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Abstract regularities between the spellings and sounds efisyand
_ a system of lexical knowledge serves to override riiles
Two models are presented that compute a quasieegul when necessary (e.g., PINT does not rhyme with MINT
maprr]nng. One Wasl bassd on 'OcatL'St reﬁrese“taﬂbgsmz Alternatively, single-route theories have been proposed in
In the quasi-regular domain, the other was based On hich the mechanisms and representations for hagdli
distributed representations. In each model, a obntr .. . .. . .
regularities and irregularities are inseparable. iRstance,

parameter termeihput gain was modulated over the one and .
only level of representation that mapped inputsottputs. Rumelhart and McClelland (1986) proposed a theary i

Input gain caused both models to shift between lasigy which a single route of processing was used to géaehe
based and item-based modes of processing. Perfoemzm past tense of both regular and irregular verbs (sé=, e.g.,
irregular items was selectively impaired in the ulagty- Joanisse & Seidenberg, 1999). Kello and Plaut (2003
based modes, whereas performance on novel items wasproposed a theory of word reading in which the nivagpp
selectively impaired in the item-based modes. Treagh from spelling to sound is mediated by a single lleve
model exhibited a double dissociation without sapter learned representations (also see Plaut & Gonnerman
processing components. These results are discuss#ue 2000).

context of analogous dissociations found in langudgmains

such as word reading and inflectional morphology. A wide variety of evidence has been brought to lear

dual-route and single-route theories of languagegssing
Intr tion (for reviews, see (;oltheart et al._, 2001; McClala&
. aductio Patterson, 2002; Pinker, 1999; Pinker & Ullman, 200
The quasi-regular nature of language has playedn&ra  pjat, McClelland, Seidenberg, & Patterson, 1988)ch of
role in theories of language processing in the mamdl 5 eyidence speaks to one or another particylarta
brain. On the one hand, language processes muiledo  gien theory. Every piece of evidence contributestte
handle noyel inputs, e.g., sklllgd readers can gpasonable  yera|l debate, but here we focus on one kind idence
pronunciations and conjugations to verbs that thaye  ihat js relevant to all theories in question: disations
never encountered before. These ab_|I|t|es demdeslmaN_ between regularity-based and item-based processing.
language usage can be generative on the basis ofpgyple dissociations have been observed in language
regular_ltles. On the oth_er hand, irregular itemterfexist processing, and some have been interpreted asnegider
for which the regularities do not apply. Thus, laage geparaple regularity-based and item-based comporant
processes must be able to override the regularit®en  he |anguage system. In the area of inflectionaipiology,
appropriate, with knowledge that is applicable tiy@ few  yjiman and his colleagues (Ullman et al., 1997)orest
items, or even to just one. How are language pBBSES ayjdence for a dissociation between the past tiemseation
structured to .handle both regularities, and theeptions to ¢ regular and irregular verbs in English. Theyrfduthat
those regularities? o _ Alzheimer’'s patients, as well as aphasics with st
One answer to this question is that any given quasiesions, were poor at generating the past tenserbs with
regular domain is processed by two complementamfee jrreqular inflections, but relatively normal withegular
A regularity-based route is specialized to capture the jnfiections. They found the opposite pattern forkiteson’s
regularities that span across linguistic itemshia dlomain,  patients and aphasics with anterior lesions. Masg¥iison
and anitem-based route is specialized to capture knowledgeang Tyler (1997; 1998) found a similar dissociationa
that is specific to items in 'Fhe domain. For ins@nin the priming paradigm with language-impaired patients.
words-and-rules theory (Pinker, 1999), rules aredufo In the area of word reading, deficits found in aug and
process regular inflectional morphologys (e.9., WAL  phonological dyslexia have been interpreted anaisiyoto
WALKED), and a lexicon is used to process irregularinose found in posterior versus anterior aphasfes:
inflections (e.g., GO-WENT). In the dual-route Gded jnstance, Berhmann and Bub (1992) reported on facir
(DRC) theory of word reading (Coltheart, Curtiskis, &  gyslexic patient MP for whom the ability to reacception

