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Figure 3.2 A set of three poings that is shatterable by half-spaces in &

for each of the cight logically possible grammatical/ungrammatical distinctions over
these three points, we say that this set of points is shattered by the class £

Because there is a shatterable set of three points, the VC dimension of £ is at
least three, This does not entail that vawry set of three points is shatterable. For
instance, any set of three collinear points cannot be shattered, because one of the
points lies directly between the other two and thus cannot be separated by a
half-space. This same logic explains why no set of four peins in &' is shatterable;
either one point is inside a triangle whose corners are the other points, or the four
points are the corners of a convex polygon. In the former case, no hyperplane can
include the interior point while excluding all the points at the corners and, in the
latter case, no hvperplane can include two opposing corners while excluding both
points at the other cormers. The fact that there are shatterable sets of three points,
but no shatterable sets of four, places the VO dimension of half-spaces in R at
three (for ®7 it is w41). What this means in terms of learnability is that, for any
dataset with more than three points, there must be points whose grammaticality
is interdependent,

To understand the role this structure plavs in fearning, consider a class £
whose VU dimension is o and a learner with m data points. As long as m = d, it
is possible that the labeling of every point is totally independent of the others.
But, as soon as m > d, some generalization/prediction is abways possible, because
there are fewer than 2V distinet ways to label the data points as grammatical
or ungrammatical according to tanguages in £ {otherwise the VO would be higher).
Furthermore, it turns out that when pr > d, the number of possible labelings is
a polynomind function of m. In essence, there is a sort of “phase transition” from
exponentially many labelings when m < d to only polynomially many when s =4,
which makes the complexity of the hypothesis space a polynomial function of
m when the VCD is finite.”

By complexity, we mean information-theoretic complenity in the sense that £ makes it possible to
deseribe any labeling of a1 = d data points with fewer than log, s bits. See Kearns and Varirani {1994)
for more discussion and for proots.
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A finite VCD is both necessary and sufficient for PAC-learnability (Blumer
et al. 1989), and thus not even the class of finite languages (which has infinite
VCD) is learnable in the PAC framework. It follows that none of the major classes
of the Chomsky Hierarchy are PAC-learnable, which again suggests that the right
characterization of the class of patterns in phonology is some class that cross-cuts
the Chomsky Hierarchy. '

Finally, we should note that substantive linguistic restrictions will shrink the
VC dimension below the upper bound that follows from more general structural
properties of the class. For example, in the grammars of Figure 3.2, phonetic
factors such as ease of articulation or perception might rule out the possibility
of languages that admit [pt] clusters while excluding [sl] and [sn] clusters. When
additional properties such as implicational universals over sonority sequencing
restrict a concept class, the VCD can quantify the structure that such factors bring
to the learning problem.

4.4 Summary

The three kinds of structure surveyed here — finiteness, the tell-tale property, and the
VC dimension - provide a foundation for phonologists to investigate the contribu-
tion phonological properties make to learning. Phonologists widely agree that there
is intricate structure in phonological patterns. How this phonological structure relates
to the structures that are relevant to learnability is a promising new research area,

5 Phonological learners

5.1 Learning rule-based alternations from pairs

Johnson (1984) presents an algorithum that takes as input a set of {1, s) pairs and
returns segment substitution rules and their orderings that are logically consistent
with the data. The class £ of all languages (sets of {1, 5) pairs) that are representable
by ordered sequences of substitution rules is superfinite, and thus we know that this
strategy cannot identify £ in the limit from positive data. Johnson notes that this
set of induced rules and orderings can be reduced via evaluation metrics and other
heuristics grounded in language universals. The need for the latter shows that, while
logical properties of phonological rules can restrict the hypothesis space, additional
structure in linguistic systems must play a role in choosing among hypotheses.
Gildea and Jurafsky (1996) present an algorithm that takes as input {u, s} pairs
from a dataset with some alternation, and returns a rule, which unlike Johnsom's
system can include deletion and epenthesis. Their work begins with a result from
Oncina et al. (1993), who present an algorithm dubbed OSTIA, which identifics
in the limit from positive data a subclass of regular relations describable by
subsequential finite state transducers. Since the flapping rule of English can be
represented this way, Gildea and Jurafsky ask whether OSTIA will acquire the

