Inducing Suprasegmental Structure without
Constituency: a Case Study on Southern French’

Eychenne, Julien
(Hankuk University of Foreign Studies)

Eychenne, Julien. 2013. Inducing Suprasegmental Structure without
Constituency: a Case Study on Southern French. 7he Journal of
Studies in Language 29.1, 97-128. This paper provides a connectionist
analysis of the prosodic structure of a non-standard variety of French,
using the framework of Dynamic Computational Networks. I develop a
corpus-based analysis of schwa in this variety and propose that its
behaviour stems from its inability to project from the syllabic to the
metrical level. The model shows that a significant portion of the lexical
prosodic structure of southern French can be learned from data without
needing prosodic constituency. (Hankuk University of Foreign Studies)

Key words: schwa, foot, constituency, French, connectionism, dynamic
computational networks

1. Introduction

The inference of metrical structure is one of the most fundamental
challenges in phonological theory, as it involves inducing hidden
structure which is not directly recoverable from the speech signal. Most
work in generative phonology assumes that the induction of such covert
structure is driven and constrained by a Universal Grammar (Tesar and
Smolensky 2000). Optimality Theory (OT, Prince and Smolensky 1993),

at least in its standard form, considers that learners are endowed with

# An earlier version of this work was presented at the Congrés Mondial de
Linguistique Francgaise (July 4-7, 2012, Lyon). I want to thank the audience for
their feedback and constructive criticism. This paper also benefited from the
comments and suggestions from three anonymous reviewers. All remaining
errors and infelicities are solely mine. This work was supported by the
research fund (2013) of Hankuk University of Foreign Studies.
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a rich set of innate symbolic constraints (see Soderstrom, Mathis and
Smolensky 2006) and that the task of the learner is to find a particular
constraint ranking that is consistent with the ambient language. Yet, a
growing body of research in computational language learning has
questioned the need for such a priori knowledge. The pioneering work
of the Parallel Distributed Processing group (McClealland and Rumerhart
1986a,b) initiated a fruitful research program, which seeks to model (and
ultimately explain) high-level cognition in terms of neurally-inspired
architectures!). The framework of Harmonic Grammar (Smolensky and
Legendre 2006, vol 1: 207-234) envisions grammar as a set of
numerically weighted constraints and is an heir to this research
tradition. Its properties are currently being actively investigated (see for
example Pater 2009; Potts et al 2010). From a different perspective,
Alderete et al (2013) showed how a simple connectionist architecture
based on a multi-layer perceptron was able to capture constraints on
homorganic place restrictions in Arabic roots, suggesting that such
constraints need not be available before language acquisition begins. In
parallel, Hayes and Wilson (2008), building on previous work by
Goldwater and Johnson (2003), have developed a model inspired by
principles grounded in information theory, which aims to infer a
phonotactic grammar solely on the basis of positive evidence.

This paper is a contribution to this broad research paradigm. It
provides a connectionist analysis of the suprasegmental structure of a
variety of French spoken in southern France. The framework which is
adopted, namely Dynamic Computational Networks (DCN’s), is a
connectionist model developed by John Goldsmith and Gary Larson in a
series of works (Goldsmith 1992, 1993, 1994; Goldsmith and Larson 1990,
1993; Larson 1990, 1993). I show that this type of architecture is able to
model the suprasegmental structure of this variety of French and that it
1S superior to an approach to syllabicity solely based on a traditional
sonority scale. Furthermore, I develop an analysis of the neutral vowel
schwa ([a]) in this variety and propose that its behaviour stems from
its inability to project from the syllabic to the metrical level. This

analysis is based on a large corpus drawn from an authentic sample of

1) See Bechtel and Abrahamsen (2002) for a recent overview of connectionism.
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spoken French. Such a corpus-based approach to phonology has two
important characteristics: first, it allows us to precisely quantify the
predictions of the model, beyond what would be possible by simply
examining a few hand-picked examples. Secondly, it enables us to
evaluate how much information can be induced from data, which in turn
provides insights about how much (or how little) knowledge must be
available before learning takes place.

The rest of the paper is organized as follows: the next section
provides some background about southern French; Section 3 introduces
Dynamic Computational Networks and presents the adjustments that
were made to the model; Section 4 discusses the simulations that were
run and the results that were obtained, and the last section concludes

and discusses a number of issues for future research.

2. Southern French

While it is not possible to treat ‘southern French’ as a homogenous
linguistic system, a number of characteristics have been documented
which are shared by most varieties (Armstrong and Unsworth 1999;
Durand 1976, 1995; Durand, Slater and Wise 1987, Watbled 1995 infer
alia). Traditional southern varieties of French have a phonemic schwa
which contrasts with zero in word-final position (see 1), an opposition
which is no longer found in other varieties, where the pairs in (1) are
homophonous.

(1) Minimal pairs involving word-final schwa in southern French

net [net] ‘neat (masc.)’
nette [neto]  ‘neat (fem.)’
Paul [pol] proper name
péle [polal] ‘pole’

appel [apel] ‘call (noun)’
appelle [apelo]  ‘call (verb)
golf [golf] ‘golf’

golfe [golfa]  ‘gulf
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Early generative analyses of standard French posited an abstract final
schwa similar to that found in southern French (Dell 1980; Schane 1968;
Selkirk 1978), a view that has found some support until recently
(Montreuil 2002). However, Tranel (1981) developed a number of
arguments showing that such an approach raised more problems than it
solved. Crucially, the arguments in support of such abstract schwas
were mostly theory-internal and were not bound empirically. However,
even though this type of analysis has been abandoned for northern
French, the issue remains relevant in the context of southern French,
where the vowel is a genuine segment.

