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ABSTRACT

We present a recurrent-network account of printed word perception, spell-
ing, and dyslexia. Our account explains why phonology is fundamental to
reading and spelling, and why spelling is more difficult than reading. It also
provides a basis for simulating the behavior displayed by children with reading
problems (developmental dyslexia) and by adults with acquired reading prob-
lems (acquired dyslexia).

Introduction

Recurrent networks are connectionist models in which activation flows from
input to output and back again, creating feedback loops. Behavior is modeled
in self-organizing patterns of activation, but activation in any part of the
network is always reflected throughout the network. Bidirectional flow of
activation binds activation at each part to activation at every other part. This
holism is the basis of our claim to a mind as embodied action metaphor:
Perception and action are emergent in the coupling (resonance) of an organism
and its environment (Varela, Thompson, & Rosch, 1991). One entailment of
this metaphor is that an organism and its environment are themselves interde-
pendent (cf. Turvey & Carello, 1981). In this chapter, we illustrate these
claims in an explanation of reading and spelling that assumes interdependence
between readers and the printed word. The empirical basis of our account is
performance in laboratory reading and spelling tasks.

The description presented in this chapter derives from a general theoretical
framework proposed by us and our colleagues (Grossberg & Stone, 1986;
Stone & Van Orden, 1994; Van Orden & Goldinger, 1994; Van Orden, Pen-
nington, & Stone, 1990, 1996), and is rooted in mathematical dynamic-systems
theory (cf. Thelen & Smith, 1994). Clarifying the metaphor of mind as em-
bodied action will be easier once we have presented our account in more de-
tail. We begin by discussing a classic cognitive phenomenon: phonologic
mediation in reading and spelling. Then, we describe a resonance theory of
word perception and spelling. At its heart, we offer an explanation of why
phonology is fundamental to reading and spelling, and why spelling is more
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difficult than reading. This account predicts non-intuitive "feedback" phenom-
ena that have been corroborated in laboratory studies. We describe these stud-
ies, and then suggest how a recurrent network might accommodate the anoma-
lous reading behavior of developmental and acquired dyslexics. In the final
section, we return to the metaphor that underlies our approach.

Phonologic Mediation in Reading and Spelling

The emphasis in much reading research is on the perception of single
words, as this is the most important aspect of reading skill. Poor word percep-
tion severely limits the development of skilled reading and reading comprehen-
sion (Perfetti, 1985). A perennial question in such research is whether a
word's phonology (loosely, the "sound” of a word) influences visual word
perception. A recent accumulation of empirical findings forcefully suggests
that phonology's role in word perception is fundamental. Numerous experi-
ments have shown that the phonology of a letter string affects its perception in
simple reading tasks. (For overviews, see Berent & Perfetti, 1995; Van Orden
et al, 1990.) For example, subjects tend to mistake ROZE for an exemplar of
FLOWER in a categorization task, or they misclassify the letter string SUTE
as a word in a lexical decision task, or they overlook misspellingc such
as MUNKEY in a proofreading task (Van Orden, Stone, Garlington, Markson,
Pinnt, Simonfy, & Brichetto, 1992). And in writing, systematic misspellings,
such as substituting ROZE or ROWS for ROSE are common. (For an over-
view, see Bosman & Van Orden, in press.) These errors indicate that phonolo-
gy is central to reading and spelling. With respect to phonology, a ROZE is a
ROWS is a ROSE. Note, however, that phonology is not explicit in these
printed forms; it is only implicit with respect to the knowledge that readers
bring to reading and spelling.

The effects of phonology are apparent with readers and writers spanning the
full range of reading skill (i.e., beginning, skilled, and disabled readers). They
are found across languages (in both alphabetic and non-alphabetic writing
systems) and across laboratory tasks. These tasks include naming (quickly
reading words aloud), lexical decision (quickly classifying words versus
nonwords), semantic categorization (quickly determining whether words
belong to designated categories), and proofreading (carefully checking a
document for spelling errors). Why is phonology so involved in reading or
spelling? It clearly is not always helpful, often leading to errors in these exper-
imental tasks. In the next section, we describe a recurrent-network account of
word perception and spelling. Our account pertains to a very simple recurrent
network that has been implemented (Farrar & Van Orden, 1994), but the prin-
cipled basis of our account is not tied to the specifics of our simulation. No
claim is made with respect to a "correct” architecture (see Stone & Van Orden,
1994; Van Orden & Goldinger, 1994; Van Orden et al, 1990, 1996). We
return to this issue in the final section of the chapter.
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Reading and Spelling are Fundamentally Related

Imagine a fictitious nervous system that perceives printed words. This
system consists of three families of neurons: letter neurons, phoneme neurons,
and semantic neurons. Every neuron in each family is (potentially) bidirection-
ally connected to every neuron of the other two families. Bidirectionally
connected means that if a feedforward connection exists from neuron "x" to
neuron "y," there is also a feedback connection from neuron "y" to "x." Now,
imagine a specific pattern of activation across the letter neurons, due to the
presentation of a printed word. This letter pattern feeds activation forward
through a matrix of "synaptic” connections, creating patterns of activation
across phoneme and semantic neurons. The phoneme and semantic neurons, in
turn, feed activation back through a top-down matrix of connections, trans-
forming their patterns back into letter patterns. Whenever the feedback patterns
match the original letter pattern, top-down activation conserves bottom-up
activation. Consequently, the "matched"” letter neurons conserve their capacity
to reactivate matching phoneme and semantic neurons that, in turn, reactivate
the letter neurons, and so on. This feedback cycle is temporarily stable, result-
ing in a coherent dynamic whole: a resonance.

