
Abstract

Olney (2007) presents an unsupervised grammar induction model that uses semantic sim-
ilarity to induce syntactic structure. A key element of this model is the operational definition
of syntactic heads as being semantically substitutable for their phrases. This paper describes
the history of this operational definition for heads and tests its validity with respect to four
computational implementations. The paper concludes with implications for these results on
the operational definition of heads proposed by theoretical linguists as well as the model
presented by Olney (2007).
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1 Introduction

Previous work on unsupervised grammar induction [1, 3, 11] has made use of the distribu-
tional hypothesis [9], which characterizes words by their contexts. Under the distributional
hypothesis, a phrase that occurs in the same environments as a single word, i.e. has a similar
distribution, is likely to be have the same syntactic function as the single word. Hierarchical
descriptions of sentences can then be built by attaching such phrases to a higher level node
(represented by the single substituting word) until only a single root node remains [1].

Olney (2007) recently proposed a semantically-oriented model based on the distributional
hypothesis. This model is distinguished from previous models in that it does not make use
of part of speech tags or nonterminal nodes, yet it still manages to significantly outperform
a right branching baseline. A key element of this model is the operational definition of
syntactic heads as being semantically substitutable for their dependents, as discussed in the
theoretical linguistics literature [17, 10, 4]. This paper explores using semantic substitutability
to determine syntactic heads and presents perhaps the first computational evaluation of this
notion.

2 Semantic Heads

Heads are theoretically-motivated linguistic elements with a primary role in syntactic descrip-
tion. In X-bar theory, a phrase contains a single head which determines the syntactic type
of the phrase [2]. In dependency grammars, heads have a similar role, except that syntac-
tic relations exists solely between words [16]. The importance of heads across these theories
suggests that the proper identification of heads is of central importance to a language learner.

Despite the wide use of heads and head-like notions in syntactic theory, there has been
much debate as to precisely what a head is [17, 10, 4]. However, some agreement exists on a
loose semantic definition of head: X is a head of X+Y if X describes a kind of thing described
by X+Y [17, 10, 4]. Beyond this initial agreement, differences emerge. Zwicky (1985) equates
a kind of with semantic arguments. He argues that “green car” describes a kind of car,
rather than a kind of green. This example is endocentric, since the head, “car” appears
within the phrase “green car.” Hudson (1987) makes the opposite claim, that a kind of refers
to semantic functors, e.g. “on the desk” refers to a kind of location rather than a kind of
desk. This example is exocentric, since the meaning “location” is not directly attributable to
any particular word in “on the desk,” but to the phrase as a whole. Croft (1996) unites these
two perspectives by noting that semantic functors are heads for government relationships and
semantic arguments are heads for modification relationships.

Given the theoretical importance a kind of has in identifying heads, it is worthwhile
exploring machine learning methods that can acquire this kind of knowledge. In particular,
Latent Semantic Analysis (LSA) is a vector space method capable of measuring the similarity
between words and collections of words [5, 6, 12]. LSA has been shown to closely approximate
vocabulary acquisition in children [12], grade essays as reliably as experts in English compo-
sition [7], and understand student contributions in tutorial dialogue [8, 14]. These results are
particularly impressive considering that LSA creates its knowledge representation without
human intervention.

3 Methodology

We present four methods for identifying heads using LSA. The basic methodology is to create
an LSA space and to compare the semantic similarity of a dependency pair’s elements to the
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whole. For example, “green” and “car” would both be compared with “green car.” Using
the Penn Treebank [13], heads found using these four methods are compared with manually
identified heads.

The four methods presented use this basic methodology along the dimensions +/- order
and +/- endocentric. The ordered methods use unigrams and bigrams as basic elements,
inherently preserving word order. The minus endocentric, or exocentric, methods do not
compare a dependency element to the whole, but rather to the nearest unigram neighbor
of the whole. For example “in bed” may have a nearest unigram neighbor, “sleepy,” which
is more similar to “bed” than to “in.” Furthermore, the construction of the LSA spaces
varied in terms of local and global context. Global context represents the traditional LSA
calculation, in which cellij denotes the number of times termi appeared in documentj . In
local context, cellij is the number of times termj occurred before the target termi, and the
value of celli(j+n) is the number of times termj occurred after the target termi, where n is
the number of terms in the corpus. Both local and global spaces were constructed using both
unigrams and bigrams as terms to preserve word order.

4 Results & Discussion

Results in Table 1 show that only the ordered methods were significantly better than chance,
and that unordered methods were significantly worse (p = .05). There was no significant
difference between endocentric and exocentric methods (p=.05). These results suggest that
LSA is capturing “a kind of ”-like information on a more abstract level than endocentric and
exocentric, which would make LSA similarity closer to the loose semantic definition of head
described in the literature [17, 10, 4]. However, the low overall discriminability of LSA, 57%
in the best case, further suggests that semantic similarity is not the only factor in determining
headhood. It appears likely that there is another element to determining headness that is
missing from the discussion amongst theoretical linguists.

These results have similar significance to the model proposed by Olney (2007). It is
somewhat surprising that this model can outperform a right branching baseline even though
the method of determining headhood has a weak discriminability of 57%. It seems likely
therefore that an improvement in the ability to determine heads will be a major source of
improvement in this model.
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John likes string cheese.

Figure 1: A Dependency Graph
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string cheese

Figure 2: A Lexicalized Tree

5 Results

Table 1: Head Discrimination Results for WSJ10
Method Local Context Global Context

Ordered/Endocentric Percentage Correct Percentage Correct
-/- 42.3% 41.7%
-/+ 42.3% 41.6%
+/- 56.8% 49.8%
+/+ 57.3% 48.3%
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