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Phonological judgements are often gradient: blickZ?bwickZ*bnickZ**bzick.
The mechanisms behind gradient generalisation remain controversial, however.
This paper tests the role of phonological features in helping speakers evaluate
which novel combinations receive greater lexical support. A model is proposed in
which the acceptability of a string is based on the most probable combination of
natural classes that it instantiates. The model is tested on its ability to predict
acceptability ratings of nonce words, and its predictions are compared against
those of models that lack features or economise on feature specifications. The
proposed model achieves the best balance of performance on attested and un-
attested sequences, and is a significant predictor of acceptability even after the
other models are factored out. The feature-based model’s predictions do not
completely subsume those of simpler models, however. This may indicate mul-
tiple levels of evaluation, involving segment-based phonotactic probability and
feature-based gradient phonological grammaticality.

1 Introduction

When native speakers are asked to judge made-up (nonce) words, their
intuitions are rarely all-or-nothing. In the usual case, novel items fall
along a gradient cline of acceptability.1 Intermediate levels of acceptability
are illustrated for a selection of novel pseudo-English words in (1). These
range from words like [stIn], which speakers tend to deem quite plausible
as a possible word of English, to [Sœb], which is typically judged to be
implausible or outlandish.

* I am very grateful to the following people for valuable comments, suggestions and
technical advice: Arto Anttila, Todd Bailey, Andries Coetzee, Edward Flemming,
Bruce Hayes, René Kager, Jonah Katz, Joe Pater, Donca Steriade, Josh Tenen-
baum, Colin Wilson and two anonymous reviewers. All remaining errors are, of
course, my own.

1 I use the term gradient ACCEPTABILITY rather than gradient WORDLIKENESS or
GRAMMATICALITY, since those terms presuppose particular underlying mechanisms.
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best
(1) ‘How good would … be as a word of English?’

stin
blick

intermediate blafe
bwip
dlap

worst bzack

[stIn]
[blIk]
[bleIf]
[bwIp]
[dlæp]
[bzæk]

mip
skell
smy
smum
mrock
shöb

[mIp]
[skEl]
[smaI]
[smVm]
[mÓak]
[Sœb]

Numerous studies have demonstrated a relation between gradient
acceptability and lexical statistics, using data from different domains
and different experimental methodologies (Greenberg & Jenkins 1964,
Scholes 1966, Ohala & Ohala 1986, Coleman & Pierrehumbert 1997,
Frisch et al. 2000, Bailey & Hahn 2001, Hay et al. 2004, Shademan 2007
and many others).

The fact that acceptability correlates with facts about the English lexi-
con is intuitive and unsurprising. For example, counts of English lemmas
from CELEX (Baayen et al. 1993) reveal that English has fewer words
starting with [bl] than with [st], fewer yet starting with [bw] and none
starting with [dl] or [bz], roughly mirroring the intuitions in (1). What
remains far from certain, however, is what form that knowledge takes,
how it is learned and whether gradient differences are reflected in the
grammar itself. On the one hand, reactions to nonce words (or ‘wug’
words; Berko 1958) are often taken to be a powerful source of evidence for
the grammatical knowledge that speakers have about licit structures in
their language. At the same time, acceptability judgments may also be
influenced by a number of other, non-grammatical considerations. First,
speakers may estimate the overall phonetic similarity of nonce words to
known words, calculating the degree of support from existing lexical items
(NEIGHBOURHOOD DENSITY; Greenberg & Jenkins 1964, Coltheart et al.
1977, Luce 1986, Ohala & Ohala 1986, Newman et al. 1997, Luce & Pisoni
1998, Bailey & Hahn 2001). In addition, speakers may decompose novel
words into substrings in the course of word segmentation and lexical
access, calculating the probability of each combination of phonemes in the
lexicon (PHONOTACTIC PROBABILITY; Jusczyk et al. 1994, Vitevitch et al.
1997, Vitevitch & Luce 1998, Auer & Luce 2005). Even relatively simple
versions of neighbourhood density and phonotactic probability, which
employ none of the familiar features of phonological grammar such as
prosodic structure, features or markedness, have been shown to be sig-
nificant predictors of the acceptability of nonce words composed of rare vs.
common sequences (Ohala & Ohala 1986, Vitevitch et al. 1996, Bailey &
Hahn 2001). Such results are sometimes taken to indicate that responses to
nonce words have little to do with grammar at all, but rather reflect the
involvement of non-grammatical mechanisms such as a prelexical parser
that calculates phonotactic probability for the purpose of finding word
and morpheme boundaries (Vitevitch & Luce 1999, Hay 2003), or a
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word-learning mechanism that evaluates the likelihood that a hypothetical
new word is actually a word of the language (Schütze 2005).
Although simple neighbourhood and phonotactic models have been

moderately successful in predicting gradient acceptability of mono-
syllables composed of attested phoneme combinations (stin"blafe),
they are not so well suited to the task of modelling differences between
unattested combinations (dlack"bzack). For the task of differentiat-
ing among unattested sequences, it appears that models may benefit
from incorporating elements of phonological structure. Coleman &
Pierrehumbert (1997) propose a model that parses words into maximally
probable syllables, allowing unattested medial clusters to be broken up
into the most probable coda+onset combination. This strategy has been
shown to outperform simpler measures like neighbourhood density or
biphone probability in modelling acceptability of medial sequences in
polysyllabic words (Coleman & Pierrehumbert 1997, Frisch et al. 2000,
Hay et al. 2004). In order to capture differences among unattested initial
and final clusters ([#dl]"[#bz]), for which the syllabic parse is un-
ambiguously the same, it is useful to refer to a different type of phono-
logical structure, namely, featural overlap with attested clusters such as
[#bl], [#gl] and [#d�]. Hayes &Wilson (2008) propose an inductive model
that uses features to learn constraints on natural classes of phonemes,
which allows different unattested clusters to be assigned different penal-
ties. They show that this model outperforms simple neighbourhood den-
sity, bigram transitional probability and the Coleman & Pierrehumbert
(1997) model in predicting the acceptability of a variety of novel onset
clusters. This success on unattested clusters is a direct consequence of
the model’s use of phonological features. However, as we will see below,
the model fails to differentiate clusters that are at least moderately well
attested ([#st]"[#bl]).
In this paper, I propose a model that combines the advantages of a

simple segment-based n-gram phonotactic model in capturing differences
among attested sequences with the advantages of a feature-based model in
generalising to unattested sequences. Like an n-gram model, the model
decomposes words into strings of a fixed length (here biphones) and
calculates the transitional probability from one segment to the next.
However, rather than considering transitions between segments directly,
the model calculates probabilities over combinations of natural classes.
For each biphone in the word, the model determines the most probable
parse in terms of natural classes, assigning a score based on the most
probable combinations. Following Hayes & Wilson (2008), the perform-
ance of the model is first assessed on a set of acceptability ratings of onset
clusters (Scholes 1966). The results (w3.1) show that the model provides a
reasonably good balance of performance on gradient acceptability of both
attested and unattested clusters. In w3.2, the model is tested on its ability
to model acceptability ratings of longer strings, using data from a set of
monosyllabic nonce words involving a mix of common and rare sequences
(Albright & Hayes 2003). These results show that ratings of entire words
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are captured quite accurately using a model that combines proba-
bilities cumulatively across the word, echoing findings by Coleman &
Pierrehumbert (1997), Frisch et al. (2000) and others, but contrary to
standard assumptions of Optimality Theory (Prince & Smolensky 2004).
Importantly, this section also finds distinct effects of segment-based and
feature-based biphone probability, which apparently cannot be reduced to
one another. w4 reconciles the current findings with those of similar recent
studies, and discusses the role that such models play in motivating proba-
bilistic phonotactic grammar.

2 A feature-based model of biphone probability

Following standard terminology in the psycholinguistics literature, we
consider a model to be a PHONOTACTIC MODEL if it evaluates the accep-
tability of a word by decomposing it into substrings of (possibly non-
adjacent) phonological material, and then combining the assessments of
subparts to yield a prediction for the entire word. Phonological grammars,
as embodied for example in the rule-based approach of SPE (Chomsky &
Halle 1968) or the constraint-based approach of Optimality Theory
(Prince & Smolensky 2004), represent sophisticated hypotheses about the
types of knowledge about substrings that may be encoded and about how
acceptability is computed. However, before we consider the contribution
of phonological structure to a phonotactic model, it is useful to consider
first as a baseline a simple and widely used strategy for modelling words as
series of independent subparts: n-gram models, which keep track of the
probabilities of substrings of n elements (see Jurafsky &Martin 2000: ch. 6
for an overview).