This simple neural network is only for exposition. It is helpful to consider
word perception in terms of artificial neural activity, but analogies between
cognitive systems and actual nervous systems, albeit compelling, are limited.
We conceive of word perception in cognitive terms. Figure 1 illustrates cogni-
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FIGURE 1. Macrodynamics of reading and spelling performance emergent in a recur-
rent network. The boldness of the arrows indicates the overall strength of the relations
between letter, phoneme, and semantic node families (see text).
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tive macrodynamics of word perception (Van Orden & Goldinger, 1994) and
spelling (Bosman & Van Orden, in press), and Figure 2 illustrates micrody-
namics.

Figure 1 portrays a recurrent network with three families of fully interde-
pendent nodes (letter nodes, phoneme nodes, and semantic nodes). On average,
the connections between node families differ in strength; the rank order of
overall strength is illustrated by the relative boldness of arrows in the figure. In
alphabetic languages, letters and phonemes correlate quite strongly. For
example, the letter B is almost always pronounced as /b/, and the phoneme /b/
is always written with a B. Correlations between phonemes and semantic
features, or letters and semantic features, are far weaker than correlations
between letters and phonemes. Knowing that a word begins with the letter B
indicates almost nothing about its meaning, but much about its initial pronun-
ciation.

Notice also that phoneme-semantic connections are depicted as stronger
than letter-semantic connections, primarily because we speak before and more
often than we read. Moreover, once ‘in place, this asymmetry is self-
perpetuating. Reading strengthens phoneme-semantic connections, because
phonology functions in every instance of printed-word perception. Thus, even
the exceptional condition of people who read more than they speak would
support phoneme-semantic connections that are at least as strong as letter-
semantic connections. Also, if a coherent positive-feedback loop forms from
semantic to phoneme nodes before the feedback loop from semantic to letter
nodes, then printed or spoken discourse may proceed without the contribution
of the feedback loop from semantic to letter nodes. The absence of resonance
in the latter feedback loop may preclude strengthening the connections between
letter and semantic nodes (see discussion below, and Grossberg & Stone,
1986). Thus, at this macro-level of description, families of nodes differ in the
overall strength of relations with other families. These differences in overall
correlational structure are illustrated in the relative boldness of the arrows in
Figure 1.

The strong bidirectional connections between letter and phoneme nodes, as
compared to those with semantic nodes, causes the letter-phoneme dynamic to
cohere (resonate) before all others. These strong connections between letters
and phonemes explain why phonology is so fundamental to reading and spell-
ing. Stated differently, it explains why sound-alike words (ROSE and ROWS)
may be confused in reading (Van Orden, 1987), and explains why the majority
of spelling errors (ROZE instead of ROSE) are phonologically acceptable.
(Van Orden & Goldinger, 1994, 1996 describe various other phenomena
that derive from the powerful correlations of spelling and phonology.)

In a model analogous to Figure 1, presentation of a printed word activates
letter nodes that, in turn, activate phoneme and semantic nodes. Following
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initial activation, recurrent feedback begins among all these families of nodes.
Similarly, presentation of a spoken word activates phoneme nodes that, in turn,
activate semantic and letter nodes. (And, word production would begin with
activation of semantic nodes that, in turn, activate phoneme and letter nodes.)
In all these cases, initial activation leads to recurrent feedback among all fa-
milies of nodes. However, the strongest recurrent dynamic is between letter
and phoneme nodes, which creates the common basis of reading and spelling.

@ (b) ©

FIGURE 2. A simplified illustration of microdynamics that describe reading and spell-
ing performance for the word HI. a. Presented with HI, activation feeds forward from
letter nodes to phoneme nodes. b. In turn, phoneme nodes feed activation back to letter
nodes. €. A resonance that emerges between letter and phoneme nodes corresponding
to HI. (To reduce the number of lines in the figure, bidirectional connections are de-
picted with double-headed arrows.)

Figure 2 illustrates microdynamics. We zoom in on the connectivity bet-
ween letter and phoneme nodes (and ignore, for now, phoneme-semantic and
letter-semantic connectivity). In Figure 2A, reading the printed word HI acti-
vates the letter nodes H  and I, which activate the phoneme nodes /h/; and
\m< but also competing :oamm mcnr as /1/, (as in /hIt/) which must be inhibited.
am subscripts refer to the positions of Gm letters or phonemes within words.)
Figure 2B shows how, in turn, phoneme nodes feed activation back to letter
nodes (illustrated for the phoneme nodes /h/, and /a'/.). The phoneme node

. 1 2 .
/al/_ activates the correct letter nodes H. and I, and also competing letter nodes

mcow_ as the letter node Y, in MY or BY. Thus, early patterns of activation are
loosely structured, entailing activation of correct, but also many incorrect,
candidates for resonance (Van Orden et al, 1990). Interactions between nodes
then select combinations of nodes through cooperative-competitive dynamics
(Grossberg & Stone, 1986; Stone & Van Orden, 1994).