Haller, 93; Coltheart et al.,, 2001), a set of geapk-to-  \ords (particularly of low frequency) was greathypiaired,
phoneme correspondence rules is used to capture
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whereas the ability to read both regular words mawvords
was mostly intact. By contrast, Funnell (1983) mgd on a
phonological dyslexic patient WB for whom the ailto

read nonwords (even simple CVC nonwords) was greatimap

impaired, whereas the ability to read both easydifiitult
words was mostly intact.

tense formation in English. Therefore, the models a
intended and reported only as proofs-of-concept.

The first model used a single level of localist @sdo
input patterns onto output patterns. Each node
represented one item in the training corpus, and th
activation of each node was a function of the siritiy

The impairments of these and other patients have lbetween the item it represented, and the currgnitito the

straightforward explanation in terms of separakiemi

model. Thus, this model could be consideredare ogy-

based and regularity-based processing componerits. Tbased because both known and novel inputs were explicitl

deficits in Alzheimer’'s patients, posterior aphasi@and

processed in terms of the similarity of their inpatterns to

surface dyslexics all reflect damage to an itemedas that of all items in the corpus (see Albright & tay 2003;

component of processing (e.g., a lexicon) thaésponsible
for irregular items (not necessarily the same camepo
across types of deficits). The deficits in Parkiniso
patients, anterior aphasics, and phonological dicdeall
reflect damage to a regularity-based component
processing (e.g., rules) that is responsible feehitems.

Nakisa, Plunkett, & Hahn, 2000).

The second model used alistributed level of
representation to map input patterns onto outptiepes.
Hidden representations were learned via backprdigega

ofRumelhart, Hinton, & Williams, 1985), and each ded
unit contributed to the processing of many, if atit items

These double dissociations appear to challengelesing in the training corpus. Representations learneautyin
route theories because item-based and regularéigeba backpropagation tend to map similar inputs ontoilaim

processes are not separable
Proponents of single-route theories have responaldtis
evidence in a number of ways.
methodologies or interpretations of data have besled
into question (e.g., McClelland & Patterson, 200&2)other
cases, the data have been explained in termssdaiidions
between semantic and phonological components
processing, rather than item-based and regulasseth

in single-route tleorieoutputs (Rumelhart et al., 1995). Thus, as in thalagy

model, the distributed model processed both knowd a

In some casesyovel inputs in terms of their similarity to itenis the

corpus. But unlike the analogy model, hidden
representations were shaped by similarities amooth b
input and output patterns in the corpus, as wellthes
afelationships between inputs and outputs.

In both models, input gain is a multiplicative sogl

components (e.g., Joanisse & Seidenberg, 1999). Thmarameter on the net inputs to units, be they istcabdes
research to date has left open the question of hehet or hidden units. The current simulation resultsvslioat the

dissociations between the processing of novel eregular
items can be explained without reference to anitctral
dichotomy in the language system.

Current Work

The primary aim of the current study was to denrarest
how a dissociation between item-based and regydbssed
processing can occur in a single-route architectviteout
any manipulation of separable processing componésts
without reference to separable semantic and phgiwb
contributions to processing. The basic idea is ¢hatngle
component of processing can shift between
qualitatively different “modes” of processing agumction
of one control parameter. Specifically, we presémo
different kinds of connectionist models that posses
control parameter termddput gain. We show that, in both
types of models, input gain can cause a shift ot@ssing
between an item-based mode and a regularity-baseid.m
Furthermore, we show how this shift can give riseat
double dissociation in performance on irregular susr
novel inputs.

modulation of input gain at testing caused sim@fiects in
both models. At low levels of input gain, both misdiailed
to map irregular items to their appropriate outpuist
succeeded in mapping regular items and novel inpAtts
high levels of input gain, both models succeededaiping
both regular and irregular items, but performedrjyowith
novel inputs.

