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Abstract

In this study we describe a distributed connectionist model of morphological pro-

cessing, covering a realistically sized sample of the English language. The purpose of

this model is to explore how effects of discrete, hierarchically structured morphological

paradigms, can arise as a result of the statistical sub-regularities in the mapping between

word forms and word meanings. We present a model that learns to produce at its output

a realistic semantic representation of a word, on presentation of a distributed representa-

tion of its orthography. After training, in three experiments, we compare the outputs of

the model with the lexical decision latencies for large sets of English nouns and verbs. We

show that the model has developed detailed representations of morphological structure,

giving rise to effects analogous to those observed in visual lexical decision experiments.

In addition, we show how the association between word form and word meaning also

give rise to recently reported differences between regular and irregular verbs, even in

their completely regular present-tense forms. We interpret these results as underlining

the key importance for lexical processing of the statistical regularities in the mappings

between form and meaning.
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Introduction

Morphological paradigms

Words in human languages often exhibit some degree of internal structure, which is char-

acterized by morphological constituents. Morphological constituents – morphemes – are

traditionally considered as the minimal meaningful units in human languages. For in-

stance, the English word unbreakable can be decomposed into the morphemes un-, break,

and -able, each of them having a partial contribution to the meaning and to the ortho-

graphical and phonetic forms of the word. In this respect, the vocabulary of any human

language can be viewed as being structured into hierarchically organized kindreds of

words that share part of their constituent morphemes. We refer to these hierarchically

organized ‘bins’ as morphological paradigms.1 A great amount of research using behavioral

and neurophysiological techniques has shown that these morphological paradigms have

implications for the ways in which words are stored and processed in the mental lexicon.

Effects of morphological paradigms on lexical processing

The ‘size’ of the morphological paradigms in which a word is embedded influences the

amount of effort involved in processing that word. For instance, the summed frequency

of all inflectional variants of a word – its lemma frequency – has been shown to correlate

negatively with response latencies in visual lexical decision experiments (Baayen, Dijk-

stra, & Schreduer, 1997; Taft, 1979). Similarly, Baayen and Schreuder (1997) showed that

the number of existing morphological derivations of a Dutch word – its morphological

family size – is positively correlated with reaction times and error rates in visual lexical

decision. This finding has been replicated in a range of languages, including English

(Ford, Marslen-Wilson, & Davis, 2003), German (Lüdeling & De Jong, 2002), Hebrew

(Moscoso del Prado Martı́n, Deutsch, Frost, De Jong, Schreuder, & Baayen, in press),

Finnish (Moscoso del Prado Martı́n, Bertram, Häikiö, Schreuder, & Baayen, 2005), and

both languages spoken by Dutch-English bilinguals (Dijkstra, Moscoso del Prado Martı́n,

3



Schulpen, Schreuder, & Baayen, 2005). In addition, the size of morphological paradigms

has been shown to affect reaction times also in priming (Feldman & Pastizzo, 2003), and

Pylkkänen, Feintuch, Hopkins, and Marantz (2004) reported neurophysiological corre-

lates of this effect using magnetoencephalography (MEG).

The degree of semantic relatedness between a word and the members of its morpho-

logical paradigms also has consequences for its processing. Schreuder & Baayen (1997)

and Bertram, Schreuder, & Baayen (2000) noted that the exclusion of semantically un-

related items from morphological family size counts improved the correlation between

morphological family size and response latencies. For instance, not counting casualty in

the morphological family size of casual, improves the correlation between the family size

of casual and the times it takes to recognize it. In the same direction, Moscoso del Prado

Martı́n et al. (2005; in press) showed that, in extreme cases, highly unrelated paradigm

members can even to a complete reversal of the family size effect, with the number of

unrelated members of the paradigm correlating positively with response latencies in He-

brew visual lexical decision. Kostić, Marković, and Baucal (2003) reported similar ef-

fects for Serbian inflectional paradigms, indicating that semantic context in which a word

appears can restrict the effective contribution of each of the members of an inflectional

paradigm. Ford (2004) showed that the density of the clustering of the Latent Semantic

Analysis representations (Landauer & Dumais, 1997) of the members of a morphological

paradigm correlates with the lexical decision RTs to those words, with words belonging

to ‘denser’ (i.e., more homogenuous) paradigms being recognized faster than words from

more heterogeneous paradigms.

Moscoso del Prado Martı́n, Kostić, and Baayen (2004) showed that the effects of the

size of a morphological paradigm, both in inflectional and derivational morphology, are

best captured by a probabilistic measure of the informational complexity of the nested

structures of the morphological paradigms. Based on the evidence for the different counts

used to describe the size of a morphological paradigm, they introduced a single unified

measure of the support that morphological paradimgs provide to the recognition of its
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members – the paradigmatic entropy. This measure is calculated over a predefined tree-

like structure in which inflected forms are linked to their base forms, which, if morpholog-

ically complex, are themselves linked to the simpler words from which they are derived.

Models of morphological processing

The predictive value for lexical decision latencies of measures calculated from discrete

morphological lattice structures would arise naturally in decompositional models of mor-

phological processing. In these models words are processed through activation of discrete

units corresponding to their constituent morphemes. Such models would be able to ac-

count for the effects described above, as long as they allow probabilistic factors to affect

the decomposition process (e.g., Burani & Laudanna, 1992; Chialant & Caramazza, 1995;

De Jong, Schreuder, & Baayen, 2003; Frauenfelder & Schreuder, 1991; Marslen-Wilson,

Tyler, Waksler, & Older, 1994). For these same reasons, this measure might seem prob-

lematic for non-decompositional models of morphological processing, such as distributed

connectionist models (DCMs; e.g., (Gaskell & Marslen-Wilson, 1997; Devlin, Gonnerman,

Andersen & Seidenberg, 1997; Plaut & Booth, 2000; Plaut & Gonnerman, 2000; Rueckl,

Mikolinski & Raveh, 1997). DCMs do not make use of discrete representations of the

morphological structure of complex words, so it is not clear how would the hierarchical

structure of a morphological paradigm be captured by these models. Although DCMs do

not assume any explicit discrete representation of morphemes as such, it is claimed that

the information about the morphological structure of words is encoded in the patterns

of activation that these words elicit in the networks (Seidenberg & Gonnerman, 2000).

However, most DCMs to the date have modelled small, unrealistic, and mostly artificial

samples or analogs of human languages, avoiding the higher degrees of morphological

complexity that are the cornerstone of human languages. It thus remains unclear how the

highly complex structures needed for encoding the relations within a large, hierarchically

organized morphological paradigm can arise just from the regularities existing between

word forms and meanings.
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On the other hand, non-decompositional DCMs have the advantage of being able to

capture various graded effects arising from systematic pairings between form and mean-

ing that do not constitute morphological relations in the traditional sense. For instance,

Bergen (2004) reports that groups of words that are systematically related in form and

meaning, but not morphologically related (e.g., the cluster of English words all relating

to LIGHT and starting with the letter sequence ‘gl’ such as glitter, glow, glimmer, glisten,

. . . ) prime each other in a way similar to the priming effects that have been observed

between morphologically related words. Bergen shows that this effect is not solely due to

orthographic or semantic similarity between the prime-target pairs, but that it depends on

the consistency of the form-meaning relations across the lexicon. Boudelaa and Marslen-

Wilson (2001) report a similar priming effect for Arabic words that share groups of two

consonants. These groups of two consonants by themselves do not constitute a full mor-

phological unit in the Arabic lexicon, at least in the same sense that the three-consonantal

roots do (Bentin & Frost, 2001). These findings suggest that the mental lexicon is sensitive

to systematic correspondences between form and meaning, even when these do not come

in the form of clearly decomposable units that could be clearly classified as morphemes.

