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Abstract In this article, we investigate the use of semantic information in parse
selection. We show that fully disambiguated sense-based semantic features smoothed
using ontological information are effective for parse selection. Training and testing
was undertaken using definition and example sentences taken from a Japanese dictio-
nary corpus (Hinoki), which is manually annotated with senses. A model employing
both syntactic and semantic information provides better parse selection accuracy than
a model using only syntactic features.
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2 S. Fujita et al.

1 Introduction

In this paper we investigate the use of semantic information in parse selection, i.e.
probabilistic disambiguation of competing grammatical analyses. Recently, signifi-
cant improvements have been made in combining symbolic and statistical approaches
to various natural language processing tasks. In parsing, for example, symbolic gram-
mars are combined with stochastic models (Riezler et al. 2002; Oepen et al. 2004;
Malouf and van Noord 2004; Miyao and Tsujii 2008). Much of the benefit gained
with statistical parsing using lexicalized models comes from the use of a small set of
function words (Klein and Manning 2003). Features based on content words provide
little improvement, presumably because the data is too sparse. For example, in the
Penn Treebank which is widely used to train and test statistical parsers, stocks and
skyrocket1 never appear together. However, the superordinate concepts capital (⊃
stocks) and move upward (⊃ sky rocket) frequently appear together, which suggests
that employing word senses and their hypernyms as features may be useful.

Another example is given in (1):2

(1)

Both clauses share the surface structure: A-top B-to C-loc Verb. The particle
to is ambiguous between a conjunction (where B and C coordinate) and a postpo-
sition, where B attaches to the verb phrase. oosaka “Osaka” and shachou
“president” are both nouns, with similar syntactic behavior. Semantic information dis-
ambiguates: if B is a place then it is more likely to form a conjunction with another
place (and), whereas if B is a person then it is more likely to be a comitative modifier
(wi th).

However, to date, there have been few reports on the combination of sense informa-
tion with symbolic grammars and statistical models. We hypothesize that one reason
for the lack of success is that there are few resources annotated with both syntactic and
semantic information. In this paper, we use a treebank with both syntactic information
(parses from a Head-Driven Phrase Structure Grammar; HPSG: Pollard and Sag 1994)
and semantic information (manually annotated with lexical senses: Bond et al. 2006).
We use this to train parse selection models using both syntactic and semantic features.
A model trained using syntactic features combined with fully disambiguated seman-
tic information outperforms a model using purely syntactic information by a wide
margin; 69.4% sentence parse accuracy versus 63.8%, tested on definition sentences.

1 In this case, skyrocket is a verb, with the meaning “shoot up abruptly, like a rocket”.
2 We use the following abbreviations: top: topic; nom: nominative; acc: accusative; loc: locative.
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Exploiting Semantic Information for HPSG Parse Selection 3

A parse is judged correct if and only if the first ranked parse for the entire sentence is
identical to the gold standard parse.

In the next section, we introduce the resources which we use. Then, in Section 3,
we describe the parse selection model and feature types. In Section 4, we describe
the evaluation method. Then in Section 5, we present and discuss the experimental
results. In Section 6, we compare our results to related work.

2 The Hinoki Corpus

The earliest corpus with both syntactic and semantic annotation we know of is the
subset of the Brown corpus annotated with both trees (Penn Treebank) and Word-
Net senses (SemCor: Fellbaum (1998)). However, the subset is quite small (8,700
sentences). There is currently a larger project under way for English, the OntoNotes
project (Hovy et al. 2006) which is combining sense tags with a larger section of the
Penn Treebank. In this paper we use Japanese data from the Hinoki corpus consist-
ing of around 95,000 dictionary definition and example sentences (Bond et al. 2006)
which is annotated with both syntactic parses and senses from the same dictionary.

