location or recipient of an action involving movement or transfer,

such as dative objects, but also to oblique objects. Table 4.3 shows the role assignment
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Construction type Example sentence (multi-clause)

Animate Intransitive ��� ��� ���� ��	� 
�� ��� �� �� ��� 
�� �

(main clause) + (subject-modified—subject-relativized)

Agent-Patient

(relative clause)

Agent-Patient � ����� ��� ��� 
�� �� ��� ������� ����

(main clause) + ��� ��� ��� 
� ��� 	��� �� �

Transfer Dative (subject-modified—object-relativized)

(relative clause)
...

...

Transfer Dative � ��� ������� 
� ��� ������ ����

(main clause) + ��� 	�� �� ������ 
�� ���� � ���� �

Animate Oblique (object-modified—object-relativized)

(relative clause)

Table 4.2: Complex constructions in the input environment.

for each construction in the language from which the input to the model was generated.

In the event semantics, each XYZ role corresponded to semantic features whose pattern

Construction Arguments Action

Animate Intransitive Y=ANIMAL sleep, jump, walk, fall,

run, arrive

Agent-Patient X=ANIMAL, Y=ANIMAL push, kick, attack, carry,

(active voice) approach, teach, pat, hit

Agent-Patient X=ANIMAL, Y=ANIMAL push, kick, attack, carry,

(passive voice) approach, teach, pat, hit

Transfer Dative X=ANIMAL, Y=THING, give, throw, show, toss,

(prepositional) Z=ANIMAL present, bring

Transfer Dative X=ANIMAL, Y=THING, give, throw, show, toss,

(double object) Z=ANIMAL present, bring

Animate Oblique Y=ANIMAL, Z=ANIMAL jump, walk, run, leave,

or THING play, come

Table 4.3: Argument structure of the artificial language. The category ANIMAL com-

prised humans and pets, the category THING included toys, food and drinks.

of activation described the overall event structure, the number and relative prominence

of event participants. A simple transitive event (��� �� ����	� 
�� � ���), for in-

stance, would be represented by activating the agent feature XX, the patient feature YY

and the features SIMP and PAST for simple past tense. It is the objective of this chapter to
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analyze different ways of representing the semantic structure of complex constructions

by relating atomic events in the event semantics.

4.2.2 Method

For each message type which was compared in the following experiments, the sen-

tence input, training regime and model parameters were identical. Only the seman-

tic representations which the model received as input differed across conditions. The

training set consisted of 8.000 simple-clause sentences randomly generated from the

six basic constructions in the language and of 2.000 randomly generated sentences

containing one relative clause. This input environment is depicted in Figure 4.1. The

model was trained on 100.000 sentences in total, effectively cycling through the train-

ing set ten times. Sentences from the training set were presented in random order.

After every 5.000 training items, the model’s learning progress was measured. To

do this, the model was tested on 500 simple-clause sentences experienced in train-

ing and 500 novel simple-clause sentences which were not experienced in training.

This was to ensure that all performance differences the model displayed for relative

clause constructions were not due to impaired learning of simple-clause sentences.
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Figure 4.1: Number of constructions in the

artificial language and the simple-to-complex

ratio in training.

In addition, after every 5.000 train-

ing items, the model was tested on

500 sentences with relative clauses

experienced in training, and 500

such sentences which were novel.

The performance scores on these

sets estimate to what extent the

model learned the target language

in each condition. The ratio of

novel-to-trained scores gives an in-

dication of how well each mes-

sage representation supports syn-

tactic generalization (see Section

4.3.9). Model performance was

measured in terms of sentence ac-

curacy, which compared produced

utterances word-by-word with tar-

get utterances. To count as a suc-

cessful production, the model’s ut-

terance had to perfectly match the target utterance at each sentence position, not only

by grammatical category but also by lexical item. Assessing the model’s learning be-

havior, construction types were not distinguished at this stage.3

3That is to say, tested sentences were not distinguished by the basic constructions they were composed

of, not classified into right-branching and center-embedded, subject- and object-relativized constructions,
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4.3 Message representation comparison

In this section I will discuss 8 × 2 different ways of encoding the meaning of complex

sentences in the Dual-path model’s input message. 8 conditions vary the event seman-

tics component of the message and 2 conditions vary the role-to-concept bindings in

the model’s what-where system. All message types respected the first two constraints

from above, they were presented to the model non-dynamically as a linear pattern of ac-

tivation. The number of compared message types may seem excessive, but the analysis

of each condition contributed a piece of insight to the overall puzzle of finding a seman-

tic encoding suitable for the learning and generalization of complex sentence structure.

By the end of this chapter I will have identified such a message type and continue using

it throughout this thesis.

4.3.1 Random baseline

In the first condition I examined, each construction was assigned an idiosyncratic,

holistic meaning. Each event type was represented by a distinct randomized message

which—in case of messages with two propositions—was not a combination of represen-

tations of simple events. Each construction from the model’s input environment plus

a unique tense and aspect combination defined a different event type. For example, a

simple transfer dative such as

(1) ��� ��� ���� 	� ��� 
��� �� ��� ����� �

counted as a sentence describing a different event type than the sentence

(2) ��� ��� ��� ���� 	��� ��� 
��� �� ��� ����� �

despite being instances of the same construction. Hence, there was a total of 6× 4 = 24

simple event types and 131×4×4 = 2096 complex event types expressible in the artificial

language. Once a random meaning was assigned to each event type, this message was

kept constant across training and testing. Thus, although sentence tokens in testing

were novel, the random meaning of the underlying event type was identical to the

training condition.

In contrast to message representations I will discuss subsequently, there was no de-

fault level of activation in the event semantics layer. All event features were assigned

an activation value uniformly randomized between 0.1 and 1.0. For instance, the event

type expressed by the sentence

(3) ��� ����� ��� ����� ��� 	�� �� ��� ��� �

from the actual training corpus was represented by setting the activation of the past

tense feature to 0.7, the progressive aspect feature to 0.3, the Patient feature to 0.2

or separated by other dimensions of distinction which will become relevant in later chapters.
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and the Agent feature to 0.9.4 The intra-clausal prominence of event participants was

not signalled to the model. Moreover, syntactic alternations such as the transitive ac-

tive/passive constructions were not semantically wedded by systematically varying the

figure-ground relationship of the Agent and Patient features (as described in the pre-

vious chapter). Each event type received it’s own unique and independent representa-

tion in the event semantics; the other message elements—thematic roles and concepts—

were linked in the usual way in the what-where system.

Among other things, Figures 4.2 (page 82) and 4.3 (page 83) show the model’s per-

formance in this ‘randomized condition’ on single-clause sentences from the training set

and on novel such sentences drawn from the same language, averaged over ten training

environments.5 On both test sets—the familiar and the unfamiliar sentences—the model

reached close to 100% sentence accuracy. Thus, the model correctly produced the sen-

tences it experienced in the learning phase and generalized to novel simple sentences

which it had not experienced in training. Performance looked very different, however,

when the model was tested on the multi-clause fragment of the training set. As shown

in Figure 4.4 (page 84) it reached only approximately 15% sentence accuracy. For novel

sentences with relative clauses the model even scored less than 10% in the randomized

message condition (see Figure 4.5, page 85).

This limitative result suggests that the meaning-to-form mapping for multi-clause

utterances is not learnable if the sentence message is non-combinatorial at the proposi-

tional level. Learnability requires that clauses which express the same proposition have

the same meaning representation whether they occur in a simple or a multi-clause ut-

terance. This is not so much a claim about the compositionality of meaning, but a claim

about the necessity of semantic persistence. If every sentence, regardless of its number

of clauses, has a holistic meaning, linguistic experience is insufficient for learning even

a simple language with one level of embedding.

4.3.2 Simple-event message

The requirement of semantic persistence was satisfied in the simple-event message. In

this condition, the event semantics for clauses in complex sentences was identical with

the event semantics for clauses in simple sentences. The basic simple-clause message

was introduced in Chapter 3 and the description of the artificial language in Section

4.2 above. Complex sentences in the simple-event message were represented by con-

catenating the event semantics of two single-clause sentences. For example, a simple

transitive sentence such as

4The diagram 4.10 on page 102 depicts this and all other compared messages schematically by their

characteristic pattern of activation.
5By randomizing the event semantics in the described manner, it could accidentally occur that mean-

ing representations of different constructions were too close in ‘semantic space’. This could cause the

model to not learn certain constructions. Therefore each of the ten model subjects averaged in Figures

4.2 and 4.3 was equipped with a different randomized event semantics.
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Figure 4.2: Testing on the simple-clause training fragment for all compared message

representations.

(4) ��� ��� ����� �� ��� �	
 �

was represented by activating the Agent, Patient, present tense and simple aspect

features (XX=YY=PRES=SIMP=1.0) and so was the embedded clause

(5) ������� ���� ��� ����� �� ��� �	
���

together with the semantic representation of whichever matrix clause it was combined

with. Thus, the model received as input a message for two independent events, but

no semantic information about the relation of these events. The simple-event mes-

sage was characterized by the inter-sentential persistence of clause meanings and the

representation of the intra-clausal prominence of event participants.

Similar to the random baseline, the model rapidly learned to produce correct sim-

ple sentences, both trained and novel (Figures 4.2 and 4.3). On trained complex sen-

tences it reached around 50% sentence accuracy, which dropped below 40% for novel

complex sentences (Figures 4.4 and 4.5). Because the relative prominence of events was

not signalled to the model in its message input, 50% accuracy was the maximum of

what could reasonably be expected. Given this limitation of the message, the model

performed close to optimal in producing novel multi-clause utterances.