Numerous variants of n-gram models have been used to predict the
phonotactic acceptability or probability of words. In principle, substrings
of any length n could be considered, but in practice, it does not appear to
be practical or useful in phonology to consider substrings longer than two
or three segments (biphones, triphones), since the number of logically
possible longer strings is enormous, and the probability of encountering
any one of them more than a few times in the lexicon becomes very small.
For example, the novel word dresp [d�Esp] contains the tetraphone [Esp#],
which happens to be unattested in English.2This gap appears to be treated
as a statistical accident by native speakers, however, and nonce words such
as [d�Esp] are quite acceptable. More generally, for longer sequences, the
number of possible n-grams grows exponentially, meaning a much larger
corpus is needed to estimate their frequencies with any degree of certainty.
In the present case the corpus is the lexicon of attested words, which is of
limited size. Hence, in the usual case it is not possible to get more data

2 The triphone [Esp] is attested across syllable boundaries, in words like desperate,
trespass, espionage, cesspool, despot and desperado.
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about the goodness of a particular n-gram by collecting more words.3

Bailey & Hahn (2001) find that even triphones are of little or no use in
predicting acceptability of English monosyllables, though taking at least
triphones into consideration would probably be advantageous in evalu-
ating polysyllabic words.
Given a particular length of substring (n), there are also various ways

to calculate the probability of each n-gram; we focus here on the
TRANSITIONAL PROBABILITY from the first (nA1) segments to the final
segment. For example, given a word abcd with biphones #a, ab, bc, cd, and
d#, the transitional probability of ab (that is, the conditional probability of
b given a) is defined as the number of times ab occurs in the corpus divided
by the total number of times a appears as the first member of a biphone
(i.e. the proportion of occurrence of a that are followed by b).4

Biphone probabilities in one form or another have been shown to
correlate with a wide variety of phenomena, including phoneme iden-
tification (Pitt & McQueen 1998), repetition speed in shadowing tasks
(Vitevitch et al. 1997, Vitevitch & Luce 1998, 2005), response time in
same/different tasks (Vitevitch & Luce 1999) and looking times in 9-
month-olds (Jusczyk et al. 1994). Furthermore, even a simple model
employing just biphone transitional probabilities can make a certain
amount of headway in capturing gradient differences in nonce word

Table I
Biphone transitional properties of stin and blafe.

0·057
0·106
0·042
0·007
0·067

biphone stIn

1
2
3
4
5

#s
st
tI
In
n#

0·118
0·205
0·192
0·108
0·151

bleIf

#b
bl
leI
eIf
f#

log (prob) –4·12 –6·93

3 The fact that words tend to be short further limits the usefulness of longer sub-
strings. The median length of single-word lemma entries in the CELEX corpus
(Baayen et al. 1993) is six segments, meaning that on average, each word contributes
information about just six trigrams (including word edges).

4 Other strategies have been proposed, including simply summing over the compo-
nent biphone probabilities Vitevitch & Luce (1998, 2004), but joint probabilities
(products) yield better results for all of the data sets discussed below. It is also
possible to normalise for length (in segments) by taking the arithmetic mean or
geometric mean (Bailey &Hahn 2001) of the probabilities. However, Bailey &Hahn
(2001: 582) report that averaging actually decreased the performance of their model
slightly, and similar results were found for the data to be discussed in w3.2.
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acceptability (Vitevitch et al. 1997, Bailey &Hahn 2001). For example, the
difference between stin and blafe emerges straightforwardly as a difference
in the transitional probability of their biphones. The higher probability of
stin is illustrated in Table I, using biphone probabilities calculated over all
lemma entries with non-zero token frequency in CELEX.

In spite of such successes, the limitations of simple biphone models
make them inadequate for modelling many aspects of phonological
knowledge, including the preferences that speakers show for some un-
attested clusters over others. For example, Berent et al. (2007) document
a preference among English speakers for onset clusters with rising son-
ority: [#bn]"[#bd], [#bz]. As shown in Table II, a simple bigram model
does not predict this preference, since all three [bC] sequences have
comparably low transitional probability (based on word-medial occur-
rences).

Unattested onset clusters pose two distinct problems for the simple bi-
phone model. The first is that a model has no way to distinguish onset
clusters from intervocalic (heterosyllabic) clusters, with the consequence
that unattested onset clusters are assigned probability according to their
medial occurrences. It would be possible to distinguish initial from word-
medial clusters by considering triphones ([bn] vs. [bd]) or by incor-
porating syllable structure ([sbn vs. [sbd) or position in the word (initial,
second, third; Vitevitch & Luce 2004), but these strategies raise a second
problem: as word-initial/onset clusters, all three have a frequency of 0 in
CELEX. Some general strategies for dealing with completely unattested
sequences include reserving some probability mass for unseen sequences
(smoothing), or reasoning about unseen sequences based on the prob-
abilities of their shorter subparts (back-off); see Jurafsky &Martin (2000:
ch. 6) for an overview. In this paper, we test a different approach, using
phonological structure to generalise to unattested sequences: we attempt
to derive the preference for [#bn]"[#bd] as a consequence of the large
number of phonological features that [#bn] shares with existing clusters
such as [#bl] or [#sn], and the lack of existing clusters that are directly

Table II
Biphone transitional properties of bnack, bdack and bzack.

bnæk bdæk

0·057
0·004
0·006
0·104
0·147

biphone

1
2
3
4
5

#b
bn
næ
æk
k#

0·057
0·003
0·015
0·104
0·147

#b
bz
zæ
æk
k#

log (prob) –7·43 –7·68

bzæk

#b
bd
dæ
æk
k#

0·057
0·004
0·017
0·104
0·147

–7·19
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comparable to [#bd]. Specifically, we propose a model that calculates
the probability not just of individual biphones ([bn], [bd]), but also
of combinations of natural classes ([lsonorant][+nasal], [lcontinuant]
[+sonorant], etc.). This allows the model to generalise to unseen com-
binations by assigning them phonological structure, parsing them as likely
or unlikely combinations of natural classes.
The insight of generalisation based on natural classes is the following:

although words ending in [Esp] are unattested in English, several mini-
mally different sequences are in fact well attested, such as [Isp] (crisp, wisp,
lisp), [�sp] (clasp, rasp, asp), [Est] (best, west, rest), [Esk] (desk) and so on.
Taken together, these words strongly suggest that English allows se-
quences of lax vowels followed by s and a voiceless stop (p, t, k) – a con-
clusion that has been made explicitly in phonological analyses of English
(e.g. Hammond 1999: 115). Similarly, words beginning with [#bn] are
unattested in English, but words beginning with [#bl] and [#b�] (i.e. ini-
tial [b] preceding other coronal sonorants) do occur. This may lead
speakers to conclude that words beginning with [#bn] are at least faintly
conceivable in English. The task of the model, then, is to determine what
features the attested combinations have in common, and estimate the
likelihood that sequences involving members of a broader class (front lax
vowels, coronal sonorants) could also occur. As these examples show, not
all generalisations are equally likely. In particular, comparison of se-
quences like [Isp] and [Est] strongly supports novel [Esp], while compari-
son of sequences like [#bl] and [#sn] provides only slight support for
[#bn].
One proposal for how speakers compare sequences to discover more

general patterns of natural classes is the MINIMAL GENERALISATION

approach (Albright & Hayes 2002, 2003). The idea of this approach is
that learners discover grammatical patterns by abstracting over pairs of
strings, extracting the features that they have in common. The procedure
is minimal in the sense that all shared feature values are retained, so that
the algorithm conservatively avoids generalisation to unseen feature
values. For example, comparison of [Isp] and [�sp] yields a generalisation
covering all front lax vowels (2a), while further comparison with [Esk]
extends the generalisation to all front lax vowel+s+voiceless stop se-
quences (2b).5

5 The precise inferences that are available depend intimately on the set of features
that is assumed. For example, if [coronal] is treated as a binary feature with both
[+coronal] and [lcoronal] values, then p and k share a [lcoronal] specification and
comparison of [�sp] and [Esk] would not extend to Vst sequences. In general,
bivalent (equipollent) feature definitions limit abstraction, by creating more
‘negatively specified’ natural classes such as [lcoronal] and preventing generali-
sation to unseen positive values. For present purposes I will assume privative place
features.

Feature-based generalisation as a source of gradient acceptability 15



b.

I
+ æ

s
s

p
p

s p£
—back
—round
—tense

E+ s k

s£
—back
—round
—tense

—son
—cont
—voice

Minimal generalisation(2)
a.

In the example in (2), the sequences under comparison differ rather
minimally in their feature values, and the resulting generalisations seem
intuitively rather well supported. Not all comparisons yield equally il-
luminating abstractions, however. Consider, for example, the comparison
of asp [�sp] and boa [boY@] in (3). Here, the initial segments of both strings
are voiced, but the remaining segments have little or nothing in common
featurally. The resulting abstraction, therefore, is simply one in which
voiced segments can be followed by two additional segments.

b+
sæ

oU
p
@

seg√ seg[+voice]

A minimal but sweeping generalisation(3)

The pattern in (3) is well attested in English, since voiced segments are
extremely often followed by at least two additional segments, and seg-
ments are frequently preceded by voiced segments two to their left. Taken
seriously, however, this pattern makes undesired predictions: it leads us to
expect that any combination of three segments in which the first is voiced
should be possible. This leads to the potentially fatal prediction that
the nonce word bzarshk [bza�Sk] should be very acceptable, since the se-
quences [bza], [a�S] and [�Sk] get a good deal of support from attested
‘[+voice] seg seg ’ sequences.