2.1 Syntactic Annotation

The syntactic annotation in Hinoki is grammar-based corpus annotation accomplished
by selecting the best parse (or parses) from the full analyses derived by using a broad-
coverage symbolic grammar. The grammar is an HPSG implementation (JACY: Siegel
and Bender 2002), which provides a high level of detail, marking not only dependency
and constituent structure but also detailed semantic relations. As the grammar is based
on a monostratal theory of grammar (HPSG: Pollard and Sag 1994), annotation by man-
ual disambiguation determines the syntactic and semantic structure simultaneously.
Using a grammar helps treebank consistency—all sentences annotated are guaranteed
to have well-formed parses. The flip side to this is that any sentences that the parser
cannot parse remain unannotated, at least unless we were to employ a full manual
mark-up of their analyses. The actual annotation process uses the same tools as the
Redwoods treebank of English (Oepen et al. 2004).

A (simplified) example of a parse is given in Fig. 1. The text is taken from a dic-
tionary definition, and is a noun phrase rather than a sentence. Using JACY, there
were four parses for the definition sentence. The correct parse in this context, shown
as a phrase structure tree, is the one in Fig. 1. There are two sources of ambiguity: a
conjunction and a relative clause. The parser allows the conjunction to combine
densha “train” with hito “person” (high attachment) as well as the preferred low
attachment to jidōsha “car”. In Japanese, relative clauses can have gapped and
non-gapped readings. In the gapped reading (selected here), hito “person”is the
subject of unten “drive”. In the non-gapped reading there is some underspecified
relation between the head noun and the verb phrase. This is similar to the difference in
the two readings of the day he knew in English: “the day that he knew about” (gapped)
vs “the day on which he knew (something)” (non-gapped). The four parses can be thus
be glossed as: “a person who drives trains and cars” (correct), “# trains and a person
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4 S. Fujita et al.

Fig. 1 Syntactic view of the definition of untenshu “chauffeur”

Fig. 2 Derivation tree of the definition of untenshu “chauffeur”

who drives”, “# a person that someone drives trains and cars”, “# trains and a person
that someone drives cars”. Such semantic ambiguity is resolved by selecting the cor-
rect derivation tree, the primary (internal) representation produced by the grammar,
that includes the applied rules when building the tree (Fig. 2). In the derivation tree
phrasal nodes are labeled with identifiers of grammar rules, and (pre-terminal) lexical
nodes with class names for types of lexical entries.

In addition to the syntactic tree, the parser also gives a rich semantic represen-
tation—primarily capturing grammaticalized propositional structure—as shown in
Fig. 3. Our specific meaning representation language is Minimal Recursion Seman-
tics (MRS: Copestake et al. 2005). We simplify this into a (semantic) dependency
representation (Oepen and Lønning 2006), further abstracting away from scopal rela-
tions and quantification, as shown in Fig. 4. One of the advantages of the HPSG sign
is that it contains all this information, making it possible to extract the particular view
needed. In order to link to other resources, such as the sense annotation, elementary
predicates are labeled with pointers back to their position in the original surface string
(i.e. a character range denoting a sub-string, a mechanism dubbed characterization).
For example, the predicatedensha_n_1 links to the surface characters between posi-
tions 0 and 3: . The semantic view shows that some ambiguity has been resolved
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Exploiting Semantic Information for HPSG Parse Selection 5

Fig. 3 Semantic view of the definition of untenshu “chauffeur”

Fig. 4 Elementary dependency view (EDs) of the definition of untenshu “chauffeur”

Fig. 5 Dictionary entry for untenshu “chauffeur”

that is not visible in the purely syntactic view, namely that the relative clause is gap-
ped (and thus the semantic variable of the conjoined np is the arg1 of the relation
introduced by the verb).

2.2 Sense Annotation

The lexical semantic annotation uses the sense inventory from Lexeed (Kasahara et al.
2004), which in turn is based on the most familiar 30,000 words from a medium-sized
desktop dictionary (Kindaichi and Ikeda 1988). All the words in this fundamental
vocabulary are manually annotated with their sense (Bond et al. 2006). For example,
the word ookii “big” is annotated as sense 5 in the example sentence in Fig. 5,
with the meaning “older” (its surface form is ookiku).
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6 S. Fujita et al.

