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Abstract

We have recantly developed a new model of human speed
reaognition, based onautomatic speed recognition techniques
[1]. The present paper has two goals. First, we show that the
new model performs well in the remgnition o lexicdly
ambiguouws input. These demonstrations suggest that the model
is able to operate in the same optimal way as human listeners.
Seoond, we discuss how to relate the behaviour of a
recogniser, designed to discover the optimum path through a
word lattice to data from human listening experiments. We
argue that this requires a metric that combines both peth-based
and word-based measures of reagnition performance The
combined metric varies continuowsly as the inpu speed
signal unfolds over time.

1. Introduction

The SPEech-based Model of human speed reaognition
(SpeM [1]) is based on procedures and techniques used in
automatic speed recognition (ASR), but attempts to acourt
for the performance of human listeners. SpeM therefore
implements the same re theoreticd assumptions abou
human speed remgnition (HSR) as are implemented in the
HSR model Shortlist [2,3]. SpeM is an advance on Shortlist
in at least two ways (see[1] for further details). First, SpeM
can take red speed as inpu, while the input of Shortlist
consists of an error-free string of discrete phoremes. Second,
SpeM can ded with the pronurtiation variants in red speedt
caused by processes guch as insertion and deletion. The
lexicd seach processin Shortlist is unable to ded with a
mismatch between the number of phoresin the inpu and the
number of phores dored in the canoricd pronurciations
stored in the Shortlist lexicon.

In the present paper, we show that SpeM is able to
acourt for key aspeds of human listening ability. We
compare its performance to that of the Shortlist model, and
show that SpeM, like Shortlist before it, cen recognise the
words in stretches of speed that are lexicdly ambiguous.
Most data on human spoken word recognition involves
measures of how quickly or acarately words can be
identified. A central requirement of any model of human
speedr reaognition is therefore that it shoud be &le to
provide a continuols measure (usualy referred to as
‘adivation’ in the psychologicd literature) of how easy eath
word will be for listeners to identify. We aldressthe problem
of relating the performance of a path-based mode of
continuols Peedr recgnition to word-based data from
psycholi nguistic experiments.

2. SpeM

SpeM segments continuows geed fragments by finding the
optimal path through a lexicon and the input using a dynamic
programming agorithm. For the word search process SpeM
uses a lexicon containing the words it shoud be @le to
reaognise. Internally, the lexicon is transformed into a lexicd
treein which the entries dhare ommon keginnings of phores
and ead peth through the tree represents a word. The treehas
one root node and as many end nodes as there ae words in
thelexicon.

The inpu for SpeM consists of a phore graph. Figure 1
shows a graphicd representation d an input phore graph. A
graph has one begin nock (‘B’) and ore end noe (‘E’). Each
arc (conredion between two nodks) caries a phore and its
bottom-up evidence in the aoustic signa (acustic cost). For
the sake of clarity, not al phores and their amustic costs are
shown. This inpu can be provided by an automatic phore
reaogniser (APR), which takes red speet as inpu and
generates probabili stic phore graphs such as that shown in
Figure 1. In the simulations in the present paper, the inpus
were the 1-best outputs of an ided (flawlesg APR.

The seach for the best-matching sequence of words for a
given input in SpeM is the seach for the thegest path
through the graph that is the product of the input phore graph
and the lexicd tree Asdescribed in [1], the total cost of eath
path is the sum of a number of costs, including, criticdly, the
aomustic cost of that path (i.e., the negative log likelihood
determined by the APR), costs assciated with mismatches
between the input and the lexicd treedue to phore insertions,
deletions, and substitutions, the Possble Word Constraint
cost [4], and aword entrance penalty (the st asociated with
starting a new word). As also described in [1], the model
generates a set of N-best paths, after pruning medianisms
have removed dugicae and/or improbable paths.

Figure 1. Graphicd representation o an inpu phore
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AI76.65 /10385
(&) O
sil/33.23

53.8
sil/147.65



3. Lexically ambiguous utterances

3.1. Materials

We examined the behaviour of SpeM when it was confronted
with the following lexicdly ambiguous utterances (in DISC-
notation):

1 [Kt@lQd]
2.  [SIpINkw2@ri]
3. [Slpl&xw2@ri]

(orthography: caaogue)
(orthography: ship inquiry)
(orthography: ship i?quiry)

The first input is ether the transcription o the word
catalogue, or of the sequence of words cat a log. Human
listeners, and the origina Shortlist model [2], will recognise
this seguence of phores as the longer word. Will SpeM be
able to corredly parse such sequences?