The reason why input gain caused this double diggon
was different for each model. In the analogy modeut
gain modulated the intensity of competition forieation
among localist nodes. Low levels of competition s

twdPutputs to be based on the summed contributioms fnany

partially activated nodes. Regularities across sodere
extracted in these summations to the point of ddieig any
exceptions to the regularities. By contrast, highkels of
competition caused a winner-take-all mode of prsiogsin
which a known input correctly activated its corrasging
node, whereas a novel input incorrectly activatedode
corresponding to a similar, known item.
In the distributed model, input gain modulated the

sharpness of a sigmoidal activation function. Lewels of

The models were built to process an abstract, quasfiPut gain caused hidden units to operate mostlyheir

regular mapping. Properties of the mapping werdogoas
to basic properties of quasi-regularity in langudgenains.
However, items did not correspond to any particwards
in a particular language domain. The mapping wasated
primarily to facilitate analysis of the models, et than to
simulate a particular language phenomenon sucheapdst

linear range, thereby emphasizing the componefitial,
regular) relationships that were learned betweentgand
outputs. High levels of input gain caused hiddeitsuto
operate mostly in their asymptotic range, thereby
emphasizing the conjunctive relationships that weagned
between inputs and outputs (for a discussion of
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componential and conjunctive coding, see O’'Re@901).
Componential relationships supported only the Essicg
of regular and novel items,
relationships supported only the processing of kndems.

Simulation M ethods

Input and Output Representations were constructed from
a 12 dimensional binary space. Out 6f 2 4096 possible
input patterns, one fourth (1024) were chosen rdaoen to
constitute the corpus of items. Each chosen in@ttem
was associated with one output pattern. Outputepadt
were created in two steps. First, each input patieas
copied to its corresponding output pattern (ilee, identity
mapping. Note, however, that the results applyltingarly

whereas conjunctive

a, :e””/zey”‘ ,
i

wherel was the net input to a unit, calculated as the dot
product between the input vector and the incomiegyit
vector,y was input gaing was noise sampled evenly in the
range 0.1, andspanned all logogens. Each output unit was
then calculated as the sigmoid of the dot prodativben

the logogen vector and its incoming weight veduwise

was included to break perfect ties between venrjiqeg.,

two or three) numbers of activated logogens. Sigsh t
occurred more often at high levels of input gain.

Distributed M odel Architecture. In the distributed model,
the input units were fully connected to 200 hiddeits, and

separable mappings). Second, the bit value of eache hidden units were fully connected to the outpuits

dimension, for each output pattern, was flippedchvet5%
probability. Thus, the identity mapping was a regity, and
flipped values were exceptions to that regularitihis
procedure resulted in 563 fully regular items (fippled
bits), and 461 irregular items with one to foupfled bits
per item. The 3072 remaining patterns served aslritems
during testing.

The number of hidden units was determined throuitgt p
testing to be about 50 units more than the mininme®ded
to learn the mapping. However, results were vermyilar
over a range of hidden unit numbers. Hidden uniesew
calculated with the hyperbolic tangent function,

a, =tan{yel ;)

For the analogy model, there were 12 input unitsvhich is analogous to the logistic, except it hagnaptotes

corresponding to the 12 input dimensions, and dgioen
values were coded as activations of +1 on the stdr the
distributed model, there were 24 input units, lwdlivhich
coded the 12 dimension values as activations af D) @ he
other half were activated as flipped values offirst half,

at +1 instead of 0 and 1. Input gajf (as fixed at 1 during
training, and varied during testing (see next segtiNoise
(¢) was fixed at 0.1 (as in the analogy model) dutiogh

training and testing. Output units were calculatsdin the
analogy model.

i.e., 1%, wherex was each of the first 12 activations. The Connection weights were initialized to random valie
x|1x coding scheme was used because the distributdfe range +0.1, and weights were learned by gradien

model was trained via backpropagation (this schevas

not necessary in the analogy model because it wds n

trained; see next two sections). In backpropagatiom
learning will occur on a unit's sending weights whine
activation value of that unit is zero. Thereforlee K|1-x

coding scheme ensured that weight derivatives wer

generated for every input dimension, on every ingn
episode.