The behaviour of schwa in southern French is tightly bound to that
of mid vowels. The contrast which is found in northern French among
the mid vowels /e, ¢, @, ®, o, o/ (see for instance Walker, 2001) does
not exist in southern French. Pairs such as épée ‘sword ~ épais ‘thick’,
jenne ‘fasting’ ~ jeune ‘young’, beauté ‘beauty’ ~ botté ‘kicked’, which
are minimal in northern hexagonal French, are homophonous in southern
French and are realized [e.'pel, ['3e.na] and [bo.tel, respectively. The
distribution of mid (oral) vowels is governed by the Joi de position,

which can be stated as follows:

(2) The loi de position: a mid vowel is
a. close in an open syllable
b. open in a closed syllable or in an open syllable followed by a
schwa—-headed syllable
(after Rizzolo, 2002, p. 11, translation mine)

Examples in (3) illustrate this pattern in word-final position in open
syllables (3a), closed syllables (3b), and open syllables followed by
schwa (3c¢), respectively.

(3) a. panacée [pa.na.'se] ‘panacea’
paresseux [pa.re.'sg] ‘lazy (masc.)’
haricot [a.ri.ko] ‘bean’

b. carrousel [ka.ru.'zell ‘carousel’
épagneul [e.pa.njeel] ‘spaniel (masc.)’

espagnol [es.pa.njol] ‘Spanish (masc.)’
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c. varicelle [vari.'selo] ‘chicken pox’
épagneule [e.pa.njee.la] ‘spaniel (fem.)’
espagnole [es.pa.njo.la] ‘Spanish (fem.)’

In addition to its lowering effect on a preceding nucleus, schwa has a
repelling effect on stress, a pattern which is widely attested
cross-linguistically (Crosswhite 2001; van Oostendorp 2000). The stress
rule of southern French can be descriptively summarized as follows:
stress falls on the last syllable if it is headed by a full (i.e. non-schwa)
vowel, otherwise it falls on the second-to-last syllable. Analyses of
southern French (Durand 1976, 1995, Watbled 1995) and abstract
analyses of standard French (Montreuil 2002; Selkirk 1978; van
Oostendorp 2000) consider that all vowels (except schwa) project their
own unary foot and that a schwa-headed syllable associates with the
previous syllable to form a trochee (Durand 1976, 1995; Selkirk 1976;
van QOostendorp 2000; Watbled 1995). Under this view, stress is simply
assigned to the head of the rightmost foot (X), as in Aaricot [(a)s.(rD)s.
(ko)s], espagnol [(es)s.(pa)s.(njol)x], espagnole [(es)s.(pa)s.'(njo.la)s].

While the generalization on lexical stress needs to be captured
somehow, the postulation of generalized unary feet seems to make
southern French a typological oddity?), since unary feet are generally
regarded as degenerate (and thus exceptional) constituents (Hayes 1995:
§5.1). I argue that this state of affairs is only the result of considering
the metrical structure of this variety through the prism of constituency,
but it vanishes as soon as we treat suprasegmental structure in terms
of local relative prominence relations. The next section introduces
dynamic computational networks which, as we shall see, make such a

move possible.
3. Theoretical Framework
As pointed out by Goldsmith (1990), two important schools of thought

can be distinguished with respect to syllabification; the first one, the
sonority tradition, regards syllabicity as a sonority wave, that is to say

2) This issue is discussed in detail by Andreassen and Eychenne (2013).
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a rhythmic alternation of peaks and troughs. The second, more recent
tradition is the syntactic approach (see for instance Nespor and Vogel
2007). According to this view, prosodic information is organized in
terms of constituents, which can be further decomposed into immediate
sub-constituents, down to the terminal nodes (typically timing units or
moras). Dynamic Computational Networks belong to the first tradition;
they are a type of connectionist architecture which represents sonority
as an alternation of crests and troughs?.

3.1. Dynamic Computational Networks (DCN’s)

DCN’s were developed to account for syllabification and stress
phenomena (Goldsmith 1992, 1993; Goldsmith & Larson 1990, 1993; Laks
1995, 1997; Larson 1990, 1993). Contrary to other connectionist
architectures, which are generic and thus able to deal with any kind of
input that can be represented by numerical vectors, DCN’s were
specifically designed to model phonological strings. The fundamental
claim that underlies this type of architecture is that the rhythmic profile
of a string is the result of the local interaction between an inherent
sonority value for each unit of the network and lateral competition
between neighbor units. More specifically, a DCN is a single-layer
perceptron with bilateral inhibition/excitation connections, in which an
input of length n is represented as a network of n formal neurons, each
of which is connected to its immediate neighbors. Right-to-left and
left-to-right connections are each controlled by a single parameter (or
synaptic weight), a and B respectively (see 4 below).

Such a network can model syllabic structure, if units are taken to
represent segments, or metrical structure, in which case units represent

syllables (or more precisely syllabicity peaks)?. In a syllabic network,

3) Lack of space precludes a full discussion of syllabicity in phonological theory,
but see Goldsmith (2012) for a recent overview.

4) One of the most interesting results obtained in a DCN model is the analysis
of syllabification in Berber (see Goldsmith and Larson 1990), a language
known for allowing a wide range of syllabic consonants. As an example, the
form /tluat/ (a Berber place name) would be simply syllabificed as [tlwat],
with a complex onset, if syllabification were solely based on a traditional
sonority scale. Assigning appropriate positive values to the parameters of the
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each unit receives as its input a numeric value which corresponds to its
own inherent sonority, as well as the output of its immediate neighbors
weighted by the synaptic connections a and [.