4.3.3 Event-order message

In the event-order message this limitation was removed. One way of thinking about

sentences with relative clauses is that they are composed out of two sentences which
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Figure 4.3: Testing on novel simple-clause sentences.

express distinct propositions.

(6) a. ��� ��� ���	�	 ��� 
�� �

b. ��� ��� ��	 �

Both sentences can be related by an anaphoric demonstrative if the referents of the

shared NPs are identical in some real world event.

(7) a. ��� ��� ���	�	 ��� 
�� �

b. ���� ��� ��	 �

The anaphoric demonstrative develops into a relative pronoun as the embedded clause

is merged with the main clause.

(8) ��� ��� ���� ��	 ���	�	 ��� 
�� �

Parsons (1994, p. 250) speculated that this may be a process by which the restrictive

relative clause construction evolved in English, historically. This philological account

bears resemblance with the conjoined clause hypothesis of Tavakolian (1981) in language

acquisition. According to this hypothesis children process complex sentences as coordi-

nate clausal units, interpret the missing noun phrase as the subject of the relative clause

and take it to be co-referential with the subject of the main clause.

Multi-clause sentences describe complex events which are composed out of atomic

events (in my artificial language). These atomic events are semantically related since

they share an event participant (whose denoting NP is omitted in the relative clause).

Shared participants induce relations between events that can be thematic, causal, or
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Figure 4.4: Testing on the training fragment containing relative clauses.

temporal in nature. For instance, in the sentence

(9) ��� ����� ���� �	
�� ���� ��� ���� ��� ��� ��� �

the restrictive relative clause functions as a predicate that identifies the referent of the

head noun. The event described in the relative clause specifies a participant in the main

clause event and fixes the topic of the sentence. In the sentence

(10) ��� 
�� ���� ��� � ��� ������ ���� �

the embedded event is semantically related to the main clause event by causing the

latter. In nonrestrictive relative clauses,

(11) ��� ���� ���� ������ ��� ���� �� ������� �� ��� ������ �

described events are independent, the construction is similar to a conjunction. The

relation between the events is predominantly temporal.

The sketched event relations of thematic specification, causal dependency and tem-

poral order semantically structure complex events and it would be desirable to represent

such relations in the conceptual structure of the model’s message. For the purpose of

this chapter, however, it is sufficient to encode a more simplistic prominence relation be-

tween atomic events. In the literature on discourse and information structure, complex

sentences are often analyzed into a foreground and a background information compo-

nent (Tomlin, 1985; Thompson, 1987). Foreground information is pivotal and central to

the discourse whereas background information is peripheral and merely adds material

which fleshes out the main events of a narrative. It has been argued that the distinction
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Figure 4.5: Testing on novel sentences containing relative clauses.

between foreground and background information maps onto the distinction between

main and subordinate clauses in complex sentences. Main clauses convey crucial infor-

mation, whereas dependent subordinate clauses supply additional information which is

not essential to the narrative discourse (Hopper and Thompson, 1980). Thus, the no-

tions of foreground and background differentiate the semantic content and pragmatic

function of clauses in complex sentences.6 Tomlin (1985), for instance, showed that ex-

perimental subjects tend to report events which are important to the narrative by main

clauses when describing observed non-verbal action, whereas they express less pivotal

information in subordinate clauses.

In addition, a number of studies from the psycholinguistic literature have argued

that there are differences in sentence processing between main and subordinate clauses

which support the idea that foreground and background information correlate with

clause type. Baker and Wagner (1987), for example, showed that readers detect false

information more easily in main than in subordinate clauses which suggests that in-

formation is more likely to be evaluated for truthfulness when the syntactic structure

indicates that it is of central importance rather than logically subordinate and peripheral.

The main clause as the central focus of a proposition is more reliably checked against

world knowledge than the subordinate clause. Townsend and Bever (1978) demonstrated

that the meaning of main clauses is better maintained in memory than the meaning of

subordinate clauses whereas verbatim recall is more accurate for subordinate clauses.

This indicates that attention is focused on main clause events which are perceived as

6Cf. Diessel (2004, p. 44–45). In similar vein, Talmy (2000) proposed that in complex sentences the

semantic primitives of figure and ground characterize main and subordinate clause events, respectively.
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more prominent and that semantic information extracted from more salient sentence

positions is more available in subsequent processing.7

Main and subordinate clauses of complex sentences differ in the types of informa-

tion they convey and they differ in how accessible this information is in processing. If

it is the case that in terms of discourse structure important events are usually expressed

by main clauses and less important events by subordinate clauses, this relation of rel-

ative prominence between events should be reflected in the processor’s representations

of the semantic structure of complex sentences. The Dual-path model does not model

discourse or the context of utterances, every sentence is presented in isolation and as

an autonomous piece of discourse. Thus, unlike a human learner it can not infer promi-

nence relations between events from its learning environment. To compensate for this

deficit, the model received semantic information that signalled which atomic event was

more pivotal. In this way it could learn to make an informed choice regarding the syn-

tactic structure with which to express complex events. Following the discussion above,

I adopted the convention that more prominent events were always expressed by the

main clause. In the examples (9)–(11) the prominent events are the temporally posterior,

the causal outcome, and the theme of the complex event, but in general prominence is

neutral with respect to temporal order or causal direction. The relative prominence of

events is anchored in discourse and temporal order or causal direction were therefore

not systematically reflected in the syntactic structure of the model’s training sentences.

For brevity, I will refer to more prominent events expressed by the main clause as the

sentence’s theme and to background events expressed by the relative clause as the sen-

tence’s comment.8

In the event-order message, the relative prominence of events was marked by

reducing activation of the tense/aspect features of the comment relative to the level

of activation of the tense/aspect features of the theme. The Dual-path model did not

use sets of dedicated units in the event semantics to represent different events. An

agent feature XX, for example, could signal the presence of an agent in the theme or the

comment. If the intended order of events was the default order, the tense/aspect features

of both events were switched to 1.0, if the order was inverted, the tense/aspect features

of the comment were reduced to 0.5.9 For example, the event structure of the sentence

(12) ��� ��� ���� �� ����	 
��� ����� 
� ��� �� �

was represented by the event semantics activation pattern

ES(12) 1XX = 1YY = 1PAST = 1SIMP = 0YY = 1.0, 0PRES = 0PROG = 0.5

7Effects in this study varied with the semantic relation between events (being, e.g., causal, temporal,

or presuppositional), see also Cooreman and Sanford (1996).
8The use of theme and comment to designate the semantic status of different clauses is not intended

to conform with any particular linguistic theory. It is a purely conventional label.
9It is also possible to always reduce the comment features but it was easier for the model to focus on

the activation state of two nodes instead of comparing the states of 2× 2 nodes to determine the order of

events.
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where the 1-features were main clause features and the 0-features are embedded clause

features. Hence, in the present condition the message representation employed sim-

ple, activation-based means of relating atomic events by placing prominent ones in the

foreground and less prominent events in the background. The event-order message

not only represented the relative prominence of participants within events but also the

relative prominence of atomic events.

Figure 4.5 (page 85) shows that the model tested barely above 40% sentence accu-

racy for novel complex utterances in the event-order condition. Performance was poor

because the message semantically related distinct events in terms of their prominence

but contained no information about the event roles of the shared participant. The mere

ordering of events did not tell the model which participant in the theme was further

specified by the comment. In other words, the event-order message was not suffi-

ciently structured to define a one-one mapping between meanings and sentence forms.

Consider the sentence

(13) ��� ��� ����� ��� ��� �	
 ���� �� ���� ���
 �

In the event-order message, (13) was represented by the same activation pattern in

the event semantics as the previous sentence (12). The relative prominence of events in

the message reflected the distinction between main and subordinate clauses, but right-

branching and center-embedded constructions are not distinguishable by clause order

information alone. A closer look at the model’s test sentence output confirmed that

incorrect attachment was the major source of the model’s production errors. In a word-

by-word comparison between target sequences and actual output sequences, the most

frequently missed target word was the pronoun ���� and, likewise, the most frequent

word erroneously produced (table 4.4). The high number of errors in tense (was/is sub-

Ten most frequently missed target words

122 that 92 was 36 is 24 -s 16 to 16 teach 13 being 12 show 11 a

Ten most frequent words erroneously produced

137 that 112 is 35 was 24 -s 14 to 12 blank 9 . 8 a 8 toss 8 -ed

Table 4.4: Most frequent lexical errors in the event-order condition.

stitution) also indicates that marking comment and theme on the tense/aspect features

was not ideal as they did not fully maintain their designated function.

Although the model represented some information about the conceptual structure

of complex events in its sentence message, it essentially had to guess which two event

participants in the theme and comment were co-referential. This condition resembles a

communicative situation in which a speaker plans a complex utterance about multiple

entities, not knowing the identity of the element which is to be specified or enriched

by the relative clause. It seems reasonable to assume that such conceptual content is

part of the mental representations of sentence meaning a speaker intends to convey.
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The event semantics described in the next section attempts to overcome this deficit by

linking events in the message in a more precise fashion.

4.3.4 Event-link message

English relative clauses can be characterized by specifying the syntactic role of the head

noun, i.e., the main clause NP which is immediately followed by the relative pronoun,

and the syntactic role of the omitted NP inside the relative clause which is coreferen-

tial with the head noun. Depending on linguistic theory, these two NPs are frequently

called attachment and extraction site (Levine, 2001), modified and relativized element

(Sag, 1997; Diessel and Tomasello, 2005), or filler and gap (Wanner and Maratsos, 1978).

These terms describe the syntactic properties of constituents in complex sentences and

are not usually applied to identify the semantic or pragmatic function of these constit-

uents. Semantically, the modified element is the most prominent sentence constituent

because it denotes the unique participant of both events, the theme and the comment.