Non-decompositional theories of lexical processing such as DCMs or Bybee’s discrete net-

work model (Bybee, 1985; 1988) are better suited to account for these graded effects, as

they do not depend on the explicit decomposition of a complex word into discrete mor-

phemes.

The main goal of this paper is to investigate whether the hierarchical patterns of mor-

phological structure that are employed by symbolic models of morphological processing,

are a direct consequence of the statistical patterns that are found in the mappings from

orthography to meaning in real language. The consequence of whis would be that any

model that captures these sub-regularities, will exhibit effects that appear to arise from

discrete structures. We address the question by constructing a broad-coverage distributed

connectionist (BC-DC) model of lexical recognition, trained on a sample of human lan-

guage that is as realistic as possible, both in terms of the nature of the representations em-
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ployed and with respect to the size of the sample in comparison to human vocabularies.

As a consequence, we will show that the adequacy of discrete structures to describe the

effects of morphological structures that are reported in the literature should not be taken

as evidence for a direct isomorphism between these descriptive linguistic structures and

the underlying mental processes and structures. In addition, we will also explore the pre-

dictions that a model based on plain form-meaning associations makes for another debate

that has generated considerable discussion in the literature: that of processing of English

regular and irregular past-tenses.

English past-tense

The processing of English past-tense forms has given rise to a heated debate in the psy-

cholinguistic literature over the las two decades. On the one hand, a large group of

authors have argued for a dual-route system in which irregulars would be stored in

an associative memory system in a non-decompositional fashion, while regulars would

be processed by application of a symbolic rule (e.g., Clahsen, 1999; Pinker, 1997, 1999).

The proponents of the dual-route processing model base their arguments on differences

found in the processing of regular and irregular past-tense forms in behavioural studies

(e.g., Clahsen, 1999), neuro-psychological double dissociations (e.g., Miozzo, 2003), and

brain-imaging studies (e.g., Ullman, Bergida, & O’Craven, 1997; Indefrey, Brown, Ha-

goort, Sach, & Seitz, 1997). On the other hand, another group of authors have proposed a

‘single-route’ approach, by which both regulars and irregular verbs would be processed

by the same basic mechanism (e.g., MacWhinney & Leinbach, 1991; Moscoso del Prado

Martı́n, Ernestus, & Baayen, 2004; Plunkett & Marchman, 1993; Plunkett & Juola, 1999;

Rumelhart & McClelland, 1986).

A factor that has not been given sufficient consideration in the past-tense debate (al-

though already suggested to play a role by MacWhinney and Leinbach, 1991) is to what

extent semantic information might interact with verb regularity. In this respect, Ram-

scar (2002) provided experimental evidence that the semantic context in which a pseudo-
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verb is presented influences people’s choices of the past-tense form for that pseudo-verb.

Ramscar noted that this fact is problematic for dual route theories. More recently, Baayen

and Moscoso del Prado Martı́n (in press) have added a new dimension to the debate

by showing that distinction between regular and irregular and irregular verbs correlates

with subtle differences in the semantic properties of both types of verbs. The authors ar-

gue that these differences might partially explain the differences observed between these

two types of verbs in behavioural and neuroimaging experiment. More recently, Tabak,

Schreuder, and Baayen (2005) report that the differences in the visual lexical decision RTs

that are observed between regular and irregular past-tense forms appear also when the

targets are fully regular present-tense forms of those same verbs. This constitutes a chal-

lenge for the dual route mechanism in that, according to that theory, there should be no

such differences, as in this case both regulars and irregulars should be processed using

the same mechanism. These results raise the question of whether a single-route connec-

tionist model of lexical processing might mirror the experimental processing differences

observed for the uninflected stems of regular and irregular verbs. These results are con-

sistent with the view that morphology arises as the convergence between representations

of form and meaning (Seidenberg & Gonnerman, 2000). Therefore, a model that is trained

on performing the mapping from orthography to word meaning should also be sensitive

to such differences in the formal and semantic properties of regular and irregular verbs.

This would provide additional support for the presence of such differences, that would

also be difficult to explain within a ‘dual-route’ framework, thus casting doubts on the

architectural conclussions on the cognitive system that have been drawn on the basis of

such differences.

Overview of the paper

In what follows, we begin by discussing technical problems and general methodological

issues on computational modelling that need to be considered in order to build a BC-DC

model of lexical processing. We continue by describing a BC-DC model that was trained
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to produce the semantic representation of a word from a representation of its orthogra-

phy. In order to simulate, in as much as possible the statistical structure of the English

language, we trained the model using a large sample of the English vocabulary, includ-

ing realistic representations of orthography and word meaning that were directly derived

from a corpus. After the technical specifications of the model, we report the results of

four experiments. These experiments investigate the degree of correspondence between

the models error scores and lexical decision RTs, and to which extent has the model de-

veloped morphological representations. In all three experiments, we compare the error

scores produce by the model with the lexical decision latencies to those same words,

taken from Balota, Cortese, and Pilotti (1999)’s lexical decision database. Experiment 1

assesses the general correspondence between our model and human lexical processing,

we investigate whether the errors of the model to a large set of words from the Balota

et al. dataset correlate with the pattern of visual lexical decision RTs. After establishing

the correspondence between model errors and human RTs, Experiment 2 investigates the

key question of this study: Has the model developed a representation of morphologi-

cal paradigms? We examine whether the participants in the Balota et al. (1999) database

show the paradigmatic entropy effects observed for Dutch by Moscoso del Prado Martı́n,

Kostić, and Baayen (2004), and whether our model shows equivalent effects of morpho-

logical paradigms. Here we also address the possible confounds that may arise between

paradigmatic entropy measures, and other purely formal or semantic factors. In Experi-

ment 3 we test whether our model captures differences in the processing of present-tense

forms of regular and irregular verbs similar to those reported by Tabak et al. (2005). As

above, the differences in processing regular and irregular verb are addressed in compar-

ison to the differences found in the response latencies of the participants in the Balota et

al. study to those same stimuli. Experiment 4 is aimed at obtaining a better understand-

ing of which aspects of lexical processing can be consequences by the plain associations

between orthography and meaning, and which aspects would require additional infor-

mation. For this purpose, we employed the large lexical decision dataset described by
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Baayen, Feldman, and Schreuder (submitted). In this study, the authors provide a de-

scription of the effects of a very large set of variables on lexical decision latenicies from

the Balota database. Using the same materials, we investigate which of these effects arise

also in our network, and which ones do not appear. Finally, we conclude by outlining the

implications of our model for current research on visual lexical processing.

Modelling Lexical Processing: General Considerations

Large vocabularies

Modeling the effects of morphological paradigms on lexical processing requires using

much larger vocabularies than those used in current computational models. The reason

for this is that, in real human language, the morphological paradigm of a word generally

includes many very low frequency items. According to Zipf’s second law (Zipf, 1949;

see also Baayen, 2001), very low frequency words make up the majority of the lexicon

of human languages. Currently, mostly due to technological limitations, connectionist

models are generally trained on very limited vocabularies rising, in the best of cases, up

to some 10,000 words. These models usually consider only the highest part of the word

frequency spectrum, thus ignoring the most of the members of morphological paradigms.