Fig. 6 Top 4 levels of the GoiTaikei Ontology. Note The solid arrows show the direct parent and child
relationship. Dashed arrows show indirect relationships (skipping some levels)

Figure 5 shows a complete entry from Lexeed. Each entry contains the word itself,
its part of speech, and its lexical type(s) in the grammar. Each sense then contains
definition and example sentences, links to other senses in the lexicon (such as hyper-
nym), and links to other resources, such as the Goi-Taikei Japanese Lexicon (Ikehara
et al. 1997) and WordNet (Fellbaum 1998). Each content word of the definition and
example sentences is annotated with sense tags from the same lexicon.

The word senses are further linked to semantic classes in a Japanese ontology. The
ontology, Goi-Taikei, consists of a hierarchy of 2,710 semantic classes, defined for
over 264,312 nouns, with a maximum depth of 12 (Ikehara et al. 1997) (Level 0 to 11).
We show the top four levels and some lower classes of the Goi-Taikei common noun
ontology in Fig. 6. The semantic classes are principally defined for nouns (including
verbal nouns), although there is some information about verbs and adjectives.

3 Parse Selection

In the past decade, research groups working within grammatical frameworks like
Lexical-Functional Grammar (LFG: Riezler et al. 2002), and HPSG (Malouf and
van Noord 2004; Oepen et al. 2004) have successfully integrated broad-coverage
(manually developed), symbolic grammars with sophisticated statistical parse selec-
tion models. In this setup, the linguistic grammar constrains the space of possible anal-
yses, while the models provide a probability distribution over competing hypotheses.
Parse selection approaches for these frameworks predominantly use discriminative
Maximum Entropy (ME) models, where the probability of each parse tree, given an
input string, is estimated on the basis of selected properties (called features) of the
tree (Abney 1997; Johnson et al. 1999). Such features, in principle, are not restricted
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Exploiting Semantic Information for HPSG Parse Selection 7

in their domain of locality, and enable the parse selection process to take into account
properties that extend beyond local contexts (i.e. sub-trees of depth one).

Similar in spirit to much of this work, and combining the broad-coverage JACY
grammar and the Hinoki corpus, we construct a parse selection model on top of the sym-
bolic grammar. Given a set of candidate analyses (for some Japanese string) according
to JACY, the goal is to rank parse trees by their probability: training a stochastic parse
selection model on the available treebank, we estimate the statistics of various features
of the candidate analyses from the treebank. Therefore, the definition and selection of
features is a central parameter in the design of an effective parse selection model.

3.1 Syntactic Features

The first model that we trained uses syntactic features defined over HPSG derivation
trees as summarized in Table 1. For the closely related purpose of parse selection over
the English Redwoods treebank, Toutanova et al. (2005) train a discriminative log-lin-
ear model, using features defined over derivation trees with non-terminals representing
the construction types and lexical types of the HPSG grammar. The basic feature set of
our parse selection model for Japanese is defined in the same way (corresponding to
the PCFG-S model reported by Toutanova et al. 2005): each feature captures a sub-tree
from the derivation limited to depth one.

Table 1 shows a sub-set of example features extracted from our running example
(Fig. 2 above) in our ME models, where the feature template #1 corresponds to local
derivation sub-trees. The first column shows the identifier of the feature template cor-
responding to each example; in the examples, the first integer value is a parameter of
the feature templates, i.e. the depth of grandparenting (types #1 and #2: see 3.1.1) or
n-gram size (types #3 and #4). The special symbols � and � denote the root of the
tree and left periphery of the yield, respectively. We will refer to the parse selection
model that uses only local structural features as SYN-1.