4

Since the CMU dictionary does not include allophonic information, Gildea and Jurafsky mudified
the dictionary to replace [t] and [d] with [r] in every instance where the rule would apply.
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flapping rule from an appropriately modified version of the Carnegic Melion
University Pronouncing Dictionary (CMU 1993).° Essentially, they ask whether the
CMU contains a tell-tale set (for OSTIA). Because OSTIA fails to learn the flapping
rule from the CMU dictionary, the answer is no, probably because a tell-tale set
would need to include non-English forms like £

Gildea and Jurafsky then augment OSTIA with three phonologically motivated
principles. These are Faithfulness: underlying-surface pairs tend to be similar;
Community: similar segments tend to behave similarly; and Context: phonological
rules can access variables in their context. This modified OSTIA algorithm gets
much closer to acquiring a rule that represents the English flapping alternation.
Gildea and Jurafsky conclude that these biases aid leaming, and argue for a research
program for evaluating the contributions of such biases. We agree wholeheartedly;
domain-appropriate biases that add structure to or otherwise reduce the hypothesis
space are likely to aid learning by also reducing the size of tell-tale sets. However,
it is critical to ask exactly how and why this occurs, and most crucially what class
of rules are learnable with the biases in place. To our knowledge, neither of these
interesting questions has been addressed.

Albright and Hayes (2003) also aim to learn alternations expressed by phono-
logical rules. Their algomhm takes as input {u, ) pairs and returns a set of rewrite
rules with confidence scores. A central idea in their rule construction procedure
is a strategy called minimal generalization. The idea is that if two sounds are known
to undergo some alternation, then one may conclude that all sounds in the smallest
natural class containing those two sounds also undergoes the alternation (cf. the
Community principle). In addition, the algorithm assigns a confidence score to
each rule based on the frequency of the rule’s application in the corpus. The con-
fidence score can be used to analyze free variation, or phonologically conditioned
allomorphy {as with the irregular English past tense).

Albright and Hayes do not focus on an analytical characterization of the class
of languages that their algorithm can learn, but instead compare the behavior
of their algorithm to the judgments of native speakers on “wug” tests (Berko 1958;
CHAPTER Y6 EXPERIMENTAL APPROACHES IN THEORETICAL PHONOLOGY). These com-
parisons reveal intriguing correlations, but they are somewhat difficult to interpret.
On the one hand, a shift in focus from the analysis of properties that define
various tearnable classes of languages to the behavior of humans is undoubtedly
appealing to any who feel that the results of learnability theory are too abstract and
remote from real-world learning problems. On the other hand, having observed
that an algorithm 2 and human subject # give similar responses for a particular
set of test items T after being exposed to a set of training data [, it is not clear
what we can conclude about Hor the relationship between A and 2 because they
might wildly diverge for some other data T" and I, The goal of determining which
properties of the data critically underlie learnability - or in this case the correla-
tion between A and # - is precisely why learning theory focuses mainly on the

It should be emphasized that OSTIA learns a rule that is consistent with the data, [t is just that the
alternation that this rule describes is not the same infinite set of {underlying form, surface form) pairs
that phonologists think the flapping rule ought to describe,
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properties of classes of languages or the general behavior of specific algorithms, as opposed
to the specific behavior of specific algorithms.

5.2 Learning OT grammars

Optimality Theory (Prince and Smolensky 1993) is a theory of grammar which
characterizes alternations by a strict ranking of constraints which evaluate possible
{u, s) pairs. A (i, s) pair belongs to the alternation just in case it is optimal among
the (possibly infinite) range of (i, s") pairs according to the ranked constraints.
(CHAPTER 63! MARKEDNESS AND FAITHFULNESS CONSTRAINTS).

For a fixed (universal) set of k constraints there are at most k! languages
and thus any set of constraints defines a finite class of languages that is learn-
able in the limit. Though the members of any finite class of languages can be
identified in the limit by enumerating the languages, such an approach is not
feasible in practice. An early positive result for OT learning was provided by
Tesar and Smolensky’s (1993) Recursive Constraint Demotion (RCD) algorithm.
Tesar and Smolensky {1996: 26} subsequently showed that the structure that ranked
constraints given to the hypothesis space guarantees that RCD will success-
fully identify languages with a polynomial mistake bound (unlike a brute-force
enumeration),

5.3 The VC dimension of OT and HG

As mentioned earlier, finitude is itself a very simple kind of structure for concept
classes. With regard to the VC dimension, this is reflected by the fact that the VCD
of any finite set of grammars is at most log, of the cardinality of the set. This
follows because it takes at least 2" concepts to shatter a set of 7 data points. Hence
the VCD of any set of OT grammars over a fixed set of k constraints is at most
log, k!, because there are only k! possible rankings. By contrast, if we take the
same constraints and consider grammars defined by real-valued weightings (as in
Harmonic Grammar; HG)® there are infinitely many possible grammars and thus
no a priori bound on the VCD.

