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Abstract

Grammar induction refers to the process of learning grararaad languages from data; this finds
a variety of applications in syntactic pattern recognitittire modeling of natural language acqui-
sition, data mining and machine translation. This speoijgict contains several papers presenting
some of recent developments in the area of grammar induatidilanguage learning, as applied to
various problems in Natural Language Processing, inctudirpervised and unsupervised parsing
and statistical machine translation.
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1. Introduction

Grammar induction was the subject of an intense study in the early days ofuatiopal Learning

Theory, with the theory of query learning (Angluin, 1988) largely depiglg out of this research.
More recently the study of new methods of representing language amuhgng through complex
kernels and probabilistic modelling together with algorithms such as structutpdtdearning has
enabled machine learning methods to be applied successfully to a rangguddenrelated tasks
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from simple topic classification through parts of speech tagging to statisticddimeairanslation.
These methods typically rely on more fluid structures than those deriveddmonal grammars and
yet are able to compete favourably with classical grammatical approadcite®tjuire significant
input from domain experts, often in the form of annotated data and hadedaules.

2. JMLR Special Topic

This special topic arose from a NIPS 2009 workshop on "Grammar trmydrepresentation of
Language and Language Learning” held at the Whistler Resort, VaagdDanada. Contributions
to the special topic were also open to researchers who had not pakteitevork at the workshop.
We received thirteen submissions and after considering the reviewadiosebmission, we selected
five papers to be included in this special topic.

Probabilistic grammars offer great flexibility in modeling discrete sequenttal ld@ natural
language text. Recently, there has been an increased interest in ugdadpipstic grammars in the
Bayesian setting, focusing mostly on the use of a Dirichlet prior. Cohesanith (2010) propose a
family of logistic normal distributions as an alternative to the Dirichlet prior. Aatgonal inference
algorithm for estimating the parameters of the probabilistic grammar providss, péaallelizable,
and deterministic alternative to MCMC methods to approximate the posterior exieations and
grammar parameters. Experiments with dependency grammar induction orfaigrdtifanguages
demonstrate performance improvements with the new priors. The experimehideira novel
promising setting, in which syntactic trees are inferred in a bilingual settinguesst multilingual,
non-parallel corpora. Notably, the proposed approach tends toalizeebetter to longer sentences,
despite learning on short sentences.

Despite decades of research, inducing a grammar from text has goolera notoriously chal-
lenging learning task. The majority of existing work on grammar induction hasufad model
simplicity (and thus learnability) over representational capacity by usingggbitee grammars and
first order dependency grammars, which are not sufficiently expesss model many commaon
linguistic constructions. Cohn, Blunsom, and Goldwater (2010) propaos®/@l compromise by
inferring a Probabilistic Tree Substitution Grammar (PTSG), a formalism wHiotvafor arbi-
trarily large tree fragments and thereby better represents complex lingtigtituses. A PTSG is
an extension to the Probabilistic Context Free Grammar (PCFG) in which nangds can rewrite
as entire tree fragments (elementary trees), not just immediate childrene TEnge fragments
can be used to encode non-local context, such as argument framdsy ggreement and idioms.
The model’'s complexity is reduced by employing a Bayesian non-parameioicvgnich biases
the model towards a sparse grammar with shallow productions. The expaimesults demon-
strate the model’s efficacy on supervised phrase-structure pardirge \& latent segmentation of
the training treebank is induced, and on unsupervised dependemagngranduction. In both cases
the model uncovers interesting latent linguistic structures while producimgettive results.

Henderson and Titov (2010) propose a new class of graphical modesdriwtured predic-
tion problems called incremental sigmoid belief networks (ISBNs) and applyniatiaral language
grammar learning. ISBNs make decoding possible because inferenceantitd putput structures
does not require summing over the unboundedly many compatible model stgjatiwe to their
directed edges and incrementally specified model structure. ISBNs dieufzaly applicable to
natural language parsing, where learning the domain’s complex statistipahdencies benefits
from large numbers of latent variables. Exact inference in ISBNs isractable, but two efficient
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approximations are proposed: a coarse mean-field approximation aed-fofevard neural net-
work approximation. Experimental results show that these models achieueaag competitive
with the state-of-the-art.

Machine translation is a challenging problem in artificial intelligence. Naturajuages are
characterised by large variabilities of expressions, exceptions to grarafraties and context de-
pendent changes, making automatic translation a very difficult task. Whilleveark in machine
translation was dominated by rule based approaches (Bennett and S1d&&8),the availability of
large corpora has paved the way for statistical methods to be applied. Wigd&s, Szedmak, and
Niranjan (2011) propose a distance phrase reordering model (RiPRiatistical machine transla-
tion, where the aim is to learn the grammatical rules and context dependegeshusing a phrase
reordering classification framework. Techniques are compared ahgbged on a Chinese-English
corpus, a language pair known for the high reordering charactenstich cannot be adequately
captured with current models. In the reordering classification task, theothsttnificantly outper-
forms the baseline against which it was tested, and further, when intégste component of the
state-of-the-art machine translation system, MOSES, it achieves improventemslation results.

Gillenwater, Ganchev, Graga, Pereira, and Taskar (2011) gresew method for unsupervised
learning of dependency parsers. In contrast with previous appesabat impose a sparsity bias
on the model parameters using discounting Dirichlet distributions, the pedgeshnique imposes
a sparsity bias on the model posteriors. This is done by using the postgidarization (PR)
framework (Graca et al., 2007) with constraints that favor posteridrilnligions that have a small
number of unique parent-child relations. In experiments with 12 differegfuages, the proposed
method achieves significant gains in directed accuracy over the stamdsrdtation maximization
(EM) baseline for 9 of the languages, while for 8 out of 12 languages)etv technigue outperforms
models based on standard Bayesian sparsity-inducing parameter priors.

3. Concluding Remarks

We feel these papers provide a useful snapshot of the currenbéttite-art techniques being em-
ployed by researchers in the fields of grammar induction, language gamsathine translation and
related areas.
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