Table 1 Example structural
features (SYN-1, SYN-GP
and SYN-ALL) extracted from
the derivation tree in Fig. 2

# Sample Features

1 〈0 rel-cl-sbj-gap hd-complement noun-le〉
1 〈1 frag-np rel-cl-sbj-gap hd-complement noun-le〉
1 〈2 � frag-np rel-cl-sbj-gap hd-complement noun-le〉
2 〈0 rel-cl-sbj-gap hd-complement〉
2 〈0 rel-cl-sbj-gap noun-le〉
2 〈1 frag-np rel-cl-sbj-gap hd-complement〉
2 〈1 frag-np rel-cl-sbj-gap noun-le〉
3 〈1 conj-le ya〉
3 〈2 noun-le conj-le ya〉
3 〈3 � noun-le conj-le ya〉
4 〈1 conj-le〉
4 〈2 noun-le conj-le〉
4 〈3 � noun-le conj-le〉

123



8 S. Fujita et al.

3.1.1 Dominance Features

To reduce the effects of data sparseness, feature type #2 in Table 1 provides a back-off
to derivation sub-trees, where the sequence of daughters is reduced to just the head
daughter in each local context. Conversely, to facilitate the sampling of larger contexts
than simply sub-trees of depth one, feature template #1 allows optional grandpar-
enting. In addition to a parent and its children (rel-cl-sbj-gap hd-comple-
ment noun-le), we include an upwards chain of dominating nodes or grandparents
(� frag-np) in some features. In our experiments, we found that grandparenting of
up to three dominating nodes gave the best balance between enlarged context and data
sparseness. Henceforth, we will refer to our basic model SYN-1 enriched with these
features as SYN-GP.

3.1.2 N-Gram Features

In addition to these dominance-oriented features taken from the derivation trees of
each parse tree, our models also include more surface-oriented features, viz. n-grams
of lexical types with or without lexicalization. Feature type #3 in Table 1 defines
n-grams of variable size, where (in a loose analogy to part-of-speech tagging)
sequences of lexical types capture syntactic category assignments, similarly to the use
of supertagging to constrain parsing (Ciaramita and Altun 2006). Feature templates
#3 and #4 only differ with regard to lexicalization, as the former includes the surface
token associated with the rightmost element of each n-gram (loosely corresponding
to the emission probabilities in an HMM tagger). We used a maximum n-gram size
of two in the experiments reported here, again due to its empirically determined best
overall performance. Henceforth, we will refer to the model SYN-GP enriched with
these features as SYN-ALL.

3.1.3 Constituent Weight

We also investigated features based on constituent weight (the ratio of the lengths of
the children of binary rules). However, we have been unable to derive an improvement
in parse selection performance from the addition of these additional features on top
of the SYN-ALL configuration (and only a comparatively moderate improvement on
top of the basic model SYN-1). We therefore did not use these features in the final
configuration.

3.2 Semantic Features

Using our syntactic feature configurations as a baseline, from here, we define semantic
features for investigating the effectiveness of semantic information in parse selection.
Recall that, to define the semantic parse selection features, we use the reduction of
the full semantic representation (MRS) into ‘variable-free’ elementary dependencies,
as proposed by Oepen and Lønning (2006). The conversion centers on a notion of
one distinguished variable in each semantic relation. For most types of relations, the
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Exploiting Semantic Information for HPSG Parse Selection 9

Table 2 Example semantic
features (SEM-Dep) extracted
from the MRS in Fig. 4

# Sample Features

20 〈0 unten_s_2 ARG1 hito_n_1 ARG2 ya_p_conj〉
20 〈0 ya_p_conj LIDX densha_n_1 RIDX jidousha_n_1〉
21 〈1 unten_s_2 ARG1 hito_n_1〉
21 〈1 unten_s_2 ARG2 ya_p_conj〉
21 〈1 ya_p_conj LIDX densha_n_1〉
21 〈1 ya_p_conj RIDX jidousha_n_1〉
22 〈2 unten_s_2 hito_n_1 ya_p_conj〉
23 〈3 unten_s_2 hito_n_1〉
23 〈3 unten_s_2 jidousha_n_1〉
24 〈1 unten_s_2 ARG2 densha_n_1〉
24 〈1 unten_s_2 ARG2 jidousha_n_1〉
… …

distinguished variable corresponds to the main index (arg0 in the examples above),
e.g. an event variable for verbal relations and a referential index for nominals. Setting
aside quantifiers, a variable will be the main index for one and only one relation.3

Therefore, an MRS can be broken down into a set of basic dependency tuples of the
form shown in Fig. 4. To extract such tuples from an MRS—based on the distinguished
variable notion—each variable is coupled with its ‘representative’ relation. In a few
corner cases where the above uniqueness constraint on the introduction of main indices
is not maintained, there usually exist linguistically motivated disambiguation heuris-
tics that allow us to select a unique distinguished variable—for example preferring
semantic heads over (intersective) modifiers in a cluster of logically conjoined rela-
tions. In a nutshell, elementary dependency tuples localize semantic argumenthood at
the level of semantic predicates.