This pair of cases proves to be quite illuminating. Though the finitude of &
(or lack thereof) provides some information about its learnability, the charac-
terization is both coarse and incomplete. In the case of OT, the finitude of the
concept class bounds the VC dimension at log, of k! (which is on the order of &
log, k). Unsurprisingly, the hypothesis space has more structure than its mere
finitude, and this structure bounds OT’s VC dimension at k-1 (Riggle 2004).
By contrast, one might expect the infinite hypothesis space of HG to have much
less structure, but it turns out that learning weightings can be represented as
the problem of learning half-spaces in ®* (as in Figure 3.2), so the VC dimension
cannot be greater than k+1 and in fact is k-1 (Bane ¢t al. 2010). This parity means
not only that both models are efficiently learnable, but that the learning problems
are essentially of equal complexity (recalling Vapnik’s observation in §2.3).

¥ In addition to HG (Legendre et al. 1990; Smolensky and Legendre 2006; Pater 2009), a range of
weighted models have been proposed by Goldsmith (1990, 1991, 1993a, 1993b) and a few others,



Learnability 69

54 PAC learning of rankings and weightings in
OT and HG

Both OT and HG have the same VC dimension: k-1 for grammars with k con-
straints. For a concrete example of what this means in terms of learnability,
consider the three hypothetical tableaux in (12).

(12) |inputl|c jc|c|cy

Cand a * implication: a > b iff w, > w, in HG or ¢, >> ¢, in OT

Candd | * implication: > a iff w, > 10, in HG or ¢, »> ¢, in OT

input2 | ¢, [ |cy|e

Cand ¢ * implication: ¢ > d iff w, > w, in HG or ¢; >> ¢;in OT
Cand d % implication: d > ¢ iff ie; > w, m HG or ¢; >> ¢, in OT
input3 o |l

Cand e * | implication: e > fiff wy > w, in HG or ¢ »> ¢, in OT

Cand f * implication: {> ¢ itf @y > w, in HG or ¢, >> ¢; in OT

In both OT and HG it is possible to formulate sets of k-1 binary tableaux like
those in (12), in which each of the exponentially many (i.e. 2"} ways to choose
a set of winners is possible under some grammar. However, as soon as a learmer
has scen k or more tableaux - in either model - there are only polynomially
many ways to choose a set of winners (Le. there is no set of four tableaux in
which all patterns of winners are possible). The remarkable consequence of this
fact is that any learner that meets the simple condition that its hypotheses are
always consistent with all previous observations is guaranteed to PAC-learn a
ranking /weighting from a set of training data whose size is a linear in the number
of constraints.”

Given a constraint set and a dataset comprising (winner, loser) pairs, Recursive
Constraint Demotion (Tesar and Smolensky 1993, 1998, 2000; Tesar 1995, 1997,
19984, 1998b) constructs a stratified hicrarchy #(i.e. a weak ordering) that is con-
sistent with the data by constructing strata consisting of constraints for which, in
cach remaining e, [} pair, @ has no more vielations than /, and then discarding
any pair in which w is optimal according to the # constructed thus far. This
process is reiterated until all (e, ) pairs are gone {or until no constraint favors a
winner, in which case no ranking is consistent with the data). If, in addition to
H, RCD records the ranking conditions that support its correct predictions, then
it can generate hypotheses consistent with all previous observations and thereby
be guaranteed to PAC-learn rankings from in the order of k random samples (the
extra record-keeping is needed to ensure consistency because “accidentally”
correct predictions can be undone by subsequent updates to #).