In addition, in these models the differences in word frequency are generally smoothed

by the usage of the log tranform. The underlying assumption is that the behavior of

a system with a small vocabulary should reflect the properties of real human lexicons,

with vocabulary sizes that are several orders of magnitude greater. Unfortunately, this

assumption is over-optimistic. Human languages are characterized by Large Number

of Rare Events probability distributions (LNRE; Khmaladze, 1987; see Baayen, 2001 for

an introduction). In LNRE distributions, most of the possible events (i.e., words) occur

with extremely low probabilities in comparison to a few very frequent events. These

distributions show qualitatively different properties to the more normal-like distribution

used in the smaller-models. In this respect, small-scale connectionist models are exposed
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to an environment that is not only quantitatively, but also qualitatively different from that

of realistic language processing. This makes it dangerous to extrapolate from one case to

the other.

Representation of word meaning

The key importance that semantic factors have on the effects of morphological paradigms,

indicates that a connectionist model of morphological processing should include some re-

alistic representation of word meaning. However, it is not feasible to hand-code a realistic

representation of the meaning of all words, that is at the same time well-suited to be used

in a connectionist model. For this reason most studies have been restricted to using ran-

domly generated vectors as representations of the meaning of words (e.g., Plaut & Booth,

2000). A key problem with this approach is that, by definition, random vectors overlook

the finely structured semantic properties of real morphological paradigms. An interest-

ing alternative that has not been sufficiently explored in connectionist models of lexical

processing, is the use of semantic vectors derived from co-occurrence statistics over large

corpora (e.g., Schütze, 1992). These vectors provide detailed encodings of the meanings

of all the words of a language, and can be automatically extracted from unlabelled cor-

pora. In this study we will represent the meanings of words using a variant of the word

co-occurrence technique that captures the co-occurrence between words as the activation

patterns from a simple recurrent network (for more details, see Moscoso del Prado Martı́n

& Sahlgren, 2002).

Representation of word form

An analogous problem concerns the representation of orthograhic or phonological form

in conectionist models. Most current models encode orthographic and phonological forms

of words using templates. These templates consist of slots representing the different se-

quential positions in which the letters or sounds that make up a word can occur (e.g.,

first letter, second letter, . . . ). Such a representational scheme presents many problems
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for a large-scale model. First, and most obviously, it assumes a predetermined maxi-

mum length for the words that can be fitted into the template. Second, and of key im-

portance for modelling morphological processing, these templates require taking crucial

decisions on how words should be aligned in the pattern. Normally, this is done in an

ad-hoc manner, depending of the particular task that is going to be performed by the

network. For instance, networks that concentrate on the processing of suffixes, such as

the English regular past tense -ed, tend to align words at their right, making sure that the

-ed suffix appears on the same position for each word. This comes at the cost of loos-

ing information on possible overlaps that might be occurring at the begining or centre

of the word. Formal overlap between morphologically related words can occur simulta-

neously at different positions. Consider once more the word unbreakable. A decision to

align words on their right, would loose information about other words sharing the un-

prefix, such as unstoppable, and words sharing the break stem as could be unbreakability

or breaking. And third, these ad-hoc decisions on word alignment have been criticized

for implicitely hardwiring morphological decomposition rules into the system by means

of making a particular morphological pattern more salient (Pinker & Prince, 1988). For

instance, models of English past-tense formation that manually align the inflectional -ed

implicitely underline the importance of this suffix for the task. However the same model

would be not able to deal with tense inflection in languages such as Hebrew or Arabic,

that distribute the tense information across the whole word, rather than concentrating it

on a word-final suffix. An alternative approach that has also been used consist in using

sets of ‘wickelphones’ (Wickelgren, 1969) to enconde the forms of words (e.g., Seidenberg

& McClelland, 1989). However Prince and Pinker (1988) showed that wilckelphones are

ambiguous if one attempts to represent all the words in a language. A more promising

approach is the direct usage of the sequential structure in language, by means of intro-

ducing recurrence in the networks (Elman, 1990; 1993; Norris, 1990). Some models have

managed to employ this technique for building large scale models of lexical processing

(Moscoso del Prado Martı́n, Ernestus, & Baayen, 2004). However, introducing the recur-
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rence directly in the model tends to increase network unstability and training times. As an

alternative Moscoso del Prado Martı́n, Schreuder, & Baayen (2004), proposed the Accu-

mulation of Expectations (AoE) technique. AoE uses the same simple recurrent networks

employed by Elman (1990; 1993) and Norris (1990) to derive ‘flat’ representations of word

orthography and phonology. The technique is based on summing the activation values

on the hidden layer of an SRN, and later using the obtained vector as a representation of

a word’s form. Moscoso del Prado Martı́n, Ernestus, & Baayen (2004) showed that these

AoE vectors are adequate for building large-scale connectionist models of morphological

processing.

The tyranny of learning

Part of the bottleneck on building large-scale connectionist systems can be attributed to

what we could call ‘the tyranny of learning’. Before their outputs are taken into consid-

eration, connectionist models are expected to achieve a high degree of accuracy in repro-

ducing the target values on which they have been trained. We believe that this limitation

is unjustified. Connectionist networks can also be viewed as statistical tools that assess

the complexity of a certain task, given the information on which the task is assumed to

be performed. For instance, a neural network can be used to investigate if some verbs

are more difficult to learn or process than others, given only their frequencies and ortho-

graphical forms. In such an approach, one would train the model to a reasonable level

and then perform statistical analyses on the errors produced by the model. The fact that

the errors are non-uniformly distributed enables us to draw conclusions on which sorts

of information are most salient on the data, and on how these correlate with different

experimental variables. From this perspective the models constitute descriptions of the

statistical regularities that are present in the data, that could be exploited by the human

cognitive system. It is clear that, by relaxing the requirement on general accuracy of the

outputs, we discard the possibility of the model being considered a direct description of

the biological mechanism that performs the task. However, we do not consider this a
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drawback for a DCM. Even in the case when a connectionist system does achieve an ac-

ceptable performance in a task, it is still controversial to accept the model as a low-level

description of the corresponding biological systems. Few connectionist models of com-

plex cognitive tasks use architectures and learning mechanisms that approximate those

employed in the human brain. Therefore the inferences that can be drawn from the mod-

els concern only the statistical regularities that exist in the environment, and the sources

of information that are relevant, or sufficient, for the task. As we will show below, models

of this kind can still provide useful insights on the possible causes of behavioural effects.

The observation of a behavioural effect often leads the researchers to posit the presence of

additional mechanism to account for it. However, in some cases, the models would allow

us to see that the effects could also be direct consequences of the complex statistical regu-

larities present in the environment, thus making the additional mechanisms superfluous

(on the lack of any additional support for them). DCMs are particularly well suited to

detect this type of covert – sometimes counterintuitive – patterns. In summary, the relax-

ation of the accuracy requirement makes it possible to train connectionist models on very

large datasets, without it being a problem that the network may not be very succesful at

retrieving particular instances on which it was trained.