All predicates are indexed to the position of the word or words that introduced them
in the input sentence (〈i : j〉). This allows us to link them to the sense annotations in
the corpus.

3.2.1 Basic Semantic Dependency Features

The basic semantic model, SEM-Dep, consists of features based on a predicate and its
arguments taken from the elementary dependencies. For example, consider the depen-
dencies given in Fig. 4. The predicate unten_s_2 has two arguments: arg1 hito_n_1
“person” (line 5 in Fig. 4) and arg2 ya_p_conj “conjunction”(line 6), which leads to
densha_n_1 and jidousha_n_1 (line 4).

From these, we produce several features (see Table 2). One includes all the argu-
ments and their labels (feature template #20). We also produce various back-offs:

3 We assume that adjectives and adverbs have distinguished event-like variables of their own, which can
be independently motivated by their predicative use.
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10 S. Fujita et al.

template #21 introduces only one argument at a time, template #22 drops argument
labels, template #23 provides one unlabeled argument at a time. Furthermore, we
expand out coordinate conjunctions, replacing them with their conjuncts (line 4 in
Fig. 4) as template #24).

Each combination of a predicate and its related argument(s) becomes a feature.
These resemble the basic semantic features used by Toutanova et al. (2005), with the
addition of the expanded conjunctions (such as #24).

We further simplify these features by collapsing some non-informative predicates,
e.g. the unknown predicate used in fragments and message predicates, which
encode illocutionary force (Ginzburg and Sag 2000).

3.2.2 Word Sense Based Features

To investigate the effectiveness of lexical semantic information, we create features
based on word senses and semantic classes. Here, the general idea is that in the word
sense model (SEM-WS), these features provide more specific information. These fea-
tures should allow the learner to learn the differences between word senses not just
words.

We do semantic smoothing with the semantic classes (SEM-Class), where senses
are binned into only 2,710 classes. We further smooth these features by replacing
the semantic classes with their hypernyms (SEM-L, SEM-VC). There are two major
advantages to the underspecified semantic classes: First, they allow generalization
and therefore reduce data sparseness. Second, we expect that they will be more robust
to errors in word sense disambiguation, because fine grained sense distinctions can be
ignored. This will be helpful in future work when we use automatically disambiguated
senses instead of the gold standard annotations.

Mapping Predicates to Word Sense / Semantic Class / Superordinate Semantic
Class The Hinoki corpus is annotated with word senses. These are informative,
but very sparse. We therefore converted the word senses into semantic classes via the
links defined in the Lexeed Dictionary. Then we backed-off by replacing the actual
semantic classes with superordinate semantic classes via the hierarchy of Goi-Taikei.

For example, for the definition sentence of untenshu “chauffeur” (Fig. 5), the
word sense for predicate densha_n_1 densha “train”, and the semantic class
for densha “train” is 〈988:land vehicle〉. Further, at level 3 of Goi-Taikei
(see Fig. 6), the superordinate class for 〈988:land vehicle〉 is 〈706:inani-
mate〉. So we replace predicates with word senses, then semantic classes, and then
superordinate semantic classes as shown in Fig. 7, which shows the predicate, word
senses, and actual semantic class for each content word and the superordinate semantic
classes at levels 2 to 5. The more general sense is shown lower here, thus 〈988:land
vehicle〉 ⊂ 〈986:vehicle〉 ⊂ 〈760:artifact〉 ⊂ 〈706:inanimate〉 ⊂
〈533:object〉. Predicates are binned into 9 distinct classes at level 2, 30 classes
at level 3, 136 classes at level 4, and 392 classes at level 5. The sample features of
SEM-Class are shown in Table 3. We use superordinate semantic classes to make fea-
tures in the same way as in Table 3.
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Exploiting Semantic Information for HPSG Parse Selection 11

