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Abstract phonological dyslexia is hypothesized to occur as a result
damage to the sublexical route. Damage should have this
Two connectionist models are reported that mimicked the effect because performance on nonword stimuli presumably
defining features of the double dissociation between (glies on the componential regularities between sjedind

ph%nollogical afnddsfurfaced dyﬁleXi? in word reading. donﬁ sound (e.g., the sounds corresponding to SH, O, and NG can
model was a feed-forward, three-layer perceptron, and the AT o
other included recurrent connections. Neither model be pieced together to form a plausible nonword

contained an architectural separation of sublexical and lexica Pronunciation). By contrast, the impairment in irregula
processes, nor of phonological and semantic processes.Word reading that characterizes surface dyslexia is
Analyses showed that the double dissociation was simulated hypothesized to occur as a result of damage to the lexical
because the control parametaput gain shifted the models route. Damage should have this effect because performance
between conjunctive and componential modes of processing. on irregular word stimuli presumably relies on word-
The dissociation was not simulated by any kind of damage to gpecific knowledge (e.g., one must know the word PINT in
separate system components. The models are discussed _in the)rder to pronounce it correctly).
context of current accounts of surface and phonological  There gre a number of reasons why sublexical and lexica
dyslexia. routes have been proposed to account for surface and
: phonological dyslexia, but perhaps the most important one
Introduction is the logic ofdouble dissociations. If two components of a
In most current models of word reading, two routes ofognitive system operate independently, then they will make
processing are proposed to compute the sound of a wojifdependent contributions to the behavior of that system
given its printed form (Coltheart et al., 1993, 2001; PEuUt Thus, a change in one component will have no effechen t
al., 1996; Harm & Seidenberg, 1999). One route isyehavioral contributions of the other. Such complentgnta
sublexical in that it extracts and utilizes regularities in theeffects on behavior constitute a double dissociatang
mapping from components of orthography (e.g., lett@s) tthey are often interpreted as strong evidence that
components of phonology (e.g., phonemes). The oteer independent system components underlie the dissociated
is lexical in that it uses either localist or semantic pehaviors.
representations of words. Localist and semantic Syrface and phonological dyslexia constitute a double
representations are both considered lexical in thisegbn dissociation, and many researchers have interpreted thi
because they bear little or no systematic relatipnhthe  double dissociation as evidence for sublexical and lexical
components of orthography and phonology. routes. Some researchers have alternatively proposed th
The evidence for sublexical and lexical routes ofsemantic and phonological components may underlie this
processing in word naming has come from a number dfissociation (Patterson & Ralph, 1999), but this alteraativ
sources (for a review, see Plaut et al., 1996), but here wjso assumes that two system components underlie the
focus on evidence from selective reading impairmerds th dissociation, as in the dual-route hypothesis.
occur as a result of brain damage. One class of implallirme Despite appearances, even the purest cases of
termed phonological dyslexia is characterized by poor phonological and surface dyslexia do not necessitate the
reading aloud of nonwords (e.g., SHONG), with relativelyexistence of two processing routes or two system
intact word reading (Behrmann & Bub, 1992). Converselycomponents of any kind (Plaut, 1995/an Orden,
surface dydexia is characterized by poor reading aloud ofpennington, & Stone, 2001). A single-component
words with irregular spelling-sound correspondences (e.gexplanation is always a logical possibility, but withaut
PINT), with relatively intact regular word and nonword specific single-component account, it is just a logical
reading (Funnell, 1983). ossibility. With a single-component account, dissooiei
The complementary impairments of phonological angyould continue to stand as evidence for the existenaeoof t
surface dyslexia have a straightforward explanationrinde  system components in word reading.
of separate sublexical and lexical routes of processing. The
impairment in nonword reading that characterizes



Recently, Kello and Plaut (2003) reported on a model of Current Work
word reading that offers a true single-component

explanation of the c!ouble dissociation b_etW‘?e” phonOIbgiC‘Eémalyses to determine how input gain had its dissociating
and surface dyslexia. The model was inspired by the bast'sffect in the simulation of word reading reported by &ell