Ll

The bound on sample complexity i, according to VC dimension d, is m £ [(4/4) [ In (12/¢) +
In (2/0)]; see e Blumer ef al. (1989).
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For HG grammars, Potts ef al. (2010) propose a consistent learner that finds a
constraint-weighting @ = {w,, w,, . . ., w,) € R that simultaneously satisfies all the
linear inequalities that correspond to a set of (winner, loser) pairs — such as those
in (12) - using a technique from linear programming called the simplex algorithm
(see e.g. Papadimitriou and Steiglitz 1998: chapter 2). Though their learner is
intended to operate over batches of (w, [} pairs, they could conceivably be recast
as an “error-driven” learner, so that, rather than generating a new hypothesis
for each new datum based on all prior observations, a new hypothesis would be
generated only in the event of an erroneous prediction.

RCD also has an error-driven formulation, and an especially useful property of
error-driven learners is that they only need to “remember” data points that they
misclassified (often called “supports”) in order to faithfully reconstruct correct
predictions for all forms in the training sequence. This allows a mistake bound
to double as a memory bound on the amount of information that a learner could
ever need to store.

Pater (2008) observes that Rosenblatt’s (1958) “perceptron” can be straight-
forwardly applied to HG learning. The perceptron is an error-driven learner
that maintains a weighting w = (w;, w,, ..., w,) € &, with which they make
predictions as follows. For candidates a and b, the value A(g, b) € Z' is the result
of subtracting b’s violations from #’s violations (e.g. in (10), Ala, b) = (-1, 1,0, ()).
This point in k-dimensional space is “in” just in case it lies within the half-space
described by w-(i.e. if the inner product w - A(s, b} is greater than zero; this is
a linear-classifier like the ones in Figure 3.2). Upon misclassifying a data point,
the hyperplane represented by the weight-vector w is nudged in the direction of
Afa, b). Though multiple errors on the same data point are possible (i.e. the update
rule is non-corrective), the perceptron is guaranteed to eventually converge to
a correct weighting if one exists. In the general case, the perceptron is not a
PAC-learner, because the sample complexity can be exponential in k when the
probability mass of TT is concentrated on positive and negative data points that
are packed too close to the hyperplane that separates them. Moreover, though
the perceptron will converge eventually, it is precisely these “hard” probability
distributions that lead to many mistakes.

5.5 Mistake bounds in OT and HG

Regarding optimal mistake bounds, Littlestone (1988) shows that, while a lower
bound on Opt(£) is set by L's VC dimension, in cases where Lis finite, the upper
bound of Opt(L) is log,| L]. This follows because the strategy of making predictions
that accord with a plurality of the hypotheses consistent with previous observations
only errs on data points that half or fewer of the remaining hypotheses correctly
classify (else the correct prediction would have been made) and, as such, each error
halves the set of viable hypotheses which allows no more than log,)| £| errors.
This suggests room for improvement over RCD'’s quadratic mistake bound of
k(k=1)/2, which follows from the maximum number of stratified hierarchies that
RCD can entertain on the way from all k constraints in a single stratum to a total
order (Tesar and Smolensky 1996: 26). To implement Littlestone’s halving algorithm
for OT, Riggle (2008) proposes a recursive function for calculating the fraction of
the space of possible rankings that are consistent with a set of optimal candidates,
a quantity he calls the r-volume. For just two candidates 2 and b, if A denotes the
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constraints for which a has fewer violations and B those for which b has fewer
violations, then the fraction of rankings that select a is precisely |A| / {|A|+B)).

(13) |input |c¢ ic|c|c

Cand a *1* | * |the r-volume of candidate # is '/ (i.e. 8 rankings)

Cand b | ** * the r-volume of candidate a is 24 (i.e. 16 rankings)

Unfortunately, though computing r-volume for larger sets of candidates can
often be done in ways vastly more efficient than exhaustive search, there are
“hard” cases where computation will always be intractable.” This highlights the
core tension between power and efficiency in learning; RCD's mistake bound
may be sub-optimal but it is still polynomial and it is obtainable at amazingly
low computational cost, whereas the halving algorithm yields a nearly optimal
mistake bound (i.e. within a logarithmic factor of k-1), but does so by introducing
computation that is intractable in the worst case.

Analysis of mistake bounds illuminates a significant point of divergence between
OT and HG. Though the two models have the same VC dimension, the mistake
bound of the former is finite, while the mistake bound of the latter is not. This is so
because it is pessible to construct a sample sequence of arbitrary length in which each
new data point causes an error that leads to an ever smaller change in the weight-
ing. Thus, though learners that use strategies such as the perceptron algorithm will
eventually converge to a correct constraint weighting for any HG grammar (see
Pater 2008), there is no general bound on the rate of convergence (i.e. the number
of mistakes along the way) that holds for all possible sets of training data.

