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Introduction

Log-linear grammar is a probabilistic extension of Optimality Theory (OT; Prince and
Smolensky 1993), or more directly, of Harmonic Grammar (see overviews in Smolensky
and Legendre 2006, Pater 2009). Also known as Maximum Entropy grammar, it was first
proposed for syntax by Johnson (2002), and subsequently applied to phonology by
Goldwater and Johnson (2003), Wilson (2006), Jager (2007), and Hayes, et al. (2008),
among others.

Likelihood maximization is guaranteed to be convergent for log-linear grammars, but
these guarantees do not hold without access to full structures (Riezler 2000)—similar to
the concerns about OT Constraint Demotion algorithms (Tesar and Smolensky 2000).

Eisenstat (2008) provides a general model for the learning of hidden structure in the log-
linear framework, and shows that it succeeds on cases of learning of phonological
underlying representations (URs).

The convergence of such methods is destroyed by local maxima in the search space. It is
yet unknown how frequent these maxima are or how well they can be dealt with by
existing techniques in unsupervised learning.

In this work we investigate learning a weight-by-position typology. That is, the languages
learned assign weight-sensitive stress, treating coda consonants as moraic or non-moraic.
The moraic level of data is not surface-evident and thus not provided to the learner. The

weight specification of CVC syllables is thus hidden structure which must be dealt with by
the learner.

Probability Model

Call inputs x (word shapes) and possible outputs for each y (stress patterns) with a
violation function fand weights w.

The harmony (or score) of each candidate is then the weighted sum of its violations:
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A candidate’s probabilitv is defined as the normalized exponential of harmony:

1
Hl
plyij | i) = e
J Zi
H, .
Zi = etii
j/
Expanded to include hidden structures z (moraicity specifications), the probability of an
overt output structure is simply the sum of all consistent full structures:
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Learning Objective

The set of weights w* for a language is learned by maximizing the log-likelihood of the data.

We include an additional L, (log-space Gaussian) prior to ensure finite solutions to the optimization.
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Constraints

. *FINAL-STRESS Assign av. for every stressed final syllable (Hyde 2007).

1. WEIGHT-TO-STRESS Assign a violation for every unstressed heavy syllable.

2. WEIGHT-BY-PosiTioN ~ Assign a v. for every non-heavy CVC syllable (Hayes 1995).

3. *CLasH Assign a v. for every pair of adjacent stressed syllables (Prince 1983, Selkirk 1984).
4. *LAPSE Assign av. for every pair of adjacent stressless syllables (Ibid.).
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. INITIAL-STRESS Assign av. for every stressless initial syllable (Ibid.).

Example Problem

The type of language learned in this work is demonstrated in the tableaux below.

Only a limited set of the candidates and constraints is shown.

Input | L1 | L2| Overt Full WBP | WTS | INITIAL-S | *FINAL-S
1 cveve cvw'cvwcH -1 -1
CV,/CV,C | -1 -1 -1
cveve -
1 | cveve CV,CV,C, -1
'CV.CV.C | -1
CV'CV | CV,/CV, -1 -1
cvev 1] 'cvev | 'cv,ev,
] 1] Cvev: | CV,/CV,, -1 -1
cvey: 'CVCV: | 'CV,CVyy -1

Candidates

« Overt forms: Strings of CV, CV:, and CVC syllables up to five syllables with all possible stress patterns
including at least one stressed syllable.

« Hidden structure: All possible assignments of morae to coda consonants for each overt form

« Violations of the above constraints were assigned automatically.

+ Harmonically bounded and tied candidates were removed from the candidate set.

Language Generation and Learning

¢ 7,200 sets of random weights were assigned to the constraints.

« The languages described by these weights in Harmonic Grammar were used as the target for learning in
the model.

« Parameters: Starting weights at 1.00. % = 48.00.

Results: Correctness

Out of the 7,200 random weightings, 68 unique languages were found.

A grammar is said to be “correct” on an input in a given language if the candidate assigned
the highest probability by the grammar matches the form in the target language.

Correctness measures:
1. Languages learned 100% correctly:
2. Mean correctness percentage:
3. Median correctness percentage:

59 (86.76%)

99.50%

100.00%

Most languages were learned well. Those in which some outputs were incorrectly selected
deserve further examination.

Correctness Summary Distribution Summary
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Results: Distribution

The grammars produced are probabilistic, not categorical. However, the target languages
are just the reverse, containing no variation. The target distribution is thus a point
distribution—how close do we come?

Three measures:
1. Mean probability of winning candidate: 0.81
2. Difference in probability between winner and runner-up: ~ 0.61
3. Mean total entropy of output distributions: 174.77 bits
(Goal: 0 bits, MaxEnt: 931.62 bits)

(Goal: 1.00)
(Goal: 1.00)

Targets were learned to a high degree of correctness—but the proper distribution was not
always learned. This is likely an effect of regularization: the learner is pushed away from
categorical solutions by a pressure for low weights.
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