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ABSTRACT

What is the neural representation of a speech code as it evolves in real time? A neural
model of this process, called the ARTPHONE model, is developed to guantitatively simu-
late data concerning segregation and integration of phonetic percepts, as exemplified by the
problem of distinguishing “topic” from “top pick” in natural discourse. Psychoacoustic data
concerning categorization of stop consonani pairs indicate that the closure time hetween
syllable final (VC) and syllable initial (CVY} transitions determines whether consonants are
segregated, i.c., perceived as distinct, or integrated, i.e. fused into a single percept. Hearing

i

Lwo stops in a VO-CV pair that are phonetically the same, as in “top pick,” requires about
150 msec more closure thme thar hearing two stops in a VC-CoV opair that are phonetically
different, as in “odd hall.” When the distribution ol closure intervals over trials is experimen-
tally varied, subjecis’ decision houndaries hetween one-stop and two-stop percepts always
occurred near the mean closure interval (Repp, 1980). The neural model traces these proper-
ties to dynamical interactions between a working memory for short-term storage of phonetic
items and a list categorization network that groups, or chunks, sequences of the phonetic

L&)

items in working memory. These interactions automatically adjust their processing raie to
the speech rate via automatic gain control. 't'he speech code in the model is a resonant wave
that emerges alter bottom-up signals {rom the working memory select list chunks which, in
turn, read out top-down expectations that amplily consistent working memory items. The
resonance between bottom-up and top-down information develops on a slower {ime scale than
the processing of bottom-up information alone. 1t focuses attention upon specch groupings
in working memory that are expected based upon past experience, while inhibiting speech
[eatures that are not expected, as in phonemic restoration. As in other examples drawn [rom
Adaptive Resonance Theory, it is proposed that all conscious speech percepts are resonant
events, I the case of VO-CLV pairs, such a resonance may he rapidly reset by inputs, such
as Cq, that are incongistent with a top-down expectation, say ol Cy; or, in the absence of a
top-down mismatch, by a collapse of resonant activation due to a habituative process that
can fake a much longer time to occur, as illustrated by the categorical boundary befween
VOV and VO-CV. The categorical boundary for integration of VC-CV persists 150 msec
longer than that of VC;-CyV because of the resonant dynamics that subserve perception of
C. These calegorization data may thus be understood as emergent properties of a resonant
process that adjusts its dynamics 1o track the speech rate.

Key Words: speech perception, categorization, working memory, chunking, attention, neu-

ral network, adaptive resonance theory, ART, consciousness
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1. Introduction: The Resonant Dynamics of Conscious Speech Percepts

What is the nature of the process that converts brain events into behavioral percepts?
An answer to this question 18 needed to understand how the brain controls behavior, and how
the brain ig, in turn, shaped by environmental feedback that is experienced on the hehavioral
level. The nature of this connection algo needs to he understood to (lovol op neurally plausible
connectionist models. Without it, a correct linking hypothesis cannot be developed between
psychological data and the brain mechanisms {rom \vhl(h it i generated.

The present article ilustrates the hypothesis that conscious speech percepis are emer-
gent pmpmtics that arise from resonant states of the brain. Such a resonance develops
when bottom-up signals that are activated by environmental events interact with top-down
expectasions, or protolypes, that have heen learned from prior experiences. I'he top-down
expectations carry out a matching process that selects those combinations of hottom-up fea-
tures which are consistent with the learned protoiype, while inhibiting those that are nof.
In this way, an attentional focus starts to develop thai concentrates ;)1()((\5%11]0 on those
feature clusters that are deemed important, based upon past experience. The attended
feature clusters, in turn, reactivate the cycle of hottom-up and top-down signal exchange.
T'his reciprocal o\(hang,o ol signals eventually equilibrates in a resonant state that binds the
attended features together into a coherent bmm state. Such resonant states, rather than
the activations due to bottom-up processing alone, are proposed to be the brain events that
represent consgeious bc‘havior

A classical example of such a matching process oceurs during phonemic restoration
(Samuel; 1981; \lei(‘.]l, 1984; Warren and Sherman, 1974). Suppoac that a noise is fol-
lowed immediately by the words “eel is on the .7 If that string of words is [ollowed by the
word “oran ﬂ'o” then under proper temporal conditions, subjects hear “peel is on the orange”,
If the wor d ‘wagon” completes the sentence, “wheel is on the wagon™ is heard. 1[I the final
word 18 “shoe”, one h(‘ms “hecl 18 on the shoe”. Such experiences show that a bottom-up
stimulus a.].o.nc, such as “noise-eel”, may not determine a conscious perception. Rather, the
percept may be determined by the sound that one expects to hear in that auditory context,
hased on previous language experiences.

To explain such percepts, one needs to understand why “noise-eel” is n()l heard helore
the last word of the sentence is even presented. This may be explained by the fact that, if
the resonance has not developed fully helore the last word is presented, then this word can
influence the expectations that determine the conscious percept. One also needs 10 explain
how the expectation can convert “noise-cel” into a percept of “peel”. This is attributed to
the top-down matching process that selects expected feature clusters for attentive processing,
while suppressing unex po(locl ones. In the “noise-eel” example, those spectral components
of the noise are suppressed that are not part of the expected consonant sound.

This sclection process divectly influences phonetic percepts. 1t is not merely a process
of symbolic inference. For example, il silence replaces noise, then only silence is heard. 1f
a reduced set of spectral components is used in the noise, then a correspondingly degraded
consonant sound is heard {Samuel, 1981).

Given that a resonant event may lag behind the environmental stimuli that cause it,
one needs to develop a refined concept of how perceived psychological time is related to the
times at which stimuli are presented. In particuiar, how can “fufure” events influence the
perception of “past” events, yet time is gj}(;‘,r(:.ei ved to always flow {rom past to future? The
theory suggests how this is accomplished by a resonant wave that develops from past to
Tuture, even while it incorporates future constraints into its top-down decision process until
cach event in the resonance equilibrates,

In order to represent such a process, one needs to distinguish the external input rate
from the internal rate at which the resonance process evolves. Since external evenis may, in
principle, occur at arbitrary times, the internal rate process must have a finer time scale than
any detectable external rate. It must also be faster than the resonance time scale that emerges
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as a result of bottom-up and top-down interactions. That is why differential equations
are used in the model. Diflerential equations are the universally accepted mathemaltical
formalism in science that is used to describe events that are evolving in real time.

A related concern is: ilow can future events influence past events without smearing
over all the events that intervene? In particular, how can silent intervals be perceived
between the words “peel” and “orange” in “peel is on the orange™ even after “orange”
crosses all the intervening sounds to influence “peel”? Here again the nature of the top-
down matching process is paramount. This matching process can select feature components
that are consistent with its prototype, but it cannot “create something out of nothing”
Silence remains silence, no matter how active the top-down protoiypes may he.

The opposite concern is also of importance. How can sharp word houndaries be perceived
even il the sound spectrum that represents the words exhibits no silent intervals between
tham? The theory proposes that silence will he heard between words whenever (here is a
temporal hreak between the resonances that represent the individual words. In other words,
silence is a discontinaity in the rate al which resonance evoives.

In order to make these concepts precise and workable, an analysis of psychological space,
no less than ol psychological time, is also required. In particular, it is not suflicient to
posit processing levels hat proceed, say, from letters to words, as in the popular Interactive
Activation Model (McClelland and Rumelhart, 1981; Rumelhart and McClelland, 1982);
see Section 12. The language units that are familiar to us from daily experience, such as
phonemes, letters, and words, do net lorm appropriate levels in a language processing hier-
mchy Such a representation cannot Jearn stable representations of words i an unsupervised
fashion, and is not consistent with various data about word recognition {Grossberg, 1984,
1%6} Rather, p]o(‘owno levels that compute more abstract ;}m])mt}os of auditory pro-
cessing are needed, in particular, a working memory (Baddeley, 1986; Cohen and (:iossb(‘lg
1986; Crossherg, ]‘)!bd Miller, l())()) is posited herein which §(‘]J](‘H(‘ﬂ{% seguences ol “items”
thai have been unitized 1 through ;)1101 learning experiences. Such items are familiar feature
clusters that are presented within a brief time mtm\al

As items are processed through time, they gencrate an evolving spatial pattern of acti-
vation across the working memory. This spatial pattern represents both item information
(which items are stored) and temporal (n(lm 11)[0111}&1}011 (the order in which they are stored).
A number of articles have modeled the design principles governing such item- (md order work-
ing memories and have used them to explain data about free recall (Grossberg, 1978a, 19781),
reaction time during sequential motor performance (Boardman and Buliock, 1991; (uosshmg
and Kuperstein, 198671989}, ervors in seria.} item and order recall due to rapid attention shifts
{Grossherg and Stone, i(Jb(va) errors and reaction thimes during lexical priming and episodic
Memory experiments ((:J()ssl erg and Stone, 1986h), and data concerning word superiority,
phonemic restoration, and hackward effects on specch perception ((m)ssl)o; o, 1986). Such
a wide zangjc ol data fall under the purview of these working memory models hecause they
all satisly two snnp]o])osiuiatox {Bradskl, Carpenter, and Grossherg, 1992, 1994; Grossberg,
1978a, 1978h). These postulates lead to working memories that can sLm ¢ b(‘quon(o s of events
in a way that enables them to he grouped, or unitized, into categories, or “list chunks”, by
a ](‘a]mng_) process thal retains its stability even as new events are stored in the working
memory through time.

Lz like manner, the working memory described in this article interacts with a categoriza-
tion network that unitizes sequences of items by activating nodes that represent list chunks.
These list chunks may represent the items themselives or larger groupings of items, such as
phonemes, letters, sy]iablos or words. The chunking network is designed to select those list
categories that are Mmost prediciive of the temporal context thai the items, taken together,
collectively generate across the working memory as its activity pattem evolves through fime
(Cohen and Grossherg, 1986, 1987; Grossherg, 1978a, 1986; Grossberg and Stone, 1986a,
1986Dh). Such chunking networks have been used to explain a variety of data about catego-
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rization, ncluding the Magic Number Seven (Grossberg, 1978a) of Miller (1956).

As the most predictive chunks are selected through competitive interactions, they read
out the learned top-down protot ypes that are matched against the items in \\'(n]\ing memory.
This is how the context ua]}y correct 1ten: groupings are selected, including the groupings that
replace “noise-cel” in the phonemic restoration example that was discussed above. Thus,
bj) closing the bottom-up top-down feedback loop, ho model clarifies how the process of
unitization is linked to the process of phonetic per (201. ytion.

Loannngj slays a key role in rationalizing why brain resonances exist that bind features
into altention AE states. These resonant dynamics are modeled by Adaptive Resonance The-
ory, or ART, mechanisms that were introduced in Grossherg (1976a, 1976h; see also Gross-
bmg) (1980a) for an early mviow) ART proposes that top-down mdi(hmo focuses attention
50 that the brain can rapidly learn new information \Vlthoui Just as ra )1(1ly b(‘mg forced 10
forget previously learned information that is still useful. In other words, ART shows how the
hrain fearns to solve the stability-plasticity dilemma (soo Carpenter and Grossherg (1991,
1992, 1993) and (nzossbmg (1995) for recent reviews). AR learning hereby escapes the
type of catastrophic fola,ottmg that bedevils all feedforward learning models, including the
]Jopulm back propagation model of Werbos (1974) and Parker (1982) that was popularized
within the cognitive science community by Rumelhart, Hinton, and Williams (1986).