Reliable performance emerges if the overall bidirectional configuration of
connections favors mutual activation between the letter nodes H, and 1, and the
phoneme nodes /h/, and /a/,. This advantage grows over :Bm as the "strong

1 2
grow stronger” and the “"weak grow weaker” (McClelland & Rumelhart,
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1981). This is illustrated in Figure 2C, which combines the flow of activation
from letter nodes to phoneme nodes and from phoneme nodes back to letter
nodes, as assumed in a recurrent network. Presentation of the spoken word
/ha'/ to the network (as in a spelling task) leads to a similar dynamic between
phoneme and letter nodes. Thus, activation initiated in phoneme nodes may
generate a coherent pattern of activity across letter nodes.

Why Spelling is More Difficult than Reading

In the course of writing, everybody experiences occasional doubts about
how to spell a word, but we almost never forget how to read a word. This
asymmetry between reading and spelling is evident at all levels of skill
(Bosman & Van Orden, in press). The account we offer explains why people
find spelling more difficult than reading. It may be simply described with
respect to the previous illustrations of microdynamics (letter-phoneme dynam-
ics), and macrodynamics (dynamics among families of nodes).

Returning to Figure 2, reading the word HI not only activates the phoneme
nodes /h/, and \w_\ and the letter nodes H, and I, but also all possible pro-
n::oE:o:m of H, Ea I, and all possible mc@_:smm of /h/ and \w_\ Thus,
correctly reading a word requires inhibition of incorrect v:oamaa :oaam, and
correctly spelling a word requires inhibition of incorrect letter nodes. In the
case of reading, the letters are presented to the model (or reader) such that
phoneme—letter ambiguity is quite unlikely to produce full activation of incor-
rect letter nodes, because the persistent and stable input at letter nodes aczeler-
ates the formation of feedback loops with phoneme and semantic nodes (as
illustrated by bold arrows in Figure 2C). However, in the case of spelling, this
resonant pattern must be generated from phonologic and semantic activation
alone. There is no environmental support for correct letter nodes.

The crux of spelling is that English orthography, generally, has more possi-
ble spellings for any given word than possible readings, and this is true for
most (but not all) alphabetic writing systems (e.g., Stone, Vanhoy, & Van
Orden, in press). Consider, for example, the multiple possible "spelling bod-
ies" that may correspond to the "rime"” /_trch/: IRCH as in BIRCH, _ERCH
as in PERCH, URCH as in LURCH, and EARCH as in SEARCH. Stone et
al (in press) estimated that 69% of low-frequency English one-syllable words
are spelling-sphonology consistent (at the grain size of spelling bodies and
rimes), but only 28% are phonology-sspelling consistent (at the same grain
size). In a larger sample, including both low- and high-frequency one-syllable
words, 72% of all spelling—phonology consistent words were phonolo-
gy-+spelling inconsistent. These linguistic analyses clearly indicate that phonol-
ogy-sspelling inconsistency is the rule for English.

Although both reading and spelling are powerfully constrained by the strong
correlational structure of the letter-phoneme dynamic, the occasional inconsis-
tencies in these relations are resolved by different sources of constraint. Now,
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we refer again to the illustration of macrodynamics in Figure 1. When a model
"reads” a low-frequency, spelling—phonology inconsistent word such as PINT,
the more consistent letter-phoneme relation would rhyme with MINT (and
HINT, LINT, TINT, etc.; Kawamoto & Zemblidge, 1992). Similarly, the
letter-phoneme dynamic would yield two correct pronunciations for words like
WIND (although it would typically favor the more regular pronunciation,
Kawamoto & Zemblidge, 1992). In both these cases, relatively strong seman-
tic-phoneme relations may supply sufficient secondary constraints to encourage
the appropriate letter-phoneme dynamic. In the case of WIND, semantic con-
straints may also be due to context, and contextual sources of semantic activa-
tion contribute via the relatively strong connections between semantic and
phoneme nodes.

In the case of spelling, however, a model must resolve the inverted patterns
of ambiguity in the phoneme-letter dynamic. To spell a low-frequency phonol-
ogy-»spelling inconsistent word such as HEAP, the rime /_ip/'s correct spell-
ing would compete with a more strongly correlated incorrect spelling body
_EEP (as in DEEP, BEEP, KEEP, PEEP, SEEP, and WEEP). Additionally,
the phoneme-letter dynamic yields two correct spellings for homophones (e.g.,
ROSE/ROWS). In either case, correct spelling must rely on relatively weak
semantic-letter dynamics to sufficiently activate the appropriate letter nodes (as
illustrated in Figure 1); even contextual support is filtered through the weak
letter-semantic connections. This weaker support for spelling, compared to the
strong support for reading (i.e., phoneme-semantic dynamics) is the "macro-
basis" for the asymmetry between reading and spelling. Thus, spelling is more
difficult than reading for two reasons: (1) Microdynamic phoneme—sletter rela-
tions are more inconsistent than letter»phoneme relations (Stone et al, in
press), and (2) macrodynamic support for spelling (i.e., letter-semantic connec-
tions) is weaker than macrodynamic support for reading (i.e., phoneme-
semantic connections).