The challenge, then, is to find a way to count over natural classes so that
[�sp] and [Isp] provide very strong support for [Esp], while [�sp] and
[boY@] provide little or no support for [bza] or [�Sk]. Intuitively, the in-
ductive leap from [Isp] and [�sp] to [Esp] is quite small ; in fact, the com-
parison makes [Esp] seem practically inevitable. This is no doubt due at
least in part to the fact that the resulting abstraction, ‘[lback, lround,
ltense] [sp]’ is extremely specific – all we need to specify in order to get
[Esp] is the vowel height. In order to get [Esp] from ‘[+voice] seg seg ’,
on the other hand, we must fill in a large number of feature values.
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The former abstraction specifically ‘speaks to’ [Esp] in a way that the latter
does not.
To see the same point from a different perspective, consider the situ-

ation of a learner who has heard only the two data points [Isp] and [�sp].
The ‘[lback, lround, ltense] [sp]’ pattern describes a very small set of
possible sequences (namely [Isp], [Esp] and [�sp]). If we were to adopt the
hypothesis that such sequences are legal, without making any further
assumptions, we would expect the probability of encountering any one of
them at random to be one-third. Thus we expect that there is a very high
chance that we might encounter [Esp] as well. By contrast, if we adopt the
hypothesis that English allows any ‘[+voice] seg seg ’ sequence, then the
chance of getting attested [Isp] or [�sp] at random from among all logically
possible ‘[+voice] seg seg ’ combinations is tiny. Although both patterns
can describe the existing data, the more specific characterisation makes it
much less of a coincidence that [Isp] and [�sp] were the two words that we
happened to actually receive in the training data, and for the same reason,
makes it much more likely that [Esp] would also be a word of the language.
The goal of the learner can be defined as finding the set of statements that
characterise the data as tightly as possible, under the assumption that
words conform to certain shapes because the grammar forces them to, and
not out of sheer coincidence. This is related to the principle of MAXIMUM

LIKELIHOOD ESTIMATION (MLE), which seeks to find the description that
makes the training data as likely as possible.6 It is also related to proposals
within Optimality Theory for seeking the most restrictive possible gram-
mar (Hayes 2004, Prince & Tesar 2004, Tessier 2006) as a way of obeying
the subset principle (Berwick 1986).
In order to test the idea that generalisation by natural classes requires a

balance of frequency and specificity, a model was constructed that evalu-
ates combinations of natural classes based not only on their rate of attesta-
tion, but also on their specificity. If the n-gram probability of a sequence
of two literal segments ab is defined as in (4a), then the probability of
the segments ab as members of natural classes A, B respectively can be
defined as in (4b).7

6 For an MLE-based approach to n-gram models that refer to classes of items, see
Saul & Pereira (1997). Unfortunately, n-gram models based on classes of elements
in syntax tend to assume that each item belongs to ideally one, or exceptionally, a
few classes (tree is a verb, of is a preposition, etc.). For phonological applications, we
need to consider each segment as a member of many classes simultaneously, and
even a single instance of a segment may be best characterised in different terms with
respect to what occurs before it vs. after it. Ultimately, we seek a learning algorithm
that incorporates the principles of MLE, without the assumptions about class
structure that existing class-based n-gram models typically make.

7 Since natural classes in phonology are characteristically overlapping and each seg-
ment belongs to many natural classes, the equation in (4a) will not yield values that
sum to 1 over all segments and natural classes ; a normalisation term would be
needed to convert these scores to true probabilities.
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(4)
a. Probability of the sequence ab=

Number of times ab occurs in corpus

Total number of biphones

b. Probability of the sequence ab, where aŒclass A, bŒclass B

Xÿ P(choosing a|A)XP(choosing b|B)
Total number of biphones

No of times AB occurs in corpus

As mentioned above, one intuitive way to define the probability of se-
lecting a particular member of a natural class is to assume that each
member of the class is equally probable, so that the probability of choosing
any member at random is inversely proportional to the size of the class
(5a). A slightly more sophisticated model would take into account the fact
that different segments independently have different frequencies, and to
weight the probabilities of choosing members of a natural class accord-
ingly (5b). For the simulations reported below I assume the simpler defi-
nition, which is not sensitive to token frequency.

(5)

a. Simple: P(member a|class A)=

Two definitions of instantiation costs

b. Weighted: P(member a|class A)=
Token frequency of a

% Token frequency of all members of A

1

Size of A (i.e. number of members)

Since each segment belongs to multiple natural classes ([E] is a vowel, a
front vowel, a front lax vowel, a sonorant, a voiced segment, etc.), there are
many ways to parse a string of segments into sequences of natural classes.
For example, as noted above, [Esp] could be considered a member of the
trigram ‘[lback, lround, ltense] [sp]’, or of the trigram ‘[+voice] seg
seg ’. The probability of the sequence [Esp] as a member of the trigram
‘[lback, lround, ltense] [sp]’ depends not only on the probability of
‘ [lback, lround, ltense] [sp]’ combinations, but also on the probability
of instantiating the [lback, lround, ltense] class as an [E]. Although the
frequency of ‘[lback, lround, ltense] [sp]’ sequences is not especially
high in English, the probability of instantiating [lback, lround, ltense]
as [E] is quite high (=1/3, given the simple definition in (5a)), yielding a
relatively high overall predicted probability. The probability of [Esp] as an
instantiation of the trigram ‘[+voice] seg seg ’, on the other hand, relies not
only on the frequency of ‘[+voice] seg seg ’ combinations (which is rela-
tively high) but also on the probability of [E] as a voiced segment (O1/35),
as well as s and p among the entire set of possible segments (O1/44 each).
This yields an instantiation cost of O1.48X10l5, and a correspondingly
low predicted probability. We assume that among the many possible
ways of parsing a given sequence into natural classes, the one with the
highest probability is selected (for a similar assumption, see Coleman &
Pierrehumbert 1997 and Albright & Hayes 2002).
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An important feature of this way of selecting the right level of generality
at which to parse a given sequence into natural classes is that the model
must maximise not only the probability of the combination of classes, but
also instantiation probability. This leads the model to favour parses in-
volving natural classes that are as specific as possible, since the probability
of instantiating a specific natural class as one of its (few) segments is much
higher than the probability of randomly selecting the same segments from
a very large natural class. This has the effect that for attested sequences,
the model tends to prefer the most specific parse possible – namely, the
n-gram referring to the precise combination of segments that is being
evaluated. For example, in parsing the biphone [p�], the model selects
the natural class combination [lcontinuant, +labial,lvoice][+rhotic] – i.e.
[p][�]. Parses in terms of broader natural classes come at a cost, and are
favoured when the probability of the specific biphone is very low. As we
will see, this allows the model to combine some of the virtues of n-gram
models for modelling attested sequences, while making use of feature-
based generalisation for unattested sequences.
To summarise, I have sketched here a method of evaluating sequences

of natural classes in order to determine which combinations of feature
values are supported by the training data. The model takes into account
not only the frequency of the combinations, but also their specificity,
combined according to the definition in (4b). Taken together, the need
to maximise high featural n-gram probabilities and minimise instantiation
costs should drive the model to seek characterisations that involve fre-
quent combinations of features while remaining as specific as possible.
The result is a stochastic grammar that permits novel sequences to
be assigned likelihood scores, by attempting to parse them into well-
supported combinations of natural classes.

3 Testing the model

3.1 Onset-cluster acceptability

Following Hayes & Wilson (2008), we first test the model on its ability to
predict English speakers’ acceptability ratings of existing and novel onset
clusters, as documented by Scholes (1966: Experiment 5). In Scholes’
study, nonce monosyllables involving a mix of attested and unattested
onset clusters paired with fairly common rhymes were played to 33
seventh-graders, who were asked to indicate whether the word was
‘usable’ as a word of English (binary forced choice). The results show that
attested clusters are (unsurprisingly) almost always deemed better than
unattested clusters.8 However, there are also considerable differences
among both the attested and unattested clusters, illustrated with rep-
resentative examples in (6).