Because restrictive relative clauses are the only modifiers in my artificial language, com-

plex sentences provide strictly more information about the modified element than about

any other sentence constituent, irrespective of whether part of this information is back-

grounded or pragmatically presupposed. This semantically salient participant I will refer

to as the topic of the complex sentence in its occurrence in the theme and as the focus

in its occurrence in the comment. Again, these labels are purely conventional and are

required to identify the modified and relativized elements semantically. They do not

match the use of ‘topic’ and ‘focus’ in any particular theory from the discourse-prag-

matics literature.10

In the event-link message, the model was provided with semantic information

about the co-reference of topic and focus. In doing so, I assumed that a language

learner can infer the referent of the topic/focus element from the visual environment

shared with the speaker. It is the very pragmatic purpose of a restrictive relative clause

to single out a discourse referent and establish the topic of a sentence. The presence

of multiple referents is therefore a felicity condition for the use of restrictive relative

clauses (Córrea, 1995; Kidd, 2003). If there is only one possible referent in a real world

event, the relative clause is redundant. If there is a set of possible referents, the relative

clause restricts this set and disambiguates the main clause meaning. Language learners

might not be sensitive to the pragmatic function of relative clauses but adult speakers

are and they might support this function through pointing, demonstration or gesture.

Pointing, e.g., serves to direct the hearer’s attention to the spatial region of the refer-

ent (Marslen-Wilson et al., 1982) and reference resolution is facilitated when speaker

and hearer share attentional focus on the same region (Hanna and Tanenhaus, 2004).

10According to Lambrecht (1994) the topic is characterized by semantic ‘aboutness’ and the focus ‘en-

riches the topic semantically’. Since “a relative clause must be a statement about its head noun”, Kuno

(1976) proposed to view the head noun of a relative clause as the topic of that clause (p. 420). The notion

of focus is also used by Villiers et al. (1979), Sheldon (1974) and Kidd and Bavin (2002), referring to the

syntactic role of the relativized element.
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Specifically, then, I assume that the triadic relation between speaker, learner and topic

referent can be established in a communicative situation through joint attention and

non-linguistic deixis.

Topic/focus information connects events in a different way as theme and comment

information. Theme and comment relate atomic events in terms of their relative promi-

nence but do not highlight individual participants, whereas topic and focus identify the

co-referential participants of both events. Of course, topic and focus are not canonically

associated with a particular syntactic function or thematic role. However, topics and

foci can be individuated by their thematic role because no two participants in atomic

events occupy the same thematic role. In the event-link message, topic/focus infor-

mation was incorporated by marking the event semantics features corresponding to the

thematic role of the joint participant in each event. This was implemented by reducing

the default activation of features by a fixed value of 0.3. For instance, if the main clause

agent was the sentence topic the 0XX feature in the event semantics was reduced to

0.7. If the relative clause patient was the sentence focus the 1YY feature in the event

semantics was equally reduced to 0.7. In this message, the event structure of sentence

(12) was represented by the following pattern of activation:

ES(12) 1XX = 0YY = 0.7, 1YY = 1PAST = 1SIMP = 0PRES = 0PROG = 1.0

The event structure of sentence (13), on the other hand, was represented as

ES(13) 1YY = 0YY = 0.7, 1XX = 1PAST = 1SIMP = 0PRES = 0PROG = 1.0

Hence, in contrast to the event-order message from the previous section, the event-

link message could distinguish both sentences in that it contained information about

semantically salient participants.11

Because topic and focus map directly to the positions of the head noun and gapped

element we could expect strongly improved performance compared with the event-or-

der condition in which attachment errors accounted for a large number of incorrect

productions. Sentence accuracy for novel complex test items, however, reached only

around 53% (Figure 4.5, page 85). Intuitively, the model’s deficits are rooted in the way

topic and focus were marked in the event-link message. The event semantics contained

information about the co-reference of topic and focus but it did not signal to the model

which was which. In other words, the event features carrying topic and focus content

were not distinguished themselves. Consequently, the model could not associate the

topic with the theme of the complex event, or the focus with the comment for that

matter. Just as in the simple-clause message, atomic events were not distinguishable

in terms of their relative prominence. If this hypothesis is correct, we should expect

that the model generated many errors which reflect main/relative clause confusion. To

test this, I examined and classified the actual sentence output of the model for 187 novel

input messages (table 4.5). Sentences causing type I errors all were object-relativized

and the model produced the relative clause subject NP at sentence onset. If, e.g.,

11Again, refer to diagram 4.10 on page 102 for a more perspicuous comparison.



90 Chapter 4. Learning

Cummulative

Label Error type Number Percentage

I Initial noun phrase 41 21.8

II Initial determiner 54 50.8

III Verb scrambling 18 60.4

IV Aspect scrambling 10 65.8

V Attachment 32 82.9

VI Non-classified 32 100

Total 187

Table 4.5: Types of production errors in the event-link condition.

(14) ��� ��� ����� ��� ��� �	
 ���� � �	� � �� ��
 �

was the target sentence, the model started off producing � �	���� instead of ��� ���.

In type II errors, the model initially produced the determiner of the relative clause sub-

ject NP together with the main clause subject noun, i.e., � ������ for sentence (14).

Both types of error indicate that the model had difficulties with clause order, suggest-

ing that it could not determine the relative prominence of events based on the message

input. In verb and aspect scrambling—error types III and IV—the model began sentence

(14) with the correct main clause NP but then confused either the actions or the tempo-

ral flow of the atomic events, as in ��� ��� �� ������ and ��� ��� � ��������,

respectively. These two error types suggest that the model did not process complex

propositions in terms of atomic events, which is witnessed by disregarding the integrity

of clausal units expressing these events. A type V error was committed when the model

did not identify the topic of the construction and attached the relative clause to the

wrong main clause NP. Type VI errors included several forms of incorrect utterances

such as wrong determiners in positions other than sentence initial, the wrong choice of

syntactic form (e.g., a double object dative instead of an intended prepositional dative),

and other nondescript mistakes.

Problems with clause order and clausal integrity in type I–IV errors accounted for

nearly two thirds of all production errors in the event-link condition. These errors can

be attributed to the message input which only signalled the co-reference of topic and

focus but otherwise put both atomic events on a par. Next, I combined the event-link

features of the message with the event-order features from the previous message.

The resulting event semantics marked topic and focus of the complex event as well

as the relative prominence of atomic events. Given the model’s performance and the

distribution of characteristic errors in the current condition it can be expected that the

model reaches above 80% sentence accuracy when both sets of semantic features are

present.
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4.3.5 Event-order-link message

The event-order-link message combined features for encoding the relative promi-

nence of thematic roles within clauses, the relative prominence of events within a sen-

tence, and the semantic prominence of topic and focus. It was the conjunction of the

previous two message types. Consider the sentence

(15) ��� ��� ���� � ��� ��	 �
� ��� �� 
	 	��� �
�� ��� ��� �� � �
� �

The event semantics of this sentence in the event-order-link message is depicted in

Figure 4.6. The 0PRES and 0PROG features marked the present progressive of the theme

whereas the 1PAST and 1SIMP encoded the simple past of the comment.

0PRES 0PROG 0XX 0YY 0ZZ 1PAST 1SIMP 1XX 1YY

0.
0

0.
2

0.
4

0.
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0.
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0

The cat that a man was hit −par by is show −ing the toy to a girl

Event−semantics features
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Figure 4.6: Event-semantics in the event-order-link condition.

The theme/comment contrast was marked by the activation difference between

0PRES/0PROG and 1PAST/1SIMP, respectively. The intended prepositional dative main

clause was represented by reducing the activation of the recipient feature 0ZZ relative

to the agent and theme features 0XX and 0YY. The 0XX feature was reduced to mark

the agent as the topic of the main clause. Passive voice in the relative clause was repre-

sented by reducing the activation of the agent feature 1XX relative to the patient feature

1YY to the level indicated by the dashed bar. Because the agent of the relative clause was

also the comment’s focus, co-referential with the main clause topic, the agent feature

1XX was reduced a second time to the level indicated by the solid bar.

In contrast to all previous kinds of event semantics, the event-order-link message

uniquely specified each construction in the language. The mapping between meaning

representations and sentence structures was bijective; there were no ambiguities and no

two ways of expressing the same message. Arguably, the two sentences

(16) a. ��� �
� ���� � ��� ���	� ��� ����� �	 �
�� � ��� �
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b. � ��� ����� 	�
 ��� ��� ���� ����� 	� ��� � 
�� �

express the same proposition, but they were assigned a different event-order-link

message. The difference lies in the salience of atomic events. Because topic and focus

were marked as co-referential but were not distinguished semantically, the difference

between (16-a) and (16-b) could be represented by simply flipping the relative promi-

nence of events described by main and embedded clause. For the sentence of Figure 4.6

this was realized by fully activating the 1PAST and 1SIMP features and leaving every-

thing else constant. The resulting message mapped onto the sentence

(17) � ��� ��� �� 	��� �� ��� ��� ���� � ���� 	�� ��� ��� �� � ��� �

which has the center-embedded relative clause of (15) as its main clause and the main

clause of (15) as its right-branching relative clause. In order to enable this clause al-

ternation in the model, sets of semantic features had to be multi-purpose. Thematic

features which represented the prominence of roles in the main clause could also en-

code the role order in the relative clause and vice versa. Only with this flexibility in the

message could the inversion of event prominence bias the model towards producing an

alternative structure to express the same proposition.