Productive Use of This Simple Model

The recurrent dynamic system described above predicts a rather non-
intuitive micro-effect. This effect concerns the consistency of relations between
letters and phonemes. Until recently, all discussion of consistency has con-
cerned a classic "feedforward," spelling->phonology effect. Inconsistent words
such as PINT are named more slowly than consistent words such as DUCK.
(_INT in PINT may be pronounced as in MINT; _UCK is only pronounced as
in DUCK.) The feedforward consistency effect answers the question: Does it
matter in word perception that a spelling may have more than one pronuncia-
tion? From most theoretical perspectives, this is the only sensible question. In
a naming task, the letter string is unambiguous to subjects (it is right in front of
their eyes), the only potential ambiguity arises with respect to derived phonol-
ogy. However, our "feedback hypothesis" generalizes perceptual ambiguity in
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the phonology-»spelling direction as well. We were led to ask the feedback
question: Does it matter in visual word perception that a pronunciation may
have more than one spelling?

Recently, Stone et al (in press) tested for the effects of both feedforward
and feedback consistency on performance in a lexical-decision task. They used
a factorial design that included four types of words. In bidirectionally consist-
ent words such as DUCK, the spelling body ( UCK) can only be pronounced
one way, and the pronunciation rime (/_uk/) is only spelled one way. In spell-
ing-»phonology inconsistent words such as MOTH, the spelling body can be
pronounced in multiple ways (BOTH), but the pronunciation rime (/_6th/) is
only spelled one way. In phonology-sspelling inconsistent words such as
HURL, the spelling body is pronounced in only one way, but the pronunciation
rime can be spelled in more than one way (GIRL). In bidirectionally inconsist-
ent words such as WORM, the spelling body can be pronounced in muitiple
ways (DORM), and the pronunciation rime can be spelled in multiple ways
(FIRM). Stone et al found strong evidence for perception as a "two-way
street;" correct response times were equally (and strongly) slowed by both
feedforward and feedback inconsistency. Additionally, they found a reliable
interaction; all inconsistent words produced approximately equal response
times, even those that were inconsistent in both directions. Only words that
were bidirectionally consistent produced better performance. Recently, Patrice
Gibbs (personal communication, May 1995) found a similar effect of phonolo-
gy—spelling consistency in a naming task.

Again, note the non-intuitive nature of this phenomenon. The letter string is
clearly visible to the subject, and it remains visible until a response is record-
ed. However, if feedback from phonology suggests that some other letter string
could have been presented, performance is stower. Ziegler and Jacobs (1995)
reported a similar counter-intuitive finding in a letter-search task. Subjects in
their experiment were briefly presented with a letter string such as BRANE (a
"pseudohomophone” of the word "Brain"), followed by a pattern mask
(#####). The subjects were instructed to indicate whether a predesignated let-
ter, for example the letter "i,” was present in the masked letter string. In the
case of BRANE, they misreported having seen the letter "i" more often than in
a control stimulus. Similarly, they misreported not having seen the letter "i" in
the letter string TAIP (a pseudohomophone of the word “Tape"). Presumably,
the phonology of the pseudohomophones BRANE or TAIP suggested that
"Brain" or "Tape" was presented, causing subjects to misreport the presence or
absence of the letter "i."

Developmental Dyslexia

Dyslexic children read poorly relative to non-dyslexic children of the same
age, background, intelligence, and instructional level. No skill is more essen-
tial than reading for normal functioning within literate cultures; developmental
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dyslexia can broadly undercut a child's potential for success and happiness
(Bryant & Bradley, 1985). Dyslexics typically show qualitative differences
from non-dyslexics in simple reading and language tasks. Moreover, their
performance is impaired even relative to younger non-dyslexic oEEB,: who
successfully read at the same level (i.e., reading-age control subjects; Bosman
van Leerdam, & de Gelder, 1995; Pennington, Van Orden, Smith .Qnmms mm
Haith, 1990; see Rack, Snowling, & Olson, 1992, for S&miv. i&wm amh&_-
opmental dyslexics show specific deficits on tasks that require constructive use
of v:.o:o_omw (e.g., phonological awareness and pseudoword-naming tasks
Mm_m.mm_.\wmmnm:ong. We have mmoz& an account of developmental dyslexia z._mm
om our account of ph i iation i i i
Orden & Goydinser rese) phonologic mediation in skilled reading (Van
A pseudoword-naming task requires fine-grain "phoneme-size" knowledge
of how _.m:mn strings translate into phonology. In this task, a subject is shown a
letter string, such as the pseudoword BINT, that shares spelling structure with
actual words. (Consider MINT, BIN, etc. Skilled readers pronounce pseu-
dowords analogously to words; Seidenberg, Plaut, Petersen McClelland
McRae, 1994). Dyslexic readers name pseudowords much Bo,a slowly Ea,
produce more "unacceptable” pronunciations than reading-age controls (Rack
et al, _ocu.v. They may also perform poorly when judging whether someone
%Wmosum given an :mnomnﬂ.mc_@.. pronunciation of a pseudoword {Snowling,
av\m_mwmmwoo_. performance in pseudoword naming is a primary symptom of
Correct performance in phonological-awareness tasks al
mzm.-m::.:, phoneme-size knowledge of the phonology of a Mmaa.mﬂ._%w MMMM
.@w.ow:x require subjects to manipulate or Judge the phonology of words. In a
pig Latin" task, for example, the first phoneme of a word must be Bo<.& to
the end and pronounced with /AY/ (e.g., /dog/ becomes /og-day/). Dyslexics
perform very poorly on this task relative to reading-age control subjects, even
i:w: they :.08 only recognize whether someone else has produced ooqmﬁ pig
Latin %mn;&%o: et al, 1990). Deficits in phonological awareness are typicall
momno_mﬂwm «N.E:%Mm&a in pseudoword naming, and both deficits appear to cw
influenc eredit i
Mt w_w\_ocov. y (Olson, Wise, Conners, Rack, & Fulker, 1989; Pen-
?ama findings all motivate the hypothesis that dyslexia is a deficit in fine-
grain knowledge of phonology and its relation to print in alphabetic languages
,;o._Bno:mnmm of phonology in dyslexia agrees with our account of m_n:_&.
nmma_aw. in which phonology also plays a crucial role. The crux of reading is
mmno%xoa wm individpal printed words (Perfetti, 1985), and the crux of imoa
wannan:o.a is coherent phonology. Accordingly, developmental dyslexia might
be explained by an absence of phonology in reading. It turns out =o€a<m2
that absent phonology is far too simple a hypothesis (Bruck, Emmv,. me_mim
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subjects, who show a pronounced deficit in pig-Latin performance (Pennington
et al, 1990), nevertheless produce a very high proportion of categorization
errors to homophonic foils (e.g., ROWS or ROZE categorized as FLOWERS,
Van Orden et al, 1990; Van Orden & Goldinger, 1996).