ﬁuest_lon t?f ?OW readlgg _acqwsﬂ:i)nn b;J'LdS upon the ipirt'ior2003). To facilitate these analyses, the essentiatiptes
e?rmng P? (t)cgfulzsll urllggQSpoTﬁ a g_uz_itge a:c:qu Sk %9nd mechanisms of the single-route model of word reading
(also see Plau e’o, ): € acquisIlion of SPOKER, o yisilled into two very simple connectionist madel

language requires the mapping from sound to MmeaniNg e model was a feed-forward, 3-layer perceptron, laed t

(comprehension) and meaning to sound (production). In thc?ther included recurrent connections from the output layer

context Qf a connectionist approach to lexical prooess back to the hidden layer. These models did not simulate
single, distributed level of representation can be |lehtoe word reading or dyslexia, although their results are

mhedia'fe . ﬂlle gi'dirfr?tir?t?al ttr;?gptplng fbv?/tv;/desen .It_r;%:ompared with data from experiments with phonological
phonological and semantic aflributes ot - words. and surface dyslexics. Rather, the main purpose of the
guestion raised byhis approach is, how do printed word

. L . models was to replicate the dissociating effect of inpirt ga
fO”?“S make contact with the k_)l-_d_lrecnonal mapping ledrne in a more controlled and analytically tractable caht&his
during spoken language acquisition?

. ractability enabled us to determine that input gain &g s
The answer offere_d by Kello and Plaut (2003). is tha conngctionist model betweemompolralent?al and
ortr:qutraphy ma[?_s into dth?w Ievlel of repr§§entatlfn_th onjunctive modes of processing, and that it is this function
:zteh é? etshasrfmr?]nalp?;inzn in?oons%r?]ga%tgcs::e anl?zlur;ho’ml)rllosge t input gain that was responsible for the simulation of
themselves. This architecture effectively “kills twords }Shonologlcal and surface dyslexia reported by Kello (2003).

with one stone” the mediating representations provide . :
access to both the semantic and phonological formsnlyo Simulation M ethods
one route is necessary. While there is a logical appehls ~ |nput and Output Representations were constructed from
single-route architecture, it is unclear how it could anto @ 12 dimensional binary space. Out &t 2 4096 possible
for the dissociation between surface and phonologicdnPut patterns, one fourth (1024) were chosen at random to
dyslexia because there is no architectural separaifon constitute the corpus of known items. Each chosen input
sublexical and lexical processes. pattern was associated with one output pattern. Output
In a subsequent analysis of this single-route model, Kellgatterns were created in three steps. First, each inpetrpat
(2003) showed that an impairment in the processing o#as copied to its corresponding output pattern (i.e., the
nonwords could, in fact, be dissociated from an impairmerifléntity mapping). Second, frequencies were assigned to
in the processing of irregular words. The method used tgach item according to Zipf's law,= r™", wherer was an
simulate this dissociation was to shift the model lbetw arbitrarily aSSigned rank from 1 to 1024. Thlrd, the bitieal
sublexical and lexical “modes” of processing by means of &f €ach dimension, for each output pattern, was flipped with
control parameter termedinput gain (see Model @ probability governed by Zipf's lawp = 0.827". The
Architecture section). The simulation results showihg t result of this formula was that the more frequent iterese
dissociation are graphed in Fig 1. The use of input gam w more likely to be irregular, and more likely to be more
inspired by simulations of other behavioral data (seéoKel irregular (i.e., have more flipped values), compared wiéh t
& Plaut, 2003), but the function of input gain such that iless frequent items. The multiplicative constant of 0.88 wa

caused this dissociation was never elucidated. set such that there was a 5% probability on average of
flipping each target value across the set of known items.

There were 580 fully regular items (no flipped bits), and
444 irregular items with at least one flipped bit per item.
The 3072 remaining patterns served to test the
generalization of learning to novel items.