Partially due to this fact, much of the work on learning linear classifiers has focused
on the way that specific properties of samples affect learnability. For instance, the
quantity v, known as the margin, measures the distance (in high dimensional space)
between the grammatical and ungrammatical points and the line that separates
them. Given y, one can derive bounds on the number of mistakes and the rate of
convergence. In fact, if the margin is large enough, it supplants the dimensionality
of the sample space in determining the VC dimension of the learning problem.
Thus, with large margins, HG grammars with thousands of constraints might
nonetheless have very low mistake bounds and sample complexity, suggesting that
searching for so-catled large-margin classitiers might provide tinguistic insights.

5.6 Learning segmental adjacency patterns

Hayes and Wilson (2008} develop a learner that takes as input a list of words and
outputs a maximum entropy grammar consisting of a finite set of weighted con-
straints that define a probability distribution over forms. The algorithm has several
properties of interest. First, the constraints it retumns are essentially #-grams and thus,
in its simplest form, the algorithm can learn adjacency patterns, but not harmony
patterns. Secondly, the units in these constraints are feature bundles denoting
natural classes. Thirdly, the algorithm is designed to first search for more general
constraints (i.c. those with smaller 17 and fewer features). Fourthly, following the

® This follows from the fact that pairs of candidates can be used toy define partial orders over the
constraints and the fact that the problem of counting the linear extersions of partial orders is #2-Complete.
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principle of maximum entropy, the model weights constraints so that their observed
number of violations in the training data matches the expected number.

The authors provide case studies using corpus data suggesting that phono-
logical features play a crucial role in generalization. However, Albright (2009)
explores feature-based generalization in Hayes and Wilson's model, as well as
one based on minimal generalization, and shows that the specific contribution
features make to learning remains unclear (CHAPTER 17: DISTINCTIVE FEATURES).
This is an interesting class of models, and the phonological biases with the hypo-
thesis space are in many ways appealing. However, as with the biases in Gildea
and Jurafsky (1996), formal analysis of their contribution is needed.

5.7 Learning Harmony Patterns

Hayes and Wilson (2008} show that when representations are enriched by allow-
ing segments with certain features to project onto tiers (where segments without
such features are not projected) (see CHAPTER 14: AUTOSEGMENTS; CHAPTER 105 TIER
SEGREGATION), if the algorithm is allowed to search for n-gram-like constraints on
these additional levels of representation then it is possible to learn long-distance
phonotactic constraints (i.e. harmony; see CHAPTER 91: VOWEL HARMONY: OPAQUE
AND TRANSPARENT VOWELS). Haves and Wilson (2008: 32) conclude that “in
controlled comparative simulations, [tiers] makes phonotactic learning possible
where it would not otherwise be so0.” It is, however, critical to bear in mind that this
result tells us something about a particular algorithm, and not something about
the linguistic phenomenon of harmony (i.e. a class of languages). Indeed, Heinz
(2007, 2010) shows that long-distance phonotactic constraints can be learned with-
out tiers (see below). Furthermore, the tiers that are critical to the success of the
algorithm are taken by Hayes and Wilson to be antecedently given, but this does
not entail (nor do the authors claim) that they must be antecedently given.
Goldsmith and Riggle {forthcoming) offer a strategy for learning long-distance
patterns that has many similarities to Hayes and Wilson’s approach, but begins
with an algorithm from Goeldsmith and Xanthos (2009) for “discovering” tiers via
unsupervised categorization of the sounds of corpus into vowels and consonants.

Heinz (2007, 2010) shows that phonotactic patterns derived from long-distance
agreement patterns (Hansson 2001; Rose and Walker 2004) can be learned with-
out tiers, using the notion of a discontiguous subsequence of length two. This idea
is similar to bigram learning where learners keep track of contiguous subsequences
of length two. Heinz provides proofs and formal analysis of classes of patterns
this algorithm is able to identify in the limit. Unfortunately, the absence of analysis
of what classes are learnable by the previously discussed phonotactic learners hin-
ders comparisons of the models.