The paradox for the absent-phonology hypothesis is that the same dyslexic
subjects show both negative and positive phonology effects. Demonstrations of
negative phonology (such as pseudoword naming and pig-Latin deficits) are
consistent with the absent-phonology hypothesis (Bruck, 1988). However,
categorization errors to homophonic foils are not. A key difference between
pseudoword (BINT) naming versus categorization may be the added constraints
in categorization produced by category names. This source of constraint may
exaggerate the dyslexics' susceptibility to phonology in the categorization task,
especially with pseudoword homophones such as ROZE. It does so, however,
by enhancing ("cleaning up") letter-phoneme dynamics, which explains their
very high error rates to homophonic foils. Thus, our ability to observe phonol-
ogy effects in dyslexics is partly a function of the task examined. We propose
that different tasks emphasize different grain sizes of phonology, and these
contribute to the respective positive and negative effects. To better understand
our proposal, it is first necessary to understand how covariant learning serves
as a basis for non-dysiexic reading.

Crosstalk is the basis of covariant learning. Crosstalk extracts positive
correlations between families of nodes (cf. Reeke & Edelman, 1984). Reading
performance is enhanced by consistent crosstalk whenever a letter-phoneme or
letter-phoneme-semantic correspondence is shared across a neighborhood of
words. In word naming, consistent crosstalk is the source of many common
effects, such as rule-strength and word-frequency effects. Rule strength is
estimated by a count of all words that share a particular letter-phoneme corre-
spondence. Strong-rule words are composed of letter-phoneme relations that
appear in many words (K-/k/). Weak-rule words have at least one letter-
phoneme relation that is relatively rare (ZZ-/z/). Strong-rule words (DESK)
and pseudowords (DASK) are named faster and more accurately than weak-
rule words (FIZZ) and pseudowords (NOZZ; Rosson, 1985). Also, high-
frequency words are named faster and more accurately than low-frequency
words (Forster & Chambers, 1973). Figure 3 illustrates how these effects
would emerge via covariant learning in a very simple model. BE and BY share
a relatively strong rule (B-/b/), and BE is the more frequent word (in the fig-
ure).

In Figure 3A, a BE learning trial brings four pairs of nodes into collective
resonance: B, «— /b/,, B, «—= /i/,, E, «— /b/,, and E, «— /i/,. Such reso-
nance increases the connection weights between all the nodes involved. At this
point in the model's development, the resonance B,E, «— /b,i,/ is an “encap-
sulated” whole. Although we can anticipate potential subresonances in the a
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FIGURE 3. Consistent crosstalk in a recurrent network capable of covariant learning.
a. The consequences for the connections between letter nodes and phoneme nodes of a
learning trial for the word BE. b. Likewise for the word BY. ¢. A second learning trial
for the word BE. The presence of a line between two nodes indicates an increase in the
connection weights between them. The width of the lines ranks the strength of the
relations that accumulates across learning trials. Notice across the figures that the
width of the lines between B, and /b/ increases faster than those of other relations.

This is due to consistent crossfalk.

priori relations between letter and phoneme nodes, these are not reflected in
the model's behavior. If the network were presented again with the word BE,
the activation values of the same four nodes would grow symmetrically toward
resonance. Thus, the model's behavior would reflect only coarse-grain, word-
size knowledge. This simple figure illustrates how dimensionally nonspecific
(holistic) relations can emerge behaviorally prior to relational rule-like knowl-
edge (Thelen & Smith, 1994). The later emergence of rule-like knowledge is
illustrated in panels 3B and 3C.