8 The sole exception in the data is [#sk] (in the word skeep [ski:p]), which was deemed
acceptable by fewer subjects than [#m�] (mrun [m�Un]) or [#Sl] (shlurk [Sl#k]) were.
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attested:
(6) Cline of acceptability for attested and unattested onset clusters

kÓVn, stIn
blVN, sl#k
glVN, SÓVn

unattested: nlVN, sÓVn
nÓVN, zÓVn
vtIn, fnEt
ZpeIl, vmæt
vki:p, Zvi:l

100%
84%
72%

47%
33%
19%
11%

0%

Hayes & Wilson (2008) model these differences as a function of the
onset clusters alone, ignoring any potential contribution of the remainder
of the word (e.g. _eep vs. _urk). They trained a variety of models on a
corpus of word-initial onsets, adapted from the CMU pronouncing dic-
tionary9 by removing onsets such as [#zw] and [#sf] that occur primarily
in borrowed words. Comparing correlations between the models’ predic-
tions and the proportion of ‘yes’ responses for each cluster, they find that
a simple (segment-based) n-gram model does not achieve as good a fit as
their inductive feature-based model, which uses natural classes to dis-
tinguish among unattested clusters. This provides strong a priori support
for the idea that features are useful in modelling how speakers generalise
from attested to unattested sequences. In this section, we test how the
feature-based model proposed in the previous section compares in its
ability to model the observed differences among attested and unattested
clusters.

In order to model the acceptability of the nonce words used in Scholes
(1966), the feature-based model was trained and tested in two different
ways. First, it was trained on the same corpus of onsets employed by
Hayes & Wilson and tested on the experimental onset clusters.10 As with
all of the models compared by Hayes & Wilson, this model’s predictions
are based solely on the onset cluster, and ignore any differences in the
remainder of the word. Second, in order to probe the possible effect of the
varying rhymes in the Scholes (1966) items, the model was trained on the
entire set of lemmas that occur in CELEX with non-zero frequency, cal-
culating probabilities based on whole words. In this case, the model was
tested on its predictions for the entire nonce word ([k�Un], [stIn], [sl#k],
[ZpeIl], etc.). In both cases, the model’s predictions are based on type
frequency of the sequences involved, while ignoring their token fre-
quency. (Attempts to incorporate token frequency yielded somewhat
worse results, in line with a similar finding by Hayes & Wilson; see also

9 http://www.speech.cs.cmu.edu/cgi-bin/cmudict.
10 Scholes reports that four clusters were easily misperceived: [tl], [dl], [nl] and [vZ].

These four items were excluded from all analyses. Careful inspection of the re-
sponses suggests that some other items may also have been sporadically mis-
perceived; in particular, several clusters beginning with /f/ were accepted
surprisingly often – e.g. [#fp] and [#fS] were accepted approximately as often as
[#ml] and [#Sn]. These responses diverge considerably from my own (adult native
English) intuitions, and may indicate that the fricative was misperceived as /T/ or
even /s/ in some cases.
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Bybee 1995, Pierrehumbert 2001, Albright 2002a, Albright &Hayes 2003,
Buchwald 2007.) Finally, in order to make the results graphically com-
parable with Hayes &Wilson’s predicted values, the predictions of the two
models were then transformed to better approximate a linear fit. For the
model trained on onsets only, the model’s scores were transformed (fol-
lowing Hayes & Wilson) by a function of the form y=x1/T, where the
value of T was found by fitting (T=2.01). For the model trained on whole
words from CELEX, the optimal transformation turned out to be the log
of the predicted probability.
The results, seen in Fig. 1, show that at least for purposes of modelling

this data set, training on onsets alone is better at distinguishing among
onset clusters – that is, it is advantageous to focus on the onset cluster and
ignore the rest of the word. Because the acceptability scores have many
ties, and because both the predictions and the ratings are non-normally
distributed, Kendall’s tau-c was calculated as a non-parametric measure
of association (Kendall 1990). Consistent with the figures, the comparison
shows that the onset-only model (tc=0.602) captures subjects’ pref-
erences substantially better than the whole-word model (tc=0.417).
One potential problem with the whole-word model is that it assigns

equal weight to all of the substrings of the word: onset cluster, onset–
nucleus transition and nucleus–coda transition. It has often been sug-
gested that phonotactic constraints hold most strongly within the onset
and within the rhyme, either as a universal principle or specifically for
English (e.g. Selkirk 1982, Kessler & Treiman 1997). If this is correct,
then the error of the whole-word model could be that it takes into account
the onset–rhyme transition. In order to test this, whole-word scores for
the test items were recalculated excluding the onset–rhyme transition.
The result is an improvement over the model that includes every tran-
sition within the word (tc=0.508), but still a worse match than the model
that considers only the onset clusters.
There are several possible interpretations of this result. First, it might

indicate, consistent with a key claim of Optimality Theory, that words are
evaluated according to their worst/least probable constraint violation (in
this case, the unattested onset cluster), with violations of lower-ranked
constraints (here, the legal rhymes) contributing nothing to the evalu-
ation. Although this is consistent with the current data, previous studies
have shown that acceptability does sometimes depend on probabilities
across the entire word (Coleman & Pierrehumbert 1997, Frisch et al. 2000
and w3.2 below). A second, more likely interpretation is that the import-
ance of onset clusters in this particular data set is a by-product of the task,
caused by the fact that the test items involved a wide variety of legal and
illegal onset clusters, but only a small number of mostly common rhymes.
This may have had the effect of making the onset clusters highly salient,
and focusing subjects’ attention on them (Sendlmeier 1987). Thus, we
may conclude (in agreement with Hayes & Wilson 2008) that it is appro-
priate in this case to evaluate the statistical model based on its perform-
ance using a training corpus consisting solely of word onsets.
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The fact that the model makes headway in predicting preferences
among novel onset clusters over others bolsters the claim that feature-
based generalisation is useful in modelling the acceptability of unattested
sequences. We are now in a position to ask how this particular strategy of
assessing similarity to existing clusters compares with Hayes & Wilson’s
constraint-based approach. Overall, the predictions of the Hayes &
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Figure 1

Model predictions for Scholes (1966) onset-cluster acceptability.
(a) Whole-word training; (b) onset-only training.
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Wilson model11 show an impressively strong correlation with Scholes’
observed acceptance rates: Kendall’s tc=0.702.12 This success is based on
two features of the model’s predictions. First, like humans, the model
prefers nearly all attested clusters over unattested clusters. In addition,
among unattested clusters, the model often prefers English-like clusters
such as [#Sl] or [#v�] over completely un-English clusters such [#fm] or
[#vk]. Crucially, however, the Hayes & Wilson model predicts almost no
differences among attested clusters such as [#p�] and [#sk], even though
these items differ considerably in their judged acceptability.
As can be seen in the upper portion of Fig. 1b, the feature-based bi-

phone model predicts substantial differences among attested clusters –
sometimes correctly, and sometimes not. This qualitative difference
between the two models can be seen in Table III, which compares per-
formance on attested and unattested clusters separately.13 We see that
although the feature-based biphone model does not achieve quite as high a
tc value as the best models for either type of cluster, it displays consistent
and moderately strong performance across both types of test items. By
contrast, the Hayes & Wilson model does substantially better for un-
attested clusters and worse for attested clusters; in fact, the score of 0.166
for attested clusters is based entirely on the fact that the model correctly
assigns a lower score to [#S�] than to most other clusters. Conversely,
segment-based bigram models such as a simple biphone model or the
positional bigram model of Vitevitch & Luce (2004) do quite well in
modelling differences among attested clusters, but are fundamentally
unable to distinguish among unattested clusters. As discussed above, the

Table III
Model comparison on attested and unattested clusters (Kendall’s tc).

attested clustersmodel

feature-based bigrams
Hayes & Wilson (2008)
segment-based bigrams
Vitevitch & Luce (2004)

0·291
0·166
0·343
0·343

unattested clusters

0·355
0·528

undefined
undefined

11 Downloaded (August 2008) from http://www.linguistics.ucla.edu/people/hayes/
phonotactics/index.htm.

12 Hayes & Wilson employ Spearman’s r rather than Kendall’s t, but the comparison
yields completely equivalent results : their model achieves r(60)=0.889, while the
current model achieves r(60)=0.793 when trained on onsets only (adapted CMU),
r(60)=0.551 when trained on whole words (CELEX lemmas) and r(60)=0.684
when onset–nucleus transitions are ignored (CELEX lemmas). We do not consider
here Pearson correlation (r) values, since they are likely to be inflated due to the fact
that all models under consideration produce many tied predictions at or near the
endpoints of the scale.

13 The cluster [#sf] is excluded from this analysis, since it had been removed from the
onset-training corpus. It was thus unattested for the models, but potentially attested
for Scholes’ subjects (sphere, sphynx, etc.).

Feature-based generalisation as a source of gradient acceptability 23



feature-based bigram model tends to approximate segmental bigram
models for attested clusters, while using features to estimate the likelihood
of unattested clusters. The results do not appear to be quite as good as
either mode of generalisation alone. However, the precise numerical
magnitude of the difference between the models should be interpreted
with caution. In order to see why, it is useful to consider separately the
performance of the feature-based model in comparison with the Hayes &
Wilson model for unattested clusters, and in comparison with a segmental
bigram model for attested clusters.