Each of the 12 input dimensions were coded by two input
units, one coding on-bits as 1 and off-bits as 0, ther othe
coding the reverse of the first. Thigl-x coding scheme

The goal of the current work was to use computational

100 4
X
90
80
701

60 1

Percent Correct

50 q

A - was used because the models were trained via
304 g e - 7 Leamed ©, —— High Freq Regular back ti | back ti I . ill
N (?ﬂhograph’%ﬂ"’ k\Leaf”EGV/;“V ?fdwecﬂonﬁ[,‘ —+— Low Freq Regular aCKpropaga |-0n. n- acC propaga on, no e_al’nlng Wi

20 T - __ TF 1~ HighFreq Imeguar occur on a unit's sending weights when the activataine
ol (o) = - e reguer of that unit is zero. Therefore, th¢l-x coding scheme
. ensured that weight derivatives were generated for every
02 oz oam os 1 2 3 4 s input dimension, on every training episode. Tkié-x
Input Gain coding was not necessary for the output units, so there

Figure 1: Results from the single-route model of word only 12 output units, each one corresponding directint o
reading reported in Kello (2003) of the 12 output dimensions.



The input and output representations captured thactivations were propagated forward for 18 ticks, ewas
essential properties of quasi-regularity as it is impléeten injected on the last 12 ticks, and then error was
in most connectionist models of word reading. Specificall backpropagated in time.
each input unit had a systematic relationship with one Weight updates were repeated until every output unit was
output unit, much like the way that each orthographic unitvithin 0.1 of its target for every item in the traigigorpus.
would have a systematic relationship with at least on&his criterion was reached in the feed-forward modier a
phonological unit (e.g., a unit for the letter P i thitial 62000 passes through the corpus, and in the recurrent model
position would have a systematic relationship with afani  after 56000 passes.
the phoneme /p/ in the first position). Moreover, ¢hes
relationships were never entirely systematic, muoh leal  Testing Procedure. The models were tested by setting the
guasi-regularity in spelling-sound correspondences. input units to a given input pattern, and recording the output

activations. In the recurrent network, activations ever
Model Architecture. In both the feed-forward and recorded on the first tick for which all 12 output nodeseav
recurrent models, the input units were fully connected tavithin 0.1 of an asymptote. If a node did not reach this
200 hidden units, and the hidden units were fully connectedriterion after 18 ticks, the output was judged as incarrect
to the output units. In the recurrent model, the output layeThe criterion for correct performance was having the
was also fully connected back to the hidden layer. Thactivations of all 12 output units on the target sideenbz
number of hidden units was determined through pilot testingargets for items in the corpus were set according ¢b ea
to be about 50 units more than the minimum needed to leaitem’s output pattern. Targets for the 3072 novel items
the mapping. However, results were very similar over avere set according to each item’s input pattern, i.e, th
range of hidden unit numbers. Unit activations werddentity mapping.
calculated with the hyperbolic tangent function, To dissociate item-based and regularity-based processing,
2l = tant{y(l i +At(| My ey ))J input gain was varied as a single control parameter theer
] ! ) ) ' hidden units. The reported levels of input gain were between
wherey was inFUt gainAt was an integration constant fixed 0.33 and 3. This range was chosen to show asymptotic
at 0.166, and;"! was the net input at time For the feed- performance at the lower and upper ends. Performance did
forward network, there was no time course of processimg, not change substantially beyond this range.
there was no integration constant, and activationse we
simply a function of the instantaneous net input. Irgain Simulation Results
was fixed at 1 during training, and varied during testing (se

next section). The net input to each unit was caledlais divided into categories of high frequency and low

g;en dcilr% ﬁ:ﬁg uc;n?jet'zlr\ier\:vetigﬁt i(gxztrlogvevreﬁgrinog/:nrqir']t?requency. The high frequency category consisted of the