A subsequent BY trial, shown in 3B, brings its four pairs of nodes into
collective resonance (B, «— \c\t w_ —> \m_\% Y, < v/, and <N —> \&\Nv,
thus adjusting all the connection weights involved. Notice at this point that the
connections between B and /b/, have been adjusted more often than any other
connections. If, in turn, another BE learning trial occurs (3C), then the four
pairs of connection weights: B, «— /b/|, B, <= /i/,, E, «— /b/,, and E, «—
/i/, are adjusted again by its four component resonances. Because B correlates
with the same pronunciation in BY and BE, the configuration of weights in the
resonance B, «— /b/ is tuned toward this strong subword resonance more
often than configurations promoting other component resonances. The bidirec-
tional connections between B, and /b/, emerge as a strong rule via consistent
crosstalk.

Strong-rule resonancey, such as B «— /b/, are examples of local (fine-
grain) dynamics exhibiting relatively high self-consistency. After learning, the
component resonances of a strong-rule word show themselves behaviorally
because they coalesce quickly and thereby facilitate naming. Consequently,
even relatively unfamiliar words are named quickly if they are composed of
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strong rules (Rosson, 1985). Additionally, the naming of pseudowords (e.g.,
BINT) is primarily constrained by these same fine-grain resonances, as will be
seen in our account of developmental dyslexia.

Earlier in this chapter, we described a fictitious nervous system to introduce
the construct resonance. We also oversimplify the nervous system in this sec-
tion to introduce our account of dyslexia. Postmortem studies have found
anatomical anomalies in the brains of dyslexics (e.g., see Galaburda, Rosen, &
Sherman, 1989) that may be due to subtle anomalies in neuronal migration.
Small deviations in neural positioning may cause large changes in patterns of
connectivity between neurons in different brain regions. A rough analogy with
connectivity in network models inspired our "haphazard-connections” hypothe-
sis concerning the performance deficits of dyslexics. (Please do not interpret
this rough analogy as a claim to anatomical plausibility. We merely wish to
acknowledge the inspiration for our behavioral account.)

FIGURE 4. An illustration of the failure to develop fine-grain dimensions of word
perception. a. The consequences for the connections between the letter nodes and
phoneme nodes of a learning trial for the word BE when letter and phoneme nodes are
haphazardly connected. b. Likewise for the word BY. ¢. A second learning trial for
the word BE. The presence of a line between two nodes EEomSm an increase in the
connection weights between them. Notice that the bidirectional fine-grain relation
between w# and /b/ , does not emerge in this haphazardly connected illustration.

Figure 4 illustrates a haphazard pattern of connectivity between letter and
phoneme nodes. (Compare this to Figure 3, in which all connections are
symmetrical.) We can easily track the outcome of covariant learning, given
this haphazard connectivity. Once again, consistent crosstalk extracts positive
correlations between letter and phoneme nodes. However, aithough BE and BY
share a relatively strong rule (B-/b/), it does not emerge as a self-consistent
subresonance in the behavior of the model. This is the key to our account.

In Figure 4A, a BE learning trial brings four nodes into collective reso-
nance (B, — /b/, B «— \m\w, E, < /b/, and E, < \m\wv, and adjusts six
connection weights. As in Figure 3A, at this point in the model's development
the resonance B.E, «— /b/i,/ is an encapsulated whole. The model would
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correctly produce the whole-word phonology of BE, but its behavior would be
opaque to substructures such as B, «— /b/,. A subsequent BY trial, shown in
4B, brings four pairs of nodes into collective resonance (B, «— /b/,, B, «
\m_\uu Y, <« \c\_. and <~ - \m_\NV and adjusts five connection weights. Notice
the difference between panel B in Figure 3 and panel B in Figure 4. The
feedforward connection weight b - /b/, grows faster than other connections in
the resonance BE, «— \c_m\, due to covariant learning. However, the sub-
word relation B, «— /b/ does not grow in self-consistency due to the absence

of feedback oomsonao:m_. The haphazard connectivity between B, and /b/, in
Figure 4B does not allow the emergence of the component resonance B, «—
/b/,, and this state of affairs is unchanged by additional BE trials (4C).

Consider the subword dynamics for the word BE following the learning
trials depicted in Figure 4. An advantage due to covariant learning between B,
and /b/, may still affect performance. The relatively strong connection B, -
/b/, would promote a faster overall time to resonance for the word BE. The
node /b/, is strongly activated by B,, and /b/, conserves this strong activation
for the whole-word resonance when it feeds activation back to E,. In turn, E,
feeds this activation forward to /i/,, /i/, feeds it back to B, and E,, and the
activation has been conserved in a word-size feedback loop. At no time,
however, does a subresonance B, <— /b/, emerge in the behavior of the
model.