As a point of comparison for performance on unattested clusters, the
difference between the feature-based bigrammodel (tc=0.355) and Hayes
& Wilson’s (2008) constraint-based model (tc=0.528) is shown visually in
Fig. 2. We see by visual inspection that the Hayes & Wilson model does
achieve a better linear fit, but as with the segmental biphone model, this is
accomplished in part by making fewer distinctions. In order to confirm
that the difference between tc of 0.355 and 0.528 is not a qualitative dif-
ference in the way that the difference between 0.166 and 0.528 is, separate
logistic regressions were carried out, using the feature-based bigram
model and the Hayes &Wilson constraint model to predict the proportion
of ‘yes’ responses (out of 33) for attested and unattested clusters. The
results show that the feature-based bigram model is a highly significant
predictor of acceptability for both attested (pY0.001) and unattested
(pY0.0001) clusters, while the Hayes & Wilson model is a significant
predictor only of unattested (pY0.0001) but not of attested (p=0.08)
clusters. We may therefore conclude that although the feature-based
model is far from perfect in its predictions, it provides a reasonable first
pass estimate of the acceptability of novel clusters.

Turning to performance on attested clusters, Table III shows that here,
too, the feature-based model does not achieve quite as high a degree of
success as the best model, which in this case is the segment-based biphone
model. It was suggested above that the feature-based biphone model
performs as well as it does for attested sequences because the instantiation
costs favour selecting the most specific possible natural classes (i.e. indi-
vidual segments), which has the effect of approximating a segment-based
biphone model. The comparison in Table III shows that the models’
predictions are not identical, however, and, at least as measured by
Kendall’s tc, the segment-based model still does slightly better. It is
tempting to infer on the basis of this comparison that attested sequences
are actually evaluated in terms of segmental probability, and that feature-
based generalisation is employed only in cases of unattested sequences.
This conclusion is premature, however, since it appears that for these
items, the predictions of the feature-based model are actually approxi-
mately equivalent to or even better than those of the segmental model. In
order to compare the segmental and feature-based models more directly, a
logistic regression was carried out in which both models were used to
jointly predict the proportion of ‘yes’ responses (out of 33) for attested
onset clusters. The results show that either model alone is a significant
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predictor of acceptance rates (segments: pY0.05; features: pY0.001).
However, when the two models are considered together, only the feature-
based model is indispensable: the feature-based model is still added sig-
nificantly (pY0.05) even after the segmental model is taken into account,
but the converse is not true. By this criterion, the feature-based biphone
model is not merely a poor approximation of segmental bigrams, but is
actually a better model of how speakers evaluate the acceptability of not
just unattested, but also attested combinations of segments. We must
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Figure 2

Generalisation to unattested clusters. (a) Feature-based
biphones; (b) Hayes & Wilson constraint model.
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interpret this result with caution, since the Kendall’s tc values in Table III
suggest a slight advantage for the segmental biphone model instead.
In w3.2, we will see evidence that neither the segment-based nor the
feature-based model can be fully reduced to the other; this point will be
discussed further in w4.1.

The upshot of these comparisons is that the feature-based biphone
model is not merely a second-best compromise, but actually appears to be
roughly comparable to (and in some respects even better than) the models
that achieve the highest Kendall’s tc for attested and unattested clusters
respectively. This supports the conclusion that a model employing
features and natural classes provides a reasonable approximation of how
subjects generalise to novel items involving both attested and unattested
sequences, with a comparable balance of performance on both. This can
be contrasted with the segmental biphone model, which fails to dis-
tinguish among unattested clusters, and the Hayes &Wilson model, which
does not adequately distinguish among attested clusters. It should be
emphasised that the lack of differentiation among attested clusters is not
an intrinsic feature of the Hayes & Wilson (2008) model, but is a con-
sequence of the fact that the model is biased towards generality and against
overfitting by two mechanisms: a greedy constraint-discovery procedure
that seeks to discover the most general constraints first, and a bias not to
use extra constraints (i.e. to keep all weights at zero). It is left as a matter
for future research to determine whether a less biased weighting objective
or a different strategy for constraint induction would allow the constraint-
based model to better capture differences among attested sequences by
using constraints that are featurally more specific, while retaining strong
performance on unattested clusters.

3.2 Monosyllabic nonce words

In the preceding section, the model’s ability to capture gradient pref-
erences was tested in a controlled comparison among items that differ in
(primarily) one respect: the distance between their onset clusters and the
set of attested clusters. A different use of phonotactic models in the
literature has been to model and control for the overall acceptability of
diverse words based on the frequency of their subparts (Vitevitch et al.
1996, Coleman & Pierrehumbert 1997, Frisch et al. 2000, Bailey & Hahn
2001, Shademan 2007). In this section, we test the model on acceptability
ratings of a more diverse set of monosyllabic nonce words. Unlike the
Scholes (1966) experiment, in which it is plausible to assume that subjects
were paying attention primarily to the varying onsets, this task provided
no such cue that would have encouraged subjects to focus on a particular
aspect of the word.

The data set consists of acceptability ratings for a set of 88 non-words
collected by Albright & Hayes (2003) as norming data for a past tense
study.14 The set of test items were chosen to cover a range of phonotactic

14 Available (March 2009) for download from http://www.mit.edu/~albright.
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plausibility, ranging from frequent onsets and rhymes (e.g. drit [d�It], stire
[staI�], pank [p�‰k], fleep [fli:p], blafe [bleIf]) to rare or phonotactically
marginal sequences (e.g. [pwUdz] (*[pw]), [T�OIks] (*[OIk]), [Swu:Z] (*[Sw]),
[skIk], [snUm] (*sC1VC1, *sNVN)). A minority of the nonce words
contained completely unattested rhymes (e.g. smairg [smE�g], smeelth
[smi:lT]).15 The nonce words were presented auditorily in random order,
as verbs in a carrier sentence (‘Blafe. I like to blafe. ’). Participants re-
peated each word aloud and rated it on a scale from 1 (‘ impossible as an
English word’) to 7 (‘would make a fine English word’). Repetitions were
transcribed by two phonetically trained listeners, and if at least one tran-
scriber felt that the subject had repeated the word incorrectly, the rating
for that trial was excluded from the analysis. One very un-English item
(bzarshk [bza�Sk]) was used during training as an example of a word
that most English speakers felt could not be a possible word; this was
contrasted with [kIp], which was offered as a word that speakers would
generally find very acceptable.16 Nineteen native speakers of American
English were paid to take part in the ratings task, which lasted approxi-
mately ten minutes.
A preliminary issue that should be addressed is to what extent ratings of

diverse nonce words can be meaningfully compared with one another.
I argued above that the comparisons in Scholes (1966) may have been
performed by focusing on the relative acceptability of just the word-initial
clusters: [StIn]"[vtIn]. The ratings in this task, on the other hand, re-
quired subjects to distinguish among items that differ in several respects at
once – e.g. trisk [t�Isk] vs. nace [neIs] vs. bredge [b�EP]. Previous studies
have often assumed that responses along a single scale straightforwardly
reflect differences along an absolute cline of acceptability (Greenberg &
Jenkins 1964, Ohala & Ohala 1986, Coleman & Pierrehumbert 1997,
Frisch et al. 2000, Bailey & Hahn 2001). However, as Bailey & Hahn
(2001) note, data concerning relative preferences among diverse words can
be quite noisy and detailed differences may be difficult to interpret. For
example, the results of the current study show a preference in mean rat-
ings for spack [sp�k] (5.2) over teep [ti:p] (4.6) over nold [noYld] (4.0).
However, unlike more clear-cut comparisons such as teep"thweeks (2.5),
these differences are not so readily confirmed by native speakers through
informal introspection (‘would teep be more possible than nold as a word
of English?’). Thus it is reasonable to question whether the numerical
ratings truly reflect subtle preferences such as teep"nold, or whether

15 Some of these items may be familiar to readers as ‘distant pseudo-regular’ verbs
from Prasada & Pinker’s (1993) study of English past tenses. The nonce items
constructed by Albright & Hayes also included three items that are real words, but
not verbs: [Si:] she, [f�oY] fro and [�aIf] rife. These items were excluded from the
current analyses.

16 The word kip is in fact a lexical item in some dialects or professions (and is a unit of
currency of Laos), but it was not generally familiar to the subjects of the study, who
were mostly speakers of California English. The Oxford English Dictionary lists no
clear uses of kip as a verb since the fifteenth century.
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speakers actually make much coarser distinctions, with small differences
largely reflecting experimental noise.