(4) Dynamic Computational Network

initial final

Q) @,

(internal activations)

The output of the neuron is the sum of the values received in input:
it corresponds to the derived sonority of the unit. (In addition, the
model allows for two positional activation values at each edge of the
network; their role is discussed in $§3.3.) The key insight of this
architecture is that the derived sonority profile does not need be
identical to the inherent sonority of a string’s units. The distinction
between inherent and derived sonority roughly corresponds to the
distinction between input and output in generative models such as OT.
It must be emphasized that the present model does not claim by any
means that each phonological unit (a segment in a string) is
implemented as one physical neuron in the brain of a speaker. What the
model does claim is that phonological units are not symbols on which
combinatorial operations can be performed, but that they can be usefully
modelled as formal neurons which exhibit computational properties
inspired by physical neurons.

When it receives an input, the network dynamically evolves in time

model leads to a derived sonority profile where /I/ is a local sonority peak
and /u/ is a local trough (ie. an onset), which corresponds to the observed
syllabification, i.e. the disyllabic form [tl.wat] where /I/ has a higher derived
sonority that /u/.
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until it stabilizes into an equilibrium state in which new updates no
longer modify the global state of the system (that is, the derived
sonority of the units no longer changes, or remains below an arbitrarily
small threshold). The update of the system is described by the
following difference equation (after Goldsmith 1992: 223):

G d=ura-di+ B di

Where u; and &' are the inherent and derived sonority of unit 7 at time
t, respectively. The variables of the system are summed linearly®. The
role of the parameters in the model requires further elaboration. They
vary from language to language, and each value pair describes a
particular linguistic system. However, because these values are
continuous, several ranges of values will describe (nearly-)identical
linguistic systems. The task of the learner in a DCN is thus to infer a
pair of values for a and B which generates the strings of the target
language.

In order to better understand the behaviour of a DCN, it is worth
considering a simple case. Let M(q,8) be a model whose parameters are
a and B, and let u be a sonority vector which corresponds to the input
values of the network. Figure (6) illustrates the behaviour of a DCN for
a model M(0,-0.5) and an input u = (0, 0, 0, 0, 0, 0, 0, 0, 1). (This
system is an approximation of the lexical stress pattern of French.)

As can be seen, the rightmost unit's synaptic weight spreads leftward
in the network, by an exponential factor a", where n is the distance
between two units. Because the weight is negative, the resulting pattern
is an alternation of peaks and troughs of decreasing amplitude. This
pattern characterizes rhythmic alternations: in this example, the sonority
of even nodes is inhibited, whereas the sonority of odd nodes is
enhanced; the magnitude of the change diminishes the further away a
unit is from the source node.

This alternation corresponds to the alternation between stressed and
unstressed syllables at the metrical level and to the alternation between

5) Prince (1993) demonstrated that a DCN is a discrete approximation of a
dynamic linear model.
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consonants and vowels at the syllabic level. One of the most compelling
aspects of this approach is that these properties are not axioms of the
theory. In frameworks such as OT, the tendency to favor alternating
rhythm is assumed to be the result of the presence of constraints such
as *CLASH (“avoid consecutive peaks”) and =*=LAPSE (“avoid
consecutive troughs”), which do not appear to be independently
motivated. By contrast, in a DCN, this tendency 1is the direct
consequence of the lateral competition between the units of the string,
under certain parameter settings.

(6) Spreading of the sonority wave for u = (0, 0, 0, 0, 0, 0, 0, 0, 1),
with a = -05et B =10

Syllable Metwark,
1.5 T T T T T T T

Sonority

-0ar 7

This basic architecture was further developed in Larson (1993).
Larson postulates three interconnected representational levels, each of
which is a network. The autosegmental network (A) specifies the
featural structure of segments and computes their inherent sonority; the
syllabic network (S) determines the sonority profile of the segmental
string; the metrical level (M) determines the stress pattern of the
string. The simplest model assumes a feed-forward relation between the

3 levels (A — S — M): the dynamics of the autosegmental level
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determine the sonority of each unit segment; the syllabic level
determines the location of syllabicity peaks (.e. nuclei), which in turn
feed the metrical level. As we shall see in 3.3, the facts of southern
French suggest that feedback connections must be allowed between the
syllabic and metrical networks. In addition, it is worth mentioning that
the autosegmental level has received very little attention so far, and it
is often represented as ad hoc numerical values (but see Larson 1993:
22-28 for a number of suggestions). Since this paper is primarily
concerned with segmental syllabic structure, this approach is also
adopted here.

3.2. DCN and French Syllabification

Laks (1995) successfully applied this connectionist architecture to
French syllabification. The author analyzed in detail a corpus of 794
words (for a total of 832 syllabified forms) which were judged
representative of the types of syllabic structures found in French. For a
number of words, the corpus contained several possible syllabifications,
such forms with or without schwa, with syneresis or dieresis of high
vowels, etc. After training on a subset of the data set, the DCN
reached a performance of 99.87% in predicting the syllabic structure.

These results are significant since they show that this kind of
non-symbolic architecture is able to learn the syllabic structure of
French without the rich a priori vocabulary that is usually assumed in
symbolic models. Syllabic structure is conceived of as an emergent
property of the temporal dynamics of the network. However, Laks’
model is a significant departure from Goldsmith and Larson’s original
proposal. In his model, the parameters a and B are no longer treated as
scalar values that control the connections of the network (left and right
respectively), but both parameters are indexed on a number of
predetermined natural classes of segments. Laks implementation
distinguishes 6 classes, namely vowels (V), glides (G), plosives (O),
fricatives (F), nasals (N) and liquids (L). The parameters of the models
should thus be represented as two vectors (a and b) whose dimensions
correspond to natural classes of sounds, namely a = (ay, ag, Qo, ap, ax,

ar) and b = (By, Bg, Bo, Br, By, Bu).
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Several remarks regarding this extension of the ‘standard’ DCN are in
order. First, it appears that the intrinsic sonority of segments (or
classes of segments) is encoded twice in this approach: once as the
inherent values of the segments, and once in the a and $ parameters,
since these target specific classes. Furthermore, before learning takes
place, vowels are assigned positive a and [ parameters and a positive
inherent sonority, Wwhereas other segments are assigned negative
parameters and inherent sonority (Laks 1995: 63, table 5)6). This initial
parameter setting constitutes in itself a strong a priors bias concerning
the asymmetry between syllabic and non-syllabic segments, since its
net effect is to favour vowels as peaks. It is thus legitimate to wonder
what the performance of the network would be in the absence of such
a priori knowledge about natural classes. Last but not least, this
extension of DCN’s introduces more degrees of freedom in the network,
which makes it more expressive but also less restrictive. Because the
parameters of a standard DCN are only two scalar values, they explore
a much more restricted search space, which makes them computationally
more tractable and limits, to a certain extent, the possibility of
over—generating unattested patterns.