For both models, there were 12 output
corresponding to the 12 output dimensions, and ai&oa
values were coded as targets of 0 or 1 on the tautpu

Analogy Model Architecture. In the analogy model, input
units were fully connected to 1024 “logogen” uniEach
logogen represented one item in the corpus, and/gights
on incoming connections from input units were se
according to each logogen’s input pattern, i.e.,weights
for positive input dimensions, and -1 weights fegative
dimensions. Each logogen projected outgoing coimorect
to all 12 output units,and the weights on outgoing
connections were set according to each logogentpubu
pattern (as for incoming connections).

To process a given item, input units were firstteethe
item’s input pattern.
calculated with the normalized exponential functi@ee
Nosofsky, 1990),
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Logogen activations were then

descent,

Aw; =/7(6E/avvij)’
wherew; was the connection weight from upito i, # was
the learning rate (fixed at 0.001), akdwas cross-entropy
grror (Rumelhart et al., 1995). Weight changes weagle
€ach time after weight derivatives had been accatedil
over all 1024 items in the corpus. Weight derivasgiwere
calculated for each item as follows: input unitsreveet to
the item’s input pattern, activation was propagdtewvard
through the network, an error signal was calculétenh the
difference between actual and target outputs, hadetror
signal was backpropagated to generate the weight
derivatives. Weight updates were repeated untilryeve
output unit was with 0.1 of its target for evergnt in the
training corpus. This criterion was reached aftdBpasses
through the corpus.

Testing Procedure. For both models, performance was
assessed on each test item by setting the inptg tmithe
item’s input pattern, and then determining whetliag
activation of each output unit was within 0.5 of thrget
(which was either 0 or 1). Model outputs were car@nly
when the activations of all 12 output units werehiai
range. Targets for items in the corpus were satrdatg to
each item’s output pattern. Targets for the 30AZhitems
were set according to each item’s input pattem, ithe
identity mapping.



To dissociate item-based and regularity-based psing,
input gain was varied as a single control parameter the
logogen units in the analogy model and over theddrid
units in the distributed model. The reported levafisnput
gain were between 0.5 and 3 for the analogy maaied,
0.333 and 3 for the distributed model. These rangee
chosen to show asymptotic performance at the lcamgt
upper ends, i.e., the patterns of behavior did af@nge
substantially beyond these ranges.

Simulation Results

Mean accuracies for the analogy model are graphed
Figure 1 as a function of input gain and item tymgular,
irregular, or novel). The same are graphed fodik&ibuted
model in Figure 2.

100%

90% ~
80% -
= 70% 4 —>¢— Regular ftems
2 60% —6— Irregular ltems
8 50% | —+— Novel tems
IS
8 40% |
[
o 30% 4
20% H
10% -
0% -eeeperRh
0.50 0.67 1.00 1.50 2.00 2.50 3.00
Input Gain
Figure 1: Mean accuracies for the analogy model
100% 0% 08389
90% -+
80% -
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o
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O 50% -
c
g 40%
& 30%
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20% A —o— Iregular ltems
10% ~ —+— Novel ltems
0% @=5# P P T T

0.33 040 050 067 1.00 150 200 250 3.00
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Figure 2: Mean accuracies for the distributed model

Figures 1 and 2 show that both models exhibitetearc
dissociation in performance on irregular items caregd
with novel items. At low levels of input gain, geakzation
of the identity mapping to novel inputs was essdiyti
perfect, as was performance on regular itemsc@&itrast,
performance on irregular items dropped to 0%, aickwvh
point all inputs resulted in the identity mappingor
irregular items, application of the identity mappioan be

considered as eegularization error because, for the quasi-
regular domain constructed here, the identity mags the
regular mapping.