Technical Specifications of the Model

Network Architecture

We built a three-layered backpropagation network (Rumelhart, Hinton, & Williams, 1986)

whose general architecture is shown in Figure 1. The network consisted of 40 ortho-

graphic input units, 120 “hidden” units, and 150 semantic output units. The units in the

input layer had all-to-all connections to the units in the hidden layer, which themselves

had all-to-all connections to the units in the output layer.

INSERT FIGURE 1
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Training Data

The training set consisted of 48,260 English words. These corresponded to those English

words that appear with a frequency higher than 10 in the first 20 million words (following

the file order on a Linux directory) of the British National corpus and were also listed in

the English part of the CELEX lexical database (Baayen, Piepenbrock, & Gulikers, 1995).

For each of these words, we employed the English orthographic AoE vectors described by

Moscoso del Prado Martı́n, Schreuder, and Baayen (2004), and we associated them with

the co-occurrence vectors for English words described by Moscoso del Prado Martı́n and

Sahlgren (2002).

Training Procedure

The network was presented with a word’s orthographic vector at its input layer, and

was trained to produce the corresponding semantic vector at its output layer. We trained

the network with 64 · 106 words that were chosen randomly from the 48, 260 words in

the example set, each word being chosen a number of times directly proportional to its

frequency of occurrence in the corpus from which the semantic vectors were built. The

network was trained using the backpropagation, using the modified momentum descent

algorithm (Rohde, 1999) with the cosine distance as the error measure. We used a momen-

tum of 0.9 and an initial learning rate of 0.1. Five times during training (each 12.8 · 106

words), the learning rate was divided by two. After training, the network showed an

average cosine error of 0.0370 on the words present in the training set.

Experiment 1: Network errors and RTs

As a first step, we assessed to which degree are the errors in our network related to the

response latencies in visual lexical decision. For this purpose, we selected a large set of

words and their visual lexical decision latencies from the Balota et al. (1999) dataset, and

we compared them to the errors produced for those same words by the model.
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Method

We selected all the monomorphemic nouns and verbs from the Balota et al. (1999)’s young

participants visual lexical decision dataset that were also present in our training corpus.

This set consisted of 2,090 words (1,295 verbs and 795 nouns), for which we also obtained

the visual lexical decision RTs.

For each of these words, we calculated the cosine error produced by the network, that

is, one minus the cosine between the vector output by the network on presentation of the

form of the word, and the semantic vector corresponding to the word.

Results and Discussion

From the original dataset, we excluded nine words that elicited RTs or network cosine

errors above or below three standard deviations from the mean. The analyses were per-

formed on the remaining 2,081 words.

Figure 2 plots the relationship between the network cosine errors (horizontal axis) and

the visual lexical decision RTs from the young participants in Balota et al. (1999) dataset

(vertical axis).

INSERT FIGURE 2 APPROXIMATELY HERE

As it can be appreciated in Figure 2, there is a quasi-linear relationship between the

network errors and the participants’ response latencies. Indeed, the network’s cosine er-

rors by themselves account for approximately 30% of the variance in the RTs (r = 0.55, p <

0.0001). However, there is a possible confound in this correlation: During training, words

were presented to the network a number of times that was directly proportional to their

frequency. Just by the effect of this training regime, high frequency words will elicit lower

error than low frequency words. It is widely known that word frequency has a strong in-

verse correlation with visual lexical decision latencies. Therefore, the correlation between

network errors and RTs could just reflect the effect of frequency that is common to both

measures.
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To address this issue, we need to ensure that the RTs correlate with the nework errors

after the contribution of frequency to the errors is partialled out. To assess this, we per-

formed a sequential analysis of variance on a least-squares regression, with the network’s

cosine error as dependent variable, and the word’s frequency and RT as independent

predictors. In our regressions, we assesed the non-linearity of the effects by including

restricted cubic splines (Baayen, Feldman, & Schreuder, 2005) for each predictor in the

regression. This analysis revealed significant linear and non-linear effects of word fre-

quency (linear: t(2077) = −34.576, p < 0.0001; non-linear: t(2077) = 13.356, p < 0.0001),

and a an additional significant linear effect of the RTs (t(2077) = 3.235, p = 0.0012). The

effect of RTs did not have any significant non-linear component. We tested the stability

of the regression using a fast backwards elimination of factors (Lawless & Singhal, 1978).

This method enables us to decide which factors should be removed from the regression

(i.e., they do not have significant independent effects once the effects of the other predic-

tors are partialled out). All values reported in the analyses are calculated after removing

all non-significant components (factors or non-linear components). The fast backward

elimination on factors did not delete any of the factors in the regression. The adjusted

R2 for the regression was 0.71. Figure 3 shows the linear relation between RTs and net-

work errors (right panel), after the contribution of frequency has been partialled out (left

panel).

INSERT FIGURE 3 APPROXIMATELY HERE

These results show that the statistical regularities in the associations between forms

and meaning are a significant factor influencing the RTs in visual lexical decision. It is

still necesary to investigate whether this parallelism between RTs and network errors is

due to morphological relationships, or it is just reflecting the orthographic or semantic

properties of the words. These issues are addressed in the following experiment.
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Experiment 2: Morphological structures

Having ascertained that there is a significant correspondence between our network’s er-

rors and RTs, we now turn to investigate whether the network has created representations

of the discrete tree-like structures that are characteristic of English morphology. In order

to explore whether these lattice structures have been captured by the network, we test

whether the network cosine error to a word correlates with the paradigmatic entropy of

the morphological paradigms to which the word belongs.

Moscoso del Prado Martı́n, Kostić, and Baayen (2004) introduced a single measure

of the complexity of the morphological paradigms in which a word is embedded – the

entropy of its morphological paradigms or paradigmatic entropy.

Given a morphological paradigmP(s) = {w1, w2, . . . , wn}, were the wi are the different

words or stems that can be directly derived – i.e., by adding a single morpheme – from

the stem s, the entropy H of the morphological paradigm of s is defined as:

H(s) = −
∑

wi∈P(s)

P (wi|s) log2 P (wi|s). (1)

In this equation, P (wi|s) represents the probability of the word being wi given that the

stem is known to be s. If F (wi) is the frequency with which wi occurs in a corpus, and

F (s) =
∑n

j=1 F (wj) is the frequency of the stem s (the sum of the frequencies of all the

words or stems that are directly derived from it), then the probability of the word wi

occurring in the paradigm of s is given by the expression P (wi|s) ' F (wi)/F (s).

If a word is simulataneusly belongs to a series of nested morphological paradimgs

(s1, . . . , sn), its total paradigmatic entropy (H(s1, . . . , sn)) is defined as the sum of the en-

tropies of the different paradimgs:

H(s1, . . . , sn) =
n∑

s=1

H(si), (2)

where the H(si) are computed using (1). For instance, in order to compute the paradig-

matic entropy of the word likelihoods, we would sum the paradigmatic entropies of the

stems that are contained in it, that is, the paradigmatic entropy of like, that of likely, and

the entropy of the inflectional paradigm of likelihood.
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The total paradigmatic entropy of the morphological paradigms to which a word be-

longs is negatively correlated with response latencies in visual lexical decision (Moscoso

del Prado Martı́n, Kostić, & Baayen, 2004). All other factors being equal, words that are

embedded in ‘heavy’ paradigms (high entropy), are recognised faster than words that be-

long to ‘lighter’ paradigms (low entropy). By analogy, if the structure of morphological

paradigms has been captured and is being exploited by our network, we would expect

that words from high entropy paradigms elicit less error than word from low entropy

paradigms.