The rest of the paper develops an analysis of the metrical structure
of southern French using the original architecture put forth by
Goldsmith and Larson. The next sub-section presents the model in
detail, paying attention to the interaction between the syllabic and
metrical networks.

3.3. Architecture of the Model

Since DCN’s do not build constituents, metrical structure is
constructed out of syllabicity peaks and troughs. Specifically, the
syllabic network must include a recognition layer that is able to identify
sonority maxima and minima (Larson 1993: 40-43). In Goldmith and
Larson’s model, the syllabic recognition layer scans the derived sonority
d of each unit 7 and checks whether it satisfies either of the following

conditions:

6) Glides are actually assigned a null inherent sonority and negative a and B.
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(7) Identification of maxima and minima in the syllabic recognition
layer (adapted from Larson 1993: 41):
Maxima: BOOLEAN(d; > di-; AND d; > di+)
Minima: BOOLEAN(d; < di-; AND d; < d.p)

Where BOOLEAN is a function that returns 1 if the condition is true
and 0 otherwise. However, an important issue with DCN'’s, which was
clearly identified by Larson (1993: 99-102, 108), is the status of sonority
plateaus. This problem is particularly acute is the case of hiatuses,
which abound in many languages, including French. Indeed, it is
extremely unlikely that two adjacent units in a DCN have exactly the
same derived sonority. Therefore, under a strict understanding of the
definition of a peak as a local sonority maximum, a DCN is unable to
account for hiatuses (cf. southern French paysage ‘landscape’
[pei.za.30]). One ‘naive’ approach might be to determine a range within
which two adjacent nodes are considered as level, but in practice this
would be extremely error-prone and the threshold should be determined
empirically in an ad hoc fashion, which is clearly not satisfactory. Laks
(1995) offers a more principled solution to this problem. In his model, all
and only the units whose derived sonority is positive are treated as
peaks. In other words, 0 is interpreted as a baseline that distinguishes
syllabic segments from non-syllabic ones in the sonority plane?.
Troughs remain identified as local sonority minima.

The artificial learner implemented in this paper builds upon this
insight. The interface between the syllabic and metrical networks thus
includes the following function to identify the nodes of the metrical

network:
(8) Peaks: BOOLEAN(d; > 0)
The nodes of the network which are identified as peaks by the

syllabic recognition device (according to (8)) become input units to the
metrical network. As a result, there is no longer a one-to—one mapping

7) A very similar idea is developed in Klein (1993), although not from a
connectionist perspective.
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between local sonority maxima and syllabicity peaks. For instance, a
hiatus occurs whenever two consecutive units have a positive derived
sonority.

As we saw earlier, French stress generally falls on the last syllable
of a word unless it is headed by a schwa. Quantity-insensitive
languages with demarcative stress (such as French) generally align the
main prominence on either edge of the string, with the possibility of
marking a number of syllables at that end as extrametrical (Larson
1993: 45). In a DCN, right-edge prominence is achieved by assigning a
final positional activation value to the rightmost node in the metrical
network (see figure 4). Consider the form haricot ‘bean’ [ariko]l. A
proper syllabification of this form will identify 3 peaks, namely [al, [i]
and [o]. The input to the metrical network will be a vector u = (1, 1,
1). Edge enhancement will raise the sonority of the rightmost unit,
yvielding u’ = (1, 1, 2). Given adequate values for a and B (as in 6), the
DCN will assign the highest derived sonority to the rightmost node and
will create an alternating pattern of peaks and troughs.

As we saw in Section 2, a key characteristic of southern French is
the existence of a lexical schwa. In order to adequately model its
prosodic weakness, it 1S necessary to take into account the interaction
between the syllabic and metrical networks. The Boolean recognition of
peaks introduces a non-linear relation between the syllabic and metrical
networks. Indeed, the input values to the metrical network are not
proportional to the output values of the syllabic one; instead, all the
units whose value is above a given threshold (namely, 0) are passed as
input units to the metrical level, with the same inherent sonority (1). As
a result, the metrical network makes no qualitative difference between
vowels, and it is not able to distinguish between schwa and full vowels
on its own.

It is tempting at first sight to treat French schwa as an extrametrical
vowel, but such an option is clearly not workable. Doing so would force
one to analyze obstruent+liquid clusters as codas, as in sobre ‘sober’
[(sobr)s. <o) ] and socle ‘base’ [(sokl)s. <o) 1. While it may be argued
that in varieties where final schwa has been lost, such as North
American varieties, these clusters have indeed been reanalyzed as codas

and are often simplified (e.g. /sobr/ — [sobl), we find no independent
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evidence that these clusters can be analyzed as codas in southern
French. They never appear in syllable-final or word-final position,
except after schwa deletion in the case of innovative speakers. More
critical is the fact that this analysis wrongly predicts that ‘extrametrical’
schwa cannot occur morpheme-internally due to the peripherality
condition, which requires extrametrical constituents to align with either
edge of their domain (Hayes, 1995: 57-58). This prediction is falsified
by the existence of monomorphemic forms like célers ‘celery’ [selori] and
écrevisse ‘crayfish’ [ekrovise], where the internal schwa is prosodically
weak and triggers mid-vowel lowering, according to the /oi de position
summarized in (2).