At high levels of input gain, performance on adints in
the corpus was near perfect in both models. Byrast
mean accuracies for the novel items dropped tmwasals
16% for the analogy model, and 46% for the distgdu
model. Of all the analogy model's erroneous respsrte
novel items at the highest level of input gain, 9¥#re
output patterns that corresponded to output patarrthe
training corpus. These responses can be considased
jexicalization errors because they are responses for other
items in the model’s “lexicon”. The same analysi®rrors
made by the distributed model showed only 27%
lexicalization errors (where the chance rate w&$)25

These results show that the manipulation of in@ib gs
a single control parameter, over a single level
representation, caused a clear double dissociatidooth
models. To better understand the similarities affdrénces
in processing between these models, three vistialiaof
the input-output mappings for each model are shawn
Figure 3.

In each visualization, all 4096 points in the 12
dimensional input space are arranged on a grid thathall
adjacent vertices differ by only one bit. To illse, near
the lower left-hand corner of each plot is the eenvhere
all 12 input dimensions are negative. The nextexeup and
the next vertex to the right each have one positiyeit
dimension, and so on. Each grid “wraps around” shet
vertices on the left edge are adjacent to the sparding
vertices on the right edge, and likewise for the tnd
bottom edges. Thus, the 2D space of each grid septe a
portion of the similarity structure in the 12D in@mpace. In
addition, 10 evenly spaced points are interpolatedach
space between each pair of vertices. Given that sate
has 64 vertices (4= 4096), there are 640= 409,600
points of the input space represented in each plot.

At each point, a gray scale value is plotted teatesents
the summed activation of four output units for the
corresponding input pattern. The same four outmitsu
(chosen arbitrarily) are shown at all points in@bts. The
gray scale values are calculated such that, thkeddhe
point, the closer the outputs were to 0.5. Convgrsehiter
points indicate where the outputs were at theimgrgtes
(0 or 1). Thus, the dark borders in each plot regme the
decision boundaries in each model, that is, where ar
more of the four outputs crossed the middle poativieen
asymptotes as a function of change in the inputespa

Plots are shown for each model, at three diffelevels
of input gain: the low end (0.5 in the analogy mnloaled
0.333 in the distributed model; top row), the higid (3 in
both models; bottom row), and the point at whicbuaacies
for irregular items and novel items are equal (thilthe
analogy model and 0.8 in the distributed model; disd
row). Overall differences in plot densities for thealogy
model, compared with plot densities for the distréul
model, were due to differences in the polarity hef butput

of
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units: outputs in the distributed model tendeddaloser to
0 or 1, i.e., values that corresponded to whitegsodn the
plots.

medium (middle), and high (bottom) levels of ingain

The grid patterns seen in the top two plots of Fég8
show that both models processed the identity mapgirthe
low end of input gain. In fact, if all 12 outputsd been
represented, each plot would show a 64 by 64 gaitem,
where the grid lines fall exactly between the wadi Thus,
the grid reflects the finding that, at low inputirgathe
identity mapping was generalized to all inputs,luding
those for novel and irregular items. The grid idegpiction
of regularity-based processing in each model becdhs
identity mapping was the regularity in our quagjtiar
domain.

The middle two plots show that the grid pattername
distorted for both models at moderate levels otitngain,

and “pockets” of decision boundaries began to appea
Given that mean accuracies were about 80% for ufaeg

items at these levels of input gain, one can it the
distortions and pockets reflect the “warping” oé tidentity
mapping that was necessary to process the irregaias.

Moreover, given that mean accuracies were about #0%
novel items as well, one can infer that these distess and
pockets were mostly isolated to the irregular iteffisese
plots show that a balance was struck at moderatdslef
input gain between item-based and regularity-based
processing.