There are two reasons to believe that the differences in ratings of entire
words are nonetheless reliable, and may be assigned a meaningful inter-
pretation. First, it appears that in spite of the lack of clear intuitive dif-
ferences between many of the items, participants in this experiment show
a relatively high degree of between-subject agreement, and the differences
in mean ratings are replicable. For example, the correlation between par-
ticipants 1–10 vs. 11–19 for the 88 test items was r(86)=0.847, while the w2
value for all 19 subjects was 0.45, indicating substantial word-by-word
differences relative to noise.17 These results suggest that, at least for the
current set of items and experimental set-up, relative preferences among
diverse nonce words are robust.

The second and more important source of support for a unified scale of
acceptability comes from the fact that the observed differences are not
only replicable, but also largely interpretable in terms of phonotactic
probability. As a preliminary check of the relation between sequence fre-
quency and acceptability, a simple segment-based biphone model was
trained on the set of lemmas that occur in CELEX with frequency greater
than zero. The model was used to derive predicted values for Albright &
Hayes’ (2003) nonce items, calculated as the product of the individual
bigram transitional probabilities (including word boundaries). Figure 3a
shows participants’ mean ratings plotted as a function of their bigram
probability. As can be seen, the model does a reasonably good job in
predicting speakers’ relative preferences (Kendall’s t=0.474, pY0.0001),
including preferences such as spack (log prob=l12.70)"teep (l13.32)"
nold (l14.68). This result is not especially surprising, since it echoes
findings such as those of Frisch et al. (2000) that ratings of entire words
may closely track the combined probabilities of their subparts. However,
it is nonetheless useful, since it provides reason to believe that the ratings
in this task are in fact determined to a large extent by phonotactic prob-
ability, as opposed to factors such as the inferred meaning of the word or
the meaning of phonologically similar words (Ramscar & Yarlett 2003). In
addition, it shows that at least for this data, the acceptability of a nonce
word is appropriately modelled as the joint probability of its subparts.18

Against this baseline, it is now possible to consider the evidence for a
model that employs representations with more linguistic structure.
Whereas Frisch et al. (2000) find that for words of varying lengths, it is
advantageous to consider the probability of syllabic constituents larger

17 As a replication, ratings for 77 of these items were also collected from 20 additional
native English-speaking subjects as part of a follow-up study, in which nonce items
were presented as both nouns and verbs (counterbalanced across subjects). The
correlation between the mean ratings from this second group and the 19 subjects in
the original experiment is comparable : r(75)=0.853.

18 By contrast, the phonotactic probability calculator of Vitevitch & Luce (2004),
which relies on averaged positional biphone probabilities across the word, does not
do nearly as well as the simple biphone model in capturing preferences among these
nonce items (Kendall’s t=0.177, p=0.016).
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than the segment (onsets, rhymes), in the present case, many test items
have onsets or rhymes that are rare ([#sf, #skl, u:Z#]) or unattested ([#Sw,
Ilb#, OIks#]), and are thus not differentiated by frequency of the con-
stituent taken as a whole. For such comparisons, we would expect the
model to benefit from an ability to evaluate rare or unattested sequences
by considering their similarity to other attested combinations – precisely
as the natural class-based model is designed to do. In order to investigate
the possibility of modelling nonce word acceptability in terms of
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Figure 3

Biphone models of whole-word ratings.
(a) Segmental biphones; (b) natural class-based biphones.
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sequences of natural classes, the model in w2 was likewise trained on the
set of CELEX lemmas with frequency greater than zero and used to
derive predictions for the set of 88 nonce words. The results, in Fig. 3b,
show that the class-based model also does a reasonable job in predicting
speakers’ preferences (Kendall’s t=0.453, pY0.0001). As discussed
above, part of the reason for this similar success is due to the fact that the
natural-class based model closely mirrors segmental n-gram probability
for attested combinations of segments. However, comparison of Figs 3a
and b reveal that the models are not completely isomorphic; there are
some cases in which natural class-based reasoning is able to find support
that goes beyond the literal biphones (e.g. shilk [SIlk]), and other cases in
which class-based parsing puts items at a relative disadvantage (e.g. dize
[daIz], bize [baIz]). The question, then, is whether natural class-based
reasoning constitutes a significant improvement over purely segmental
counts for modelling items composed of attested biphones.

Unfortunately, by several simple criteria, the answer is ‘no’. Compar-
ing the Kendall’s t values reported above, for example, we see slightly
better performance for segmental biphones than for natural class-based
biphones (4.74 vs. 4.53); Spearman correlations show a similar result
(r(86)=0.673 vs. 0.636). In order to assess whether this difference is
significant, individual participant ratings were first transformed with a
standard arcsine transformation, employing a small correction for ratings
at the extreme endpoints of the scale (see Sheskin 2004: 408). The trans-
formed subject ratings were then fit with linear mixed-effect models, using
the relativised maximum likelihood technique provided by the lme4
package (Bates et al. 2008) of R (R Development Core Team 2008). The
linear models treated segmental and natural class biphone probability as
fixed effects, and subject identity (and any possible interaction with sub-
ject) as a random effect. A likelihood ratio test was used to compare the
predictions of models using segmental vs. natural class-based biphones.
The results show that segmental biphones actually yield significantly
better predictions (pY0.0001), in accordance with the informal compari-
son of t values above.19 Thus it does not appear that allowing the model to
refer to natural classes is a straightforward improvement on the segmental
model, though the precise advantage for one model over the other may
depend on the ratio of common vs. rare/unattested sequences in the set of
test items.

Even if the feature-based model cannot subsume the segmental model,
we may ask whether it nonetheless makes an independent contribution.
In order to test this, two nested linear mixed effect models were fit: one
using segmental biphones to predict subject ratings, and one using both

19 Pinheiro & Bates (2000) point out that this strategy for comparing fixed effects may
be overly liberal, though such problems are unlikely in this case because there are
many observations and few degrees of freedom. Even if the comparison turns out to
be non-significant, however, we would still find no support for the idea that the
natural class-based model outperforms simple segmental biphones.
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segmental and natural class-based biphones. (In both cases, subject
identity was included as a random factor.) Here, the likelihood ratio test
compares the value of adding natural class-based biphones to a model that
already includes segmental biphones. The result reveals a significant
positive contribution (c2=12.443, p=0.014). Although the degree of im-
provement is small, it has been argued that such comparisons of nested
models tend to be overly conservative (i.e. p may actually be lower, or
more strongly significant; Pinheiro & Bates 2000: 87). We therefore
find support for the idea that natural class-based reasoning may be helpful
not just for unattested sequences, but also in modelling generalisation to
attested combinations of segments.
A question that arises is whether speakers truly generalise based on

natural classes, or whether they might generalise based on some other
mechanism such as segmental similarity. Concretely, suppose that
speakers find sequences like [#s�] or [lg#] moderately acceptable not be-
cause they embody attested combinations of natural classes ([+strident]
[+rhotic] and [+lateral][lsonorant, lcontinuant, +voice] respectively),
but rather because they are perceptually similar to specific members of
those classes ([#S�, ld#]). Hayes & Wilson (2008) test this question using
Bailey & Hahn’s (2001) Generalised Neighbourhood Model (GNM). In
this model, nonce item are aligned with known words according to the
phonetic similarity of the segments in question, so that nonce clusters find
greater support from clusters involving similar sounds. Hayes & Wilson
find that for the task of modelling novel onset clusters, similarity to
existing clusters is not as predictive as generalisation by natural classes.
It is reasonable to ask whether the same holds for rare but attested
sequences – e.g. does shilk [SIlk] find support from its similarity to silk, silt,
shalt and so on? In order to test this, a version of the GNM was
implemented, using segmental similarity values generously provided by
Todd Bailey. The model was trained on the entire set of CELEX word
forms,20 and used to derive predictions for the 88 test items. As before,
nested linear mixed-effect models were fit with subjects as a random effect
and the predictions of the GNM and segmental biphones as fixed effects,
with and without the predictions of natural class-based biphones as
an additional fixed effect. The goal of this comparison is to determine
whether there is a significant benefit to incorporating the predictions of
the natural class model. A likelihood ratio test reveals that the natural class
model still provides a unique independent contribution – in fact, one that
is now highly significant (c2=27.27, pY0.0001). We therefore conclude
that the effect of generalisation by natural classes is an independent effect

20 Comparison of models based on lemmas alone or on entire word forms revealed that
the latter performed slightly better for this set of test items. The set of CELEX
word forms was processed to ignore entries for homophonous or duplicate word
forms. The Generalised Neighbourhood Model, like its progenitor the Generalised
Context Model (Nosofsky 1986), also has a number of free parameters that must be
set by fitting. In the current case these were: insertion/deletion=0.7, D=5.75, with
no influence of token frequency (A=0, B=0, C=1).
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which cannot be attributed to an independent analogical effect based on
similarity to known items.