In order to account for the prosodic weakness of schwa, I propose
that this vowel is simply unable to project from the syllabic to the
metrical network. This approach captures the spirit of Selkirk’s (1978)
analysis and, in an OT context, van Oostendorp’s (2000). To model the
behavior of schwa in OT, van Oostendorp develops a schema of
projection constraints which require that the head of certain prosodic
constituents (in particular, the foot) dominate certain features.
Specifically, the prosodic weakness of schwa is due to the fact that
projection constraints prevent it from accessing the head position of a
foot because it is featureless. In the connectionist architecture adopted in
this paper, this insight is reinterpreted as the fact that schwa is
invisible at the metrical level. As we have seen in (8), only the units
whose derived sonority is greater than O access the metrical level. The
metrical invisibility of schwa is therefore the result of it having a
non—positive derived sonority. This property is implemented in the
learning module as a feedback connection from the metrical network
back to the syllabic network. The next section develops an analysis of
a corpus of southern French in order to demonstrate the usefulness of
the model.

4. Analysis
4.1. The corpus

In order to use realistic data, the corpus was constructed from
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orthographically transcribed recordings drawn from the project
« Phonologie du francais contemporain : usages, variétés, structure »
(PFC®) (Durand, Laks et Lyche 2002, 2009). I used the transcriptions of
10 speakers from a small village in the South West of France (Douzens,
in the Languedoc area). The transcribed part of the recordings
represents 185 minutes of conversation in total (about three hours). I
also added the content of the word list and the read text from the PFC
survey protocol, which were specifically designed to study a number of
phonological phenomena. The raw corpus initially contained 46,682
tokens, representing 3,314 types. This type list was cleaned up to
eliminate noise such as misspelled variants and family names. Since this
study is concerned with syllabification, it was decided upon reflection to
remove all duplicate homophones whose lemmas were identical, as in
inflected forms such as venu ~ venues [venyl and arrivé ~ arrivait
[agive]. There were many such redundant forms in the data and they
would have blurred the results since it would have been difficult to
isolate the ability of the network to truly generalize to unseen forms on
the hand from its ‘memory’ of forms already encountered in the training
data on the other.

The cleaned-up word list was transcribed using a broad IPA
transcription according to the general pronunciation of southern French
and then syllabified following traditional assumptions about the syllabic
structure of southern French (Durand 1995). In particular, the /Joi de
position was used as a guide to syllabification for word-internal
clusters. By way of example, the word exemple ‘example was
transcribed [eg.zan.plo] (with a ‘coda’ /g/) since the first vowel of the
word is mid-open. /r+j/ clusters were treated as tautosyllabic (e.g.
intérieur ‘inside (noun) [en.terjeer]), even though a heterosyllabic
pronunciation seems to be spreading (e.g. [en.ter.jeer]), especially among
younger speakers?).

There is no firm agreement about the status of the vowel written
<e> in the initial syllable of polysyllabic forms (e.g. petit ‘small’ [potil).

8) See http://www.projet-pfc.net

9) A proper treatment of /r+j/ sequences would require taking into account the
interaction between phonology and morphology, which is beyond the scope of
this paper.
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Durand, Slater & Wise (1987) argue that this vowel is phonetically and
phonologically indistinguishable from the stable vowel written <eu> in a
word like meunier ‘miller’ [mgnje]. 1 followed their analysis and
transcribed all such <e>’s as stable vowels.

Nasal vowels were transcribed as an oral vowel followed by a nasal
appendix, which is their canonical realization in southern varieties of
French (Durand 1988). The appendix was transcribed as [n].

The final corpus contains 2,530 forms. It was randomized and divided
into three sets, as has become standard practice in machine learning: a
training set containing 60% of the data (1,518 words), a validation set
and a test set, each containing 20% of the data (506 words). A short
excerpt of the corpus is given belowl0:

(9) génial se.njal CV.CGVC
généalogiques ze.ne.a.lo.ziko CV.CV.V.CV.CV.CV
général 3e.ne.ral CV.CV.CVC
générale 3e.neralo CV.CV.CV.CV
génération 3e.nera.sjoN CV.CV.CV.CGVN
geénétique ze.ne.tiko CV.CV.CV.CV

The corpus contains 6,440 syllables in total, corresponding to 27
different syllabic types. The most frequent ones are summarized in table
(10). Unsurprisingly, the CV pattern is by far the most frequent,
accounting for over half of the corpus. Even though southern French
tolerates complex onsets, it is clear that complex codas tend to be
avoided. As a matter of fact, many complex codas found in standard
French (such as /rn/ in alfterne ‘alternate’ [al.tegn]) are not found

because of the presence of a schwa ([al.tes.na]).

(10) Main syllabic types in the corpus

type CvV CVN | CVC | CCV | V | CGV VN | CGVN
tokens | 3619 572 552 425 | 383 | 242 133 131
% 56.2 8.9 8.6 6.6 59 3.8 2.1 2.0

10) C = consonant (including nasal stops), V = vowel, G = glide and N = nasal
appendix.4
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4.2. Learning Protocol

The learning algorithm that was wused, originally developed by
Goldsmith and Larson (see Larson 1993: chap. 6), is inspired by a
learning procedure known as “simulated annealing” (see the appendix
for a more detailed overview)!D. The model is a supervised learning
algorithm, which relies on a parameter called “temperature”, initially set
to a very high value. The learner is presented with items from the
lexicon, one at a time. Each time a new form 1is presented, the
temperature decreases according to a cooling schedule, whether or not
the network successfully predicts the correct form.