In the second inpu, the cntinuows peedr fragment
consists of the phoremic transcriptions of the words ship and
inquiry. In the third inpu, the [N] of inquiry is replaced by an
ambiguows phore: [7]. (The phore [7] matches al other
phones with the same small cost.) This squence is again
lexicdly ambiguous, at least until the penultimate phoreme:
up to the [r], the sequenceis consistent with the interpretation
shipping choir. Furthermore, there is more suppat in this
sequence for the incorred lexicd hypothesis shipping than for
the crred hypothesis ship. Will SpeM be ale to parse this
inpu corredly, like human listeners? That is, will the model
be @le to use the information at the end d the sequence to
corredly interpret the information at the beginning of the
sequence, even thouwgh the lexicd hypotheses (ship and
inquiry) do na overlap in time? The adility of listeners to
recognise such sequences has been taken as evidence that
HSR entals the relative evaluation d multiple lexicd
hypotheses beginning at different pointsin the signal [2], and
experimental evidence supparts this observation [4].

The lexicon wsed in these simulations is identicd to that
used in the Shortlist simulations in [3]. Each word has one
canonicd phoremic representation, totalli ng 26,449 entries.

3.2. Calculating word activation

Shortlist provides a straightforward measure of human
performance It is a locdist conredionist model, with
separate nodes for ead candidate word involved in the
current lexicd seach [2]. Each of these nodes has an
adivation value, which changes over time & more of the
inpu is procesed. In Shortlist, therefore, word adivation
provides a time-varying measure of the strength o different
lexicd hypotheses. Word adivation can be diredly compared
to performance by listeners in psychadlinguistic experiments,
where they are often required to make word-based dedsions.
How then can the path-based analysis in SpeM be related to
human performance, and to the performance of Shortlist?

Although a word chaice is implicit in the coice of the
best path in SpeM, the total score of a path (the path score
heredter) does nat give us dired estimates of the adivation o
individual words. Furthermore, the path score is computed
incrementally, as the input unfolds over time. Therefore, as
the ship/shipping example makes clea, words on the best
path at one point during the input may not be on the best path
a a later time. But the best path dces indicate which words
aremost likely to bein theinpu.

The main problem with using the path score & the
measure of word adivation, however, is that the path score
can be dramaticaly reduced by the presence of a single
difficult to remgnise word ealy on in an uterance It is
unlikely that such words make dealy spoken words later in
the utterance harder to identify. For example, when the inpu
contains an error or an ambiguous phore (e.g., Inpu 3), and if
the word adivation is based onthe path score, the probability
of bath inquiry and ship will be lower than in the cae where
thereis perfed inpu (i.e.,, Inpu 2). While thisis plausible for
the degraded word inquiry itself, it is not a satisfacory
acourt for the word ship, since there is no error in the input
with resped to ship. A seaond poblem with the path score is
that athough it gives us an incremental measure of path
likelihood it does not give an incremental measure of the
adivation d individual words.

In addition to the total score of a path, SpeM aso
provides the bottom-up evidence for eat word in the stretch
of the inpu it corresponds to. The bottom-up evidence
increases over time while the candidate word matches the
inpu and it is diredly related to whether or nat there is a
match between the inpu and the candidate word. For
example, when encourtering [@] in Inpu 1, there is no
longer amatch between the candidate word cat and the input.
It is only during the input [k{t] that the word cat has bottom-
up suppat. Since it shoud also be possble for a candidate
word to be adivated after the word's offset in the inpu, the
word's bottom-up evidence shoud aso nd be used as the
measure of the adivation d the word.

In order to oktain a measure of word adivation that is
both incremental at the level of the word and will provide an
adivation measure dter the word's offset in the inpu, both
the path score and the battom-up evidence of the word shoud
be taken into acourt. However, there is anather problem with
the battom-up evidence of a word and the path score. Both
measures are denoted in pasteriori log probabiliti es. These
probabilities 1) deaease over time even when there is a
perfed match between the input and the candidate word,
whereas adivation always increases in this case; 2) the lower
the log probability, the more likely the candidate is, whereas
in terms of word adivation, the higher the adivation, the
more likely theword is.