These results can be contrasted with those of w3.1, in which the pre-
dictions of the feature-based biphone model were seen to overlap with and
perhaps even subsume the segment-based model. The task of modelling
entire words provides greater opportunity for the predictions of the two
models to diverge for two reasons: first, it involves much larger and pho-
nologically more diverse set of biphones, and second, the set of test items
in question includes sequences with a wider range of frequencies. Under
these conditions, we find that the two models do in fact make distinct
and complementary predictions. Given this result, we may return to the
hypothesis put forward in the previous section, that natural class-based
generalisation is employed primarily in case of unattested or rare phoneme
combinations. In order to test this, the (subject-specific) error of the
segment-based and natural class-based biphone models was calculated
(= the fitted residuals), and the average error of each model for each verb
was determined. If it is correct that speakers use natural classes only when
the segment combination is rare or unattested, then we would expect the
natural class-based model to be more accurate than the biphone model
(i.e. have smaller error) for items with rare combinations such as [smi:lT]
or [snOIks], while the segment-based model would be more accurate
for items with frequently attested combinations such as [stIn] or [ti:p].
Contrary to this prediction, it turns out that the error of both models is
distributed fairly evenly across the range of items. This suggests that
segment-based and natural-class based generalisation are not employed in
complementary fashion for different types of words.

In summary, the results of this section support the claim that speakers
generalise using phonological features when assessing the acceptability of
nonce words, even in cases where the sequences involved are attested and
frequent. This result is complicated, however, by the fact that we find
evidence for distinct effects of segment-based and natural-class based bi-
phone scores. In w4.1, we consider the question of how these separate
effects may arise.

4 Discussion

The preceding sections provide two types of evidence in support of the
model presented in w2, which generalises to nonce items by analysing
them in terms of phonological structure (features). When we consider
performance on the Scholes (1966) onset cluster data, we see that the
model provides a unified account of generalisation to both attested and
unattested clusters, combining many of the advantages of a simple seg-
mental biphone model for attested sequences and the Hayes & Wilson
(2008) constraint-induction model for unattested sequences. When we
consider entire nonce monosyllables such as those tested by Albright &
Hayes (2003), we find that here, too, the model makes substantial headway
in predicting acceptability ratings (Fig. 3b), and provides a significant
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unique contribution even when simpler segment-based biphones and
neighbourhood effects are taken into account. At the same time, it appears
that the model’s predictions cannot wholly supplant those of the simpler
models. Thus, we are compelled to consider where such a model may fit
in the broader phonological system. We take on this question in w4.1,
considering what aspect of phonological performance or competence this
model may reflect, and how it relates to grammar. w4.2 compares the
current results to those of a similar study by Bailey & Hahn (2001),
highlighting some discrepancies and suggesting some reasons for the dif-
ferences. Finally, w4.3 briefly highlights one respect in which the current
results converge with several other studies of gradient acceptability: the
importance of type frequency.

4.1 Natural class effects and phonological grammar

In w3.1, it was argued that an advantage of the way in which the proposed
model evaluates natural classes is that it tends to characterise frequently
attested sequences as specifically as possible – i.e. as biphones of individ-
ual segments. The fact that the two models overlap so closely for attested
sequences might lead us to hypothesise that the feature-based model is
simply a more general version of the simpler segment-based model,
equipped to distinguish among unattested as well as attested sequences.
The results of w3.2 reveal that this is not the case, however; in fact, the two
models appear to make distinct predictions, both of which play a signifi-
cant role in capturing acceptability ratings.
One possible interpretation that cannot be ruled out is that neither

model is correct, and that we should seek a unified model that incorporates
aspects of both. For example, if the feature-based model were modified
to change how it assesses instantiation costs, it might mirror even more
closely the segmental model in cases where this is helpful, while retaining
an ability to use feature-based generalisation in cases where humans do.
The residuals analysis at the end of w3.2 suggests that an easy solution
along these lines is unlikely, since the unique positive contributions of the
feature-based model are not confined to rare or unattested sequences.
Instead, it appears that the two models simply represent different ways
of evaluating the likelihood of sequences, both of which are reflected in
human acceptability ratings.
This conclusion may seem undesirable, since it requires two overlap-

ping models to model a single type of response. However, as discussed in
the introduction, phonotactic effects are often thought to originate via two
distinct mechanisms: an initial stage of processing that evaluates phoneme
combinations for purposes of morpheme segmentation and lexical access,
and a phonological grammar that can be invoked to evaluate the well-
formedness of words. Clearly, the most economical model of phonological
knowledge would be one in which both tasks relied on a single set of
grammatical constraints. However, it is entirely possible (and indeed, it is
often assumed; e.g. Auer & Luce 2005) that the early stages of processing
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involve a coarser evaluation in which the details of competing phonologi-
cal parses play less of a role. If we accept this possibility, then the current
results can be interpreted straightforwardly as the result of two stages of
evaluation: a preliminary initial assessment of the probability of segment
combinations, and a subsequent grammatical evaluation of the likelihood
of featural co-occurrences.

If this interpretation is correct, then it implies that gradient distinctions
among attested sequences are not solely a by-product of the early stages of
processing, but rather arise though a probabilistic grammatical evaluation
in terms of competing phonological structures. This is parallel to claims
by Coleman & Pierrehumbert (1997), Frisch et al. (2000) and Hay et al.
(2004), who argue that the acceptability of word-medial sequences is best
modelled in terms of competing parses consistent with a grammar of
possible syllable structures. The current result strengthens the conclusion
that a distinct gradient grammatical evaluation is necessary, since we are
able to identify separate and unique contributions of both the simpler
evaluation (involving a rougher parse into segments) and the detailed and
costlier parse into most likely natural class combinations.

4.2 Lexical vs. phonotactic knowledge

In addition to the interplay of segment-based and feature-based prob-
abilities, the results of w3.2 also show an interaction with another im-
portant factor influencing acceptability intuitions: neighbourhood effects
based on similarity to existing lexical items. The simultaneous existence of
phonotactic and lexical influences is by no means a new finding; for ex-
ample, in a detailed comparison of the role of different phonotactic and
lexical predictors on nonce word ratings, Bailey & Hahn (2001) find that
both make significant independent contributions. There appears to be
an important quantitative difference between Bailey & Hahn’s results
and those of w3.2, however: whereas Bailey & Hahn find a relatively
strong effect of neighbourhood density (as measured by their Generalised
Neighbourhood Model) and only a modest effect of phonotactic prob-
ability (as measured by segment-based biphone and triphone models), the
current results show the opposite asymmetry. This can be seen in several
different ways. First, when we examine the linear mixed effect models
from w3.2 which included the GNM along with the segmental and feature-
based biphone models, we find that the GNM does not make a significant
unique contribution (t=1.093, p=0.275).21 Furthermore, when we com-
pare nestedmodels that include both biphonemodels and differ only in the
inclusion of the GNM, a likelihood ratio test reveals that adding the GNM
does not yield a significantly more accurate model (c2=3.89, p=0.569).
Thus, in contrast to Bailey & Hahn’s results, we find that the Albright &

21 As discussed by Baayen (2008: 269–270), the assessment of significance values for
such mixed-effect models is controversial. Since the current model is based on
many observations, we follow Baayen’s suggestion that the number of observations
minus the number of fixed effects is an appropriate approximation.
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Hayes (2003) ratings appear to be based primarily on phonotactic prob-
ability.
Why would different experiments elicit larger or smaller lexical effects?

Shademan (2006) argues that this may be a task-dependent difference,
caused by the fact that Bailey & Hahn included real word fillers among
their test items. Shademan hypothesises that the inclusion of real words
engages a mode of processing that involves the lexicon to a greater extent
than one would find in a task involving exclusively non-words. In support
of this idea, Shademan provides experimental data showing that the rela-
tive influence of lexical neighbours can indeed be modulated by whether
or not real word items are included in the task. If this is right, then the
Albright & Hayes experiment (which did not include real word fillers)
would favour evaluation with the phonotactic grammar.22

Another factor that may contribute to the discrepancy involves a dif-
ference in how the nonce words were constructed. Bailey & Hahn (2001)
tested items composed primarily of attested sequences that are gram-
matical according to standard analyses of English phonotactics (e.g.
Clements & Keyser 1983). The Albright & Hayes nonce words, on the
other hand, contained a larger number of rare or marginal sequences.
Since the GMN evaluates words based on their overall similarity to ex-
isting words, it is possible for items with marginal sequences to none-
theless gain strong support from existing words that have significant
overlap elsewhere in the word. To take an extreme example, hypothetical
[bzEkf@st] may receive strong support based on its similarity to [b�Ekf@st]
breakfast, without any particular penalty for the illegal [#bz] cluster. More
generally, words with rare or illegal sequences may be quite similar to
existing words in other respects, leading the GNM to predict that they
will have high scores.
A concrete demonstration of this can be obtained by focusing on the set

of items for which the GNM predicts values that are too high. These were
found by fitting the GNM predictions to the subjects’ mean ratings, and
calculating the residuals. The non-words with the greatest positive resi-
duals, or those which the GNM most seriously overestimated, are shown
in (7).