With the event-order-link message, the model learned the simple clause fragment

of the artificial language as usual (Figure 4.3, page 83) and reached around 70% sen-

tence accuracy for novel complex sentences (Figure 4.7). Thus, the performance was
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Figure 4.7: Testing on novel sentences with relative clauses.

slightly lower than projected. I examined the production output of a model subject

whose accuracy score (71.2%) was closest to the mean over all model subjects. Out of
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144 total errors, only 3 (2.1%) involved mistakes which are characteristic of the clause

order problems described in the previous paragraph on the event-link message. For

99.4% of all tested sentences the model correctly started out producing the clause which

expressed the theme; the chosen encoding of the prominence of atomic events was very

effective. The remaining errors fell into a variety of categories (wrong determiners, as-

pect or tense, attachment errors, etc.). The two most common errors, however, both

involved the specific way in which topic and focus were marked in the event semantics.

First, reducing the activation of message features which corresponded to topic and focus

caused interference with the encoding of syntactic alternations. For example, instead of

the subject-relativized transitive relative clause

(18) ������� � ��� ���� 	�� 
�� ��� �� �

the model produced an object-relativized embedding

(19) ������� � ��� ���� ��� ����� .

The intended structure was encoded by reducing the activation of the agent feature in

the comment—the focus role—to a value of 0.7. The actually produced relative clause

onset, however, suggests that the model misinterpreted the focus information as sig-

nalling a passive construction (in which case the same feature got reduced to a value of

0.5). Marking the focus on the role features interfered with the encoding of the passive

transitive, because the model could not reliably distinguish activation patterns for differ-

ent structures. Similarly, the model misinterpreted focus information in a double-object

dative comment as signalling a prepositional dative construction.

Reductions of activation in the event semantics carried information. In the event-

order-link message, reductions encoded the semantics of topic/focus and syntactic

alternations. Both types of information interfered and caused the model to produce

unintended sentences. It seemed plausible that many errors were due to the small dif-

ference in activation between topic/focus and alternation encoding. The model might

have been more sensitive to different types of information if activation differences had

been more distinct. However, this was not the case, as the second dominant error type

in the event-order-link condition illustrated. It occurred frequently when there was a

double reduction on one event role to signal two different message aspects. For instance,

instead of the object-modified passive main clause

(20) � ��� �� ���� 	��� 
	�� � ��� ���� �������

the model began producing a subject-modified main clause � ��� �������. The in-

tended construction (20) was encoded by first reducing the agent feature to a value of

0.5 to signal passive voice plus another reduction to 0.3 to signal the main clause topic.

Thus, the passive marking was obscured by the additional topic marking and the model

interpreted the double reduction on the agent feature as attachment information for an

active transitive structure. One semantic feature (focus) was masking another (inverse

role order for passive voice) in this message. The structure that the model actually pro-
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duced would have been encoded by a single reduction of the agent feature to a value of

0.7. Hence, the activation difference between the message patterns for target and actual

sentence, was 0.4 which is quite large. Nonetheless, the model could not distinguish

the two messages, i.e., passive object-modified versus active subject-modified transitive.

This suggests that the model was not sensitive to the absolute level of activation of a

message feature but rather compared levels of activation for different features and opted

for the simplest structural choice which was consistent with the activation difference.

To summarize, the event-order-link message had two shortcomings. Differen-

tial activation could encode syntactic alternations and topic/focus information. Al-

though numerically distinct, the corresponding patterns created ambiguities for the

model which caused production errors. Likewise, when one role feature was involved

in the encoding of two message properties—such as passivizing the sentence topic—the

overlay of information caused incorrect utterances. Both defects will be dealt with in

the meaning representations described in the following three subsections. The current

condition also showed that message features were not additive, i.e., the model’s perfor-

mance for combining features from two message types (event-link and event-order)

was not equal to the added performance for both feature sets individually. Combin-

ing features can be suboptimal if the message becomes too complicated. Simplification

will therefore be aimed at in the subsequent condition, while retaining the unequivocal

message-sentence mapping of the event-order-link message.

4.3.6 Binding message

In the previous condition, semantic information was encoded relationally and one event

feature could be involved signalling two aspects of the message. This was one reason

why the model did not learn the complete language from its message-sentence input

pairs. To avoid this complication, I detached the two sets of features which encoded

the relative prominence of participants within atomic events and the topic/focus and

theme/comment relations between these events. The co-reference of topic and focus

was no longer signalled by activation differences on role features, but by dedicated

nodes in the event semantics. The simplest way to implement this was to utilize special

binding features which linked the topic and focus of a complex event. For each pair of

event roles that could function as topic and focus, there was a special feature node in the

event semantics. This feature was not construction-specific. If the agent of the theme

was the topic and co-referential with the patient focus of the comment, a feature was

activated which represented this topic/focus relation between participants in the two

events, regardless of the particular construction in which the agent and patient roles

occurred. Together with the semantic information in the atomic events, this feature

uniquely characterized the intended construction. Consider e.g.,

(21) ��� ��� ����� ��� ��� �	
 ���� ���� �� � �� �
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The event semantics for this sentence in the binding message consisted of the sim-

ple-event message for atomic events plus a single feature which marked the patient

of chasing (���) as the topic and the agent of biting (���) as the focus. This semantic

feature was denoted by 0Y1X to indicate that the intended sentence for this message had

a relative clause attached to the object (=patient) of the main clause, with the subject

(=agent) of the subordinate clause relativized. Since there was clause alternation in the

input language (and hence no fixed set of event semantics nodes for each clause type),

the feature 0Y1X was distinct from the feature 1Y0X. With this semantic distinction the

need to signal the prominence of events to the model became superfluous. If 0Y1X was

activated the model first had to sequence all event participants indexed with a ‘0’ in the

main clause (until the topic was produced) and then all event participants indexed with

a ‘1’. The intended order of role sequencing was reversed if 1Y0X was activated. As

a consequence, the binding message was particularly simple and parsimonious. Apart

from representing the intra-clausal prominence of roles the message employed a single

feature to encode the topic/focus binding and the theme/comment relationship with only

one additional node. There was no need to mark the relative prominence of events on

the tense/aspect features (as e.g., in the event-order message). The semantic encoding

was non-relational because binding features were autonomous and switched either on

or off.

Figure 4.7 (page 92) shows that the model tested above 90% sentence accuracy on

novel relative clauses with the binding message. Around 78% of the remaining errors

involved either wrong tense/aspect, or an incorrect verb or determiner at some posi-

tion in the sentence. Thus, the majority of production errors was lexical in nature,

not structural (e.g., wrong clause order and/or attachment), which can be viewed as an

adequacy criterion for a model of complex sentence production. Notwithstanding, the

binding message was ill-suited for a number of reasons. The downside of parsimony

per construction was a rapid inflation of features (and hence event semantics-layer

nodes) as the language got more complex. The number of required binding nodes (BN)

depended on the maximum number of roles per clause (RC) and the depth of embedding

permitted by the language (DE), and can be calculated as BN = RC2 ×DE× (DE + 1).
For example, in the artificial language employed here, there was a maximum of three

roles per clause (in the dative construction) and at most one relative clause per sentence.

Hence 18 binding nodes were necessary to implement the binding message. When the

language permitted four embeddings (Chapter 6), the number of required binding nodes

was already 180. Large numbers of feature nodes are not immediately problematic,

architecturally. Due to the theme/comment-specificity of the binding nodes, however,

the model needs more and more training as the input language becomes more complex

and the depth of embedding increases. If the model has not been exposed to a train-

ing sentence with agent topic and patient focus for a particular combination of events,

the corresponding binding node is not trained and the model would not produce such

a sentence correctly. For example, training the 0X1Y feature did not enable the model

to produce this binding type at a deeper level of embedding. In other words, with the

binding message the model cannot be expected to generalize topic/focus combinations
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to novel constructions. To compensate for this inability, the amount of training would

have to be increased with the number of embeddings when in fact the exposure to

complex sentences decreases with the number of embeddings in realistic learning envi-

ronments. A second drawback of the binding message, which is a consequence of the

first, is that the model does not acquire an abstract notion of relative clause topic and fo-

cus. Semantic features for topic/focus marking are idiosyncratic and do not recombine.

In the next message I tested, this will be remedied. Finally, the binding message proved

inadequate with respect to a semantic property which will be discussed in Subsection

4.4 below.

4.3.7 Topic-focus message

The binding message showed that unambiguous topic/focus information was crucial

for the model’s high accuracy on novel multi-clause utterances. It was useful to equip

the model with separate features to signal topic/focus co-reference instead of marking

the corresponding event roles (as in the event-order-link message). In the latter con-

dition, topic and focus were symmetric in that both were represented by a reduction of

the default level of activation. The binding message, on the other hand, was asymmet-

ric because there were two distinct binding features for each pair of roles, depending

on which was the topic and which was the focus, respectively. In the topic-focus

message I retained the feature separation and the asymmetry of the binding message.

However, instead of having one feature signal co-reference, there were two separate

features, one for the topic and one for the focus. Binding was then encoded by con-

current activation of those features. For each atomic event in the message, there was a

set of features which could represent the topic and focus of the complex event. These

features were distinct from the event roles which indicated the relative prominence of

participants. For example, suppose the target sentence had an active transitive, subject-

modified main clause. Then the 0XX feature in the event semantics was activated and

there was a separate feature 0XXT in the message to signal that the agent was also the

topic of this event. Similarly, there was a feature 1YYF to indicate, e.g., that the patient

was the focus of the event in the relative clause of the intended construction. This rep-

resentation was asymmetric because sets of topic and focus features were distinct. The

model had to learn that the topic feature always belonged to the message theme and

the focus feature always belonged to the message comment. The set of event features

containing the active topic informed the model about the semantic structure of the main

clause, the set of event features containing the active focus informed the model about

the semantic structure of the relative clause. Therefore it was unnecessary to specially

mark the relative prominence of events in the topic-focus condition.