Each presentation of the whole training constitutes one epoch. At the
beginning of each new epoch, the lexicon is randomized so as to avoid
any sequence effect. When the temperature of the system falls below a
predefined threshold, the system is considered frozen in a stable state
and no further learning takes place. The intuition behind this learning
algorithm is that the magnitude of the change for a and B depends on
the temperature of the system: the hotter the system, the bigger the
change may be. The magnitude of the change asymptotically decreases
towards 0 as the system cools down.

It must be born in mind that because the algorithm is stochastic,
learning takes place in a non-deterministic way and the outcome thus
differs on each new trial. In each simulation, the inherent sonority of
the units is re-initialized randomly before learning starts. This encodes
the linguistic hypothesis that the learner has no direct access to the
underlying sonority of the segments of the target language; it only has
access to the rhythmic profile of the strings to which it is exposed. As
in all supervised learning algorithms, the learner tries to iteratively
approximate the target forms of the language by comparing its
predictions to the forms observed in the training data. Since the output
of a DCN is a vector of continuous sonority values, rather than
constituents, inputs and outputs need to be processed so as to make

11) The learning algorithm was implemented in the Python programming
language, using the Numpy library for numerical computing; see
http://www.python.org and http://www.numpy.org. The source code and the
data set may be obtained from the author upon request.
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them directly comparable. The sonority wave of the syllabic network is
transformed into a sequence of peaks and troughs, according to three
degrees of prominence: H (high) corresponds to a local sonority
maximum; L (low) corresponds to a local sonority minimum and all
other segments are labeled O (other). For example, the word blessé
‘hurt’ [ble.se] will be assigned the following sonority profile: LOHLI.
Furthermore, we will use the notation <{H) to represent a local sonority
maximum whose derived sonority is non-positive, as in the case of
schwa. For instance, the word pdfe ‘pasta’ [pate] will be assigned the
following profile: LHL <H) . The syllabification of each word in the
corpus was converted to a sonority curve according to these premises.

Previous research in DCN’s only used a training set and (sometimes)
a test set to train their models. Although this was a common practice
in the early nineties, this is now considered problematic in machine
learning; since the learning algorithm contains a number of hyper-
parameters which must be adjusted to the type of data on which the
network is trained, there is a risk of overfitting the model to the data.
The procedure that was followed was to train and adjust the hyper-
parameters of the model on the training set, and then use the validation
set to check the accuracy of the model on unseen data. Once the
hyper-parameters were set so as to not overfit the training data, the
test set was used to measure the predictive power of the model. We
now turn to the results of the simulations.

4.3. Results

This section reports on the results obtained with the architecture laid
out above (and detailed in the appendix), focusing on the syllabic
network. In order to avoid any bias in the selection of the model, 1,000
simulations were run so as to get a fair representation of the average
performance of the architecture. The mean performance of the network
on the training set was 99.38%. The mean prediction score on the
validation set was slightly lower at 98.48%, ranging from a minimum of
96.84% to a maximum of 98.81%. Unsurprisingly, the network was
rather slow to converge since the inherent sonority values and the

parameters were initially assigned randomly and the network had to
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find an optimal setting for all of them. It takes on average 18.6 epochs
for the network to stabilize. There is however a very high variance
across simulations (standard deviation ¢ = 19.5). The fastest simulation
converged in only 3 epochs, whereas the slowest one took 329 epochs.
Importantly, it must be stressed that none of the simulations failed and
that the model always converged.

To get an overall picture of the behaviour of the architecture, I
computed an average model over the 1,000 simulations. This model
simply averages over all the values obtained for the parameters a and (3
as well as for the learned inherent sonority of the segments. The mean
values of a and B are given in (11):

(11) mean values for a and B over 1,000 simulations for the syllabic

network:
a = 0.185
B = 0.005

Let's now turn to the inherent sonority values that were learned.
Average results are reported in (12), sorted in descending order from
left to right, top down:

(12) Inherent sonority learned by the model (averaged over 1,000

simulations)

a: 473 e 3.78 y 357

5355 i:337 g 231

e 307 o: 2.86 u 221

o - 2.05 o -1.29 u - —141
w : -1.99 j i -233 n:-3.02
N ! -3.64 r: -4.01 1:-4.26
I -517 31 -5.16 z  -5.26
g 655 n: -6.96 k =723
v =724 f:-751 m @ -7.81
b -7.86 s =819 d: -856
p: 937 t: -11.05

A few remarks regarding the inherent sonority that are assigned to
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the segments are in order. First, all vowels (except schwa) are assigned
a positive value, which does not come as a surprise given the
architecture of the model (values in the positive half-plane are
syllabicity peaks). Schwa is assigned a negative sonority value, but its
sonority is higher than all the consonants. The network assigns a fairly
high sonority in the negative half-plane to the three glides. This is
consistent with the fact that glides are considered intermediate segments
between vowels and consonants and are often the result of the
weakening of high vowels. Obstruents, on the other hand, are all
assigned a low negative sonority, with the voiceless stops [p] and [t] at
the very bottom of the scale. The derived sonority values for the liquids
/l/ and /r/ are very close to each other, which is certainly the result of
their shared distributional properties (e.g. both can appear as the second
member of a complex onset, as in table [ta.bla]).

The inherent sonority of nasals is much less consistent, but their
distribution is not uniform. The segments [m] and [n] can both appear
in onset and coda position. The consonant [n] is restricted to onset
positions, and it is nowadays realized as [nj] by many speakers. As
such, it seems to lie outside of the consonantal system. Finally, the
relatively high sonority (between glides and liquids) of [n~], the nasal
appendix, is consistent with the fact that it only appears in post-vocalic
position.