In this experiment, we compare the effects of paradigmatic entropy on the cosine er-

rors of our network, with the effect of the same measure on visual lexical decision la-

tencies. In order to assess that any possible effect of of the paradigmatic entropy is not

solely due to the orthographic similarity between the word and its morphological rela-

tives, we also need to take orthographic neighborhood size (Coltheart, Davelaar, Jonas-

son, & Besner, 1977) into account in our analyses.

Method

From the dataset employed in Experiment 1, we selected all the words that had additional

members of their morphological paradigms present on the network’s training corpus. In

this way we obtained 2,009 words. As in Experiment 1, we removed from this dataset

thirteen outliers that were above or below three standard deviations from the mean reac-

tion time or network cosine error.

For each of the 1,996 remaining words we calculated the paradigmatic entropy using

(1) and (2). For each word, we also computed the orthographic neighborhood size using

the definition provided by Coltheart et al. (1977): For each word, we counted the number

of other existing words in the Celex database that could be obtained by changing a single

letter. The calculation of the paradigmatic entropy size was performed considering only

those words that were present in the network’s training set.

We performed two parallel least-squares regressions. In the first one, included (log)
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word frequency, paradigmatic entropy, and orthographic neighborhood size as indepen-

dent predictors, and the logarithm of the Balota et al. (1997)’s visual lexical decision RTs

as dependent variable. On the second one we used the (log) network cosine errors as

dependent variable, and (log) word frequency, paradigmatic entropy, and orthographic

neighborhood size as independent variables. Possible non-linearities in the effects were

investigated by including three restricted cubic spline term for each of the predictors in

the regressions. The significance of the non-linear components was assessed using a se-

quential analysis of variance. For simplicity, we will only report the values of those non-

linear components that reached significance in the analyses. We tested the decided which

factors to keep in the regressions using fast backwards elimination of factors. All val-

ues reported in the analyses are calculated after removing all non-significant components

(factors or non-linear components).

Results and Discussion

The regression of the RTs revealed significant main effects of word frequency (linear:

t(1989) = −18.387, p < 0.0001; non-linear: t(1989) = 6.668, p < 0.0001), orthographic

neighborhood size (linear: t(1989) = −2.220, p = 0.0265; non-linear: t(1989) = 2.133, p =

0.0331), and paradigmatic entropy (linear: t(1989) = −7.406, p < 0.0001; non-linear:

t(1989) = 4.701, p < 0.0001). The fast backward elimination of factors did not delete

any of the predictors. The adjusted R2 for this regression was 0.40.

The regression of the network errors showed significant main effects of word fre-

quency (linear: t(1991) = −37.535, p < 0.0001; non-linear: t(1991) = 13.115, p < 0.0001),

a linear effect orthographic neighborhood size (t(1991) = 4.242, p < 0.0001), and a lin-

ear effect of paradigmatic entropy (t(1991) = −5.511, p < 0.0001). Neither the effect of

orthographic neighborhood size, nor that of paradigmatic entropy showed significant

non-linear components. As above, a fast backward elimination of factors did not delete

any of the predictors. The adjusted R2 for this regression was 0.71.

The regressions revealed that orthographic neighborhood size and paradigmatic en-
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tropies have significant independent contributions both to the RTs and to the network

cosine errors. Figure 4 provides a summary of each of the effects in both regrassions. The

left panels illustrate the effects found in the regression on the RTs, while the right panels

illustrate the effects of the three predictors on the network cosine errors.

INSERT FIGURE 4 APPROXIMATELY HERE

The top two panels of figure 4 plots the effects of frequency on the RTs and on the

network errors. In both cases, frequency has a strong facilitatory effect; high frequency

words are responded to faster and elicit less network error than low frequency words.

Notice the similarity between the slight non-linear smoothings of the frequency effect in

both regressions (RTs and network errors).

The middle two panels plot the effects of orthographic neighborhood size in both re-

gressions. The figures show a non-linear U-shaped effect of neighborhood size on the

response latencies, contrasting with a small linear inhibitory effect of neighborhood size

on the network errors. This dissimilarity is possibly due to our network not capturing the

sequential properties of visual word recognition. Our network receives the whole word

form of the word at once, whereas in reality, the form of the word would be obtained

through groups of several letters in one or more eye-fixations. Orthographic representa-

tions using the AoE paradigm give rise to reversed word-length effects, by which longer

words will generally produce less error than shorter words (Moscoso del Prado Martı́n,

Ernestus, & Baayen, 2004). In any case, the inhibitory effect of orthographic neighborhood

size found in the network errors is in line with the inhibitory effects of neighborhood size

that are usually found in visual lexical decision (e.g., Coltheart et al., 1977). At least for

the upper neighborhood size half of the dataset, the network behaviour seems to be repli-

cating that observed in the RTs for the Balota et al. (1999) dataset.

Finally, the two panels at the bottom of Figure 4 show the effects of paradigmatic

entropy, after having partialled out word frequency and orthographic neighborhood size.

Both in the case of the network errors and in the reaction times, the effect of paradigmatic

entropy has a significant linear component that is facilitatory (RTs: β̂ = −0.0381; Network
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errors: β̂ = −0.0849), high entropy words are recognized faster and elicit less network

error than low entropy words. However, in the case of the RTs there is a significant non-

linear smoothing of the effect on the high-entropy words. This non-linearity is not present

in the network errors. There is no straightforward explanation for this difference, but we

believe it might be a side-effect of the nature of our paradigmatic entropy counts: On the

one hand, the paradigmatic entropy counts are exact in the case of the network, i.e., they

were calculated only considering the words that are present in the training set, and using

the precise frequency counts with which the network was trained. On the other hand,

in the case of the RTs, these counts represent only a rough estimation, since many other

words that are members of the paradigm have not been considered, and their frequencies

are also an estimation.

Crucially, on the network errors, neighborhood size and paradigmatic entropy have

effects of opposite direction. While the paradigmatic entropy has a facilitatory effect,

which is in line with the effect reported on Dutch lexical decision latencies by Moscoso del

Prado Martı́n, Kostić, & Baayen (2004), the effect of neighborhood size is inhibitory. This

rules out the possibility of the effect of paradigmatic entropy arising from form similarity

alone, as it shows that effects of pure, non-morphological form similarity have the oppo-

site effect on the network. Moreover, as we mentioned above, the effect of orthographic

neighborhood size in visual lexical decision is reported to be inhibitory (e.g., Coltheart

et al., 1977). This contrasts with the facilitatory effects of orthographic neighborhood size

that are reported in tasks with a lesser semantic component, such as word naming (e.g.,

Andrews, 1989; 1992).

We have therefore established that there is an effect of paradigmatic entropy in our net-

work’s error scores, and that this effect does not arise from orthographic similarity alone.

However, we need to consider a possible confound before we can conclude that the net-

work is forming a representation of morphology: The effect that we observed could just

be a consequence of the semantic similarity between the members of the paradigm. In-

deed, Moscoso del Prado Martı́n and Sahlgren (2002), report that the same co-occurrence
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vectors that we have used in the network output, are by themselves – without any or-

thographic information – capable of reliably detecting inflectional relations between the

words. They also report that these vectors alone do not suffice to capture derivational re-

lations reliably. If the effect is solely due to the semantic similarity within the members of

the inflectional paradigm, one would expect only the entropy of the inflectional paradigm

to have an effect on the network errors. The paradigmatic entropy measure that we have

used is computed as the sum of the entropy of an inflectional paradigm plus the entropy

of a derivational paradigm. Therefore, it could be the case that it is only the inflectional

entropy that is giving rise to the effect, without any significant contribution of the entropy

of the derivational paradigm.