We noted previously that pseudoword (BINT) naming is primarily depend-
ent upon fine-grain resonances such as B, «— /b/,. These are necessary to
insure integrity of pseudoword pronunciation, but they do not reliably emerge
in a model with haphazard connectivity. This translates behaviorally into a
deficit in pseudoword naming (as well as reading proper names, unfamiliar
words, etc.). Skilled pseudoword naming is a fairly predictable function of the
statistical relation between words' spellings and their pronunciations (Seiden-
berg et al, 1994). With haphazard connectivity, a model is robbed of its stron-
gest source of information about how pseudoword spellings relate to phonolo-
gy. A model analogous to our simple illustration would fail to derive a full
complement of the fine-grain letter-phoneme relations necessary to mimic
skilled pseudoword naming. Thus, dyslexia may be a failure of perceptual
development to derive these fine-grain dimensions of word perception.

Remember, however, that strong positive phonology effects are found in
categorization performance with both word (ROWS) and pseudoword (ROZE)
homophones. The word effect is explained by the coarse-grain (word-size)
phonology that emerges in the haphazardly connected model. However, the
effect of pseudeword (ROZE) phonology requires the added contextual con-
straints on phoneme-semantic dynamics due to availability of the category
name (FLOWER). This context is strong enough to cause skilled readers to
misinterpret highly familiar homophone words in a categorization task (Jared
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& Seidenberg, 1991). We suggest that context acts to compensate for the noisy
letter-phoneme dynamics of dyslexic readers via semantic-phoneme dynamics,
as illustrated in Figure 1.

The essential point for implementing our scheme is that haphazard connec-
tivity blocks the emergence of letter-phoneme resonances (i.e., attractors; see
Jordan, this volume) that would normally act relatively independently of the
coarse-grain resonances from which they derive. These fine-grain dynamic
structures are necessary to mimic the full range of intact performance to print-
ed language. We could even zoom in on the phoneme nodes, revealing their
finer-grain resonances between acoustic and articulatory nodes. Then, we
could propose haphazard connectivity between acoustic and articulatory nodes,
thus precluding the development of proper "phoneme resonances.” In this
way, the haphazard-connectivity hypothesis might be extended to explain poor
performance on phonological-awareness tasks.

Acquired Dyslexia

Patients with acquired dyslexia have reading difficulties as a consequence of
brain trauma. In a seminal article, Marshall and Newcombe (1973) described
two apparently distinct syndromes of acquired dyslexia: surface and deep
dyslexia. Both are defined by characteristic profiles of errors in the naming
task (Shallice, 1988). The utility and reliability of syndrome categories is
highly controversial (Caramazza, 1986), but we need not endorse such distinc-
tions for our purpose. We merely focus on theoretically important patterns of
naming errors associated with each syndrome. Our goal is to produce similar
errors in "lesioned” models that previously produced skilled patterns of naming
performance. Here, we describe briefly our simulations of two error types
identified by Marshali and Newcombe: the regularization error and the seman-
tic error.

Regularization errors are characteristic of surface-dyslexic patients. These
errors occur when words such as PINT, with irregular pronunciations, are
incorrectly read aloud to rhyme with similar regular words (e.g., MINT,
HINT, and LINT). Although skilled readers also occasionally make regulariza-
tion errors (Kawamoto & Zemblidge, 1992), surface-dyslexic patients make
many more. Semantic errors are characteristic of deep-dyslexic patients,
occurring when words are incorrectly read aloud as semantically r~lated
words. For example, the word BUSH might be read aloud incorrectly as
TREE. The separate occurrence of semantic and regularization errors is
sometimes interpreted as evidence against recurrent-network models (Shallice,
1988; see Van Orden et al, 1996 for a review and counter-argument). Farrar
and Van Orden (1994) recently simulated these two error types.

We began with a recurrent-network architecture very similar in structure to
the simple illustrafions presented earlier in this chapter. Three families of
nodes (see Figure 1) were "taught" a sample of English words using a Hebbi-
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an-type learning algorithm, until the model produced patterns of naming per-
formance similar to those of skilled readers. (Specifically, we implemented 10
learning trials for each "high-frequency” word and one for each "low-
frequency” word. The "naming response” was taken from the pattern of the
most active phoneme units, and "naming time" was defined as the number of
cycles required to generate a coherent pattern of activation of the phoneme
units.) Of particular present relevance, the model produced an interaction of
frequency with consistency. Low-frequency inconsistent words such as PINT
were named more slowly than low-frequency consistent words such as DUCK,
whereas all high-frequency words were named quickly (see Waters & Seiden-
berg, 1985).

To simulate the regularization error, we added noise to our intact. network.
Noise was implemented as a uniform distribution of small positive or negative
changes in activation that were added in each cycle to the activation values of
randomly chosen nodes. The effect was to erode the network's capacity for
correct naming of words having highly inconsistent pronunciations, such as
PINT. Instead of the correct phonemes for PINT, the network activated
phoneme nodes that regularized PINT to rhyme with MINT. In effect, the
noise eroded the (already weak) phoneme-semantic constraints, such that the
model expressed only the powerful constraints of letter-phoneme dynamics.
Because letter-phoneme dynamics primarily reflect the strongest correlations
between letters and phonemes, these dynamics lead to regularization errors
(Kawamoto & Zemblidge, 1992).

It is important to note that we could have implemented noise in many ways
with the same consequences. For example, we could have introduced small
changes in randomly chosen connection strengths. Similarly, the locus of noise
is not crucial. Bidirectional flow of activation makes the system highly interde-
pendent. Consequently, noise introduced anywhere in the system spreads
throughout the system, in the next time step.