In order to test the predictive power of the average model, it was run
once against the test data set, which was never seen during training.
The model made 6 prediction errors out of 506 data points, which
corresponds to a performance of 98.81%. To fully appreciate the
performance of DCN, I run a baseline model with alpha and beta set to
0 (which means that there is no lateral influence of units on one
another) and setting the inherent value of the units according to a
traditional sonority scale (Goldsmith 1990: 111), with stops at the
bottom of the scale (-5) and open vowels at the top (+5). Such a model
obtained a performance of 92.49% on the test set. This shows that,
even though southern French syllabicity mostly conforms to the sonority
sequencing principle, inherent sonority alone is not sufficient and DCN’s
offer a compelling architecture to model syllabicity in cases where

syllabification does not follow sonority.
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To show the importance of the dynamics of the network in such
cases, let's consider the form discute ‘chat’ /diskyte/, whose underlying
structure is represented in the average model by the sonority vector u
= (-856, 3.37, -8.19, -7.23, 357, -11.05, -1.29). On the sole basis of the
inherent sonority values, the network would predict the sonority profile
*LHLOHL <H) , corresponding to the syllabification *[di.sky.tol.
Remember however that according to the /loi de position, the trough
should be /k/, since /s/ has a lowering effect on a preceding vowel
when it is mid. Figure (13) shows the predicted derived sonority curve
of this word in the average model, which corresponds to the vector d =
(=855, 1.75, -7.91, -868, 191, -10.71, -3.27). This syllabic curve is
consistent with the effect of the /Jor de position. Even though the
derived sonority of /s/ is quite low and only slightly higher than /k/, it
is high enough that it is not a local minimum in the output form. This
post-peak/pre-trough position corresponds precisely to the traditional
notion of coda, but no constituent structure needs be posited.

Let's now turn to the behaviour of schwa in more detail. As we have
seen in §3.3, the properties of this vowel in this approach stems from
the fact that it is prosodically invisible in the metrical network. Let's
consider a word with only an alternation of vowels and consonants but
containing a schwa, such as wticole ‘wine-making [vitikolo]. The
average model assigns the derived sonority d = (-7.23, 1.98, -10.68, 1.36,
-6.97, 2.24, -3.86, -2.00), which corresponds to the sonority curve
LHLHLHL <H) . Figure (14) plots the derived sonority predicted by the
network for this form, along with the O baseline for the sake of clarity.
The three peaks above the baseline represent the three full vowels.
Schwa, which corresponds to the eighth node, is a local sonority
maximum, however, because of the non-linear thresholding function in
the recognition layer (see (8)), it fails to be projected to the metrical
network.

As a result, the node corresponding to the vowel [0] becomes the
rightmost node and receives the main lexical prominence by virtue of
positional activation. Under this interpretation of the prosodic properties
of schwa, the trochaic foot becomes unnecessary to account for the
suprasegmental structure of southern French. The sonority pattern

exhibited by the network in (14) would more closely match the concepts
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of supersyllable or recursive syllable which have been put forth in the
literature (see Hall 2006: 403 for an overview).

(13) derived sonority of discute

Syllable Network

Sonority

(14) derived sonority of viticole

Syllable Network
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I believe, however, that the metrical grid (Prince 1983) is a far better
and more direct symbolic approximation of a DCN architecture, as has
been argued by Laks (1997). The metrical structure of viticole may thus
be represented as in (15 as the layering of several levels of
prominence. Crucially, though, these layers are not understood to
represent pre-wired, innate symbolic categories but emerge from the

dynamics of the architecture that has been developed.

(15) Metrical grid representation of viticole

Metrical prominence: X
Peaks: x x x
Sonority maxima: x x x x

To conclude this overview of the behaviour of our artificial learner, it
1s worth considering the prediction errors of the average model on the
test set (the set which was never seen in training) from a qualitative

point of view. These are listed in (16):

(16) form expected curve predicted curve
islamiks HOLHLHL <H) HLOHLHL <H»
spor LOHL HLHL

sportivo LOHOLHL <H) HLHOLHL <H)
spektakle LOHOLHLO <H) HLHOLHLO <H)
stazo LOHL <H) HLHL <H>
stand LOHOL HLHOL

It is striking to observe that all the prediction errors involve /sC/
clusters, and 5 out of 6 are in word-initial position. The cluster /sl/ is
not a native cluster in French, and there was only one form in the
training corpus that contained it (s/Zp ‘underpants’ [slip]), moreover in
word-initial position. The lack of integration of this cluster within the
phonological grammar of southern French is supported by the fact that
many speakers voice the /s/ (slip [zlipl; islamique [izlamiks]). Anyway,
Islamique is an assimilated borrowing in French and the prediction error

of the network seems to simply reflect the performance of the model in
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the presence of an illicit cluster. Furthermore, the status of word-initial
/sC/ clusters is a well-known problem in phonological theory!2. The
Romance prosthesis (Alkire and Rosen 2010: §2.1) in word-initial /sC/
clusters lends support to the idea that these clusters are indeed special
(see Latin schola > *iscola > French école, Spanish escuela ‘school’). It
might well be the case that the network’s predictions in these cases are
not errors, but reflect the fact that /s/ is actually a local maximum of
sonority in this environment, at least for some languages such as

French.

5. Conclusion

In this paper, I have developed a connectionist analysis of the
suprasegmental structure of southern French, in a model based on
dynamic computational networks. Building upon previous work by
Larson (1993) and Laks (1995) in particular, I have presented a
two-layer architecture to model syllabic and metrical structure. Because
of the computational properties of DCN’s, the interface between the
syllabic and metrical networks was designed so that all and only the
nodes whose derived sonority is positive are visible in the metrical
network. While this property was implemented so as to be able to deal
with sonority plateaus, it was shown to be useful to model the
behaviour of schwa: in this architecture, schwa is simply a local
sonority maximum in the negative half-plane of the syllabic network.
This connectionist architecture was shown to successfully model the
suprasegmental structure of southern French, and it was shown that the
errors observed in the test set had to do with a very specific
phonotactic pattern, namely sequences of /s/ + consonant, mostly
word-initially.