The resulting message was combinatorial. A topic feature could figure in the seman-

tic representation of any construction and combine with any other focus feature. Hence,

the binding of event participants could be encoded using only BN = 2×RC× (DE+ 1)
nodes (e.g., BN = 30 for a language with up to four relative clauses). More importantly,

this message potentially enabled the model to generalize the input fragment of the lan-



4.3. Message representation comparison 97

guage to constructions which were not encountered in training. It was hoped that the

model could acquire abstract notions of topic, focus and co-reference and transfer this

knowledge from experiencing specific instances of multi-clause sentences to correctly

producing tokens of entirely novel constructions. Whether this was indeed the case will

be examined in detail in Chapter 6 on structural generalization.

The topic-focus message allowed minimal semantic changes to cause structurally

distinct sentence output which expressed the same proposition. For instance, the two

sentences

(22) a. ��� ��� ��	�
 ��� �� ���� 
����
 �

b. ��� �� ���� ��� ��� ��	�
 
����
 �

were assigned identical semantic representations except that in (22-a) the sentence topic

was placed in the event that involved a man kicking, whereas in (22-b) it was placed in

the event which involved a dog sleeping. In this way the model represented which was

the foregrounded and which was the backgrounded event and was biased to select the

appropriate sentence structure to convey the same proposition with different emphasis

on atomic events.

Turning to the analysis of performance, the model reached 93.4% sentence accuracy

for novel relative clauses (Figure 4.7, page 92). I examined the production errors of the

model subject least deviant from the average score. At epoch 100.000 this model pro-

duced 26 incorrect sentences in total (out of 500 tested). None of these errors involved

wrong attachment or confusion of main/relative clause. 22 (or 84,6%) of the errors were

directly related to syntactic alternations in the language, e.g., the model produced a

prepositional dative instead of a double object dative or it produced an active transitive

instead of a passive transitive relative clause. This means that most residual errors in

the topic-focus condition were clause-internal in nature and did not result from mis-

representing the hierarchical organization of multi-clause utterances. The model had

more difficulties ordering thematic roles within clauses, than mapping theme/comment

and topic/focus information onto the right construction type. With respect to the cur-

rent learning task, the topic-focus message was therefore suitable for the processing

of complex sentences. Secondly, 16 errors (61.5%) occurred in the relative clause and 10

(38.5%) in the main clause, i.e., the model had more difficulty to successfully produce a

relative clause than a main clause. For artificial languages with several levels of em-

bedding we can therefore expect that the model’s error rate should increase with clause

depth. This will also be tested in Chapter 6.

The non-uniform distribution of errors over clause types suggests that the model is

sensitive to the hierarchical structure of sentences and is not processing multi-clause

utterances as linear sequences or flat strings of words. This claim is supported by an

analysis of error positions within sentences. The average length of incorrect sentences

was 16.7 words (sd 1.78), the average error position was 12.3 words (sd 3.79). Thus er-

rors occurred late in the sentence, after nearly 75% of the utterance had been produced

correctly. If the model processed sentences as flat strings, based on local transitional
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probabilities only, we would expect the average error position to be sentence medial,

unless transitional probabilities weaken towards the end of the sentence. This might

indeed the case since, e.g., all sentences started with a determiner followed by a noun

whereas there was more conditional uncertainty later in the sentence when structural

choices became available. Furthermore, the sensitivity of the model’s sequencing sys-

tem to immediate word context (SRN working memory) decreases with sentence length

because more and more information accumulates in the recurrent buffer. Hence, late er-

rors could be explained by conditional uncertainty plus architectural constraints which

make word-to-word transitions more difficult to predict later in the sentence. A closer

look at exact error positions, however, revealed that 8 instances occurred at the end of

a relative clause (terminal word) and 9 occurred at the continuation of the main clause

immediately following a completed relative clause (initial word). Thus, 17 out of 26

errors (65.4%) occurred at the boundary of main and embedded clause. The model had

difficulties completing the relative clause and resuming the main clause after the em-

bedding had been produced. This accumulation of errors at clause boundaries indicates

that the model is organizing complex sentences into clausal units. It is a claim central

to this thesis that the Dual-path model represents the hierarchical structure of multi-

clause utterances while at the same time being sensitive to substructure frequencies in

linear sequences of words. Throughout Chapters 5–7 I will adduce more evidence for

this capacity based on the topic-focus message representation.

4.3.8 Simple topic-focus message

The temporal characterization of events involves two kinds of information, when and

how an event happened. Tense is a deictic function which locates an event in time, rela-

tive to some point of reference (such as the time of utterance). Aspect characterizes the

temporal structure of situations, actions or events as completed, ongoing, etc. English

has two basic tenses, past and present, which are morphologically marked by inflec-

tional suffixes (-s, -ed) or by changing the verb stem (run/ran). Aspect is usually subdi-

vided into lexical aspect (Aktionsart) and grammatical aspect. Lexical aspect classifies

situations in terms of temporal features such as being static or dynamic [±dynamic], in-

volving a change of state or location [±telic], or unfolding over time versus occurring in

an instant [±durative] (Smith, 1997). Lexical aspect is often considered an inherent tem-

poral property of verbs, although it has been argued that dividing verbs into aspectual

classes is ill-conceived because many verbs can be coerced into different Aktionsarten

by grammatical constructions (van Lambalgen and Hamm, 2005). Grammatical aspect,

on the other hand, classifies utterances in terms of the perspective they convey to the

listener and is marked by means of auxiliaries and/or morphemes (e.g., is/was, -ed/-ing).

The Dual-path model implements a very simple system of grammatical tense/aspect

which can express simple present/past and present/past progressive. Lexical aspect was

ignored altogether. Semantically, tense and aspect were represented by the combination

of features [±PAST], [±PRES], [±SIMP] and [±PROG] in the event semantics. Thus, it

was assumed that tense and aspect characterize the temporal structure of events. Since
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the event semantics-layer projected into the hidden-layer, information about tense

and aspect of a target utterance could be utilized by both model pathways. The flow of

information is schematically shown in Figure 4.8. However, tense and aspect features
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Figure 4.8: Tense and aspect in all previous message conditions.

in the event semantics had no correlate in the conceptual structure of the message in

the what-where-system. Hence, to produce auxiliaries and inflectional morphemes at

appropriate sentence positions the model had to rely on the sequencing system.

In all message types studied so far, tense and aspect were conceptualized as general

features of events rather than more specific characteristics of the action component of

an event. Representationally, tense and aspect features were on a par with features for

event participants and were not explicitly related to the action. In the simple topic-fo-

cus message, the semantic representation of tense and aspect was moved from the event

semantics into the model’s what-where-system, tying it more closely to the action.12 In

the what-layer, nodes were added which represented the concepts of past and present.

Likewise, additional nodes represented the concepts of simple and progressive aspect.

To encode a specific tense/aspect combination the corresponding nodes in the what-

layer were temporarily bound to the action role in the where-layer, along with the

usual link to the lexical meaning of the intended verb. Figure 4.9 depicts the way tense

and aspect were represented in the simple topic-focus message. The triple connection

of a tense-aspect scheme plus verb meaning to an action role encoded the temporal

properties of actions in this message. Note that this implementation is still consistent

with the view that aspect is a way of conceptualizing the temporal structure of events.

Aspect is treated as an attribute of actions, not as a property of verb semantics. The

activation of the action role is determined by the overall event structure and in principle

every verb-tense/aspect combination could be associated with an action role.

Placing tense and aspect features in the message-lexical system of the model re-

moved this information from ‘sight’ of the sequencing system. Tense and aspect were

now controlled solely by the activity of the action role in the where-layer. In this way,

tense and aspect were separated from syntactic processing in the sequencing pathway.

12This was possible because tense and aspect features were not used for theme/comment encoding in

the topic-focus message.
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This treatment is supported by a study of syntactic priming in language production

(Pickering and Branigan, 1998) which showed that the magnitude of priming effects for

dative structures was not affected by differences in verb tense or aspect between prime

and target, suggesting that the representations involved in syntactic processing are dis-

tinct from the representations of verb tense and aspect.

Moving tense and aspect from the event semantics into the what-where-system

complicated the mapping from concepts to word forms. The model had to learn the
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Figure 4.9: Tense and aspect in the

simple topic-focus message.

from tense-aspect schemes onto the correct

sequence of words in the verb phrase and

this mapping was one-many (as opposed to

one-one in all previous conditions). For ex-

ample, the concept [PRES] for present tense

mapped to the lexical item �� when the as-

pect attribute [SIMP] was concurrently active,

and to the sequence �� VERB ���� when the

aspect attribute [PROG] was active. At the

same time it simplified the event semantics.

It was not predictable whether this trade-off

had a beneficial effect on the model’s learning

curve. Figure 4.7 (page 92), however, shows

that the model learned considerably faster in

the simple topic-focus condition than with

the binding or topic-focus messages. At

epoch 100.000 it reached 97.2% sentence ac-

curacy which was nearly four percent higher

than in the topic-focus condition. Of the

few remaining errors, 16% involved lexical substitution (wrong article or noun) and 84%

involved structural errors in alternations (active/passive and double object/prepositional

dative). 80% of all errors occurred in the relative clause, 20% in the main clause. The

error profile indicates that the model had no difficulty in learning the mapping from

tense/aspect features to complex verb phrases. Better and faster learning indicates that

the simplified event semantics facilitated the learning of syntactic frames from the mes-

sage input.

Since the task of learning a target language with relative clauses was the benchmark

of this event semantics comparison, the simple topic-focus message came off as the

winner.