A measure based on log probabilities can be onverted
into a measure that incresses over time (when there is a
perfed match between the input and the candidate word), and
where the most likely word (or path) has the highest
adivation. This new measure is cdled the Bayesian adivation
(Actg). The Bayesian adivation is based on the wsts
mentioned in Sedion 2above (withou the st to start a new
word) and is cdculated for both paths and words.

Our measure of word adivation (Act(Word)) then, is
based onthe product of the Bayesian adivation d the word
(Actg(Word)) and the Bayesian adivation d eadh path
(Actg(Path)) the word lies on:

Act(Word) = ActB(\Nord) . ActB(Path) Q)

This measure takes both path and individual word scores
into acount, and therefore does not suffer from the same
problems as the purely path-based and puely word-based
measures of word adivation.



4. Resaults

The results of the ‘caalogue’ and ‘ship inquiry’ smulations
are shown in Figure 2-4. In al figures, the upper panel shows
the raw bottom-up scores of the candidate words (acoustic
score plus costs asociated with insertions, deletions, and
substitutions) and the midde panel shows the path score. The
y-axis of both these panels is in log probabiliti es. Note that
the higher the log probability, the more likely is the candidate
word, and that log probabiliti es deaease over time. Finally,
the bottom panel in al figures displays the word adivation as
cdculated using Equation 1 Only the most highly adivated
words are plotted. The path associated with the adivation o
those candidate words is $hown inside bradkets.

Figure 2 shows that, asin the original Shortlist model (see
Figure 3, p. 213 in [2]), SpeM prefers the single lexicd
hypathesis catalogue to the dternative parse cat a log. The
path-based analysis (middle panel) shows that the cat a log
parse is dightly worse than the catalogue parse. They baoth
have the same amourt of bottom-up suppat; however, in the
case of cat a log, three word entrance penalties are alded to
the path cost, whereas in the cae of catalogue only one
entrance penaty is added. This implies that sequences of
words are less likely than single words, thus that the parse
prefers longer segments.

These results siow that the mode offers an opimal
lexicd interpretation o the input at any moment in time, just
likeit appeasthat human listenersdo[5,6].

Figure 2. The raw amustic scores of the candidate
words (upper panel), the total cost of the path (middle
pandl), and the word adivation (bottom panel) when
the inpu was [k{t@!Qq].
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Figure 3 shows the results obtained onthe ‘ship inquiry’
simulation given perfed inpu (Input 2). The upper panel
clealy shows that there is more bottom-up evidence for
shipping (dotted line and triangles) than for ship (dotted line
and squares): the word batom-up score of ship deaeases
ealier than the word bdtom-up score of shipping.
Furthermore, the word with the greaest degree of bottom-up
suppat at the end o theinpu isinquiry.
The middle panel of Figure 3 shows that the parses ship
inquiry, shipping choir, and shipping query have the same
bottom-up evidence urtil the phoreme [w]. After the [w], the

parse shipping query bewmmes unlikely. (Note that the
difference in path costs aroundthe [I] and [N] are related to
the word entrance penalty that is added to the path cost of
ship inquiry at an ealier point in time than for the other two
parses.) The penultimate phoreme [r] disambiguates between
the ship inquiry and shipping choir parses. The parse
shipping choir is penaised for the mismatching phoremes
causing its path cost to deaease more than the parse ship
inquiry.

The word adivation d shipping (see bottom panel) is
indeed higher than the word adivation o ship urtil the
penultimate phoreme, asisto be expeded onthe basis of the
bottom-up evidence However, since the parse ship inquiry is
more likely than shipping choir or shipping query, the word
adivation o ship is higher than the word adivation o
shipping at the end o the inpu.