5.8 Learning stress patterns

Stress patterns can be thought of as word-well-formedness conditions, and hence
a kind of phonotactic pattern. Since stress typologies are diverse and well estab-
lished, learning stress patterns has become a popular and challenging proving
ground for learning algorithms (CHAPTER 39: STRESS: PHONOTACTIC AND PHONETIC
EVIDENCE; CHAPTER 41: THE REPRESENTATION OF WORD STRESS; CHAPTER 44 THE
IAMBIC-TROCHAIC LAW; CHAPTER 57: QUANTITY-SENSITIVITY).
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Dresher and Kaye (1990) propose a learning model in the Principles and
Parameters framework for leamning stress patterns. In this framework, a grammar
is a vector of parameters. The learner takes as input a list of words, and for each
word, sets parameters as determined by checking whether the word consists
of particular properties, called cues. Gillis ef al. (1995) implement the model with
interesting discussion regarding what constitutes an appropriate cue. They only
provide input words up to four syllables in length, and demonstrate that the
learner succeeded in learning 75 percent of the patterns. Related work includes
Gibson and Wexler’s (1994) Triggering Learning Algorithm (see also Frank and
Kapur 1996 and Niyogi 2006: chapter 3 for discussion).

Goldsmith (1994) and Gupta and Touretzky (1994) investigate how quantity-
insensitive stress patterns can be learned using dynamic networks. Although the
models differ in their specifics - Goldsmith employs a different updating procedure
than Gupta and Touretzky, who use a standard perceptron — these methods achieve
a certain level of success in learning the patterns for which data is presented.

Tesar and Smolensky (2000) discuss twelve OT constraints which yield a typo-
logy of quantity-sensitive stress patterns. The OT constraints make reference to
feet (CHAPTER 40: THE FOOT), which are not part of the leaming input. Consequently,
another procedure is necessary to parse the learner’s input data, so that it can
be processed by RCD (the underlying form is assumed to be a string of the right
number of unstressed syllables). This procedure is non-trivial, as there may be
different parses (i.e. foot assignments) for a given stress pattern. Tesar (1998a)
proposes a procedure called robust interpretive parsing. To test their system, Tesar
and Smolensky hand-selected a test set consisting of 124 languages containing
most of the “familiar metrical phenomena” analyzable with their constraints
{Tesar and Smolensky 2000: 68). Note, however, that they acknowledge this set is
not necessarily representative of the whole typology generated by their constraints.
Using robust interpretive parsing, they report that if the initial state of the tearner
is monostratal - that is, no a priori ranking - then the learner succeeds on about
60 percent of the Janguages in the test set. When a particular initial constraint
hierarchy is adopted, the leamer achieves ~97 percent success. So in this case, robust
interpretive parsing (mostly) addresses the problem RCD has with hidden struc-
ture (for this particular set of test data).

Heinz (2007, 2009} proposes that all phonotactic patterns are neighborhood-
distinct, which is a locality condition defined in automata-theoretic terms. It is
shown that all but two of 109 descriptions of the world’s stress patterns are
neighborhood-distinct and that a particular learner that uses this property can
learn 100 of these 109 patterns exactly. Although not every pattern can be
learned, the patterns acquired in the “failure” cases differ only slightly from the
target patterns. Heinz concludes that this particular notion of locality structures
the hypothesis space in a way that makes a significant contribution to phono-
tactic learning,.

6 Conclusions
We have argued that learning theory affirms the role of structure as a solution

to the problem of generalization, and that there are ideas and methods within
learning theory that allow one to measure this structure and the class of languages
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which have such structure. These tools offer phonologists a way to characterize
the contribution various structural properties of phonological patterns can make
to learning.

With the exception of a substantial amount of work on learning in Optimality
Theory (and Heinz 2010, on phonotactics), it is striking that most proposed
learning algorithms have been evaluated only with case studies. Though such
studies are suggestive and can be vital in the development of models, in order to
know whether a given case study illustrates general properties of a problem we
need analytical results that show why the algorithm succeeds, what properties of
the training sample are critical to success, and how the algorithm maps experience
to grammars.

Finally, we have emphasized what we believe to be the most fruitful direction
for future research. Phonologists ought to identify properties of phonological
patterns that structure the hypothesis space or reduce its size (cf. Heinz 2009;
Tesar, forthcoming). This approach works in tandem with, rather than in lieu of,
formal analysis.
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