Fig. 7 Mapping predicate to word sense, etc.: Definition of untenshu “chauffeur”

Table 3 Example Semantic Features (SEM-Class) using Goi-Taikei Semantic Classes

# Sample Features

40 〈0 unten_s_2 ARG1 〈4:people〉 ARG2 〈988:land vehicle〉〉
40 〈1 〈2003:steering, control, …〉 ARG1 〈4:people〉 ARG2 〈988:land vehicle〉〉
40 〈1 〈2003:steering, control, …〉 ARG1 〈4:people〉 ARG2 〈988:land vehicle〉〉
40 〈0 ya_p_conj LIDX 〈988:land vehicle〉 RIDX 〈988:land vehicle〉〉
41 〈2 unten_s_2 ARG1 〈4:people〉〉
41 〈2 unten_s_2 ARG2 〈988:land vehicle〉〉
… …

Of course, although several polysemous senses belong to the same semantic class,
the majority of these senses are linked into different semantic classes. We show the
number of lexeed word senses per semantic class in Table 4. For example, of all the
polysemous senses (48,180), 56.7% of the word senses will be completely disambig-
uated by the superordinate semantic class at level 5. In addition, even if they can’t be
completely disambiguated, we expect that fine grained sense distinctions will always
be essential for parse selection.

Frequency-based Selection of Superordinate Semantic Classes Selection There is
no guarantee that adopting a set depth gives us the best distribution of semantic clas-
ses. In this section we investigate another method of selecting superordinate semantic
classes (SEM-VC). With SEM-L, we use the semantic classes at a given level, but for
SEM-VC, we use all the classes that occur above a certain frequency threshold. Seman-
tic classes have a very unbalanced distribution. We use frequent semantic classes as
they are, but merge infrequent semantic classes into superordinate classes until the
summed frequency is above the threshold, as shown in Fig. 8. This threshold was
determined empirically.
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12 S. Fujita et al.

Table 4 No. of Word Senses of Lexeed per Semantic Class (at each Level)

No. of Word
Senses per Class

Semantic Classes

ALL Lvl 5 (392) Lvl 4 (136) Lvl 3 (30) Lvl 2 (9)

No. % No. % No. % No. % No. %

1 32,167 66.8 27,316 56.7 20,775 43.1 16,944 35.2 10,582 22.0

2 11,606 24.1 14,078 29.2 15,852 32.9 17,106 35.5 18,236 37.8

3 2,769 5.7 3,897 8.1 5,244 10.9 6,084 12.6 7,344 15.2

4 900 1.9 1,264 2.6 2,080 4.3 2,628 5.5 3,680 7.6

≥ 5 738 1.5 1,625 3.4 4,229 8.8 5,418 11.2 8,338 17.3

Total 48,180 100 48,180 100 48,180 100 48,180 100 48,180 100

Fig. 8 Merging into superordinate semantic classes above a certain frequency

For example, if the threshold is 3,000,4 for 〈2003:steering, control,
operation〉 (at Level 9), f req(C20035) is 96 (<3,000), so it is merged into its
parent 〈2002:work/ manipulation〉 (at Level 8). But f req(C2002) remains
350 (<3,000), so it is merged into its parent 〈2001:operation/handling〉
(at Level 7). Then f req(C2001) is 3,327 (>= 3,000), so we use 〈2001:oper-
ation/handling〉 insted of 〈2003:steering, control, operation〉,
〈2002:work/manipulation〉, and so on. In the same way, 〈988:land vehi-
cle〉 (Level 7) is merged into 〈760:artifact〉 (Level 4).