connections ',I'he hyperbolic tangent is analogous to tf?256 most frequent trained items (upper quartile), and the
. T fow frequency category consisted of the 256 least frequent

logistic, except it has asymptotes at +1 afldnstead .Of 0 trained items (lower quartile). Mean accuracies ferftred-

and .1' Low _Ievr_els of Inputgain flatten the activation ¢, ard model are graphed in Figure 2 as a functionpmit

function, making it more linear. High levels sharfteimto gain and item type (high and low frequency regular, high

a step funcition, mal_<|ng It more nonlme_a_r._ . and low frequency irregular, and novel). The same are
Forward connection weights were initialized to random

: ) graphed for the recurrent model in Figure 3.
values in thz rlange i_O._E[L_, l_anc(‘]j _re(t:rl]Jrrent Wel%hstspfflor th Figures 2 and 3 show that both models exhibited a clear
recurrent model) were initialize n the range =9.5. A 1Arg€lyi.<qciation in performance on irregular items compared
range was used for recurrent weights to ensure that #tkey h

bstantial ¢ ina. Weidht ol with novel items. At low levels of input gain, genezation
a substantial Impact on processing. Weights wera Y of the identity mapping to novel inputs was essentially
gradient descent,

perfect, as was performance on regular items.cdrast,
Aw;, :l7(5E/5Wij), performance on irregular items dropped to 0%, at which

wherew; was the connection weight from ujitoi,  was ~ Point all inputs were computed as the identity mapping. Fo
the learning rate (fixed at 0.001), aBdwas cross-entropy irregular items, application of the identity mapping can be
error (Rumelhart et al., 1995), which was scaled by eacfonsidered as eegularization error because, for the quasi-
item’s frequency. Prior to each weight update, eacthef t regular doma_ln constructed here, the identity mapping is the
1024 items in the corpus were presented once to tH&gular mapping. _ _
network. Weight derivatives were calculated for eaemit At high levels of input gain, performance on known isem
as follows: input units were set to a given item’s inputVas better _than performance on _nov_el items. At their
pattern, activations were propagated forward through th@aximum difference, mean accuracies in the feed-forward
network, and an error signal was calculated from thénodel were 97% f(_)r kn(_)wn items, and 46% for novel items.
difference between actual and target outputs. In the feedN€ same comparison in the recurrent model was 94% and
forward model the error signal was then backpropagated #0%. respectively. The biggest difference between the
generate the weight derivatives. In the recurrent modefModels was that performance on known items was near

To simplify the presentation of results, known itewere



ceiling at all high levels of input gain in the feed-fard
model, whereas performance on known items dropped off gimulate dyslexia.
sufficiently high levels of input gain in the recurrenbatel.
This difference is explained by the fact that high leve

input gain amplify the effect of nonlinearities in the
activation function on processing (see below). Recegen

dyslexia; as stated earlier, the models were not derio

Table 1.Surface dyslexic MP and KT, compared
with feed-forward (FF) and recurrent (Re) models at
different levels of input gain, on high frequency

caused this amplification to increase to the point of irregular (Irr) items.

distorting the course of processing. Given that the
dissociation was maintained despite this distorting effect HFReg
we did not see it as informative with respect to the

dissociating effect of input gain.
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Figure 3: Mean accuracies for the recurrent model

The models’ behavior was reminiscent of the double”
dissociation seen in surface and phonological dyslexi
Table 1 compares the word naming performance of tw
surface dyslexic patients (MP, Behrmans & Bub, 1992; KT
1986) with each model's
performance at low levels of input gain. These levedsew
chosen to best match the patients’ patterns of perfurena
Table 2 similarly compares the word naming performanc
of a phonological dyslexic patient (WB, Funnell 1983) with
each model’s performance. The purpose of these tabkes
only to draw a relation between the current models an

McCart

hy & Warrington,

(HF), low frequency (LF), regular (Reg), and

MP FF.66 Re7l1 KT FF.55 Re55

95% 100% 100% 100% 100% 100%
LFReg | 98% 100% 100% 8%  100% 99%
HFIrr | 93% 89% 86% 47% 57% 25%
LFIrr | 73% 58% 74% 26% 19% 24%
Novel | 96% 82% 65% 100% 86%  82%

W

Table 2.Phonological dyslexic WB, compared with
feed-forward (FF) and recurrent (Re) models at
different levels of input gain.