This study has shown that a non-trivial part of the suprasegmental
structure of southern French can be modelled without prosodic
constituency. As mentioned in $§2, the metrical structure of southern
French, while very simple, seems to be a typological exception: in all

12) See Kaye (1992) for analysis of /sC/ clusters as heterosyllabic based on
evidence drawn from Italian, Portuguese, Ancient Greek and British English.
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the analyses I am aware of, the trochaic foot seems necessary to
account for the interaction of schwa and stress on the one hand, and
schwa and mid-vowels on the other; yet all other feet appear to be
degenerate unary feet, a pattern which seems to be highly uncommon
(see Andreassen and Eychenne 2013 for a fuller discussion of this
issue). The present approach solves this problem by abandoning
constituency entirely. The foot and the syllable receive no explicit
theoretical status as such: they are an epiphenomenon of the interaction
between two rhythmic levels which share the same architecture and
computational properties.

If the approach to schwa laid out in this paper is correct, it opens
interesting perspectives for the analysis of other languages. Van
Oostendorp (2003) distinguishes three types of schwas from a
typological perspective: schwas that alternate with zero (often epenthetic
schwas), schwas that are the result of vowel reduction and stable
schwas. Schwa in southern French is an instance of the latter category,
but the DCN might prove an insightful framework to model other types
as well. For instance, reduction to schwa in languages such as English
might be captured as a lowering of the derived sonority of a full vowel
under the influence of stress, which might be implemented as a form of
backpropagation from the metrical network to the syllabic network.
Similarly, this architecture could be useful in modelling glide-formation
phenomena, such as those found in northern varieties of French (e.g.
tuer ‘to Kill' /tye/ — [tuel).

I believe that the full potential of DCN’s for modelling suprasegmental
structure has yet to be explored. Even though a number of
quantity-insensitive systems have been successfully modelled in DCN’s
(Goldsmith 1994), quantity-sensitive systems have received almost no
attention. An analysis of a broad range of languages in this framework
using large corpora will prove invaluable in testing this architecture on
a larger scale and refining it. Further progress may also be achieved by
extending the model, perhaps by adding one or several additional layers,
to move beyond the lexical level and model connected speech.
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Appendix: Implementation of the model

The goal of learning in a DCN is to assign a sonority value to the
segments of the language and to find a pair of parameters (a,8) such
that the network correctly predicts all the strings of the target
language. A DCN accomplishes this task by iteratively computing the
derived sonority d of each unit at time ¢ until the difference in derived
sonority for each unit between ¢ and ¢#+1 is null or, in practice, lower
than an arbitrary threshold & Ge. |d° - d“'| < §). Prince (1993: 20)
proved that this learning problem could be tackled more directly using
linear algebra. Equation (5) can be formulated as (17) in vectorized

form:
17 d <~ W,d +u

Where d is the derived sonority vector of dimension n (initially set to
0), u is a vector representing the inherent sonority of the string and W
a tridiagonal matrix of dimension nxn, whose superdiagonal is set to a
and whose subdiagonal is set to . This equation can be usefully

rewritten as (18):
(18)d =T -Wo'u

Where 1 is the identity matrix. The implementation of the model used
in this paper is based on equation (18). This closed-form solution was
chosen over the iterative approach for several reasons: it allows us to
do without the threshold parameter &6, it is computationally more
efficient than the iterative method and it yields an exact solution rather
than an approximation (whose precision depends on the value of §).

If we regard a DCN as a model of phonological acquisition, it is of
course necessary to circumscribe the search space, which is determined
by the parameters a and 3. Since they are continuous numerical values,
they could take on a theoretically infinite number of wvalues. Prince
(1993: 49-53) formally proved that any DCN which satisfies the

1

condition laBl < % converged, regardless of its size. In other words, for
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any such DCN, an exact solution to the learning problem is guaranteed
to exist. While this still means that there exists an infinite number of
possible converging values (Larson 1993: 36), in practice, the search
space for a and B is restricted to the interval [-0.5 0.5] and it is
assumed that the learning problem amounts to finding an optimal value
for each of the parameters within this interval.

For each simulation, the initial values of a and [ were assigned
randomly from a uniform distribution within the interval [-0.3 0.3].

In order to train the model, I used an algorithm (originally developed
by Goldsmith and Larson) inspired by a learning procedure known as
“simulated annealing”. This supervised learning algorithm relies of a
parameter T called “temperature”’, which is initially very high (t = 1.0).
Each time a new form is presented to the learner, the temperature
decreases according to a cooling schedule (At), whether or not the
network successfully predicts the correct form. For example, if At =
0.99, the temperature decreases by 1% after each iteration. When the
system fails to predict the correct form, the parameters a and B are
randomly modified by a factor drawn from a normal distribution with
mean 0 and variance T (the temperature of the system), normalized by
a constant x. The temperature of the system is also increased by the
Euclidean distance of the change in a and B3; intuitively, this means that
big changes in a and B will increase the temperature more than small
ones. Finally, the inherent sonority of the segments whose derived
sonority was wrongly predicted is modified, by a factor which depends
on the temperature of the system and a normalization constant A. When
the temperature becomes lower that a predefined threshold (©), the
system is said to be frozen in a stable state and no further learning
takes place.

It must be emphasized that all these parameters (except a and B) are
those of the learning algorithm, not of the DCN. Such parameters are
often called “hyper-parameters” in the machine learning literature. For
the sake of clarity, the 5 hyper—-parameters of the learning algorithm are
summarized below:

1. the temperature of the model (initially set to 1.0 in all the

simulations)
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AT the cooling schedule

O: the freezing threshold

k.  the parameters which controls the magnitude of the change for a
and B in case of error

N the parameters which controls the magnitude of the change for

the inherent sonority of a unit in case of error
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