3.2.3 Valency Dictionary Compatibility

Another source of knowledge that we use is information about stereotypical verb
usage (Semantic Patterns). This is encoded as valency information (SP), taken from
the Japanese side of the Goi-Taikei Japanese-English valency dictionary as extended
by Fujita and Bond (2007). This valency dictionary contains detailed information
about the argument properties of verbs and adjectives, including subcategorization
and selectional preferences. Simplified entries for two senses of the Japanese side of

unten-suru “drive”are shown in Figs. 9 and 10, each with a unique Pattern
ID (PID). Here the dictionary entry (Fig. 9) tells us that the subject of one sense of

4 Using the example corpus.
5 C2003 is 〈2003:steering,control,operation〉, C2002 is 〈2002:work/manipulation〉,
and C2001 is 〈2001:operation/handling〉.
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Exploiting Semantic Information for HPSG Parse Selection 13

Fig. 9 Entry in valency
dictionary for
unten-suru “N1 drive N2” (1)

Fig. 10 Entry in valency
dictionary for
unten-suru “N1 drive N2” (2)

Fig. 11 Finding the most appropriate pattern and scoring its compatibility

unten-suru “drive” is normally a person 〈4:people〉 and the thing driven
is normally a vehicle 〈986:vehicle〉.

Each entry has a predicate and several case-slots. Each case-slot has informa-
tion such as grammatical function, case-marker, case-role (N1, N2, …), and semantic
restrictions. The semantic restrictions are defined by either Goi-Taikei’s semantic clas-
ses or actual words (e.g. for idioms). On the Japanese side of Goi-Taikei’s valency
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Table 5 Example semantic
features (SP) of Valency
Dictionary Compatibility

# Sample Features

31 〈0 High〉
31 〈1 PID:300513 High〉
31 〈2 2〉
31 〈3 RIDX:High〉
31 〈4 PID:300513 RIDX:High〉
32 〈1 unten_s_2 High〉
32 〈4 unten_s_2 RIDX:High〉
33 〈5 N1 Child High〉
33 〈7 Child〉
…

dictionary, there are 10,146 types of verbs giving 18,512 entries and 1,723 types of
adjectives giving 2,618 entries.

Valency-Based Features We use the valency dictionary to give us features based on
selectional preferences. The more compatible a parse is with the selectional prefer-
ences the higher its score. The valency-based features (SP) were constructed by first
finding the most appropriate pattern, and then recording how well it matched.

Figure 12 shows how we find the most appropriate pattern from the candidate dic-
tionary entries whose lemma was the same as the predicate. As shown in Fig. 12, we
adjust the compatibility score score(N j ) according to the case-role (following Bond
and Shirai 1997). This reflects the strength of the case-element’s connection to the pred-
icate. By these steps, we get both the most appropriate pattern Pat , the compatibility
scores (score(N j )s and score(Pat)), and matching relations (e.g. subsumption).

Once we have the most appropriate pattern, we then construct features that record
how good the match is (Table 5). These include: the total score (score(Pat)), with or
without the verb’s Pattern ID (High/Med/Low/Zero: #31 0,1), the number of filled argu-
ments (#31 2), the fraction of filled arguments vs all arguments (High/Med/Low/Zero:
#31 3, 4), the score for each argument (score(N j )) of the pattern (#33 5) and the types
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Table 6 Data of Sets for Evaluation

Corpus # Sents Length(Average) Parses/Sent(Average)

Definitions Train 30,345 9.3 190.1
Test 2,790 10.1 177.0

Examples Train 27,081 10.9 74.1
Test 2,587 10.4 47.3

of matches (Child) (#32 5, 7). We put the scores (score(Pat) and score(N j )) into
four bins (High/Med/Low/Zero) to reduce sparseness.

These scores allow us to use information about word usage in an existing dictio-
nary. We hope that this will provide a smoothing effect, adding information about
selectional preferences for verb senses that did not occur in the training data.

4 Evaluation

We trained and tested using a subset of the dictionary definition and example sen-
tences in the Hinoki corpus. This consists of those sentences with ambiguous parses
that have been annotated so that the number of parses has been reduced (Table 6).
That is, we excluded unambiguous sentences (with a single parse), and those where
the annotators judged that no parse provided by JACY gave the correct semantics. This
does not necessarily mean that there is a single correct parse; we allow the annotator
to claim that two or more parses are equally appropriate. This left us with roughly half
of the original corpus of 75,000 definitions and 45,000 examples.