4.3.9 Summary message types

All compared messages were adequate for learning the single-clause sentences that were

experienced in training (Figure 4.2, page 82) and generalized this knowledge to novel

single-clause sentences outside the training set (Figure 4.3, page 83). The random base-

line showed that semantic persistence was important for learning multi-clause sentences
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(Figure 4.4, page 84). It was a minimal requirement for the message to encode clause

meaning invariantly, whether that clause occurred in a simple or complex sentence. The

complete array of compared message representations is depicted graphically in terms of

activation patterns for the sentence

(23) ��� ��� ���� � ��� ��	 �
� ��� �� 
	 	��� �
�� ��� ��� �� � �
� �

in Figure 4.10 on page 102. Only three of these message types proved suitable for learn-

ing the multi-clause sentences from the training set and generalized this knowledge to

novel complex sentences not experienced during training (Figure 4.7, page 92). These

were the binding message, the topic-focus message and the simple topic-focus mes-

sage. The three models reached >90% sentence accuracy on both these sets of complex

utterances.

Performance data from the message comparison was analyzed by a repeated mea-

sures ANOVA with the event semantics condition as factor. The dependent variable

was the model’s sentence accuracy for novel complex utterances measured at epoch

100.000. Not surprisingly, the ANOVA yielded a significant main effect for message

type [F(7,9) = 129.24, p < 0.001]. Post-hoc analyses using the Tukey HSD test indi-

cated that most pairwise comparisons were significant, with the exception of the three

conditions which scored the highest. The full comparison matrix is shown in Table

4.6. Accordingly, in terms of performance on novel relative clause sentences the three

message types (binding, topic-focus, and simple topic-focus) are indistinguishable.

Nonetheless, the topic-focus message is preferable over the binding message for rea-

Pairwise message comparison with Tukey HSD

random simple event event event topic- simple
baseline event order link order-link binding focus topic-focus

random
baseline

+ + + + + + +
simple
event

+ – + + + + +
event
order

+ – – + + + +
event link + + – + + + +
event
order-link

+ + + + + + +
binding + + + + + – –
topic-
focus

+ + + + + – –
simple
topic-focus

+ + + + + – –

Table 4.6: Post-hoc analysis matrix for all event semantics conditions, a + sign marks

significant contrasts.
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Figure 4.10: Event-semantics activation patterns in comparison for the sentence ���

��� ���� � ��� ��	 �
� ��� �� 
	 	��� �
�� ��� ��� �� � �
� .
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sons of parsimony—it used considerably less event semantics nodes to encode sentence

meaning. The simple topic-focus message is preferable over the topic-focus message,

because the model learned faster with this meaning representation. The elegance of the

simple topic-focus message compared to other event semantics is visualized in Figure

4.10 (page 102). Models with distinct messages were analyzed in one learning condition.

But the parameters of this condition might not be optimal for all messages. The capacity

for generalization might therefore better be measured in terms of performance for novel

relative to trained sentences. Optimal generalization then occurs if the ratio of these

two data points is close to one. This measure of generalization (at the end of training) is

plotted in Figure 4.11.13 With the simple topic-focus message the model produced novel
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Generalization by message type
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Figure 4.11: Ratio of sentence accuracy

for trained to novel complex utterances.

relative clauses with nearly the same ac-

curacy as trained such sentences. This

message is therefore preferable over its

competitors with respect to this criterion.14

Further reasons for preferring the simple

topic-focus message will be given in the

next section. All messages suitable for the

learning task shared three features which

turned out essential for successfully pro-

ducing complex utterances. First, they all

encoded the relative prominence of parti-

cipants in a systematic and semantically

persistent way. The semantic structure of

atomic events was represented by activa-

tion patterns which were systematically

related to a sentence form as, for instance,

in the active/passive alternation. These

representations were stable across occur-

rences in different constructions. Conse-

quently, the message was combinatorial at the clausal level. Secondly, all messages

marked the topic and focus of complex events. This feature informed the model which

participant corresponded to the argument of the relative clause, and which thematic

role this participant occupied in the relative clause. The binding message employed

non-combinatorial, joint topic/focus nodes, the topic-focus messages used clause-spe-

cific, separated topic and focus nodes. And third, the message encoded the relative

prominence of events in complex propositions, i.e., which atomic event was the theme

and which the comment. This information guided the model in producing the cor-

13Labels mean: RB = random baseline, SE = simple-event, EO = event-order, EL = event-link, ELO =

event-link-order, BI = binding, TF = topic-focus, STF = simple topic-focus.
14There was no trade-off between learning and generalization as projected in the introduction. The

better the model learned for a message type, the better it generalized. The reason is that, statistically

speaking, the model was not tested on novel sentence types but only novel tokens. In later chapters,

generalization tasks were more demanding and there such a trade-off did show.
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rect order of clauses. The binding message represented theme and comment through

distinct topic/focus nodes for default and inverted clause order. In the topic-focus mes-

sages, the model could infer the theme/comment distinction from the index of the active

topic/focus nodes. Apart from these essential traits, I argued that it was important to

separate dimensions of information because the model could not trace overlaid message

features in multiple reductions of activation (event-order-link message versus bind-

ing message). Furthermore, it was shown that simplifying the message without loss of

semantic information can result in a substantial learning speed-up (topic-focus mes-

sage versus simple topic-focus message). The distinctive properties of all compared

messages are summarized in Table 4.7.15

Message System. & Theme & Topic & Tense & Constr. Coding

Type Persistent Comment Focus Aspect Specific Conflict

Random

baseline
no no no no yes no

Simple event yes no no yes no no

Event order yes yes no yes no yes

Event link yes no yes yes no yes

Event

order-link
yes yes yes yes no yes

Binding yes yes yes yes yes no

Topic-focus yes yes yes yes no no

Simple

topic-focus
yes yes yes no no no

Table 4.7: All message representations and their specific properties.

4.4 The gapped element

In all message representations I discussed, the relative clause focus had a special status

compared to the other event participants. Non-focus participants were anchored in the

message twofold. In the what-where system, the thematic role the participant occu-

pied was bound to a concept node in the lexical semantics. In the event semantics a

feature corresponding to this role was activated to signal the intended construction (in

conjunction with other features). The focus participant of a complex event, on the other

hand, was represented only in the event semantics and there was no binding link to the

focus concept in the message-lexical system (Figure 4.12). The focus feature in the event

semantics was strictly necessary to encode the event type. An example will clarify this

point. Suppose, the relative clause focus was the agent of an active transitive sentence.

If there was no focus feature in the event semantics, only the patient feature would have

15Abbreviations used in Table 4.7: System. = Systematic, Constr. = Construction.
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been active in the semantic representation of the relative clause. But this would be com-

patible with a subject-relativized oblique and a passive transitive. Hence, if the focus

feature was absent from the event semantics, the model would not be able to determine

������

����	
�

���������


���������������

�����


���

���
������


���������


�������	���

�������

Figure 4.12: The gapped element is rep-

resented in the event structure but not

linked to conceptual content.

the intended construction, nor the clause-

internal structure, the target structure

would be semantically underdetermined

by the message.

The situation was different for the

synaptic binding between the focus role

in the where-layer and lexical meaning in

the what-layer. This message component

was not necessary to distinguish all con-

structions by the message and was omitted

for simplicity. It was dispensable because

the lexical item associated with the focus

position is not overtly produced in English

relative clauses. Consequently, there was

no need for a dynamic link between the fo-

cus role and its filler in the message-lexical

system.

I will argue here, however, that for

several reasons the gapped element should

be present in the meaning representation

of a sentence in just the same way as all other event participants.

4.4.1 Ambiguities

In English, the relativized NP is not formally expressed inside a restrictive relative clause

(gapping) and the pronoun that carries no information about the syntactic role of the

gapped element. In other languages, such as Hebrew, it is possible to indicate the posi-

tion and role of the relativized NP with a personal pronoun (pronoun retention).

(24) ha-sarim

the-ministers

she-ha-nasi

COMP-the-president

shalax

sent

otam

them

la-mitsraim

to-Egypt
‘the ministers that the president sent to Egypt’16

Thus Hebrew retains more overt information about the gapped element in the sentence

form. In English coordinate structures gapping can cause ambiguity. Consider the

sentence

(25) John met Paul yesterday and Ben today.

16Example from Max Wheeler, “Relative clauses and the noun phrase accessibility hierarchy.” Linguis-

tic typology handout, University of Sussex, 2006.
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which has two interpretations, depending on which phrase was omitted

(26) a. John met Paul yesterday and [John met] Ben today. (conjunction

reduction)

b. John met Paul yesterday and Ben [met Paul] today. (gapping)

Understanding (25) in either way involves establishing the omitted NP’s thematic role

and its co-referential element in the first conjunct. The omitted NP is characterized by

its ‘position’ in the argument structure and its conceptual content. It is not merely the

agent or patient of the second coordinate clause which is omitted but a specific agent or

patient that has previously been introduced into the discourse. Comprehension requires

to establish the thematic and syntactic role of the gapped element but also its identity.

Semantically, the gapped element should therefore be treated like any other non-gapped

event participant and not be represented as an empty role without filler content.

Ambiguities as in coordinate structures do not occur in unreduced relative clauses

(only temporary uncertainty about roles) because the pronoun immediately gives away

the identity of the gapped element. However, there is no reason to treat both forms

of omission in different ways, the gapped element should be considered a full-fledged

message component. This treatment is also more adequate cross-linguistically. Dif-

ferent languages reveal different kinds of information about the gapped element in the

sentence surface form—none in English, a resumptive pronoun in Hebrew, gender, num-

ber and case (and hence thematic role) marked on German relative pronouns, etc.17 As

the case of Hebrew shows, not all languages simply omit the relativized position but

some retain a pronominal marker referring back to the head of the relative clause.18

This marker is co-referential with the head and has the same conceptual content. For

the Dual-path model message this suggests that not only should the gapped element be

represented by its role feature in the event semantics but the thematic role itself should

be linked to conceptual content in the lexical semantics.