We addressed this possible confound by decomposing the total paradigmatic entropy

into two measures – the entropy of the inflectional paradigm, and the entropy of the

derivational paradigm – and entering these measures separately into the regression in-

stead of the total paradigmatic entropy. We performed a new regression with the (log)

network cosine errors as the dependent variable, and (log) word frequency, neighborhood

size, entropy of the inflectional paradigm, and entropy of the derivational paradigm as

independent predictors. The regression revealed the effects of frequency and neighbor-

hood size (as described above), and significant linear effects of the inflectional entropy

(t(1990) = −5.167, p < 0.0001), and the derivational entropy (t(1990) = −2.572, p =

0.0102). As expected, both sub-effects were facilitatory (inflectional: β̂ = −0.10; deriva-

tional: β̂ = −0.06; see Figure 5). Once more, none of the predictors was deleted by a fast

backward elimination of factors. The adjusted R2 of this regression was also 0.71.

The effect of paradigmatic entropy is therefore not only a result of the inflectional

paradigm, but a result of the full structure of morphological paradigms, inflectional and

derivational. Since, according to Moscoso del Prado Martı́n and Sahlgren (2002), our se-

mantic vectors do not contain sufficient information to capture derivational information,

we conclude that the observed effect of paradigmatic entropy cannot be solely attributed

to the semantic similarity between the members of the morphological paradigms.
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INSERT FIGURE 5 APPROXIMATELY HERE

In sum, our analyses have shown that the complexity of the morphological paradigms

to which a word belongs is a significant predictor for both human RTs, and the amount of

error produced by our model. As we have also shown, these effect cannot be attributed

neither to form similarity nor to semantic similarity. Therefore the paradigmatic structure

of the paradigms is arising from the regularities in the mapping from orthography to

meaning.

Experiment 3: Regular and Irregular Verbs

We now turn to investigate whether the differences between regular and irregular verbs

are reflected in the errors produced by the BC-DC model. Baayen and Moscoso del Prado

Martı́n (in press) found that English regular and irregular verbs show significant differ-

ences with respect to several semantic factors, including the entropy of their inflectional

paradigms. Tabak et al. (2005) showed that these differences in the properties of regular

and irregular verbs are also reflected in lexical decision latencies to Dutch verbs, with ir-

regular verbs being recognized slower than regular verbs. A crucial point in that study

is that the difference in RTs to regular and irregular verbs arise even for the (completely

regular) present-tense forms of these verbs. This finding is in contradiction with dual

route models of inflectional processing. These models would predict differences in RTs

to past-tense forms only, as it is only for past-tense forms for which there are two possi-

ble routes (decomposition into stem plus affix or rote memory). If the difference in RTs

between present-tense forms of regular and irregular verbs arises as a consequences of

differences in the regularity of the form-to-meaning mappings, our model should show

a similar effect on the magnitude of its errors. To test this hypothesis, we simulated an

additional experiment contrasting present-tense forms of regular and irregular verbs.
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Method

From the dataset of Experiment 1, we selected 250 monomorphemic present-tense verbal

forms. Of these, 125 corresponded to verbs with an irregular past-tense, and 125 were of

completely regular verbs. The two subsets (regular and irregular verbs) were matched

for word length in the mean (regulars: 4.34 ± 0.80; irregulars: 4.32 ± 0.89) and median (4

in both subsets).

We performed to least squares-regressions, one on the Balota et al. (1999) RTs, and

another on the BC-DC cosine errors. We included as an independent the verb’s regularity

(regular vs. irregular). In addition, we also included log word frequency and inflectional

entropy as covariates, since both of these factors tend to be significantly different between

regular and irregular verbs (cf., Baayen & Moscoso del Prado Martı́n, in press). As in the

previous experiments, the independent contribution of the factors was assessed using fast

backwards elimination of factors.

Results and Discussion

The regression on the RTs revealed only a main effect of word frequency (linear: t(247) =

−10.516, p < 0.0001; non-linear: t(247) = 5.763, p < 0.0001). The fast backwards elimi-

nation of factors recommended removing inflectional entropy and verb regularity as pre-

dictors from this regression. The R2 for the regression (after having removed the non-

significant predictors) was 0.45.

The regression on the BC-DC errors revealed main significance main effects of word

frequency (linear: t(245) = −12.563, p < 0.0001; non-linear: t(245) = 4.219, p < 0.0001),

inflectional entropy (linear: t(245) = −2.707, p = 0.0073), and a small effect of verb reg-

ularity (t(245) = −1.824, p = 0.0693), by which regular verbs elicited less errors than

irregular verbs (β̂ = 0.14±0.07 for irregular verbs). Although the effect of verb regularity

appeared to be only marginally significant, the fast backwards elimination of factors did

not recommend deleting it from the regression. The R2 for this regression was 0.70.

These results of the regression on the model confirms our hypothesis that, even in
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their present-tense forms, the mapping between orthography and word meaning tends

to be more consistent for regular than for irregular verbs. As shown by the regression,

these differences cannot be fully attributed to the differences found in the frequencies or

inflectional entropies of these verbs. Although the analysis of the RTs did not replicate

this effect of verb regularity, the results of the regression on the network errors are fully

in line with the results reported by Tabak and colleages: irregular verbs are more difficult

to process than regular verbs, even in their present-tense forms.

Experiment 4: XXXXXXXXXXXXXXXXXXX

XXXXXXXXXXXXXXXXXXXXXXXXXXXX

Method

We added the network cosine error to the words in lexical decision dataset of Baayen

et al. (2005) that were also present in our training set. In this way we obtained a list of

2178 words (1317 nouns and 861 verbs), together with their lexical decision RTs (from

the Balota database) and the cosine errors produced by the model for those words. In

addition, for each word we also had the measures of phonological consistency (the PC1

measure from Baayen et al., 2005), voicing of the first phoneme, log surface frequency

from CELEX, written-to-spoken frequency ratio, gramatical category (Noun vs. Verb),

nominal-to-verbal frequency ratio, derivational entropy, inflectional entropy, and log num-

ber of complex synsets from the WordNet database (Miller, 1990).

In order to investigate to what extent the effects reported by Baayen et al. (2005) are

reproduced in our network’s errors, we performed the same regression analysis that they

report on the Balota lexical decision RTs, using the network’s cosine errors as dependent

variable. Since we have excluded some items from the original dataset (those that were

not present in the network’s training set) we also replicated their original regression anal-

ysis on the RTs. As in the previous experiments, the independent contribution of the
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factors in both regressions was assessed using fast backwards elimination of factors. The

significance of non-linear contributions to the effects was assesed by means of sequential

analyses of variance on the restricted cubic splines.