A number of previous articles have been devoted i:.o showing how ART mechanisms can
be used to explain speech and language data (Bradski, Carpenter, and (n(}s%bmg 1992,
1994; Cohen and Grossberg, 1986, 1987 Grossherg, 1978a, 1978h, 1986; Grossberg and
Stone, 1986a, 1986h). The plos(‘nt article ana]yaos ddi& concerning ((1100()1\ boundary shifts
that are measured when VC-CyV pairs are experienced. Repp ( 980) p;osomo{l Jal o/-feaf
and /11;/ /ba/ syllables to suh|0( 15 nndm conditions that are desceribed more fully in Section
3. In brief, the silence interval was varied between the initial vowel- (()nsomm syllable
and the lommm] consonant-vowel syllable. I the silence was short, enough, then /il )/ [eaf
sounded like /iga/ and /ib/-/ha/ sounded like /1!)&/ Repp (1980) showed hat the transition
from ;)(\J(m\m /iba/ to /ib/-/ba/ requires around 150 milliseconds more silence than the
trangition from figa/ to /ib/-/ga/. One hundred {ifty milliseconds in a very long time
compared with the time needed to activaie neurons, which is at least an order of magnitude
smaller. Why is this shilt so farge? We trace it below to how the /ib/-/ga/ and /11)/ /ha/
resonances evolve through time. In particular, a mismateh hetween Jg/ and the internal
representation of a recently pzosml{(‘(l /b/ can reset the resonance that /b/ would otherwise
have generated, leading to a switch from an /ib/-/g A/ percept to an /iga/ percept at relatively
short, silence intervals. On the other hand, a second /b/ can p]()lons1 the resonance due to
a recently presented /b/, thus allowing the percept /iba/ to supplant /ib/-/ba/ until muc]
longer silence intervals.

A related issue about the processing of psychological time also needs to be understood to
explain these data. 1 a zosonanw can lag behind the stimulus event that cause it, then why
do not resonances take so long to occur that hrain events cannot keep up with the rate al
which stimuli are presented? This problem could become acute during processes like speech
perception which need to respond to both slow and fast vates of input presentation. We
show below how a process of automatic gain control can track the speech rate through time
and use this running estimate to speed up or slow down the processing rate in the working
memory and chunking network. f\s a result, the delays at which resonances emerge and the
times at which they terminate can keep np with the specch rate. In fact, finer properties
of the Repp (1980) data show categorical boundary shifts that are sensitive 10 the mean
silence iniozval that is, the “speech rate” in his )(uadlgm We show that the variability of
these category hound aries derives from the system’s efforts to generate a speech code that
is invariant under changes in the speech rate.

In a similar fashion, during phonemic restoration, the maximuwm duration of the noise
intervals that permits an uninterrupted speech percept is nearly equal to the average duration
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Figure 1. A working memory that stores phonemic items interacts with list cat-
egories through bottom-up and top-down adaptive filters. Item lists in working
memory prime the list categories, which in turn send top-down expectation sig-
nals back to the working memory to reorganize its contents through a matching
process.

of the most frequent units in the speech stream (Bashford and Warren, 1987). Thus, noise
intervals may be roughly as long as the a.\?erago syilable (‘lm ation when disconnected syllables
are prosom(‘d A similar effect was reported by Repp, Liberman, Eccardt, and Pesetsky
(1978). They presented the words “gray chip” using an inter val of [ricative noise in place of
the second word’s initial consonang ,an(l noted that “gray chip” can be heard as nmal ship™

merely by increasing the duration ()f the noise. The /t/ percept a])po(ns L0 be ld])l](‘ and
may either group with the /f/ (sh”) to form the affricaie /f/ (“ch”), or move across the
mim\mnng3 51](*1](0 grouping \\th the syllable that preceded the noise to form a word. In
this study too, the temporal boundary shifted with the average speaking rate of the carvier
sentence. These and (th(‘i studies discussed below indicate that the interactive grouping
process s modulated by contextually determined timing informasion, resulting in percepts
that are invariant with variable global speech rate.

The discussion which follows explaing how sensitivity to temporal vaviations can be
incorporated in the reciprocal in 1;(31';1.(:1;301}3 hetween a working memory and a chunking field to
produce rate-invariant speech percepts. The dynamics of matching input against expectation
provide an account of temporal integration and segregation of phonetic percepts. This leads
to the development of a neural network model of the interactive feedback process. Computer
simulations of the model closely approximate human subject performance in discriminating
stop-consonant pairs. The model is also compared with alternative models for explaining
sp(‘(‘(h and language data, in particular the fuzzy logical model of perception (Massaro,

1989), the interactive activation model (McClelland and Rumelhart, J()% J, and the TRACI
model (McClelland and Elman, 1986).

2. Adaptive Resonance in Speech and Language Processing

As noted above, the dynamical interaction between items in working memory and list
chunks is 1ilumfn.1w ol a (*y(‘h(di process that has been described by Adaptive Resonance
Theory, or ART (Carpenter and Grossberg, 1991; Grossberg, 1978a, ‘I.E)S(Ja.., 1986). The
present application of ART to model phonetic p ;(\1(0[‘)1% is called the ARTPHONI model.
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Figure 2. A particular list category wins the competition at the chunk level and
generates top-down excitatory feedback that represents the category’s expec-
tation. Matching between bottom-up list items and the top-down expectation
selects those item features that are consistent with the expectation and sup-
presses the rest. (“AE” is “a” as in “hat”, “NG” as in “bong”)

An earlier version of the model was briefly reported in Boardman, Coben, and Grossherg
(1993). Within this model, the interaction at the phonemic pm(ossnw stage begins with
the speech signal being preprocessed {via prior stages of adapi}\o resonance) into unitized
item representations. These items are sex ;uommlh stored in a working memory {Baddeley,
1986; Bradski, ¢f al. 1992; Grossherg, 1978a, 1978b; Grossherg and Stone, 1986). The
rate of )m(c\s%mn in the working mom(n) antomal (‘ailv ad}mts itsell hased on temporal
in l'm‘l'naiion in the speech signal so that the speech representation remains approximately
invariant even with variable long-term speech rates.

As items enter the memory hufler, working memory item nodes send bottom-up priming
signals to list chunk nodes via adaptive filters, activating several potential item g grou )mgs or
st calegories (see IMigure 1). For e\an]pio as a spoken word beginning with “ha... (/3);1\/)
enters the working memory, it sequentially activaies ])opulatmns responsive to the /b and
then the fae/. These items prime chunks encoding lists that start with /b/ and /ba/. List
chunks exhibit properties ol seli~similarity, so that chunks for | longer lists require greater input
to exceed threshold (Cohen and Grossberg, 1986; Grossherg, 1978a). 1*111111(\:111010 larger
chunks mhibit or mask smaller ones, so that ldzom lists containing a prescribed sublisi, are
favored over smaller ones. See Grossherg {1984) Tor a discussion of relevant data.

Thus the /hae/ chunk can become fully a,(':.tivat.e(] only after the /ao/ item is activated. As
the /bae/ chunk becomes aclive, it suppresses the /b/ chunk. Once active, list chunks begin
0 send top-down Teedback 1o associated items. These top-down signais represent a learned
expectation of the pattern that is stored in working memory (Figure 2). lhoso hunks whose
top-down signals are hest matched to the sequence of incoming data reinforce the wor king
memory items and receive greater bottome-up signals from them. Mismatched chunks are
either not activated in the [m,t slace, or are progressively inhibited hy recurrent inhibition
from the better matched (Th].ﬂ}]\‘\ As the best matched chunks receive excitatory signals from
and emitl excitatory signals to the working memory, they continue to reinforce one another,
As a result, a resonani wave travels across the network that embodies the speech code and
percept. For exam ple, completion of the word “bang”, as in Figure 2, extends the pattern in
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vml\mgj memory, matching the expectation from the list category for “bang” and reinforcing
it. The emerging resonance enables this category {and possibly related sublist categories) to
win the competition at the chunk level, and to complete the recognition event.

The resonant process can be interrupted or terminated by two different mechanisims:
mismateh reset and habituabive (O”dp%‘(’ Mismatch reset 18 due to mismaftch between the
top-down expectations and incoming botiom-up data. When an input pattern arises in
working memory that fails to masch an active category’s top-down expectation, the category
loses its bottom-up support while simulianeously being suppressed by compc‘tm(m [rom other
categories that make a better match with the input patfern. Mismatch reset has already heen
used Lo model many other speech and 1<111glarro data, meluding reaction time and error data

about lexical priming and decision processing ((:105&])01@) and Stone, 1986h; Schvaneveldt
and McDonald, 1981).

Habituative collapse can occur alter a resonance develops and a category maintaing res-
onant activation levels for some time. The synaptic transmitter in the excitatory pathways
between the list calegory and 16s associated working memory items gradually become inac-
tivated or habituated (Grossherg, 1986, Section 28). When Imbltuatlon progresses past a
certain point, the signals in the pathways can no l{)ngjm support the resonance. Activation
decays below the signal threshold, and a category (()]ia)so occurs. Reset due to habit-
uabive synaptic transmitters has also been used to mod(‘] many other brain phenomena,
mcluding visual persistence (Irancis, Grossberg, and Mingolia, 1994}, visual afterimages
(Irancis and Grossherg, 1995a; Grossh Jerg, I(}rﬁa) form-motion interactions {I'rancis and
Grossherg, 1995h), binocular vision (Grossherg and Grunewald, 1995), circadian rhythms
(Carpenter and Grossherg, 1983, 1984, 1985) and the control of A MOVements (Gaudiano
and CGrossherg, 1991).

In summary, a resonance can either self-terminate after fully unfolding and hahituating
its transmitters, or it can be aclively reset by an input mismatch, possibly even belore
reaching resonant levels of activation.” Both cases will be illustrated in the simulated data.
More generally, all the key elements of the model - its working memory, chunking network,
md.l(,hmg and resonance rles, and habituative transmitters ~ have been used 1o explain
many other behavioral and brain data. In this sense, the .f-\J{.l,PI,I ONIS model provides a
parsimonious explanation of the data targeted herein by using basic model mechanisms that
seem 1o be utilized in many hrain systems.

The model is elaborated helow after a review of perceptual phenomena that it will be used
to simulate. 'The focus is on the grouping over time ol categoric a} responses, often described
as the temporal integration and segregation of phonetic percepts (Repp, 1988}, Integration
maps multiple speech segments, c.g., ;h(}n(‘s onto a single mmllal unit shat unifies them
into a single percept. S(‘g,logalmn maps multiple segments onto distinet mental units or
percepts. Processes in the model perform these ])01(0)111(1! functions through dynamical
feedback interactions hetween itern and list categories that are proposed o represent speech
percepts.