4.4.2 Acquisition

In generative grammar it is common to analyze gaps in relative clauses as the result

of some kind of movement. A dislocated constituent is associated with a syntactically

dependent empty category which functions like a silent copy of this constituent (see

Chomsky, 1995). For instance, in X-bar syntax the gap arises because the relativized

element moves from the DP inside the CP to the specifier (SPEC) of the CP and leaves

a trace ti:

(27) [DP [D the] [CP [SPEC man] [C’ [C that] [IP [DP ti] [VP returns the book]]]]]

movement
�

17Languages often have several relativization strategies which retain different kinds of information.
18Pronoun retention also occurs in, e.g., Persian, Welsh and Cantonese.
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But of course this is merely a theoretical model of relative clause syntax, not a model

of the psychological mechanisms of relative clause formation, processing or acquisition.

Such a model of syntax does not automatically establish the psychological reality of

transformational movement.19

Several studies have investigated the psychological reality of traces in sentence com-

prehension of adults (Swinney et al., 1988; Love and Swinney, 1996; Clahsen and Feath-

erston, 1999) and children (Love, 2007; Roberts et al., 2007) using cross-modal lexical

priming. These studies found that semantic information which is linked to the an-

tecedent becomes ‘reactivated’ at the trace position during on-line comprehension. The

parser reconstructs “grammatical and semantic features of the dislocated constituent at

a potential gap site by creating a silent syntactic copy of the antecedent” (Roberts et al.,

2007, p. 178). This is known as the trace reactivation hypothesis. Antecedent priming

has also been explained by the direct association hypothesis according to which filler-

gap dependencies are resolved by reconstructing the verb’s argument structure (Pick-

ering and Barry, 1991; Sag and Fodor, 1994). Cross-linguistic evidence from scrambled

double-object constructions in German and head-final languages like Japanese in which

objects precede verbs, however, is not compatible with the direct association hypothesis

(Clahsen and Featherston, 1999, Nakano et al., 2002). Regardless of which is the correct

account, mental reactivation effects at gap sites, which have been confirmed by many

studies for adults and children, suggest that syntactic gaps play an important role in

sentence comprehension.

‘Reactivation’ of grammatical and semantic features is logically neutral with respect

to movement, the ‘trace’ could also result, for example, from deletion. In developmental

psychology it has been hypothesized that early relative clauses merge two simple-clause

sentences into a novel constructional unit which expresses a single proposition (cf. Dies-

sel and Tomasello, 2000):

(28) [There’s a rabbit]1 that [I’m patting [a rabbit]]2.

The presentational scheme There’s Y introduces a discourse referent, focuses attention

on it, and makes it available for further specification by a relative clause. The object of

the transitive scheme X is VERB -ing Y gets linked to the presentational clause subject

and is deleted from the surface form of the amalgamated construction. No movement

or dislocation of constituents is required. In production, the element in the transitive

construction which is co-referential with the antecedent becomes phonologically null.

According to this view, the acquisition of relative clauses involves the fusion of simpler

constructions, and the deletion of multiple occurrences of co-referential elements.20

If this mechanism is plausible, the gapped element should be considered a full

19How movement rules might be incorporated into a performance model, however, is discussed at

length in Jackendoff (2002).
20Labelle (1996, p. 68) has suggested that relative clauses are formed by converting a clause into a

semantic predicate and co-indexing it with its subject. On her account there is neither movement nor

deletion involved.
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component of the relative clause’s semantic structure, because the complex sentence

is formed from two autonomous simple sentences. It is omitted from expression but

persists in the conceptual structure of the complex sentence clause due to the combina-

torial nature of relative clause formation. In the Dual-path model, binding the role of

the relativized element to conceptual content makes this content available for produc-

tion. Activation of a thematic role at the gap position will activate the lexical meaning

of the gapped element which will activate a corresponding word form. Consequently,

deletion requires that the model learns to suppress the relativized constituent.

4.4.3 Alternations

The artificial language which the model was trained on is sufficiently rich to express

complex propositions in a variety of ways. To describe complex events, a number of

structural alternatives is available and we would like to be able to bias the model to-

wards selecting one structure over another with only a minimal change in the message.

Consider the sentences

(29) a. The man kicks the dog that [the dog] chases the cat.

b. The man kicks the dog that the cat is chased by [the dog].

c. The dog that the man kicks [the dog] chases the cat.

d. The dog that [the dog] is kicked by the man chases the cat.

e. The cat is chased by the dog that the man kicks [the dog].

f. The cat is chased by the dog that [the dog] is kicked by the man.

Arguably, (29-a)–(29-f) express the same proposition. Notice, however, that the gapped

instance of dog in (29-a), the relative clause focus, becomes the overt main clause topic

in (29-c)–(29-f). In these alternations, the embedded clause becomes the main clause

(and vice versa) and a right-branching construction becomes a center-embedded con-

struction in (29-c) and (29-d). Furthermore, the dog can alternate between agent/patient

and subject/object. It was mentioned previously that the message representation of the

Dual-path model permitted clause alternation. There were no clause-specific nodes in

the what-where-system, or dedicated features in the event semantics. Hence, it was

possible to represent the difference between (29-a) and (29-c) simply by bringing the

comment event to the foreground, making the theme event recede in prominence. In

the topic-focus message, for example, differential emphasis could be placed on events

by inverting the topic/focus relation of the co-referential participants. The model could

infer which instance of dog should be the attachment and which the gapping site, and

thus which instance should get expressed or suppressed, respectively. In order for this

alternation bias to work, however, it is necessary that the thematic role node of the

gapped element carries conceptual content in just the same way as the thematic role

node of the modified element. The role-to-concept bindings in the what-where sys-

tem must be identical for each of the sentences (29-a) through (29-f) if an instance of the

dog that is omitted in one alternation becomes expressed in another. Consequently, the
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focus element should be represented semantically like all expressed event participants.

The semantic difference between the six alternations is then reduced to differences in

the relative prominence of events and/or event participants (active/passive alternation).

This discussion of how to represent alternations parsimoniously concludes the argu-

mentation for a conceptual link of the focus role to semantic content in the Dual-path

model’s message.

4.4.4 Performance comparison gap-link versus no gap-link

I argued that there should be a what-where binding for the gapped element in the

message (henceforth: gap-link). This gap-link might complicate learning and general-

ization because activating a message element which is available for production must

be suppressed. However, the gap-link added information to the message, so some mes-

sage types might profit, others might suffer from it. If for some of the eight candidate

messages performance is better with the gap-link than without, this would indicate

that these candidates implement more adequate meaning representations (within the

model’s framework).

Figure 4.13 shows all message types tested on the same set of novel complex utter-

ances at epoch 100.000 in both conditions, with and without gap-link. A two-sided
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Figure 4.13: Performance comparison for the gapped element linked and disconnected in

the message.

t-test was performed for each pair of messages and significant differences in mean are

marked with a diamond. Among the three contenders from the learning comparison, the

binding message was the only one which scored worse in the gap-link condition. Both

variants of the topic-focus message, on the other hand, scored higher in the gap-link

than the no gap-link condition. In particular there was a significant effect for linking
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the gapped concept in the simple topic-focus message (t(9) = 2.34, p < 0.05). This

observation makes the simple topic-focus message the uniquely preferred representa-

tion for further simulations. It is also worth pointing out that the event-order message

profited most from the gap-link in terms of absolute performance gain. With gap-link

this message type almost reached event-order-link message performance, suggesting

that the gap-link helped the model to establish attachment and gapping sites. The sig-

nificant drop in sentence accuracy for the event-link message with gap-link, however,

seems to contradict this hypothesis. A closer analysis was required.

I directly compared error patterns of two model subjects from both conditions for

both messages. Without gap-link there was a total of 261 inaccurate novel complex sen-

tences produced with the event-order message. 225 (or 86%) of these were attachment

errors, all of which occurred in center-embedded structures, with 219 of these (97%) in-

volving the sentence initial subject NP. With gap-link the number of production errors

dropped to 79 which comprised only 6 attachment errors (8%). All these errors involved

attachment on the recipient of a double-object dative construction. The largest generic

group of errors occurred in embedded passives where the model was confused about

the thematic role of the gapped element (agent/patient, 30 times, or 38%). Remaining

errors involved wrong aspect, determiners, or some constituent scrambling in the dative

alternation. The nearly complete absence of attachment errors in the gap-link condition

suggests that the model (with event-order message) was able to utilize the fact that

two distinct roles were linked to the same concept in the what-where-system in order

to determine the special status of the topic/focus element in the message. Together with

information about the relative prominence of events this enabled the model to project

the attachment and gapping site: due to the event-order information in the message,

the model was able to start out producing the intended main clause. At step n in the

output sequence, the model produced the main clause topic being ignorant about this

constituent’s special status as the argument of a relative clause. Due to feedback, the

topic concept was activated in the cwhat-layer at step n+1 (provided the model had

already learned the correct word-to-meaning mapping in the comprehension direction).

Since there were two role-to-concept links in the what-where system in the gap-link

condition (one such link for the topic and one for the focus element), there were two

concept-to-role links in the inverse cwhat-cwhere-system. Consequently, the topic

concept activated two thematic roles in the cwhere-layer, the roles of the message

topic and focus, respectively. This double activation occurred at the sentence position

where that was to be produced next and it occurred at no other constituent. Because the

cwhere-layer fed into the hidden-layer, the model could utilize this information via its

sequencing pathway and attach the relative clause to the target element. Without the

gap-link, on the other hand, the role of the focus element did not get activated follow-

ing the production of the topic. Hence the model had no strategy to make an informed

structural choice at the attachment site. This advantage of the gap-link model explains

the large difference in performance for the event-order message.