(7) Non-words for which the GNM most seriously overestimated goodness
throiks
shwouge
rin’t
frilg
krilg
smairg
trilb

[TÓOIks]
[Swu:Z]
[ÓaInt]
[fÓIlg]
[kÓIlg]
[smEÓg]
[tÓIlb]

smeelth
smairf
thweeks
ploamph
dwoge
ploanth

[smi:lT]
[smEÓf]
[Twi:ks]
[ploUmf]
[dwoUJ]
[ploUnT]

dize
thaped
smeenth
sprarf
bize
pwuds

[daIz]
[TeIpt]
[smi:nT]
[spÓaÓf]
[baIz]
[pwVdz]

22 As observed in notes 15 and 16, the Albright & Hayes items did include three items
that exist as words, but not as verbs. It is not clear whether Shademan’s account
predicts that the inclusion of just one or two real words should force a task-wide
shift towards lexical involvement, or whether it is a matter of degree.
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The majority of these (84%) items contain some sort of phonotactic
violation. Eight of them contain a sequence that would be fairly un-
controversially ruled out by standard analyses of English phonotactics,
while eight of them contain rhymes that are of dubious legality.23 The
GNM has no mechanism for attending to or encoding such violations.
Moreover, since neither Bailey & Hahn nor Albright & Hayes included
significant numbers of words with illegal sequences, data from these
studies allow us to probe only a tiny piece of the overall picture of how well
the models account for gradient acceptability. It seems likely that if more
illegal sequences had been included, embodying a broader range of more
serious phonotactic violations, phonotactic evaluation would be an even
stronger determinant of acceptability ratings.

It is also instructive to examine the non-words which the GNM most
seriously underestimated, listed in (8). Unlike the items in (7), none of
these items in (8) contains illegal or unattested sequences. This asym-
metry is significant, since it confirms that the model is systematically
overestimating the acceptability of words with phonotactic violations.
Instead, the items in (8) happen to be somewhat isolated in the lexicon.
Just as subjects in the Albright & Hayes (2003) study were evidently able
to focus on phonotactic violations in spite of similarity to existing words, it
appears that they were also not overly bothered by a lack of many similar
existing words in the case of legal sequences.

(8) Non-words for which the GNM most seriously underestimated goodness
slame
stire
pank
snell
rask
trisk
stip

[sleIm]
[staIÓ]
[pæNk]
[snEl]
[Óæsk]
[tÓIsk]
[stIp]

plake
mip
wiss
grin’t
skell
spack
stin

[pleIk]
[mIp]
[wIs]
[gÓaInt]
[skEl]
[spæk]
[stIn]

shilk
squill
gare
preek
glit
murn

[SIlk]
[skwIl]
[gEÓ]
[pÓi:k]
[glIt]
[m#n]

Crucially, a parallel error analysis of the feature-based model reveals no
such systematic difference between words that the model most severely
overestimates vs. underestimates.

The upshot of this analysis is that phonotactic effects in ratings of nonce
words are not always small and highly confounded with neighbourhood
effects, as they are in Bailey & Hahn’s (2001) study. This result is partly of
practical importance, since it confirms that such tasks may indeed be an
informative source of data concerning gradient phonotactic grammar. It is
also of theoretical importance, since it constitutes additional evidence in

23 The items with clearly illegal sequences include pwuds (labial dissimilation;
Hammond 1999: 56), shwouge (*[SC]; Hammond 1999: 101), thweeks, throiks,
thaped, ploamph, smairg (*tense vowel+non-coronal cluster ; Selkirk 1982) and
sprarf (*[C�V�] ; see Davis 1984 for discussion of the related *rVrC constraint).
Dubious items include frilg, krilg, trilb ([lb#] very rare, [lg#] unattested), ploanth,
smeenth, smeelth (tense vowel+[CT] unattested) and dwoge (rhyme [oYP] unattes-
ted).

36 Adam Albright



favour of a probabilistic phonotactic grammar distinct from the lexicon:
the nonce words analysed in w3.2 should be mostly grammatical under a
categorical account of English phonology, yet the best account of gradient
differences among them is stated not in terms of neighbourhood support,
but rather in terms of segment or feature combinations.

4.3 Token frequency

There is one respect in which the current results confirm a number of
previous claims in the literature that pattern strength is determined by
type, not token frequency (Bybee 1995, Albright 2002b, Albright & Hayes
2003, Hay et al. 2004, Buchwald 2007). None of the models reported here
derived any advantage from weighting the contribution of individual data
according to their token frequency. This is seen in several ways: (i) the
Generalised Neighbourhood Model was found to perform best when the
frequency term was set to zero; (ii) the natural class-based model did best
when instantiation costs were calculated without reference to the relative
frequency of different segments; and (iii) the Vitevitch & Luce model,
which intrinsically takes token frequency into account, did not come out
ahead by virtue of having this ability. This finding contrasts with that
of Bailey & Hahn (2001), who found a small (O1%) but significant con-
tribution for frequency weighting. In fact, for most of the simulations
reported here, taking token frequency into account makes very little dif-
ference in the predictions of the models, since most words in the lexicon
are very low frequency and a boost for high token frequency words gives
more influence to just a small set of items. When token frequency does
make a difference, though, it tends to be a deleterious one. This fact may
potentially support the idea that the acceptability ratings in the current
studies reflect gradient grammatical knowledge and is not a by-product of
online processing or lexical access, in which token frequency has a strong
effect. At present this result is merely suggestive, however, since not all
online tasks show effects of token frequency, while grammar, too, has
sometimes been argued to be sensitive to token frequency. Furthermore,
neither study included items designed to test specifically for the contri-
bution of token-frequency effects, so the conclusions here must be based
on tentative post hoc comparisons.

5 Conclusion

In this paper, I have presented and tested a model that employs
phonological features and natural classes to predict phonotactic well-
formedness. When the predictions of the model are compared against
experimentally obtained acceptability ratings of nonce words, it emerges
that the model is a strong predictor of acceptability of both attested and
unattested sequences. Furthermore, it appears that the predictions of the
model are distinct from those of segment-based biphone models, and
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provide a unique independent contribution. The fact that we observe
separate effects of segment-based and feature-based biphone probability
may indicate two levels of evaluation, which could correspond to a shallow
assessment of segment co-occurrence during the initial stages of percep-
tion, and a subsequent parsing into optimal combinations of phonological
features as part of grammatical evaluation. Teasing apart these effects and
testing the use and limits of feature-based generalisation in predicting
well-formedness of a broader range of unattested sequences are left for
future experimental and modelling work.

wIs
sleIm
pInt
pæNk
ÓaIf
stIp
mIp
staIÓ
m#n
pleIk
snEl
stIn
tÓIsk
Óæsk
spæk
gEÓ
S#n
taÓk
deIp
skEl
glIt
CeIk

5·84
5·84
5·67
5·63
5·53
5·53
5·47
5·47
5·42
5·39
5·32
5·28
5·21
5·21
5·16
5·11
5·11
5·11
5·11
5·11
5·11
5·05

gli:d
pÓi:k
gÓaInt
SIlk
daIz
tVNk
neIs
skwIl
lVm
pVm
splIN
gÓEl
tES
ti:p
baIz
glIp
plIm
CaInd
gu:d
bleIf
gEz
zeI

5·05
5·00
5·00
4·89
4·84
4·84
4·84
4·83
4·79
4·79
4·72
4·63
4·63
4·63
4·58
4·53
4·37
4·37
4·32
4·21
4·21
4·16

dÓIt
fli:p
skÓaId
kIv
skIk
flEt
noUld
bÓEJ
kwi:d
skOIl
dÓaIs
flIJ
blIg
zeIps
Cu:l
SaInt
gwEnJ
SÓUks
nVN
skwalk
twu:
smVm

4·16
4·16
4·11
4·05
4·00
4·00
4·00
3·95
3·95
3·89
3·84
3·79
3·53
3·47
3·42
3·42
3·32
3·32
3·28
3·26
3·17
3·05

snOIks
sfu:nd
pwIp
ÓaInt
sklu:nd
smi:Óg
TÓOIks
fÓIlg
Swu:Z
tÓIlb
smEÓg
kÓIlg
Twi:ks
smi:lT
smEÓf
ploUmf
dwoUJ
ploUnT
TeIpt
smi:nT
spÓaÓf
pwVdz

3·00
2·94
2·89
2·89
2·83
2·79
2·68
2·68
2·68
2·63
2·58
2·58
2·53
2·47
2·47
2·42
2·29
2·26
2·26
2·06
2·05
1·74

word rating word rating word rating word rating

Appendix: list of nonce words from Albright & Hayes (2003)
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