3. Segregation and Integration of Stop Consonant Percepts

An example of a phonetic grouping phenomenon is stop consonant gemination. Here,
gemination zclms to the percept of a double consonani thati can arise from a single closure
Jrof,lm.i.lon_ In English, production of a stop consonant embedded between two vowels could
ho perceived either as a single stop, within a word, or as two stops across a word boundary;
e.g., “topic” vs. “top pick.”  Gemination is generally cued by longer closure duration,
but can also be szg)nal(‘d by the burst at the onset of the second consonant. There is a
temporal b()unddn called the singie-geminate boundary, at which one or two stops are
oqua]h probable percepts. Pickett an(l Decker (1960) showed that this boundary, typically
around 200 msec, was sensitive to the global speech rate context. In ltabian, where double
stops can appear within some words, the boundny is also sensitive {0 mmpoml cues, in
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Figure 3. Distributions of silent intervals used for V(' ~ O,V (upper time scale)
and V' - CV (lower time scale) stimuli used in Repp (1980).

particular, the duration of the preceding vowel (Rossetii, 1594).

E')ngjlish phonotactic rules permit two phonetically different stop consonants (e.g., /b/
and /d/) to appear consecutively only when the first ends a syllable and the second l)omm
the next syllable. The closure interval can be artificially shortened, however, to the poing
that the syllable- fma] consonant may not be perceived by the listener, That closure duration
for which one or two stops are equally probable pereepts defines a single-cluster houndary
{(Dorman, Raphael, and Liberman, ‘i.()(E}, Repp, 1978). This l)(mm](m was reported (o be
approximately 70 msec.

Repp (1()‘\(]) continued his investigation of the role of the closure duration in integration
and sogjmgja ion of stop (ons{)zmm percepts. “The purpose of the Repp (1930} experiment
was to determine how single-cluster and smg]o—g,ommato houndaries respond to changes in
the long-term statistics (mmn and variance) ol silent intervals across trials. T{ was not
expected that the single-cluster boundary would be sensitive to this manipulation, because
it was thought that the interference due to later occurring formant transitions reflected an
essentially acoustic or pre-categorical processing (Repp, 1978). The study failed to confirm
this expectation and instead, pm\ld(‘(l quantitative information about the adaptation of

}logmm} percepts to long- e speech rate.

The Repp (3%0) experiments used stimull consisting of pairs of vowel-consonant (V)
or consonant-vowel (€ V ) syllahles. A VO syllable was always followed by a CV syllable.
These syllable pairs were separated by a silent closure interval of variable duration. There
were two sets of experiments. In one set, the two consonants were perceived as phonetically
distinct, while in the other set, they were perceived as the same. The (:()11501}&411}. were in all
cases the voiced stops /b/ or /p/

A phonetically different pair of stops is referred to as a stop cluster. A phonetically
similar pair of stops is called geminate il it produces a double stop percept. The duration of
closure lor each trial was chogen randomly fmm a set, according to one ol thwo ])I(de})}]]{}
distributions for each ol the two classes of stop pairs (see Figure 3). The “no anchor” case
covered the full range of silence intervals, a set of 11 sp(‘(m( values equally spaced across the

range, with uniform probability of being presented. The “low a.n(,hm case used a subset
of the 8 shortest intervais with a higher probability of the shortest interval. The “high
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Figure 4. Psychometric functions in response to the 2-syllable stimuli for all
6 conditions, averaged over 8 subjects. {Data reprinted with permission from
Repp, 1980, Figures 1 and 2.)

anchor” case used a subset of the 8 longest intervals with a higher probability of the longest
interval. Depending on }1(‘ silent interval presented, the VO -CoVostimulus is perceived by
the subject as ei ther VO,V or VO -C ;V, and the VO -CV stimulus is pol(oa\ol as either
VOV oor VOOV, th i]noe ranges of silence intervals for hoth VC-CV and VOOV
stimuli types, there were a total of six experimental conditions.

Isight subjecis pdm(l sated, including Repp himsell. All had previous exposure to syn-
thetic speech sounds. The 1(\11%13 averaged ovm all subjects, are shown in Figure 4. Repp
(1980) 1(\1)()110(1 that “all hllh](‘({% tested sho\\od these s inlts m(ludmg the authior who, de-
spite iozolm()\\le lge and to his considerable surprise, was aff(‘(tol just as much as the 0{]1(‘
subjects.” The curves describe category houndaries between one and two stops for each ex
periment tal condition. For all condif tions, subjects were m(no likely to perceive two stops as
the silent interval between the two syllables increased. The horizontal shift of the curves in

8
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relation to the range of silence interval used in each condition indicate that the subjects’ de-
cisions were strongly influenced by the distribution of silences across trials. In fact, averaged
over subjects, the decision boundary appears to be established right around the mean silent
imterval used in that (on(htion (see the value of the abscissa at the 50% probability point of
each curve in Iligure 4.) Also clearly evident is the broad time gap between the single-cluster

and single-geminate boundaries. Hearing two ol the same stop typically requires 5 about 150
MSEC MOre (l(mno time than does ho(mnn two different stops.

The shift of category boundaries can he viewed [rom two perspectives. On the one hand,
a two-stop stimulus with a given interval can be perceived as a single stop il 1t arises in a
series for whi(h the mean silent interval is long, but as two stops if the mean silent interval
is sufficiently short. On the other hand, the same percept can bo obtained from a range of
silent intervals if the ratio of the silent interval presented to the mean silent interval is fixed.
For example, the subject has a 50% probability of hearing two stops whenever the silent
interval in the stimulus equals the mean silent mterval for the series. Thus the percept can
be said to remain invariant with changes in the long term average silent interval.

Concerning the statistical ‘%1"11][1(211}((’ of these results, Repp (1980) wrote: “One ohvi:
ous [urther pomt to consider is i]w possibility that the iaxn(‘ range- frequency effects were
simply a consequence of the large region of uncertainty, reflected in the shallow slopes ol
the identification functions. This question was investigaled by computing product-moment
correlations across subjects between slopes of individual identification funciions and extent
of boundary shift. While a negative correlation of -0.55 was found in the single-geminate
condition (which supports the hypothesis that smaller slopes go with larger s]nlts), a pos-
itive correlation of 40.59 was found in the single-cluster condition (\vh](h contradicts the
hypothesis); both correlations were nonsignificant. It should also be noted that individual
i{'lon'i'{‘i(alion lunctions were often (onsndmab]y steeper than the average functions shown
in Figure 4, and there were several instances of large boundary shifts despite steep siopm
Thus, no convincing evidence lor a direct relation Tetween uncer Lamt o and sengitivity (o
J(li]”(‘ frequency was found within the present experiment, suggesting tlm a shallow- slo])(‘{]
identification fanction is neither necessary nor suflicient, for !alg)o context effects 1o oceur,

Repp (1980) replicated these results with a second experbiment that used natural speech
Stimuii., rzLLJ'Jer than synthetic speech sounds. A two-alternative forced choice discrimination
task was used fo sm{iv the single cluster condition. Here, the first stop consonant, that
preceded /g/, was varied to be either /h/ or /d/. Again a range-lrequency effect on category
houndaries was found, as in Figure 4.

4. Description of Phonetic Grouping in the Model

The model provides an integrated account of the gap between cluster and geminate
conditions and boundary shilts reported in Repp (1980) as lollows. First, assume a consonant
is consciously ])01(01\(‘(] only when resonance bhetween item and st (alogjolms raises the
consonant’s category node al)ovo some output threshold (see Figure 5A). When two inputs
which ecach activate different item nodes are p}(\sc‘n ted in rapid succession, the regponse of the
category node, or nodes, associated with the fivst item will be reset due (0 category misinatch
with the second itent. This may occur before the category node activation has exceeded the
output threshold. Hence the response to the first input would be undetected, since only
SU;)i‘&'l-t]’](;‘.&ih()ld resonances lead to conscious percepts (Figure 5B3). Bven if the activation docs
exceed the output threshold, it can still be rapidly reset Sf a mismatch occurs with res pect 1o
a subsequent input (Carpenter and Grossherg, 1991; Grossherg, 1986; Grossberg and Stone,
1986h).

When two inputs which both activaie the same item node are presented sufficiently close
in time, the integrated responses may “fuse” into a single suprathreshold event (Figure 6A}.
Thig can happen because 1%1(3 second activation of the item node can occur while the resonance
due to its first activation is still intact. Without an intervening sub-threshold interval, the
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[i'i]-[g‘d] — [iga]

| with mismatch
resonance
\ul l Q

...... A

phonetic input closure interval

A B

Figure 5. (A) Response to a single stop with (solid line) and without (dashed
line) resonance. The ordinate represents category node activity and the abscissa
represents time. Suprathreshold activation (above horizontal line) is shaded.
(B) Reset due to phonologic mismatch. Here the activity corresponding to /b/
is reset by mismatech with /g/ belore it can resonate. Only the /g/ sound reaches
resonance, leading to a percept of /iga/.

[ibi-[ba] — [iba] fib]-[ba] or [ib]-[ga]
A fusion A perceived

silence

A ot B s

Figure 6. (A) Fusion in response to similar iterated /b/ phones leads to a
prolongation of the /iba/ resonance through time. (B) A sufficiently long silent
interval allows a 2-stop percept to be heard. Habituative collapse of the /ib/

resonance before the /ba/ or /ga/ resonance develop leads to a percept of both
the VC and CV sounds.
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Figure 7. Top graphs plot computer simulations, bottom graphs the original
data of Repp (1980); see Figure 4. Parameters: ¢ = 0.5, §=1, 7= 0.097, 6 == 0.28,
=100, y =1, ¢ =5x107% =6, 7 = 350, v = 0.005, ¢ =011, A = 0.1, p = 2.2,
o = 0.06, 0 =0.22.

systemn can detect only one prolonged resonance in response to the two inputs. Sufficiently
tong silence following a given input allows a resonant response to terminate due to habituative
collapse. When its activity falls below threshold, the associated percept ends and beging an
mterval of perceived silence {Iigure 613). A second percept of the /b/ sound can thus develop
when /b/ is presented as part of /ba/. This example illustrates how resonant timing may
reprganize the time scale of external events to define discontinuous gaps in the rate aé which
a resonant wave evolves, and thus a perception of silence.

[Figures 7 and 8 summarize ARTPHONIE simulations of these category houndaries and
compare them with the Repp (1980) data. Unlike other models of speech categorization,
which typically plot category houndaries as a function of the two alternative percepts { Mas-
saro. 1989; Masgsaro and Cohen, 1993; Massaro and Oden, 1995; McClelland, 1991; McClel-
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Figure 8. Repp (1980) data, thin solid lines; computer simulation, lines with
pomts Top panel: cluster case. Bottom panel: geminate case. Bach simulation
curve 1s an average over 8 runs of 100 trials each. Error bars represent 1 standard
deviation from the meaun.

fand and Elman, 1986), the ARTPHONI model computes category I)mmdazlo as they are
created from Ueir emerging speech representations in real time. i he subsequent sections de-
scribe the model in (](‘{dl] An(l show how these representations and their category boundaries
are formed.