WB FF3 Re3
Words/Known| 89% 93% 44%
Novel 0% 42% 19%

The results reported here show that the manipulation of
input gain as a single control parameter, over a sitaylel
of representation, caused a double dissociation in both
models. Thus, we can conclude that the dynamics produced
by recurrent connectivity is not required to give input gain
its dissociating effect. While this result is infornvati it
does not fully elucidate the computational principles by
which input gain has its dissociating effect. The follogvi
analyses were designed to explicitly show that input gain
affects the extent to which processing is componential
versus conjunctive, and that it is this property of inpun ga
that is responsible for its dissociating effect.

Componential Versus Conjunctive Processing. In the
context of the current models, componential processing
occurs when each input dimension is used independently of
all other input dimensions in computing an output pattern.
That is, each input dimension is treated as an independent
component of the input pattern. By contrast, conjuecti
processing occurs when conjunctions of input dimensions
are used to compute outputs.

We measured the degree of componential versus
onjuctive processing in the feed-forward and distributed
odels by manipulating the value of a single input

gimension, while holding the remaining dimensions

constant at a neutral value of 0.5. In this way, the
manipulated dimension was responsible for any changes in
output activations. As a given input dimension was
manipulated, activation values were monitored for the 11

gutput units that didot correspond to the manipulated input

dimension. The polarity of each activation value (baw
lose it was to an asymptote) was then calculatedihese
Bolarities were averaged across all output dimension, for
manipulations of all 12 input dimensions. This calculation
was a measure of the conjunctivity of processing becaus



higher values indicated that a change in one input dimensiddigh Levels of Input Gain. High levels of input gain
was affecting multiple output dimensions that it did notcause the sigmoidal shape of the activation function to
correspond to, and lower values indicated that a change gharpen and more closely mimic a step function. The
one input dimension only affected its corresponding outputonsequence of this sharpening is that hidden unit
dimension. activations are more likely to be near their asyngstoT his

This measure of conjunctivity is plotted in Figure 4 as goint is important because it is the asymptotic behansfor
function of input gain and model type. The figure showshidden units that enables them to use conjunctions of inpu
that, in both models, the conjunctivity of processingvalues in mapping their inputs onto their outputs (OlReil
increased with higher levels of input gain. In the nexd t 2001). The XOR function is the quintessential example in
sections, we explain why componential processing at lowhich the conjunction of two input values must be
levels of input gain could not support the processing otonsidered in order to produce the correct output, and at
irregular items, and why conjunctive processing at thh higleast one nonlinear hidden unit is necessary to compiste t
levels of input gain could not support the processing ofunction in a feed-forward neural network. In the cotre
novel items. guasi-regular mapping, it was the irregularities that geda

o147 the asymptotic behavior of the hidden units in order to
' process conjunctions of input values. On this logic, @me c
say that high levels of input gain placed a greater engphas
on conjunctive processing of input values.

Given this functional effect of input gain, why would an
emphasis on conjunctive processing cause a selective
e R impairment in the processing of novel input patterigie
answer begins with the fact that the conjunctive pings
was used to handle irregularity in the quasi-regular
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Figure 4: Conjunctivity as a function of input gain Therefore, the conjunctions learned for irregular inpuits

. i . tend to be incorrectly applied to novel inputs at higlelev
Low Levels of Input Gain. Low levels of input gain  f inpyt gain.