With the event-link message, performance declined when the gap-link was added

to the message. Again, two model subjects were compared for their specific error pro-
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file in both conditions. An attachment error occurred whenever the pronoun that was

produced in the wrong sequential position. 105 out of a total of 273 incorrect utterances

(38%) contained attachment errors when there was no gap-link, in contrast to only 5

out of 301 test errors (2%) when the gap-link was present. Thus, as with the event-

order message, the gap-link facilitated structural selection. This is attested by the fact

that despite the sentence accuracy went down from 53.3% to 38.9%, the grammaticality

of novel test sentences went up by 4% (from 70.7% to 74.7%) when the gap-link was

added to the event-link message.21 The lower overall sentence accuracy resulted from

an increase of clause order related errors. Frequently, the gap-link model confused sen-

tence initial NPs (166 times, or 55%) and clause order confusion was also manifest in

tense/aspect scrambling in structurally correct sentences. Lacking the gap-link, on the

other hand, the event-link model was using the asymmetric status of the topic/focus

element as a cue to clause order. Because the prominence of events was not explicit

in the event-link message, the model activated both clause initial roles in the where-

layer at sentence onset in both the gap-link and the no gap-link condition. Probing

conceptually disconnected thematic role nodes, however, had no overt consequences in

the message-lexical system; these nodes were causally inert. If either of the clause ini-

tial thematic roles belonged to the gapped element, there was only one NP activated at

the what-layer in the no gap-link condition, but two in the gap-link condition. Thus,

there was an unresolvable competition between two NPs with the gap-link, whereas the

model invariably started out producing the correct clause without the gap-link. Once

the determiner was produced and fed back to the cword-layer, the activated thematic

role at the cwhere-layer always belonged to the set of main clause roles, when there

was no gap-link. The model could exploit this cue to sequence the next thematic where

node in the main clause and thus order events appropriately in production. This explains

the higher sentence accuracy in the no gap-link condition for the event-link message.22

The nature of the significant difference in the simple topic-focus message with and

without gap-link was more difficult to trace because both models made very few mis-

takes and there did not appear to be a characteristic error type in the gap-link model. In

both conditions, the largest class of errors involved confusing double-object and prep-

ositional datives. With gap-link, 40% of all errors were of this type, 33% were wrong

determiners, the rest was nondescript. Without gap-link, 64% of all errors were related

to the dative alternation. A crucial difference, however, was that with gap-link only 8%

dative errors involved the gapped element as indirect object whereas without gap-link

100% of all dative errors occurred in the gap position of object-relativized constructions.

For instance, a typical dative error of the gap-link model was to produce

(30) a. ������� ��� ������� ����	 
� � ������ instead of

b. ������� ��� ������� ����	 
� �� � ������

21Grammaticality was measured like accuracy but for grammatical categories rather than lexical items.
22There were several other construction-specific strategies to use the asymmetric topic/focus status

which shall not concern us here.
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The model successfully omitted the theme element but produced a double object dative

NP instead of a prepositional dative PP recipient. This error points to problems with

alternations in general but does not indicate specific problems with the gapped element.

The no gap-link model, on the other hand, frequently produced

(31) a. ������� � ������ 	�
� �� � ����� �� instead of

b. ������� � ������ 	�
� �� � �����

Here, the alternation error occurred on the gapped role itself. Furthermore, the no gap-

link model generated some embedded active/passive errors (12%) which indicated that it

was confused about the thematic role of the gapped element. No such errors occurred in

the gap-link condition. In sum, 76% of all errors in the no gap-link condition involved

the message focus and were manifest either at the intended gapping site or that of an

alternation. This contrasted with only 8% of such errors in the gap-link condition. Errors

such as (31-a) could have two causes. Either the model had problems distinguishing

alternations, or it was uncertain about the thematic role of the gapped element and

continued to produce a recipient after the theme (or a combination of both factors).

That such errors on the gapped role were absent in the gap-link model suggests that

uncertainty about the gapped role was the main cause of error in the no gap-link model.

It also suggests that the gap-link helped the model to identify the focus role. Once the

topic was produced, the gap-link activated the topic and focus roles in the cwhere-lay-

er. This information was maintained in the cwhere2-layer memory which accumulated

the activation states of previously produced roles. Hence, throughout relative clause

production, the hidden-layer was constantly reminded of the identity of the focus role

and this information facilitated correct relativization in the gap-link condition. Without

gap-link this cue was not available. This analysis concludes the message comparison

and the argumentation in favor of the simple topic-focus message with gap-link as the

most suitable meaning representation for the model.

4.5 Discussion

In order to successfully learn and generalize an artificial language with relative clauses,

the Dual-path model required message input which encoded

(i) the relative prominence of event participants (alternation bias) in a semantically

persistent way,

(ii) the relative prominence of atomic events (theme and comment),

(iii) the topic and focus of a relative clause, endowed with conceptual content (gap-

link).

Presenting results from this thesis on various occasions, it was suggested to me that

the Dual-path model achieved its learning task because strong assumptions were made
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about the model’s meaning representations. Specifically, it was objected that the seman-

tic input was too rich in structure and that this information might not be available to a

language learning child.23

It is quite clear that a competent speaker must represent the conceptual structure

of the intended message for her utterances in similar ways as the Dual-path model. A

speaker can be ignorant about the fact that her utterances are difficult to understand or

even create ambiguities in comprehension (Ferreira and Dell, 2000), but she must rep-

resent fundamental properties of the sentence message herself, such as constructional

meaning, topicality, and themehood. In language learning, it could be argued, a child

does not have access to such message features when constructing semantic represen-

tations. In training the Dual-path model on message-sentence pairs, it was assumed

that a child learns a language in situated comprehension in which it can infer many as-

pects of sentence meaning from a visual environment shared with the speaker through

joint attention; aspects such as who does what to whom, who is picked out by a relative

clause, main clauses convey more important information, etc. In addition to visual in-

formation, such as observed actions and events, a child might draw on other kinds of

linguistic and non-linguistic information which facilitate the reconstruction of meaning,

e.g., prosody, discourse context, and gesture. Given the richness and diversity of infor-

mation sources available to a child and given children’s remarkable capacity to establish

reference (Baldwin, 1993) and communicative intentions (Tomasello, 2003) in joint at-

tentional frames, it may be premature to contend that children do not have access to the

aspects of sentence meaning which are encoded in the Dual-path model message.

Secondly, although the model received a complete message in training, the semantic

information contained in the message is initially not interpreted for the model. Meaning

is assigned to message features by the model designer but the model itself must learn

to properly interpret these features in the training process. For instance, I referred to

feature XX in the event semantics as an agent feature, it was said that active features

XX and YY signal an agent and a patient participating in the event, and that the relative

prominence of participants was encoded in the message. For the model, however, role

features are initially meaningless and indistinguishable from other features (topic/focus,

tense/aspect); the message is an uninterpreted linear pattern of activation. The relative

prominence of participants was signalled to the model in relation to other constructions

(e.g., active/passive), but there was no information in a message in isolation which sig-

nalled the order of participants since all participant features were active from the begin-

ning. Alternation parameters as well as role features signalling the number of partici-

pants only become meaningful in comparison with other message-sentence pairs. Thus,

the model must learn to reconstruct the designer’s intentions to encode sentence mean-

ing systematically in the message. This process of reconstruction, or ‘making sense’, can

be interpreted as a way of modelling a child’s efforts to construct representations of the

conceptual structure of the utterances in its linguistic environment. Furthermore, the

23Shimon Edelman in discussion at the Perception, Cognition and Development seminar, Cornell Uni-

versity 11/2007.
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model received no explicit instructions when and how to use chunks of information in

the message. Feedback pertained to mismatches in the predicted sentence form and the

model had to infer from this feedback what the message features signalled to use this

information appropriately. Because the entire message was given to the model at the

beginning of production, it had to learn to use message components selectively in incre-

mental processing. Parts of the message, however, were only becoming fully available

to the model once other knowledge had been established. For instance, the model could

make use of its role-to-concept bindings only to the extent that it had already learned

word meaning from the linguistic input. Moreover, role features in the event semantics

did not map one-to-one onto syntactic roles, so the model still had to learn syntactic

frames despite being provided with constructional meaning.

And finally, the Dual-path model did not require full access to all message features

listed in (i)–(iii) in order to acquire and generalize the grammar of the target language. I

trained the model in a condition in which 50% of all message-sentence input pairs were

incomplete in that the meaning representation was corrupted. In these pairs, features

in the event semantics and role-to-concept bindings in the what-where-system were

randomly deleted. Such incomplete messages might adequately reflect developmental

stages in which children can only make partial sense of overheard utterances in acqui-

sition.24 From this defective message-sentence input the model nonetheless learned to

produce novel relative clause constructions with 93% accuracy. Although this regime

took twice as much training as with complete semantic input, the defective messages

did not prevent the model from learning the target language eventually. This suggests

that the assumption of complete message input was unnecessarily strong. Partially com-

plete semantic representations would be sufficient for satisfactory learning given that

the model could fully ‘understand’ at least some proportion of its linguistic input, which

is not an unreasonable assumption for learning children. In all subsequent experiments

I retained complete message input to keep computational time to a minimum.

24Developmental stages could also be modelled by incremental training, e.g., starting with 100% de-

fective messages for simple utterances, followed by partially complete simple sentence messages, and so

forth. Assumptions made in incremental training, however, might be stronger than the assumption of

message completeness for randomized exposure to samples of all sentence structures from the start of

learning.