5 ARTPHONE MODEL

The model has heen implemented as a neural network representing a working memory for
phonetic items and a lisl category stage. The dynamics of resonance, (a{%my mismatcl and
collapse are governed by differential equations to represent the continuous unfolding of system
dynamics in real sime. These properties are demonstrated in ihe computer shmulations
presented below. The simulations show how the model can transform item sequences in
working memory into categorical responses which shilt in time with changes in mean input
rate.

H cannot he overemphasized that the category boundaries simulated in this way do not
represent a curve it in 1]1(‘ sense that this concept is USHHM}’ understood in fitting psycho-
logical data. The model does not fit the data 1‘0 pre-established functions that represent
data curves with some {ree parameters. Rather, the model generates category boundaries as
an emergent property of the system-wide inter actions that tgive rise to its resonances. The
model’s most important function is to dynamically generate internal representations of the
data Lnough its bottom-up and top-down interactions. The properties ()f these representa-
tions are then fit to the data.

12
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Figure 9. Working memory item activities (w) excite list chunk activities (u)
through previously learned bottom-up pathways. List chunk activities send top-
down excitatory feedback down to their item source nodes. Bottom-up and top-
down pathways are modulated by habituative transmitter gates (filled squares).
Item nodes receive input in a on-center off-surround anatomy. Total input (/) is
averaged to control an item rate signal (r) that adjusts the working memory gain
(¢). This gain tracks the speech rate and adjusts the integration rates of working
memory and chunking network accordingly. Excitatory paths are marked with
arrowheads, inhibitory paths with small open circles.

There are no pre-established curves against which to fit the data. Thus, the number of
parameters that are necded Lo define model interactions is not the key factor in determining
model complexity. Rather, it s the number ol processes that are nee fed 10 explain the data,
and whether the qualita tive properties of each of these Processes are rohust und(n parameter
changes that do nof unbalance the systemn. In the present instance, only two processes, a
working memory and a chunking network are needed. Both of th(%(‘ )10(0551115 levels have
heen implicated in numerous other explanations ol speech, language, and motor control data.
In this sense, the model is parsimonious and cven <31c1’1’1(3111(11y. On the other hand, a grand
unified simulation of all these data using one sef of parameters remaing a goal for future
rescarch at the present stage of model development. '

The ARTPHONIE model is shown schematically in Figure 9. The item nodes in the work-
ing memory layer encode partially compressed representations of the acoustic features ol the
speech sounds (Cohen, (:1()%%)0@ and Stork, 1988; Grossherg, 1978a; Grossherg and Stone,
JE)b()) The encoding i is the result of Jearning by 1 the adap Gve voaa,hi,.s or long term 1}1(‘111013
(II'M) traces, that exist in the adaptive pat hwdvs from the acoustic feature 1(:])1(3(111:1110}1%
to the item nodes. As incoming speech segments associated with words sequentially activate
these tuned item nodes, spatial patferns ol activation evolve across the \\oﬂxmgj MENory.
Repeated exposure (o 5)(\(111( spatial patterns permits learning by the I.T'M traces in the
adaptive pathways between the iteny nodes and the list vodes. Just as any given activity
pattern arises sequentially from smaller patterns, there are list nodes that caiegorize famiiiar
sublists of any given list, even one-item hsts known as singletons. Yor the purposes of the fol-
lowing discussion, we can assume that the adaptive tuning of the pathways that activate the

13
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item and category nodes occurred during a critical developmental period and is stable; see
Carpenter and Grossherg (1991, i()(}%) and Grossherg (1980a, 1986) for a discussion of model
mechanisms with these properties. T'hus, no adaptive weights or processes are included in
the present implementation.

After a spoedl segment activales an item node, the item node then excites associated list
nodes. These list nodes, 1n turn, activate (\\(ndton top-down feedback to the item nodes,
corresponding to learned expectations. This reciprocal o\'(hango of bottom-up and top- down
signals enables a resonant state Lo develop. Boih the bottom-up and top-down excitatory
signals pass through transmitter gates that are inactivated, or ha]ntuatod by the signals in
their respective pa‘bhwaxs {Carpenter and Grossherg, 1990, Grossherg, 1972, 1980 (1) When
a transmitter is sufliciently habituated by the signals passing ihlough its pathway, then the
resonance supported by t that pathway can begin to collapse, after \\hl(‘h node activations
decay passively.

Resonant activation of item nodes results from a combination of bottom-up input and
top-down feedback. Any one item node may receive top-down signals from many ];bt chunks
as the input sequence progresses. 'The bottom-up input has an on-center ofl- smlmmd o}ga-
nization, reflecting auditory anatomy ab several levels of organization (Irvine, 1986G; Pickles,

%b) Due to this anatormy, inhibition arising from subsequent inputs serves to suppl(‘ss
prior activaiions that mismag ich the evolving top-down expectation. A second mechanism of
mismalch reset via an orienting, or novelty- %onsmv(‘ subsystern {Carpenter and Grossherg,
1991; Grossberg, 1980a) is implemented in Section 1.

6. Rate Invariance and Gain Control

The time needed for resonance to bring activation to a perceptually significant level
and for the resonant response to collapse is dependent on the neural activation rates in the
network model. Activation rates play a critical vole in adapting to speech rate by speeding
up pm((‘ssmg in_response to a high rate of speech units and slowing it down in response
to a slow rate. The parameter that controls an ec quations processing rate is called its gain.
In the ARTPHONI mod(*] the gain is automatically adjusted to a Jumnng estimate of the
input rate (cf., Grossherg, 1986, Section 45). \\"hothm we hear 10;)1(* or “top pick,” given
a fixed target stimulus, 1s determined | oy the speech rate cue from the sunolmdmg coniext
(Pickett and Decker, IEJ()O). In fact, the Repp (1980) data show that subjects” percepts
are approximasely nvariant wish respect. to mean silent imterval between stop consonant
chusters, which is inversely related to the input rate. These data suggest that an estimate ol
mean input rate may serve as a basis for adjusting the activation rate of the system so that
phonetic percepts hecome independent of changes in the mean input rate.

7. Network Equations

With the basic concepts of the model described, we can next gpecify mathematically how
these features are implemented. In the following network equations, Greek letters are fixed
parameters. lach equation describes the time rate of change ol a system variable z., denoted
by ‘7‘}} in terms of its inputs and infernal processes.

7.1 Itern Working Memory Level

Let ap;y be the activity of the G item representalion py and f; be its input. Then 1w,
obeys the 0 quation

dz ¥ i .
[{f = g(r) (7 - wi){J; + w2, —w(atr g} Ll {1
Ea)
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In (1), term ¢(r) represents the automatic gain control process. E't multiples the entire right
hand side of (1) and thereby speeds up or slow down the rate =t i \with which w; changes as
i increases or decreases, respectively, through time. The gain Loz m g(r) is de[mo% by

g(r) =y + o, (2)

In (2), y 18 a constant, or tonic, baseline activation rate. Term ¢r” is a variable rate, where
¢ is a constant and r adapts slowly to the input rate, as described in equation (7}.

Term (F—w;)(/;4u;z;5,) in (1) defines the excitatory effects of the bottom-up input /;
and the netl top- down leedback signal u L ju ON 10 The top-down feedback signal w; am(\%
from the activity of the list chunk that is asso(laioi with item p; via iten node 7. ‘wma]
u; is multiplied, or gated, by the transmitter zy,, which habituales in response io imntense
resonant activation ol u;, as shown in equation (3) below.

Both the bottom-up and top-down signals are multiplied by the shunting, or membrane
equation, term [ —wy. This term assures that w; cannot exceed 5. It also causes the
processing rate to be m sut-dependent, since all terms that multiply w; on the right-hand
side of (1) determine w;’s net processing rate.

The inhibitory terms in (1) are combined in the expression —we; (o + £ 3y £p). Param-
eter o is a passive decay parametier. Multiplying the inhibitory input -x okt i by the

- top o
shunting term 1oy assures that w; never becomes negative. It also makes the rate “5/ ol

wy processing clopon(]om on all the terms Iy, & # j, which inhibit w, via lateral inhibitory
imteractions.

Taken together, the excitatory and inhibitory interactions in (1) define a shunting on-
center off-surround network, The on-center off-surround Interpretation can I)(‘ surmmarized

as follows: The excitatory “on-center” input /; can turn on only those & - w; cell sites that
are unexcited, as in term (#f — w;)l;. The inhibitory “off-surround” mpul POy [ Trom
other phones py. & # j, can turn off only those sites w; that are already excited, as in

OTT =1 ) g j I, Such a network has been proved capable of accurately detecting and
storing the ratios ;{37 I)™! of the item inputs in working memory, assuming that they
are simultancously presented, even if the total input 37, [, becomes very large (Grossherg,
1973, I(JS[)a) Such a shw nting network extracts a normalized response even from wildly
ﬂutlna{mp inputs, while processing relative input importance without saturation.

7.2 List Chunking Level

As noted above, u; is the activity of the list chunk associated with item node j. Activity
1 also obeys a gain-controlied shunting equation; namely,

du

“(“Fﬁ(/{)){(ﬁ i, )?U Tjw M"] {3)

In (3), the gain control term g(r) scales the rate - "7511 with which w; changes, just as it did
for w; in (1). Also &'l‘i in (1}, only unexcited sites (J — «;) can be excited, here only by a
bottom-up signal w 2 Trom item j. This signal is derived from the activity w; ol iten j
via the thresholded s ;ona] ?u ~~~~~~ = maz{w; - «o,0). In particular, item j cannot begin to exeite

chunk 7 until its activity “”; exceeds threshold «. Once this signal is emitted from item
node j, it is multiplied, or gated, by a transmitter zj,, which habituates in response to Hem
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activity, as shown in (4) below. Thus both the bottom-up and the top-down transmitters
between items and chunks habituate in response to activily in the pathways that they gale.

7.3 Transmitter Dynamics

The bottom-up transmitter z;,, and the top-down transmitter z;, between the j P tem

and category both obey the same habituative Jaw, albeit in response to different, .annaJ
This law was introduced in Grossherg (1968, 1969). In the present instance, it hecomos

A2 . )

ﬁaﬁ—{m = (1= zjo) = B(w] )z (1)
and /

dzge .

= 0= 2) = Bz (5)

Consider equation (1) for definiteness. By term (1 - z;,), transmitter accumulates to a
target level 1 at a hixed rate ¢ When the system is al rest (namely /o == 0 for a sulliciently
Eon.g_, ime), the transmitter variable equilibrates at its maximum value 1. 13\' term —A{1e;) 2,
fransmitter is inactivated, or hahituates, by a mass action interaction bolwoon the amount
Zje of available transmitter and a function o r'j) ol the bottom-up signal m emitted by
item J. Thus z;, s inactivated, and a resonant collapse initiated, at a Iat(‘ proporiional
to how active iem j becomes. ],(11_1&1,.}()11 {5) says that the same is true for the top-down
transmitter z;,, except here the habitualion rate increases as a function of fi(u;), which
grows with activity u; of chunk j.