Figure 3. The raw amustic scores of the candidate
words (upper pand), the total cost of the path (middle
panel), and the word adivation (bottom panel) when
the input was [SIpINkw2@ri].
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Figure 4. The raw acustic scores of the candidate
words (upper pand), the total cost of the path (middle
panel), and the word adivation (bottom panel) when
the input was [ Sl pl kw2@ri].
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Figure 4 shows a similar picture for the degraded input
‘ship i?quiry’ (Input 3). In spite of the anbiguous £ond
phoreme in the seaond word, the words ship and inquiry are
the most highly adivated lexicd candidates at the end d the
inpu. Note, however, that the adivation d ship is lower at
the off set of the anbiguous squence (bottom panel, Figure 4)
than at the off set of the unambiguous squence (bottom panel,
Figure 3), even though the degree of bottom-up suppat for
ship was the same in bah cases. As we discussin more detail
below, this finding questions the validity of the measure
Act(Word). These simulations nevertheless $iow that SpeM is
able to parse wrredly lexicdly ambiguous continuows eeh
fragments such as ‘ship inquiry’, like human listeners and like
the original Shortlist model (seeFigure 8, p. 220, in[2]).

5. Discussion and Conclusion

In this paper, we have investigated the modelling of human
spoken-word reagnition wsing ASR-based alignment scores
in a word seach agorithm based on d/namic programming
techniques. The resulting model (cdled SpeM) is able to
simulate word adivations in acordance with findings based
on human speed recogniti on experiments.

SpeM is dill able to corredly parse the input when the
inpu contains an error or an ambiguous phore. From HSR,
we know that word adivations oud increase during the
processng of the eswciated stretch of speed in cese of
corred inpu, and that the adivations siodd na vanish after
the word's offset. In this paper, we stipulate that word
adivation is a function d two fadors, namely, the Bayesian
word adivation (based on the bottom-up evidence in the
signa of the word itself), and the Bayesian adivation d the
seach path on which the word occurs. This computational
implementation shows adequate but not entirely satisfadory
simulation results. The model is able to cgpture wrredly the
observations that human li steners perform an optimal analysis
of the speed signal and that this analysis changes
continuowsly over time, as more speed is head [5,6]. But the
model makes the murter-intuitive prediction that a word will
be less $rongly adivated when another word in the same path
is degraded.

The predse role of path scores in word adivation thus
needs more investigation. It is clea from our results © far
that a psychologicdly plausible measure of word adivation
nedls to avoid various problems assciated with peth scores:
the faa that path scores deaease in longer utterances, and ou
finding that poor path scores cen reflea unddy on the
adivation o words which fully match theinput. Nevertheless
path scores in a path-based model shoud play some kind o
role in word adivation: it is after all the overdl better fit of
the path ship inquiry, relative to the parses beginning with the
word shipping, that allows ship to emerge & the winning
candidate, in spite of the overall better bottom-up suppat for
shipping.

Our current reseach is therefore focussng on a
theoreticd basis for word adivation in which peth scores are
incorporated in a more indired way in the final measure. One
posshility is to relate the HSR naotion o ‘word adivation’ to
the ASR nation o ‘confidence score’ . Another possbility that
we ae onsdering is one in which word adivation is a
measure derived by summing over al paths which contain
that word, rather than, as in the arrent implementation, a
measure omputed separately for ead path. We ae dso

examining whether longer words soud be favoured over
shorter words in the final measure of lexicd adivation (cf. the
difference between ship and inquiry in the bottom pand of
Figure 3) and how to include measures of word frequency
(i.e., prior probabiliti es of individual words).

The longer-term aim of this reseach projed isto simulate
the performance of human listeners in  spedfic
psychdlinguistic experiments (e.g., [3]). That is, we hope to
compare the adivation values generated by SpeM to readion
time and error rate measures in word recogniti on tasks. Such a
comparison clealy requires a satisfadory word-based
measure of reaognition performance Our current Act(Word)
measure is a promising step towards this goal, in that it
captures the way in which human listeners continuowly
upckte their lexicd interpretations of continuows geed as
the speed signal unfolds over time.

We have shown that SpeM is able to corredly parse
lexicdly ambiguous continuows eed fragments, like human
listeners and like the origina Shortlist model. Furthermore,
sinceits word search implementation is based ona transparent
and computationadly elegant dynamic  programming
technique, it is able to hande insertions and dceletions in the
inpu adequately (see[1] for detail s).
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