Results and Discussion

All factors mentioned above had significant independent contributions on the regression

on the lexical decision RTs, thus replicating the results reported by Baayen et al. (2005) for

the slightly larger dataset. The sequential analysis of variance on the network error scores

did not reveal any significant non-linear components of the effect of Derivational entropy,

thus this component was removed from the analyses. The fast backwards elimination of

factors on the network error’s regresion suggested deleting from the regression the factors

phonological consistency, voicing of the first phoneme, and gramatical category. After re-

moving the non-linearity of the derivational entropy effect, and the gramatical category,

phonological consistency, and voicing of the first phoneme, the adjusted R2 of the regres-

sion on the network errors was of 65%. All other factors had significant main effects on

the regression. The lack of effect of the two phonological variables (phonological con-

sistency and voicing of the first phoneme) is not surprising, given that our model lacked

any representation of the words’ phonological properties. In addition, our model failed to

show the effect of gramatical category reported by Baayen and colleagues for the lexical

decision RTs.

As it can be observed in Figure 6, the effects of word frequency (top panels), inflec-

tional entropy (middle panels), and derivational entropy (bottom panels). This confirms

the robustness of the independent effects on the network errors of word frequency (lin-

ear: t(2169) = −26.505, p < 0.0001; non-linear: t(2169) = 6.382, p < 0.0001), inflec-

tional entropy (linear: t(2169) = −6.194, p < 0.0001), and derivational entropy (linear:

t(2169) = −2.409, p = 0.0167) even when a different frequency count is used, and the ef-

fects of additional variables are partialled out. Note that once again, the effect of deriva-

tional entropy on the network errors is slightly different than that observed on the RTs.
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While the latter is a linear inhibitory effect (see bottom-right panel of Figure 6), that suf-

fers a non-linear threshold effect on the high end of the derivational entropy range, the

former is just linear across the whole range of derivational entropy values.2

INSERT FIGURE 6 APPROXIMATELY HERE

Figure 7 plots the effects of the additional variables from the Baayen et al. (2005) study

that had significant effects on the network error scores: the written-to-spoken frequency

ratio (Top panels. Linear: t(2169) = 2.914, p = 0.0036; non-linear: t(2169) = −2.560, p =

0.0105), the noun-to-verb frequency ratio (Mid panels. Linear: t(2169) = −5.039, p <

0.0001), and the number of complex WordNet syntets (Bottom panels. Linear: t(2169) =

−7.519, p < 0.0001). The general pattern that these effects show on the network (right

panels) is very reminiscent of the pattern observed on the RTs (left panels), except for

the thresholding of the effect of the written-to-spoken frequency ratio observed on the

network errors (top-left panel), that is unparalleled on the RTs (top-right panel).

On the network, the effect of the number of WordNet synsets is a reflection of the

centrality of the word in the semantic (co-occurrence) space. Word in more central areas

of this space are easier to process by the network because of its general tendency to output

something closer to the ’average’ meaning. The number of WordNet synsets is a measure

of the number of senses/meanings with which the word can be used. Words that can

be used with many different meanings tend to refer less specific meanings/contexts than

words with very restricted usages. This is reflected in both the network and reaction

times. Likewise, the effect of the noun-to-verb frequency on the network, indicating that

words that are used predominantly as nouns produce less error (and shorter RTs) than

words that are used predominantly as verbs, can be associated with the centrality of its

about their meaning, which appears to be greater for nominal-dominant words than for

verbal-dominant ones. However, whereas an additional independent effect of gramatical

category was observed in the lexical decision latencies, this effect was not replicated by

our network.
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Finally, we believe that the effect of spoken-to-written frequency on the network errors

and partially on the reaction times is a reflection of the greater abundance of simple,

prototypical concepts, in spoken language, whereas very specific complex concepts might

be more common in written language. However, as we mentioned above, the effect is

clearly more marked on the RTs than on the network, where it dissappears in the higher

(more abundant in spoken language) range. This thresholding might reflect the presence

of additional factors that arise in people as a result of the diffenrent properties of the

written and spoken modalities of language, and the differences in frequency distributions

across both modalities at are present in the human environment but not in the network’s

training regime.

INSERT FIGURE 7 APPROXIMATELY HERE

General Discussion

In this study, we have presented the BC-DC model of visual word recognition. The model

was trained to map distributed representation of word orthography onto distributed rep-

resentations of a word’s meaning (co-occurrence patterns). After training, we compared

the model’s cosine distances with the response latencies of participants performing visual

lexical decision for large sets of English monomorphemic nouns and verbs. We found

that, in both cases, the model produced output patterns that were remarkably similar to

the pattern of responses of actual participants.

The model that we have introduced constitutes a considerable departure from previ-

ously implemented distributed connectionist models of lexical processing in that it has a

much broader coverage and in that it avoids the traditional restrictions on word length

and morphological complexity. We trained the model on a vocabulary of 48,260 different

word forms. This represents a realistic sample of the lexicon, containing the full range of

morphological phenomena present in English. In principle, a model of these characteris-

tics could be exposed to even larger vocabularies, approximating the number of different
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words to which an average adult is exposed.

We have used a neural network to assess the importance of the statistical correspon-

dence between form and meaning. Note here that we are not claiming that our network

reproduces the mechanism employed by the brain to capture these regularities. In this

sense, the neural network that we have used is nothing more than a sofisticated form of re-

gression analysis (see McKay, 2003 for more details on this usage of neural networks), that

enables us to explore the complex statistical correspondences in a very high-dimensional

space.

The key to this broad coverage lies in the use of truly distributed representations

for word forms, as provided by the AoE representational paradigm (Moscoso del Prado

Martı́n, Schreuder, & Baayen, 2004), and the realistic semantic vectors based on co-occurrence

statistics. A corpus-based co-occurrence approach to semantic representation relues only

on the realistic assumption that word co-occurrence is one of the main sources of infor-

mation employed by humans to determine the meaning of a word (Boroditsky & Ram-

scar, 2003; McDonald & Ramscar, 2001). The combination of these techniques, together

with the relaxation of the requisite on accuracy of the system’s output, overcome the

bottleneck for building models of lexical processing on a realistic scale. In addition, the

coding scheme used for word forms presents the advantage of obviating the need for

slot-based templates. The use of these templates for the coding of word forms, together

hand-crafted representations to code meaning has been criticized for assuming a great

amount of hard-wired symbolic information about orthographic and semantic structure

(e.g., Pinker & Ullman, 2002b).

The response patterns produced by the BC-DC model account for approximately 30%

of the variance in the RTs produced by the human participants. This is remarkable given

that many factors that are known to affect visual lexical processing are not taken into

account by our system. In particular, as we observed inon Experiment 2 when discussing

the effects of orthographic neighborhood size, our model does not mirror the sequential

properties of visual word recognition. However, we must note here that, in reality, this
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model of word recognition should be viewed as a two-stage process. In the first stage, the

orthographic representations of the words are built by accumulating the activations of an

SRN’s hidden layer that receives the letters of a word in sequential order. In the second

stage, illustrated by the network presented here, these representations are mapped into

word’s meaning. If one included in the analyses the results of the first phase, we would

expect to replicate also the aspects of visual word-form recognition that are overlooked by

the system. We have not integrated these data on our analyses because this would require

taking a decission on whether these two stages are sequential or cascaded, and to what

degree there is feedback from the second to the first stage. This constitutes a independent

debate in itself. Addressing it at the same time would obscure the central question that

we are addressing in this study: whether complex morphological structures naturally

arise as a by-product of the associations between word form and word meaning. With

the variables that we have used in our study, we are able to account for more than two

thirds of the variance present in the model’s errors. This suggests that further research is

necessary to understand the source of the remaining one third of the model’s variance. In

particular, we expect this additional variance to be related to additional factors that we

have not explored, such as purely semantic issues and the integration with the processes

involved in creating the distributed represetation of word form. We leave those for further

research.