7.4 Transmitter Inactivation Rate
The transmitter inactivallon rate is a nonlinear [unction of its signal, namely

M) = Ao 4 pa. (6}

As fivst simulated in Gaudiano and Grossberg (1991), the higher-order term in (6) causes the
gated signals 1wz, and wzy, in (1) and (3) to exhibit non-monotonic responses as a function
of the signals w and u, respectively, that cause sheir activity-dependent inactivation. To see

this, solve (1) at cq mhblmm L - 0 to find that
; i ;

¢ ,
P U S 7

By (3), (6), and (7}, the bottom-up signal from item jy to list chunk j is then

Cuw? w
Wz, = T 8
T /\w;r + ﬂ(wj)lf ()

Thus, as activity w; increases due to resonance, the signal (8) first increases and then
decreases. The inactivation rule (6) hereby ensures that input signals eventually decrease
at sufficiently high activation levels. The ellect of varying parameters A and g in (6) is
demonstrated in the simulations below.
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8. Estimation of Input Density via Automatic Gain Control

It remains to deline the automasic gain control g(r} that modulates the integration rate
of w; and u; in (1) and (3), 1051)0(‘t1\~(\1y ‘T'his function tracks input density; namely, a time
average ol input energy. Time averaging ol mputs is a simple leaky integration operation
common o neurons, and is thus an infuitive mechanism for estimating the speech input
rate.  While Repp {1980} directly varied the mean silent interval between mput. speech
segments, he consequently also varied the mean inpué density, because the number and
amplitude of the input segments were fixed for the entire experiment. In the model, it is
assumed that gain control 18 based on a running average of input density. We infer from the
fact that decision boundaries are positioned near the mean (mi,la stimulus) silent nterval
that subjects (01‘1‘11)101015 discount the much longer (2.5 second) intervals between stimulus
])1(>sc’mail(ms T"hus the estimator should ignove ](mL, intervals without input. These intervalg

can be discounted by limiting the input averaging to a fixed time frame, or window, following
input. In the simulations that follow, the rate signal, » that goes into ¢(r) is gn{m by

dy
........ — 9 9 b ¢
i w(l)(~wr + 1) (9)
where [ = 35",/ is the total input,
_ 1 I>c
wly =11 {—{. <7 (10)

0 otherwise,

and £, is the last time that > ¢ in a given input bout. By {9) and (10), r time-avel {15(*«\
put 7 ab vate v and decays when input is not present, such that integration is nal(‘d ofl by
w al 7 msec after 1 [alls below the threshold value . Whenever the mpul was on, 1§ (‘\((*(*(l(‘

hwslzol(l ¢in (10). The dependence of the aver ago value of 7 on mean silent interval, s, can
be interpolated by a decaying exponential function of the form.

sy = ape30 4y (11)

where the parameters «), «y and g are determined empirically assuming mean m;mé energy
and parameters ¥ and 7 are fixed. l'or example, i the smmlalmns helow with v = .005 and
7= 350 msec,, @y = Ly = 1.25 and sy = 256 msec.

9. Computer Simulations of Variable-Rate Categorization
This section presents com putm simulations of the model defined above. The simulations
demonstrate the following properties of the model.
o An exchange of hottom-up and top-down feedback generates a resonance hetween pho-
netic items and list categories which is required (or auditory perception.

o (U ategory collapse arises following an interrupted resonance due to habituation ol trans-
mitier gates in the pathways between the item and list levels., The resonant phase that
precedes collapse explains the long interval needed fo segregate geminate stops.

e (,(1100013 mismatch explains the short interval needed to distinguish between two stops
in a consonant cluster.

o Changes in the network integration rate that track av on-line estimate of input rate
explain shifts of )s)(h()mom( functions in the cluster and geminate conditions.

All simulations were performed by numerical integration nsmg) a fourth-order Runge-
Kutta method, with gtep size fixed at 0.1, At each time step, the simulator sets input
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Figure 10.Activation time course for network variables, w, u (top), and z, and
2y (bottom) through time. Rectangular pulse at lower left of top panel indicates
the input interval and amplitude. Parameters: o = 0.5, # =1, v = 0.1, ¢ = .28,
¢ =01, A=01, g =2 Gan ¢ was set to 1.1, a mid-range value. Time was
calibrated in milliseconds.

variables according to an event schedule set by the experimenter, then sequentially computes
the next change in each system variable while holding all values constant,

9.1 Dynamics of Resonant Feedback

The first simulation demonstrates the response of the network to a single phone input.
The graphs in Figure 8 show the time cowse of the network activities w and u in the
upper panel, and of transmitiers zy and zy In the lower panel. The indexing subscript j is
recdlundant in this case. The network variables start at their rest levels: zero for activations
w and w, unity for the z transmitter levels. When input has driven the item activity 2w above
its output threshold 5, then a signal wtzy, as in (3), begins to activate w and list activity
u begins to grow. Typically, item activity w begins to decay al the offset of input (see cusp

in the w graph shortly affer input terminates) because top-down list feedback from w is not
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Figure 11. A series of five trials each showing w responses (solid curves) and u
responses (dashed curves) to a single input pulse (rectangular graphs), as the
passive decay rate § in equation (3) increases. From left to right, &6 = 0.1, 0.2,
0.3, 0.4, 0.5. Other parameters are chosen as in Figure 10. Gain g was set to
1.2,

yel greal enough to overcome the passive decay.

Bottom-up w excitation to the chunking node continues, however, at a level great enough
Lo overcome the passive decay of u, even ihmwh womay he monmnldn]; decaying, and so
u continues o increase. (,.<)nso{;11(m1ly,, u ,.ha‘n,g)es from decreasing to increasing, an event
called a vesonant boost (ca. 40 msec in Figure 10A). Without this boost fron top-down
feedback, 1w and 2 would decay passively to rest. With top-down feedback, w increases until
it exceeds a resonance detection threshold ¢ and thereafter reaches its resonance asymplote.
During this phase, transmitter habitnates, or is inactivated (Figure 1013), untii eventually
the gdi(‘{l (*\(11«1101} mput to the item activity w in (1) is no longer suflicient to support
further growth, as when wz, < aw/(F —w). List activity u then Tollows ftem activity w
downward, resulting in category collapse.

Animportant rate ineguality between systems (1) and (3) ensures the desired qualitative
dynamics. The rate difference is established by constraining passive decay rates in (1) and
(3) 1o satisly & < a. Consequently, list activity « follows its excitatory input w al a slower
rate. The ability of top-down feedback from w to 1w to support w following termination of
mput is also consistent with the constraind that w decays rapidiy relative to w. Without
feedback Trom w to w, wu is deprived of the extra excitatory booat in w input that it needs 1o
exceed the resonance threshold.

The rase dillerence between (1) and (3) is chosen long enough to reflect the observed value
of the smgjlo cluster houndary, wimh in the model is determined hy the time needed lor u to
exceed threshold 0 {see Section 9.3 below). The lag is also constrained to avoid oscillations
hetween w and w, which, for a given value of «, sets a lower bound for é. Figure 11 shows
the effect. of varying 6. ()sclllailons evident in the lelt-most trial of Pigure 13 (6 =0.1), can
arise when small passive decay ¢ permits list activity « to remain sufficiently large to retard
the decline of item activity w even alter substantial transmitter habituation occurs.
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Figure 12. Activations w (top panel), z, and z, (middle panel), and u (lower
panel) in response to two phonemically related inputs (rectangular pulses). The
resonance threshold value u for perception is § = (.2. Both are detected (see two
suprathreshold u peaks).
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9.2 Phonetic Segregation after Category Collapse

Any point in time that list activity w falls below the resonance threshold ¢ is asaumoi
t0 begin an interval of perceived silence. Such a negative threshold crossing or offset time
determines the earliest time that the next phonemically related input could be detected as
separate phone. T'hus it corresponds to the smgjio geminaie l)oundazy %Oﬂz%atlon of a pair
ol hononma]]y related inputs into separate category responses is demonstrated in the no\t
bnnu]a.t]on (see Figure 12).

The time interval when u < § between the two suprathreshold phases of v models a silent
interval that permits the detection of two distinct speech sounds.

9.3 Reset due to Mismatch

At any point in time before the list activity u reac }CS f, the item activity w can he
suppressed by a competing input, such ag a /gj/ instead of a /l)/ hat results in the collapse
of u. In that case, the corresponding list category may not 1{‘1(.,1] resonance and is thus
not detected or “perceived” by the network. The time taken fo achieve a positive going
threshold crossing, or onset time, thus determines the minimum interval needed for phonetic
percepbion, and (ouosp(\nds (0 the single-cluster houndary. Reset of a list category’s response
by a later occurring, different item is demonstrated in the next simulation ( see Migure 13},
This example demonstrates the case where only the second phone is perceived.

9.4 Transmitter Habituation

The time course of ih(‘ resonant response 18 allected by the transmitter habituation
parameters A and join (6). Figure 14 shows two cases, one [or which the nonlinear habituation
parameter jois zero and the otho for which the linear habituation paramneter A is zevo. The
second-order g ferm is more robust in producing a dynamic veset, as illustrated by equation
(8). In fact, the u response continues to decay below threshold even as pis reduced by more
than half, By comparison, ihe response exhibits premature recovery when A is reduced hy a
smaller proportion.

[n general, increasing transmitter habituation lowers the range of the u response ahove
threshold. € imnoos in transmitter habituation can thus change the onset and ollset times
that predict the slnn,]{‘ cluster and single-geminate boundaries, and also the difference or
gap hetween them. This gap has an adl lzl_umal dependence on the rate-controlled system
gain ¢g(r) in (1) and (3). and transmitter ]‘1;-1.1‘)ile.i,ion allects this dependence as well. ‘to
depict these relationships, we plot onset and offset times as a function of gain, and vary
transmitier habituation, as sho\\n in Fgure 15. Increasing g in (6) causes the onsel and
oflset l)ounclauos to move closer together, as expected from Figure 148, but in addition,
causes the gap between them to narrow at low values ol gain. In other words, the u m;wo
above threshold is more sensitive to changes in mean input rate as g increases.