The bottom two plots show that, for each model,dghéd
pattern was mostly replaced by pockets of decision
boundaries at the high end of input gain. Thes&egtschave
a fairly simple interpretation for the analogy mbdeecall
that, at the high end of input gain, 97% of theoeyrfor
novel items were lexicalizations. What this meanthat the
pockets show where known inputs were mapped cdyrect
and where novel items were mapped incorrectly nailar
known items. These “item pockets” are a depictibrteim-
based processing in the analogy model.

In the distributed model, the pockets cannot balilga
interpreted as item pockets because a substantiaber of
novel items were mapped correctly at the high ehidiput
gain (46%), and the proportion of lexicalizatiomoes for
novel items was not much above chance (27%). learp
that the distortions needed for accurate mappinfs o
irregular items had “spread out” at high levelsngfut gain.
Because the mapping of regular items is mostlyexbrat
the high end of input gain, one can infer that dleeision
boundaries spread out over untrained (novel) regafrthe
space more than they did over trained (known) regidt is
this selective spread of decision boundaries thdicates
item-based processing at the high end of input.gain

Conclusions

The current simulations provide a new demonstratibn
how double dissociations can occur without separabl
processing components (see also Devlin & Gonnerman,
1998; Juola, 2000). Performance on novel versegutar
stimuli was dissociated by shifting between regtyevased
and item-based modes of processing. Unlike praviou
demonstrations, these modes existed at the enda of
continuum created by one control parameter.

It is important to acknowledge that the current kvonly
opens the door to an alternative to the rules/texiand
phonology/semantics explanations of double dissiocia.

It is unclear whether input gain would provide &isfging
account of specific empirical results. For instanigut
gain would not appear to handle dissociations inckwiall
regular items, both novel and known, are impaired
(Marslen-Wilson & Tyler, 1997, 1998; Uliman et &l997).
Also, the current simulations did not include sgularities
or variations in the frequency of items. Thesedecthave
been simulated successfully (Kello, Sibley, & PJaut
submitted), but only as demonstrations. Subregidari
allowed for model errors that were more like pdtiemors,
but further work is necessary to test the simulatedrs.

The current simulations also raise a number ofelarg
questions, such as: Are there any testable difteen
between the analogy and distributed models predéeme?
Do these simulation results have implications farrent
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theories of word reading and inflectional morphgt®dire
the reported models consistent with the localizatiof
regularity-based and item-based processing in thabto
the extent that evidence exists for such localiréti What
might be the neural bases of input gain? Thesecdner
guestions await further research.

Acknowledgments

This work was funded in part by NIH Grant MH55628d
NSF Grant 0239595. The computational simulationsewe
run using the Lens network simulator (version 2v@)tten
by Doug Rohde (http://tedlab.mit.edu/~dr/Lens). Wank
David Plaut for his input on precursors to this kvor

References

Albright, A., & Hayes, B. (2003). Rules vs. analogy
English past tenses: a computational/experimentalys
Cognition, 90, 119-161.

Behrmann, M., & Bub, D. (1992). Surface dyslexiad an
dysgraphia: Dual routes, single lexicorCognitive
Neuropsychology, 9, 209-251.

Coltheart, M., Curtis, B., Atkins, P., & Haller, M1993).
Models of reading aloud: Dual-route and parallel-
distributed-processing approachPsychological Review,
100, 589-608.

Coltheart, M., Rastle, K., Perry, C., Langdon, RZiggler,

J. (2001). DRC: A dual route cascaded model ofalisu
word recognition and reading aloud?sychological
Review, 108, 204-256.

Devlin, J. T., Gonnerman, L. M., Andersen, E. S., &

Seidenberg, M. S. (1998). Category-specific semantiPi
deficits in focal and widespread brain damage: A

computational  account. Journal  of
Neuroscience, 10, 77-94.

Funnell, E. (1983). Phonological processes in regadiew
evidence from acquired dyslexi@British Journal of
Psychology, 74, 159-180.

Harm, M. W., & Seidenberg, M. S. (1999). Phonology,
reading, and dyslexia: Insights from connectionistlels.
Psychological Review, 163, 491-528.