Crucially, although the model did not receive any explicit symbolic representation of

the morphological relations between the words in its training set, it developed sensitivity

to complex, hierarchical morphological structure, as indicated by the effect of paradig-

matic entropy that we observed. In particular, the effects of derivational entropy, and

the analyses including neighborhood size, showed that the model is sensitive to effects

that cannot be attributed to just form or meaning similarity on their own. Instead, the

effects emerge from the systematic form-meaning associations shared by the morphologi-

cal variants of a word. We have shown that the effects of paradigmatic entropy computed

over discrte lattice-like structures (Moscoso del Prado Martı́n, Kostić, & Baayen, 2004)
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do not constitute a problem for distributed connectionist models of lexical processing. In

fact, we believe that such effects are a fundamental property of neural processing systems

(e.g., Deco & Obradović, 1996).

Our model also illustrates how the differences found in the processing of the present-

tense forms of regular and irregular verbs arise naturally in a single-route model of lexical

processing. The fact that this model was never actually trained on the past-tense forma-

tion task confirms the results of Baayen and Moscoso del Prado Martı́n (in press) and

Tabak et al. (2005), in that there are significant differences between both the orthographic

and semantic properties of regular and irregular verbs. It is not unlikely that these dif-

ferences underlie many of the double dissociations and processing differences that have

been found between these two kinds of verbs. Additionally, it is not clear how the dual-

route models could account for the differences in processing the present tense, especially

since their proponents explicitly deny any possible influence of verbal semantics in the

selection of a verb’s past-tense form (e.g., Pinker & Ullman, 2002a).

In conclusion, we have shown that the statistical correspondences between word form

and word meaning might be sufficient for the representations of morphological paradigms

to arise in a fully distributed system. This confirms the hypothesis put forward by Seiden-

berg and Gonnerman (2000), and fits well into the general sensitivity of the morphological

processing system to statistical factors (cf., Hay & Baayen, in press). These findings also

indicate that the contradiction between symbolic linguistic structures and distributed,

statistical systems, is mostly artificial. Symbolic structures are the natural consequence

of a system that is sensitive to the statistical properties of language, even when these are

represented using distributed patterns of activation. Although they might fail to account

for some less clear cut phenomena, the usage of symbolic structures greatly clarifies the

relationships between words, which are somewhat obscured when talking in terms of

patterns of activation.
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Kostić, A., Marković, T. & Baucal, A. (in press), Inflectional morphology and word meaning:

orthogonal or co-implicative domains?, in R. H. Baayen & R. Schreuder, eds, ‘Morpho-

logical structure in language processing’, Mouton de Gruyter, Berlin.

Landauer, T. & Dumais, S. (1997), ‘A solution to Plato’s problem: The latent semantic analysis

theory of acquisition, induction and representation of knowledge’, Psychological Review

104(2), 211–240.

36



Lawless, J. F. & Singhal, K. (1978), ‘Efficient screening of nonnormal regression models’, Bio-

metrics 34, 318–327.
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Notes

1Throughout this paper, we will use the term morphological paradigm to denote the

set of words or stems that share a particular morpheme, be it an inflectional suffix (e.g.,

the -ed in loaded), a derivational prefix (e.g., un- in unload), a derivational suffix (e.g., -er

in loader), or a stem (e.g., -load- in workload, unload, or loader). Our usage of this term is a

generalization of the more traditional ‘inflectional paradigm’. The later being restricted to

denote the set of different inflectional variations of a given word. According to our loose

definition of morphological paradigm, any given word in a language will simultaneusly

belong to at least as many different paradigms as different morphemes it contains. See

Moscoso del Prado Martin, Kostić and Baayen (2004) for more details on this usage of the

term.

2The non-linear component of the effect of derivational entropy on the RTs appears to

be facilitatory in the high derivational entropy. Notice however, that the standard errors

of the effect on this high ranges would allow the effect to go in either direction, thus what

we are observing is just a thresholding of the effect rather than a reversal in its direction.
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List of Figure Captions

Figure 1: General architecture of the model. The lines represent trainable all-to-all con-

nections between the units in two layers.

Figure 2: Comparison (in bi-logarithmic scale) between the young participants’ average

reaction time to English monomorphemic nouns and verbs (vertical axis) provided

by Balota et al. (1999), with the model’s cosine distance for those same nouns (hori-

zontal axis). The line represents a non-parametric regression (Cleveland, 1979).

Figure 3: Left panel: Plot (in bi-logarithmic scale) of the non-linear effect of word fre-

quency on the network’s cosine errors in Experiment 1. As estimated by a least-

squares regression. Right panel: Plot (in bi-logarithmic scale) of the relationship

between the RTs and the network’s cosine errors in Experiment 1. As estimated by

a least-squares regression, after partialling out the effect of word frequency. The

discontinuous lines represent the standard deviations of the effect estimates.

Figure 4: Plots comparing the effects observed in Experiment 2 for word frequency (top

panels), orthographic neighborhood size (middle panels), and paradigmatic entropy

(bottom panels) on the Balota et al. (1999) lexical decision RTs (left panels) and on the

error scores of the network (right panels). All effects were estimated using least-

squares regressions, including non-linear components when necesary. Each effect

is plotted at the mean of the other variables. The discontinuous lines represent the

standard deviations of the effect estimates.

Figure 5: Decomposition of the paradigmatic entropy on the network errors of Experi-

ment 2 into its inflectional (left panel) and derivational (right panel) components. The

effects were estimated using a least-squares regression (where no non-linearities

were found for these two variables), in which the effects of word frequency (non-

linear) and othographic neighborhood size (linear) were first partialled out. Both

effects are plotted on the mean of the remaining variables.
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Figure 6: Plots comparing the effects observed in Experiment 2 for word frequency (top

panels), inflectional entropy (middle panels), and derivational entropy (bottom panels)

on the Baayen et al. (2005) lexical decision RTs (left panels) and on the error scores of

the network (right panels). All effects were estimated using least-squares regressions,

including non-linear components when necesary. Each effect is plotted at the mean

of the other variables. The discontinuous lines represent the standard deviations of

the effect estimates.

Figure 7: Plots comparing the effects observed in Experiment 2 for the written-to-spoken

frequency ratio (top panels), noun-to-verb frequency ratio (middle panels), and num-

ber of WordNet synsets (bottom panels) on the Baayen et al. (2005) lexical decision

RTs (left panels) and on the error scores of the network (right panels). All effects were

estimated using least-squares regressions, including non-linear components when

necesary. Each effect is plotted at the mean of the other variables. The discontinuous

lines represent the standard deviations of the effect estimates.
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Figure 1:

150 output units (co-occurrence vectors)

120 “hidden” units

40 orthographic units (AoE)
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Figure 2:
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Figure 3:

(log) Word frequency

(lo
g)
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Figure 4:

(log) Word frequency

(lo
g)
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Figure 5:

Inflectional entropy

(lo
g)
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Figure 6:

(log) CELEX surface frequency

(lo
g)
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Figure 7:

(log) Written−to−spoken frequency ratio

(lo
g)
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(log) Number of complex WordNet synsets
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