9.5 Performance of Input Rate Estimator
The input rate signal r reflects a running estimate of the input (I(*na]{y as given by {9)
and (10). Isach smm]a ion ol a R{*)]) (1980) (‘\])onmon t heging with r = 0, Tand a fixed
parameter # in (9) is chosen so that » is within 1 of asymptote by the end of ten warm-up
trials (see Figure 16A}, A more detail (*d view of the estimator is shown in Figure 1613, where
18 shown lm a set of discontinuous, randomly selected trials, one for each silent, mterval
used in the simulation. Activation » increases during ca‘(,.ls input interval (always 30 msec),
and decays passively following inputs. To save unnecessary computation, the simulator runs
each trial only until the output response (u;) following the second input has decayed below
th_;o.s.hoid. At that time, which is always ](ss than the window time 7, variable » is set to
the value it would have de(.a.ye 1 1o if the simulation had run till the window closed. Other
network values are also set to their rest conditions. Going from left to right in IMigure 1613,
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Figure 13. Activations w; (top panel), z;, and z;, (middle panel), and u; (lower
panel) for a sequence of two phonemically unrelated inputs (rectangular pulses).
Only the latter is detected (see the single suprathreshold » peak).
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Figure 14. Category responses u in (3) through time to a single input for two
cases of transmitter habituation: either (A) there is no second-order term g,',t. =
in (6), with A indicated along each curve; or (B) there is no linear term (A =0
in (6), with p indicated along each curve. Other parameters are the same as in
Figure 10. The resonance threshold # = .2 is indicated by the horizontal dotted
line. The rectangular pulse in the lower left-hand corner is the input. Time
along the abscissa is in milliseconds.
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Figure 15.Gain ¢ in (2) is plotted along the ordinate and resonance onset and
offset times plotted along the abscissa. There is one pair of curves for each value
of the habituation parameter ¢ with ) = 0.1. Other parameters are the same as
Figure 10, except v = 0.097 and ¢ = 0.22,
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Figure 16. (A) Response of input rate estimator » in (9) through time during
a simulation with 100 trials initialized by 10 warm-up trials. Tho main portlon
of inter-trial intervals are deleted (see text). (B) Detailed view of input rate
estimator during one randomly selected trial for each of the silent intervals in
the stimulus distribution. The infer-trial intervals are deleted as in (A).

silent intervals used in the trials increase, which is reflected in the increasing time for decay
hetween intervals of g}}. owth.

10. Simulation of Repp (1980) Psychometric Functions

10.1 Method

‘The simulation procedure is directly analogous to the Repp (1980) experimental paradi-
gm {Section 3). Each simulation consisted of a series of one hundred trials. Tor each trial,
the network received two input pulses of fixed amplitude and duration, separated by a silent
interval randomly selected from the appropriate Repp (1980) distribution {see Figure 3).
For each presented silent interval, a count was made of the number of trials that yielded
two output responses. Outpuis were counted using the detection method described helow.
Dividing this count by Hlo total number of trials at that silent interval gave the two-stop
decision probability. ‘The simulation was run eight times {once for cach “subject”) for each of
the six Repp (1980} distributions. For each silent interval, a count was made of the number
of trials 1]1a i yield two output responses, which was divided by the total number of {rials
to obtain the two-stop decision probability for that value of silent interval. Outputs are
counted using the detection method deseribed below. Simulations began with ten warm-up
trials, as done by Repp (1980), which alternately used the shortest and longest silent interval
between the two in pnts. Stop clusters are represented by an input pu]se to py Tollowed by
an input pulse to py. Geminate stops are represented by two input pulses to p;. The IS]
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Figure 17. Typical list chunk activation traces plotted with the values used to
decide if output is detected. (X) is a sample value after noise is added. In the
examples shown, the first peak on the left, and the trough at right would not be
detected, and so only one peak would be reported in each case.

of 2.5 seconds used by Hop]) (1980) can be deleted from the simulation trials because the
neiwork variables wy, w;, ,,,w and zj, reach their resting values within that period. Using
the simulator event scheduler, the variables are set to these values - zero lbr activations w;
and w;, unity for the transmi tter levels Zje and 2y, - at the starg (}l cach trial. '

10.2 Detection of Output Responses

l'o simulate the Repp (1980) experiment, it is ne oss(m to define the detection of a
I'C‘S])(JI']'H(‘ hoth its onset and oflset. ,f\ simple definition for detecting ouiput is that the list
category activity u, exceeds the resonance threshold, . Parameter "0'is called a resonance
threshold because hs { activation can exceed # only alter top-down feadback hom he category
node has begun. In principle, neural responses are noisy, so we seek a simple detection rule
that looks not at the instantancous threshold crossing, but refiects the ]1]\(‘11]30()( that the
response will exceed threshold beflore reset. The chosen strategy lor detection is to wait for
the peak list category response and f()m]mw that value to the detection threshold. Perceived
silence exists during intervals in time hefween successive suprathreshold category responses.
Thus, to detect geminate stops, category activation in response to the first phone must
collay »e helow threshold before the onset of the second phone reinforces the response. Using
the same likelihood principle as before, the strategy in this case is to wait for a w%h in
the response trajectory and compare that value to the detection threshold. The input 10 the
decision processor is presumed (o be perturbed by Gaussian distributed noise (Green and
Swets, 1974).

Figure 17 demonstrates how phonetic percept detection was performed for the two cases
of stop pairs. A decision was made whether the phone can be detected when the activity
of Lho corresponding st node reaches a peak. At that time, a mndom noise sample ig
taken from a Gaussian distribution witl: zero mean and variance ¢? and added to the ])cal\
respouse. The sum is compared to the fixed threshold, ¢. After that time, a new peak in
the activity ol the same category node can be detected only if another decision is made that
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the response has fallen below threshold, in accord with the proposition that the perception
of silence between input phones corresponds to an interval of sub-threshold activation. The
below-threshold decision is made when the ouiput activation reaches a trough, using the
same procedure as above. ‘The peak height helore adding noise may be Iegaxdod as the
deterministic response of the system to inputs separated by a given silent interval. With
noise, the peak corresponds to the mean value of a Gaussian distribution which has some
calculable Integral above the threshold criterion, which corresponds (o the probability of
exceeding threshold.

10.3 Simulation Results

Computer simulations of the model closely approximate the categorical decision bound-
aries reported by Repp (1980}, These are shown in Iligure 7. The simulated psychometric
functions replicate the principal trends of the averaged sub]v(t data. Boundaries [or all con-
ditions shilt with mean silent mi(‘z\ral m(h( ating that the percept is approximately invariant
with changes in mean silent interval. "This shift property is a direct consequence of the auto-
matic gain control in the model. %‘inglo geminate boundaries are separated in time from the
single-cluster boundaries by an inter val a])pw\nna{o]) equal to the gap found in the data
(~ 150 msec, measured hetween the no-anchor curves for the fwo (on(hlmns) This gap is
determined by the suprathreshold phase of lh(\ category node response. The single-cluster
boundary occurs at ¢ ho mean onset im]o of he response, where 'J ere 18 a 50% probability
of detecting a suprathreshold response f the first imput. The single- gosmnato 3)0}131(1(31\
occurs at the mean offsel time, where ihm e is a 50% probability of (Iotoclmo an interval of
subthreshold activity prior to the second onsel

Boundary s]opos for the geminate condition are also smaller than slopes for i_.‘he cluster
condition, as observed in the data. Not only the slope of the averaged boundary, but slopes
for all individual geminate simulations are shallow compared to tho cluster runs, in (ll(a Ling
that the )10§>abah1v of detecting a subthreshold u value varies relatively slowly with silont
interval \vhcn mean silent intervals are in the 5ommdlo regime. 1o understand this result,
recall that by the detection procedure, pmhalnli bears a direct relation to the slope of (he
u trajectory within the time range of silent in m\’alx being presented. Gain s low in the
geminate 1(*;71111(\ s0 u decays slowly with time in the temporal range of the silent inter va]t;
1.)10%(%1110{1. Consequently, the probability of « being below the threghold at the end of the
silent interval varies slowly with silent interval.

Figure 8 presents a more detailed comparison of the simulation and data. There are
no individual subject data, although subject variability was reported to be high. Recent
experimental results of Govindarajan and Coben (1991) confirm the hi"]} sub ](‘(l variability
in /ib/-/ga/ diseriminations. Therelore, it is not possible to more (‘ompi(‘ ely characterize the
degree of agreement hetween the model and the mdm(iua] data. However, the mean values of
the simulated percept probabilities were compared Lo the observed A\fomn(* probabilities. The
error in modeling probahility averaged over the six curves was 14%. The oot mean squa.z'e

AT YT TPy el e - PR, . Y1 () N ' w2 / oo Y are Fhe T 1 oT
error was computed for each curve using \/ Y =iy ~%;)7 /N, where the y; are the two-stop
probahilitics reported in Repp (1980) and the 7; are the averaged simulated probabilities, j
indexing silent interval.

The position of the simulated boundaries in the high anchor, single-cluster condition
(case 1}, and the low anchor, single-geminate condition (case ")) appear to be somewhal
shifted with respect to the empirical boundaries, although, as indi(‘ll'(\i ahove, the error
is unknown. If these differences are significant, they may 5;11%(\%1 modifications to any or
all of the factors which control w onset and offset times, namely, the gain function (2), the
threshold @, and the transmitter gates z;, as discussed above. Assuming the gain as a
function of input rate has a monotone increasing siope, no simple change to the function will
produce both a decrease in gain that delays onset times for case 1, and an increase in gain
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that advances offset times for case 2, all else remaining unchanged. However, changes in the
threshold @ can also effect shifts in 1ho houndaries. 1f ¢ were not constant but increased with
the duration of suprathreshold activity (Grossberg, 1976a; Rumelhart and Zipser, 1985),
then thresholds under single-geminate input conditions would be higher than ;-]my are with
a constant threshold, and, consequently, oflset times would be earlier. 1 appears that
combining this systematic (hangj(* in threshold with a small change of parameters in (2)
would improve the it, but such refinements ave unwarranted in the al)sonco of additional
data. llo main pmpos(‘ ol the present simulations is 1o show that resonance concepts
are sullicient to capture the main trends in the data through a real time simulation, and
to encourage lurther experiments that are better designed to disclose details of resonant
dynamics.

11. Mismatch Reset by an Orienting Subsystem

This section describes an alternative model mechanism for mismatch reset. Category
reset as defined in Section 7 occurs when the category loses its boltom up support, coupled
with the pressure of a relatively strong decay controlled by & in equation (3). In f\dd]) ive
Resonance Theory (Carpenter and Grossherg, 1991, 1993; Grossherg, 1980), an orienting
subsystem continu ous]; monitors the degree of pat tern mat(}m]o between bottom-up input
and top-down activation at the input stage. When the patterns are insufliciently matched,
as reflected by some metric of the (llstan(o between the two patiern vectors, a novelty burst
or “arousal wave” is triggered, which tends to inhibit active category nodes as it inifiates a
memory scarch for a better-fitting category, or hypothesis. Ag a result of this search, a new
category, hetter matched to the input pattern, can hecome active.