To simulate semantic errors, we further "lesioned” the noisy network that
was producing regularization errors. We set all of the letter-phoneme connec-
tion weights to zero, effectively "cutting" those connections. (We: could have
cut fewer connections with the same effect; the minimum proportion of discon-
nections that produces semantic errors is interdependent with other modeling
choices.) Subsequently, the network produced semantic errors; when presented
with BUSH the network generated a pattern of activity across phoneme nodes
corresponding to TREE. Setting the letter-phoneme connections to zero creates
a highly unstable netyork, causing it to rely on semantic-phoneme dynamics,
the most reliable remaining source of constraints., However, in the absence of
letter-phoneme constraints, semantic-phoneme dynamics are sometimes misled
into a semantic error from which the normally weak letter-semantic dynamics
cannot rescue the network. Semantic errors are especially likely when semantic
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nodes of one word (BUSH) are strongly correlated with phoneme nodes of a
different word (TREE).

Mind as Embodied Action

The attentive reader has probably noticed that we refrained from calling our
cognitive account a neural network. We chose the term recurrent network
instead. This choice was not made simply for aesthetic reasons. The term
neural in "neural network” has a connotation we wish to avoid. It suggests too
strong an analogy with the nervous system, or (worse yet) that cognition
should be explained in terms of the nervous system. For all we know, there
may be more differences than similarities between cognitive behavior and the
behavior of nervous systems (cf. Freeman, 1995). Thus, "nodes” in our recur-
rent network do not refer to neurons, nor do their interconnections refer to
synapses.

The previous caveat resurrects the issue of the metaphor underlying our
account, specifically, mind as embodied action (see Introduction). This view of
cognition, as described by Varela et al (1991), means, first, that

...cognition depends upon the kinds of experience that come from
having a body with various sensorimotor capacities, and second, that
these individual sensorimotor capacities are themselves embedded in a
more encompassing biological, psychological, and cultural context. (pp.
172-173)

The term action emphasizes that perception and action are fundamentally inter-
related (see also Turvey & Carello, 1981). This proposed interdependence is
obvious in the behavior of a recurrent network. When our network is presented
with a printed word, the initial activations of the letter nodes feed activation
forward to phonologic and semantic nodes that, in turn, feed activation back to
the letter nodes. In a strongly nonlinear system, feedforward and feedback
activation undergo successive nonlinear transformations, eventually producing
a resonant whole. This illustrates, in model systems, the irreducible interde-
pendence of input and output (see also van Leeuwen, Steyvers, & Nooter,
1995).

It is easy to confuse nodes in a network {or subsymbols, Van Orden et al
1990; Van Orden & Goldinger, 1994) with traditional symbolic representa-
tions. This is another confusion that we wish to avoid. Nodes are not mental
representations. They are pragmatic notations for purposes of modeling or
illustration, and serve a narrative function only. Thus, nodes are r~t psy-
chologically real (atomic) units of cognition, and they should not be attributed
causal or explanatory properties independent of the dynamics in which they
participate (cf. Putnam, 1981; Turvey & Carello, 1981). The network models
that we propose refer only to observed patterns of intercorrelation between
laboratory manipulations and performance. This pragmatic approach to mode}-



538 G.C. Van Orden et al

ing implies that nodes chosen at one grain size are no more "real” than nodes
that might have been chosen at other grain sizes. To rephrase, modeling a
particular behavior or performance requires a smart (or pragmatic) choice of
nodes (see also Putnam, 1981). We choose nodes at the finest grain size of
reliable covariation between laboratory manipulations and performance (Van
Orden et al, 1990; Van Orden & Goldinger, 1994). A fairly good description
of results obtained from reading and spelling research can be achieved using
letter, phoneme, and semantic (feature) nodes. Note that a degree of arbitrari-
ness is unavoidable; other research problems may lead to other choices. The
crux is the ability to mimic, in as parsimonious a model as possible, the ob-
served complexity in laboratory performance.

The pragmatic constraints on the choice of nodes are further revealed by the
following example. Choosing to model letter perception using a grain size of
letter nodes would be too "coarse" a choice, because it ignores reliable effects
of font, handwriting, and other episodic variables (e.g., Sanocki, 1987). A
finer grain size (e.g., letter-feature nodes) would be necessary. Conversely,
choosing to model sentence comprehension using a grain size of letter nodes is
a too "fine" a choice of grain. Using letter nodes to model the phenomena of
sentence comprehension would build in unnecessary detail. These performance
phenomena are typically word- or morpheme-size, and nodes chosen at these
grain sizes would be more appropriate. The strength of our model comes not
from the discovery of true nodes, but from the generality and simplicity of its
behavioral account. Dynamic interactions among small families of nodes can
account for a vast literature of performance in laboratory reading tasks, and the
entailed principles extend to cognition at large (Stone & Van Orden, 1994; Van
Orden et al, 1990; Van Orden & Goldinger, 1994).

In summary, we have shown that a simple recurrent network has great utili-
ty for mimicking phenomena in reading and spelling. Our approach motivates
principled explanations for why phonology is fundamental to reading and spell-
ing, why spelling is more difficult than reading, why words with multiple rime
spellings are more slowly read, and why developmental and acquired dyslexics
have difficulties in reading.
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