Joanisse, M. F., & Seidenberg, M. S. (1999). Impaints in
verb morphology following brain injury: a connectist
model. Proceedings of the National Academy of Sciences
of the United States of America, 96, 7592-7597.

Juola, P. (2000). Double dissociations and neursiphy
logical expectation®rain & Cognition, 43, 257-262.

Kello, C. T. (2003). The emergence of a doubledtisgion
in the modulation of a single control parameterain
nonlinear dynamical syster@ortex, 39, 132-134.

Kello, C. T. & Plaut, D. C. (2003). Strategic caitover
rate of processing in word reading: A computational
investigation.Journal of Memory and Language, 48, 207-
232.

Kello, C.T., Sibley, D.E., & Plaut, D.C. (submitled
Dissociations in performance on novel versus iri@gu
items: Single-route demonstrations with input g&in
localist and distributed mode8lanuscript under review.

Cognitive

Marslen-Wilson, W.D. & Tyler, L.K. (1997). Dissotiag
types of mental computatioNature, 387, 592-594.

Marslen-Wilson, W.D. & Tyler, L.K. (1998). Rules,
representations and the English past tefisends in
Cognitive Science, 2, 428-436.

McClelland, J. L., & Patterson, K. (2002). Rules or
connections in past-tense inflections: What does th
evidence rule out?rends in Cognitive Sciences, 6, 465-
472,

Nakisa, R., Plunkett, K. & Hahn, U. (2000). Singknd
dual-route models of inflectional morphology. In P.
Broeder & J. Murre (Eds.), Models of language
acquisition: Inductive and deductive approachesw Ne
York: Oxford University Press.

O'Reilly, R. C. (2001). Generalization in interaeti
networks: The benefits of inhibitory competition dan
Hebbian learningNeural Computation, 13, 1199-1241.

Plaut, D. C. (1995). Double dissociation without
modularity: Evidence from connectionist
neuropsychologyJournal of Clinical and Experimental
Neuropsychology, 17, 291-321.

Plaut, D. C., McClelland, J. L., Seidenberg, M. &,
Patterson, K. (1996). Understanding normal and ireda
word reading: Computational principles in quasitieg
domainsPsychological Review, 103, 56-115.

Plaut, D. C. & Gonnerman, L. M. (2000). Are non-seiic
morphological effects incompatible with a distribdt
connectionist approach to lexical processihghguage
and Cognitive Processes, 15, 445-485.

Pinker, S. (1999)Words and Rules: The Ingredients of

Language. New York: Basic Books.

nker, S., & Ullman, M. T. (2002). The past antufe of

the past tensdrendsin Cognitive Sciences, 6, 456-463.

Rumelhart, D. E., Durbin, R., Golden, R., & Chauvin
(1995). Backpropagation: The basic theory. In Ce¥ &

D. E. Rumelhart (Eds.),Backpropagation: Theory,
architectures, and applications (pp 1-34). Hillsdale, NJ:
Lawrence Erlbaum.

Rumelhart, D. E., Hinton, G. E., & Williams, R. (1.986).
Learning representations by back-propagating errors
Nature, 323, 533-536.

Rumelhart, D. E., McClelland, J. L. (1986). On td@ag the
past tenses of English verbs. In D. E. Rumelhart,
McClelland, J. L., and The PDP Research Group JEds.
Parallel distributed processing: Explorations in the
microstructure of cognition (pp. 216-271). Cambridge,
MA: MIT Press.

Ullman, M. T., Corkin, S., Coppola, M., Hickok, &,et al.
(1997). A neural dissociation within language: Evide
that the mental dictionary is part of declarativennory,
and that grammatical rules are processed by
procedural systemlournal of Cognitive Neuroscience, 9,
266-276.

the

Van Orden, G.C., Pennington, B.F., & Stone, G.@0®.

What do double dissociations prov€agnitive Science,
25, 111-172.

1254