An ou(‘nimg sui)ss stem was implemented lor the model nsing the approach of Carpenter
and Grogsherg {1987h). Input and working memory activation vectors were com )mo(l using
a normalized dot product 111]0 giving a matching value

)+ i)

where {2l is the uclidean norm, \ﬁ_j,\ 523?7 ol the vector # = (xy,29,...,20). A nonspecific
inhibitory arousal signal « is released as m falls below the vigilance level p. In particular,

a = pimax(0, p-m}, (13)

which is positive only when an input pattern is presented that conflicts sufliciently with o
1o drive m below p. Subtracting the arousal signal @ from the activity level (3) gives

B W = )zt — 0,6+ ) (14)

Once w; s reset by a, working memory nodes that are associated with w; lose top-down
support and their activation decays ;)assiveiy; even without feed-lorward inhibition, if they
receive no feed-forward o\(‘itaiion A stop cluster simulation using the reset mechanism
defined above is shown in IMigure 18. The reset signal s triggered by the onset of /5, which
creates a mismatch at the working memory stage. The match m in (12) at the instant after
[y appears is

12 4 w? .
m s mf,z T (15)
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Figure 18. Activationsw; (top panel) and u; (bottom panel) for a sequence of two
phonemically unrelated inputs (rectangular pulses, top panel). Arousal signal
given by equation (13) begins synchronously with second input (triangular burst,
lower panel), and is plotted before scaling by coefficient ¥ = 20, with vigilance
p = 0.9. Other parameters are similar to those in Figure 10, except # = 0 in
equation (1).

which has a minimal value 1/vV2 for fo == . A veset signal is sent if p exceeds thal value,
for some interval alter the onset of 1, which is plotied as the triangular pulse in the lower
graph of Iligure 18. The reset inhibits active chunks in proportion to their activation, due
to the shunting inhibitory term —uya in (14), 50 u) drops sharply, quenching the resonance
with 1y,

12. Comparison with Alternative Models: FLMP, TAC, and TRACE
The ARTPHONE model is compared in this section with several other models to high-
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light their similarities and differences.

The Fuzzy Logical Model of Perception (1 LMP) of Massaro and colleagues {Massaro,
1989; Massaro and Cohen, 1991; Massaro and Oden, 1995) has had some notable successes
simulating speech data. FLMP also shares some key leatures with the ART model, but
differs hom it in basic ways. In particular, the FLMP model’s heuristics are closer to ART
than is its computational instantiation.

speaking heuristically, FLMI assumes that sensory systems activate bottom-up leatures
that are matched against top-down prototypes. An identification decision is made using the
relative goodness-of-malch between these ingredients. Thus, as in ART, both bottom-up
and top-down information are matched. 10 ilustrate FLMP (ompntat]ons suppose that
prototypes K and L are used in a given task. Denote the '1”’ stmm]u.s feature that supports
R by f; and the complementary {eatmo hat supports L by 1~ f.. Likewise, denote the j*
top-down context thal supports £ by ¢; and its ((Jmp]()m(‘n, by 1 —¢;. Then the degree
ol match to 12 and L are given by the products of bottom-up and top-down information;
namely R = fic; and L = ( - Jid{L = ¢}, and the probability of an R response is

b Jic;
T T 00 e)

lquation (16) shares some properties with ART. Tor example, it suggests that top-down
context interacts with bottom-up signals, and that the match value is normalized againsg
available alternatives. The ART matching rule and self-normalizing competitive dynamics
also have these properties.

T'his heing said, it necds to be noted that FLMDP, computationally speaking, is an alge-
braic equation that is used to fit data through parameter estimation. There are no model
internal representations. ‘Thereis no emergent process {rom whose dynamics category hound-
artes can be estimated. Although Massaro and Colien (1991) assume that a process such as
J; can take hold through time via the simple integration process

(16)

S . .
By e fi(l =), (17)

this process is not Hnked Lo any system representation, and it proceeds al a constant rate
which is insensitive 1o the external speech rate and t() tompomflv nonuniform properties
Jike mismatch reset or resonance. That is why FLMP is typically used to deseribe calegory
houndaries using the alternatives /¥ and 1, rather L}mn cz]apsod time £, as the independent,
variable.

Massaro and Cohen (! ()()l) have argued that FLMDP is more pam nonious and gives het-
ter data fits than models Hke TRACE (MceClelland and Elman, 1986) and is thus ])1(\[0;&% le.
Cutting et al. (1(302,) and Pitt. (19952, 1993h) have argued that FLMP’s parsimony is of a
type that allows it to fit data all too well, without regard to the fact that it may equally well
hi data with (hﬁ(‘] Cn even (Om}a(l](t(n ¥, processing implications. For example, to show
how bottom-up information f: from an initial speech segment and top-down context € [rom
the following speech segment interact, Massaro and Oden (1995) simply compute fe;. No
analysis 's given ol how the system knows how to do this or why, for example, other combina-
tions such as fyep are not also computed. More generally, the definitions of the [eature f; and
context ¢; are not given internal structure, For example, in 1]10 case of phonemic restoration,
what are the “features” in the noise that precedes “eel” in “noise-cel”? Are t they indi vidual
spactral components? I not, then how can they be multiplicatively matched to select only
those spectral components that are consistent with the prototype? However, in applications
of FLMP to the present, the features have not been spectral components. Likewise, it is not
clear how FLMP could simulate nontrivial temporal properties of speech, such as the 150
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msec shift of the /ib/-/ba/ category boundary in IMigure 4 or the separate boundaries given
different mean silent intervals. Without internal representations and temporal dynamics
to constrain a model such as FLMP, it must remain a hundamentally incomplete model of
cognitive processing, notwnh%a.ncimo its proven ability to fit some speech data very well.

The interactive activation model (IAM} of lets C 1)01(0])1,;011 (McClelland and Rumelhart,
19813 Rumelhart and MecClelland, 1982} and the TRACE model of speech p(‘t(oplzon (Mc-
Clelland and Elman, 1986) are (..lo.se]y related, both historically and conceptually, to ART
models, but also exhibit some notable differences. As in Cd()ssbmg (1978a}, 1AM posited
bottom-up and top-down influences on letter perception. Unlike ART, the 1981-82 version of
1AM posited different connections and processing levels than did Grossher g (1978a). In par-
ticular, IAM assumed that hoth (*\(Latoz\f and m]uh}tou connections O\m between levels,
such that (say) compatible lefters excite target words whereas incompatible letiers inhibit
targel words. In addition, IAM posited separate phoneme, letter, and word levels of process-
ing. In all ART models (c g (nossl erg, 19761, 1 (J&Ga), all connections between levels (both
bottom-up and top- down) are excitatory, and all inhibitory connections are contained within
a level. Tor purposes of language-related processing, the Jevels represent items in working
memory and list chunks (Grossherg, 1978a), rather than letters and words.

The ART processing levels and connections are preferable to those of IAM because the
latter cannot stahly learn their letter and word 1(.‘1)1(.‘5011&1 sons, and are incompatible with
various data about letter rec )umflon as was pointed ouf in Grossherg (1984, 1987). Given
how things later turned out, it 1s of some interest that these deficiencies of IAM were pointed
oul to the anthors as carly as 1980, half a vear E)OIO;O the TAM articles were submitted for
publication. In the letter Grossherg (19801 to Jay MeClelland, it was noted that the ART
model in Grossberg (1978a) “(1) explains the boundary effects on word recognition as part of
a theory of how temporal order information unfolds through time over item representations,
(2) uses these patterned representations as a basis for code (or chunk) learning, (3) shows
how subficlds of chunks sensitive to different length lists mask each other using a principle of
sell-similarity as a basis for resolving uncertain ddt(\ (1) explains how the feedback templates
from words to letters are learned and matched Ag,amsi letter codes, (5) shows why familiar
letters need 1o have word-like representations to distinguish bet fween 1(*])}0%(%1((111011% that
arc reset by rehearsal and representations thal are reset only by competition lront other
representations. At bottom, [ART] differs from [I'\\l] by § showing how constraints on learning
and code stability force the laws for competition {00.” This (onmmm(,at on was inspired l))
the fact that the letter and word recognition analyses in Grossherg (1978a) anticipated the
data thd.t TAM was used to model in a lecture that McClelland gave at MIT in 1980.

meveral years later, the IAM postulates were 101)3:1((‘(] oy ART postulates in McClelland
(1985) and McClelland and Ilman (1986). At this time, l\-"ic(]](ﬂla.l.ld (1985) also recom-
mended that TAM he viewed, not as a model, bm as a framework in which one could avoid
“worrying about the p]mmb}]] v ol assuming that they provide an adequate description of
the actual 1mplementation™ (p. 144). This adtitude was criticized m arogsberg (1987) be-
cause it won](] prevent falsifiability of a model. 1AM could not be (hh])lovei hecause s
postulates could be [reely changed to those of other models, including earlier models such
as AR

In particular, the MeClelland and Elman (1986} speech model incorporated some basic
ART postulates: “units on dilferent levels that are 1111,1Lua|] y consistent have mutually excita-
tory connections while units on the same level that are inconsistent have mutually inhibitory
connections. The interactive activation model included inhibitory connections between [lev-
els]...more recent versions...eliminate these between -level inhibitory connections, since these
connections can interfere with successful use of partial information. This feature of TRACIS
plays a very important role in its ability to simulate a number of empirical phenomena”
(McClelland and Elman, 1986, pp. 10-12). On the other hand, TRACI makes other as-
sumptions that would make it ver v hard for it to explain the type of data discussed herein
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and in earlier ART language analyses; e.g., Cohen and Grossherg (1986) and Grossberg
(1978a, 1978, 1986},

A key problem of TRACE is thal “it requires massive duplication of units and connec-
tions, copying over and over again the connection patterns that determine which features
A(tnalo which ph()nmnos and which phonemes activate which words™ (p. 77). This happens

1 TRACKE because it posits that each event 15 recopied muln)lc times al every moment,
r “time slice”, during which it occurs. The TRACE model thus does not operate in real
t;mo It does not treat time as an independent variable. ]-{.a.t]'ler, it {reats time as a strue-
tural variable that is used to separate events into different time slices, As a result, TRACK
cannot analyse variable-rate speech, as in the Repp (1980) data. 1t i also not )05511)!0 for
the model to understand generalization effects, as they are usually undorst()(‘)(l becauso each
word representation has multiple copies on multiple thue slices. Indeed ‘there is a unit for
every word in (‘\rmy time slice” (p. 18). Learning is also rendered difficult for the same
reason. In particular, how would learning of a representation on one time slice n]ﬂuon('_‘.e a
represent amon of the same information on another time slice?

T'he dynamical equations used by JAM and TRACIE are related to the shunting equations
used in ART, as MeClelland and Rumelhart (J% ) and McClelland and 12lman (I()%()) both
note. Asin the shunting equation (1), the TRACIS dynamical equations deseribe activations

that remain bounded due to multipiication h\f shunting terms. However, the TRACI equa-
tions were modified so that they do not have a plausil 10 neural interpretation and lose the
main property of the shunting on-center off-surround networks; namely, the ART equations
compute ratios of their inputs and do not saturate when the total mput becomes large.
These properties are crucial for designing working memories that can explain 10mp(>1 al order
data and whose activation patterns can be gtably l(\nnod by ]l\i (hun]\s (Hlads]\} larpenier
and Grossberg, 1992, 1994, Grossberg, 1973, 1978a, 1978b). TRACE loses these propertics
because the sum 37 = [y — [ of excitatory inputs /2 and inl‘ubzl,.()z.y mpm,s 1 to a cell with
activity z is multl];ho(l in TRACE by a shunting term (4 — ) 1t 37 is pmiﬁ\o and by a
shunting term (@ -+ ~) i ¥ iy negative. This dserete switeh between terms ( — @) and
—{2 + ) has no obvious physical mlozpm afion. Due to thig S\\‘lt(,}lll]\ﬂ Lorm, 2 remains
bounded hetween the values an(l —7. but hecomes insensitive to [2 and [ as 3 becomes
large in absolute value. In contrast, }' in (1} does not lose its sensitivity to input ratios as
the total in]mi, becomes large. This is because the excitatory on-center inputs in (1) multiply
the shunting term (4 - w;) while the inhibitory off- surround terms simultancously multiply
the hnnimg) mm —10;. Only then are the two terms summed. In summary, adding 2 and
—/ inputs before shunting them leads to gualitatively different properties than shunting them
individually before adding them.