caused the sigmoidal shape of the hyperbolic tangent This |ogic leads one to ask, why was performance on
function to flatten and become more linear. Link@iden  regylar known items intact at high levels of input gaiti?
units can only support a linearly separable mapping betwegiynjunctions were learned only to process irregulayities
the inputs and outputs. It is also the case that iNPYhen one would have to conclude that the emphasis on
dimensions are processed as independent components iRghiunctions at high levels of input gain should interfere
linearly separable mapping. In the quasi-regular mappingiith the identity mapping for all input patterns, bothvelo
created for these models, the identity mapping wasrlinea anqg known. What is missing here is that conjunctions we
separable, whereas the exceptions to the identity mappifigamed not only to process the irregularities for known
were not. ) _ ] o items, but regularities as well. This consequence of using
Moreover, hidden units operated in their linear rang&onjunctions necessarily followed from the use of
early in training because the positive and negative randogjstributed representations over the hidden units. Wien t
initial weights tended to cancel each other out on amngi  5symptotic behavior of hidden units was engaged through
input; therefore, net inputs to the hidden units tended to Baarning, it affected the processing of all known ispboth
small early in ftraining, as if input gain was low (eveniegylar and regular, because every hidden unit contributed
though input gain remained fixed at 1 throughout training);q the processing of every input dimension, for every input
The consequence is that the linearly-separable identityatern. Therefore, conjunctions had to be learned fer th
mapping was learned in the linear range of the hidden unitgqgylarities in the known items, and these conjunctions

early in training, and exceptions to the identity mappingsypported correct performance on all known items at high
were learned only after hidden unit activations moveser |evels of input gain.

to their asymptotes. An analysis confirmed this statéme
after only 30 epochs of learning, the model applied the Conclusions
identity mapping to all 4096 possible input patterns, and _ i

hidden unit activations were 0.3&way from zero on 'h€ current simulations demonstrated how a double
average, i.e., they were mostly operating in theiedi dissociation can occur in a non-modular system via the
range. Therefore, one can hypothesize that low levels Manipulation of a control parameter. Analyses shotad t
input gain invoked the componential, linearly-separabldnPut gain shifted the current models between conjunctive
identity mapping that was learned early in training (ferth @nd componential modes of processing. This shift was

analyses are needed to test this hypothesis). reminiscent of the word naming impairments that
characterize phonological and surface dyslexia. @bip

modes impaired the processing of novel items, whereas



componential modes impaired the processing of irregulavMcClelland, J. L., & Patterson, K. (2002). Rules or
items. connections in past-tense inflections: What does the
The current simulations and the single-route model of evidence rule out¥rends in Cognitive Sciences, 6, 465-
word reading (Kello & Plaut, 2003; Kello, 2003) comprise 472.
the beginnings of a single-route alternative to dual-routdinsky, M., & Papert, S. (1969). Perceptrons: An
theories of word reading. They address one of the biggestintroduction to computational geometry. Cambridge, MA:
challenges to any single-route theory of word reading, MIT Press.
namely, the neuropsychological evidence for separabl®'Reilly, R. C. (2001). Generalization in interactive
sublexical and lexical processing routes. However, many networks: The benefits of inhibitory competition and
challenges remain. How would a single-route alternative be Hebbian learningNeural Computation, 13, 1199-1241.
consistent with evidence for separable brain region®atterson, K. & Ralph, M. (1999). Selective disorders of
correlated with sublexical and lexical processing, lte t  reading?Current Opinion in Neurobiology, 9, 235-239.
extent that such evidence exists? What would be the neufdlaut, D. C. (1995). Double dissociation without
mechanisms that underlie the hypothesized function ot inpu modularity: Evidence from connectionist
gain? Could a large-scale single-route model account for neuropsychologyJournal of Clinical and Experimental
any of the more detailed findings in the vast literatome Neuropsychology, 17, 291-321.

word reading? These questions await further research. Plaut, D. C. & Gonnerman, L. M. (2000). Are non-semantic
morphological effects incompatible with a distributed
Acknowledgments connectionist approach to lexical processihglguage
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