The TRACLE model omits two of the most important ART mechanisms {or building a
more complete theory of speech and ]anguano processing. In })dm(ulm TRACIE does not
develop mechanisms of resonance and reset. The authors claim that ¢ ]\(‘ops straight what
occurred when in the speech stream™ {p. 75}, but it does this only at tho price of replicating
all events and their representations in multiple time slices, Desy )11(\ this maneuver, the model
cannot explain significant backward effects in time over sil(mt. intervals. Indeed, silence is
itsell treated as feature that is input to the network into a new time slice at each moment
when sifence oceurs. Such a rigidly clocked silence cannot naturally explain the 150 msec
shift in the category boundaries described in Rej pp (1980) and simulated hero'nil. In contrast,
a concept of resonance allows fusion events, as in the [iba] percept of Figure 4, to span an
unusually long silence interval, and allows future data, such as {g] in the percept [iga] to
influence past input activations belore they reach resonance.

The two types of AR reset - category collapse and misimzatch reset - also do not ocawn
1 TRACE. These reset 1:1'1(—?(.:]%111131115 clarily how resonances can bhe terminated despite ,he
positive feedback that occurs due to bottom-up and top-down excitatory signals. In contrast,
TRACE has no natural real-time mechanisms for resetting representations. Instead, it treats
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silence as a structural feature which can be used to inhibit non-silent representations via
lateral inhibition from silence nodes to other nodal representations.

TRACE also does not implement an ART matching rule. For example, “If higher levels
insist that a particular phoneme is present, then the unit I(n that phoneme can he activated

; then the learning mechanism can ‘retune’ the detector...” (p. 75). This property implies
that learning in the TRACIS model, were it ever m}]}l(zmm]t(‘(‘] would be unstable 'hrouo‘}
time (Carpenter and (-10%3])@153, 1987a; Grossherg, 1980). This way of using top- clown
feedback also implies that TRACE cannot explain ph(moml( restoration da{a as in Section 1,
in which silence remaing stlent after top-down Teedback acts, and a reduced set of h|)0(,,.1c11
components in a noise input leads to a correspondingly degraded consonant sound.

The anthors of TRACIE are aware of some of these difficulties. They end their article by
noting that a “fundamental deficiency of TRACIS is that it requires massive duplication of
units. However, 1t remains necessary to keep straight the relative temporal location of dif-
ferent...activations...we need (o have i botl \\ays .80 that we can coniinue to accommodate
hoth left and right contextual eflects™ {(p. 77). TRACI uses some basic ART postulates to
partially accomplish this. On the other hand, h\ not incorporating a true resonance ev om
and all that goes with it, the TRACI model loses the abilily to operate in real time and 1
self-organize. We suggosi as in Grossherg (1978a, 1986) that many of these problems vdmsh
whm a speech percept is analysed as a resonant wave. Then silence can be interpreted as
a temporal discontinuity in the resonant wave, rather than as a buili-in silence feature in a
Im.rc:l~w§re<] series of time slices.

13. Discussion: How General are Resonant Dynamics in the Brain?

This article describes and simulates the ARTPHONIS neural network model for rate-
imvariant phonetic perception thal guantitatively (l(‘\-‘(?i(}_)b aspects of the speech and word
recognition model introduced in (:10<«s|)01g (1978a. 1986); also see Coben and Grossherg
(I%()) and Grossherg and Stone (J(b()) The ARTPHONIS model uses list chunking nodes
that categorize s oquon(os ol phonetic items while supporting the storage of consistent items
in working memory using top-down [eedback. Feedback Lo \\'(n]\mgj memory nodes, in turn,
111(1(&1%0% bottom-up mpul Lo the associated list nodes, leading to a resonant response iden-
tified with the speech percept.

The long-lasting resonance time scale provides an explanation of why the geminate cai-
egorical curves in 1101110 4 are shifted 150 msec heyond those of the cluster curves. Ih(‘
(()]lapso ol resonant responses due to habituation helps to account for the finite span of
conscious percepts in general and the single-geminate boundary in particular. An carlier
version of 1.ho model, briefly reported in ]30(11(1111(111 Cohen, and Grossberg {1993), could not
explain the 150 msec shift of the cat tegorical I)oundaw in the geminate case because it did
not in(,:(}r]fmm,o ART resonant l.nrm.h].lg?

In the cluster (_:a.se; when new inputs, such as /g/, are inconsistent with an active ex-
pectation, such as that of /b/, as reflected 10 the pattern of top-down fecdhack, then active
list. chunks are 1&])1(]]} veset, thereby explaining h()\\ the resonance time scale is d(m\(‘]v cut
short in the cluster case. Network a<11vaho11 rates are also globally modulated based on a
running average of input signal density so that the time required to segregale or mt(‘g)l ate
responses scales with mean input presentation rate. These properties allow computer sim-
ulations of the model to closely approximate human subject performance in psychophysical
diseriminations ol stop- consonant paiss.

The model simulation will he Turther extended in the luture Lo include multiple scales
for list, nodes. List nodes for 1ist sizes greater than one are, lor example, needed 10 address
the “gray chip”/“great ship” dichotomy reported by Repp et al (1 ()?8') The list nodes
would then, as suggested in Grossberg {1986), incorporate multiple scale chunking network
properties, also called masking field properties, that were 1(‘[@;10(] to in Section 2. Using such
an enhanced network, a list category node for /gret/ could mask the nodes for /gre/ under
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conditions that support activation of the /t/ item. It would then be possible to investigate
the role of segment duration and spml\mg) rate on grouping dynamics for several list lengths.

The central message of the present simulations is to illustrate how a model wherein con-
scious speech is an emergent property of a resonant process can be used to quanmatncl;
explain difficult psychometric data about variable-rate speech (atogou/,ah{m nuch data ex
emplily what Bregman (1990) has called the schema- Ms(‘d segregation process, (o disting msh
it from: the pr mnmo streaming process whereby multiple acoustic sources can be segregated
from one another using cues such as pitch and location, as in the cocktail party problem.
Primitive streaming data have re em]y been modeled uxmg a neural mclnle(imo catled the
ARTSTREAM modo] in which ART resonant dynamics again obtain, here hetween multi-
ple spectral l(.‘])lC.S()Hf,.dil()l]s and pitch representations of acoustic data ( sovindarajan el al.,
19943,

In the ARTSTREAM model, the incoming auditory signal gets preprocessed by the
cars’ mechanical and neurophysiological filters, which divide sounds into groups of similar
frequencies. The spectral, or [requency, components of a sound stream serve ag inputs for
multiple spectral stream layers, which each convert the incoming mgnai iito a spatial map
ol frequencies. As a result, a specific sound activates a specific spatial pattern of activalion
ACTOSS 1}]0 spectral stream cells of all model streams. This representation is analogous to the
working memory of the ARTPHONIE maodel.

ILach spectral stream layer emits bottom-up slgnals to its pitch stream layer, which plays
the role of the category layer in the ARTPHONIS model. 3(*1\\'{*01] layers, the botton- up
pathways act like a type of harmonic sieve that filters the spectrum so that only certain
harmonically related [requencies can activate a pitch node \\*}Lhm each pitch stream. The
[(tered bottom-up signals activate muoltiple representations ol a sound’s pitch across the
several streams al the piteh stream level. These pitch rey n‘osonlaiitam compete to select a
single winning pitch m}do which becomes active much as at the lst chunking layer of the
ARTPHONE model.

The winning pitch node inhibits the redundant pitch representations in other piteh
streams, as it som]s top-downr matching signals back (o its spectral stream level. These top-
down swn(\]s realize 1]10 ART mai (hmo 111}(‘ by exciting speciral nodes whose hazmom(alh
refated Il(‘ uencies are consistent with 1h(* selected pit {h and inhibiting all other frequencies
within its h[_.l(.‘.d]}}. As a result only those spectral n(Jd(‘s that receive simultancous bottom- up
and top-down signals can remain active within that stream. This leads (o a spectral-pitch
resonance within the stream of the winning pitch node.

‘This resonance binds together the frequency components that correspond 1o an anditory
source with a prescribed pitch. All the suppressed frequency components in this stream are
then freed to activate other spectral streams and to resonate with a different pitch node in a
different pit(h stream, The net result is multiple spectral-pitch resonances, each selectively
grouping together the frequencies that correspond to a (hstm(t auditory source. The model
shows ow a given stream can track changes thirough time in each source’s pitch in a manner
that simulates psychophysical data.

In summary, both the ARTSTRIEAM and ARTPHONI models employ similar resonant
dynamics that are specialized to deal with the different invariant properties of the inputs
that they process. It therefore appears that resonant matching ])10(0%05 may play a role
at multiple levels of auditory and speech processing to (()ustlu(l coherent representations of
acoustic objects from the jumble 0[ noise and harmonics that relentlessly hombards our ears
throughout life.

How generally do similar resonant dynamics oceur in other brain systems? To approach
this question, it is important to realize that ART dynamics have been proposed to solve the
general stability-plasticity dilemma of how the brain can rapidly learn new information with-
out being forced into calastrophically forgetting previously learned information (Grossherg,
19803, This hypothesis raises the question of whether similar AR principles and mecha-
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nisms are used to enable other brain systems than the auditory system to adapt to their
changing input environments, perhaps with specialized properties that have evolved to cope
with the different invariant properties of the inputs experienced by these systems. Grossherg
(1995) has reviewed evidence that, indeed, ART mechanisms of attentive top-down matching
and resonance are also employed i in brain systems for carly \,mon visual (the(‘t 10(‘(;({411[101}
somatosensory recognition, and adaptive sensory-motor control. The abilit ty of ART systems
Lo rapidly and st ahly learn in real time to recognize large amounts of information in response
to a mpui]} changing envirenment has also led to their use in a wide variety of technolog-
ical applications, ranging from airplane design and medical data base prediction to mmuio
sensing and the control of mobile 10)0(5 see Carpenter and Grossherg (1994, 1995) for some
references.
An exciting prospect for future research is to develop a precise understanding of how the
shared organization principles in all the brain systems that undergo recognition learning,
('ai(m(na/,at]()r: and prediction have been specialized through evolution, development, and
lmmmg for ;)10(0\%111&, their own types of data. No less exciting is the prospect ¢ that the
existence of such similar dynamics across modalities, and acress levels of processing within
modalities, promise to (Ianfy how the brain integrates multiple sources of informagion into
unified moments of conscions experience.
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