Dictionary sentences are a different genre to other commonly used test sets (e.g.
newspaper text in the Penn Treebank or tourism data in Redwoods). The main differ-
ences from newspaper text is that the definition sentences are shorter, contain more
fragments (especially NPs as single utterances) and fewer quoted sentences and proper
names. The main differences from travel dialogues is the lack of questions. However,
they are valid examples of naturally occurring texts and a native speaker can read and
understand them without special training. In addition, example sentences cover the
typical usage of common words, and are therefore a good baseline for any genre.

4.1 Maximum Entropy Ranker

Log-linear models provide a very flexible framework that has been widely used for a
range of tasks in NLP, including parse selection and reranking for machine translation.
We use a maximum entropy/minimum divergence (MEMD) modeler to train the parse
selection model. Specifically, we use the open-source Toolkit for Advanced Discrim-
inative Modeling (TADM:6 Malouf (2002) for training, using its limited memory vari-
able metric as the optimization method and determining best-performing convergence

6 http://tadm.sourceforge.net.
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Table 7 Parse Selection Results (SYN, SEM and SYN-SEM)

Method Definitions Examples

Accuracy (%) Features (×1000) Accuracy (%) Features (×1000)

SYN baseline 16.4 random 22.3 random

SYN-1 52.8 7 67.6 8

SYN-GP 62.7 266 76.0 196

SYN-ALL 63.8 316 76.2 245

SEM baseline 20.3 random 22.8 random

SEM-Dep 57.3 623 58.7 675

+SEM-WS 56.2 1,904 59.0 1,486

+SEM-Class 57.5 2,018 59.7 1,669

+SEM-L2 60.3 808 62.9 823

+SP 59.5 723 68.2 819

SEM-ALL1 (w/o SEM-WS) 63.3 1,713 68.9 1,868

SEM-ALL2 (w SEM-WS) 63.3 2,546 69.2 2,679

SYN-SEM1 (w/o SEM-WS) 69.5 2,029 79.2 2,126

SYN-SEM2 (w SEM-WS) 69.8 2,861 78.8 2,923

+ means something is added to SEM-Dep
SEM-ALL1 = SEM-Dep+ SEM-Class + SEM-L2 + SP
SEM-ALL2 = SEM-Dep+ SEM-Class + SEM-L2 + SP + SEM-WS

thresholds and prior sizes experimentally. A comparison of this learner with the use
of support vector machines over similar data found that the SVMs gave comparable
results but were far slower (Baldridge and Osborne 2007; Velldal 2008). Because we
are investigating the effects of various different features, we chose the faster learner.

5 Results and Discussion

The results for most of the models discussed in the previous section are shown in
Tables 7 and 8. The accuracy is an exact match for the entire sentence: a model gets
a point only if its top-ranked analysis is the same as an analysis selected as correct in
Hinoki. This is a stricter metric than component-based measures (e.g., labeled preci-
sion), which award partial credit for incorrect parses. For the syntactic models, the
baseline (random choice) is 16.4% for the definitions and 22.3% for the examples. Def-
inition sentences are harder to parse than example sentences. This is mainly because
the examples have fewer relative clauses and coordinate NPs, which are both large
sources of ambiguity. For the semantic and combined (SYN-SEM) models, multiple
sentences can have different parses but the same semantics. In this case all sentences
with the correct semantics are scored as good. This raises the baselines to 20.3 and
22.8% respectively.

Table 7 shows that even the simplest models (SYN-1 and SEM-Dep) provide
a large improvement over the random baselines. With syntactic models, adding
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Table 8 Parse Selection Results: Investigation of Superordinate Semantic Class Selection

Method Definitions Examples

Class Accuracy Features Class Accuracy Features
No. (%) (×1000) No. (%) (×1000)

SEM baseline – 20.3 random – 22.8 random

SEM-Dep – 57.3 623 – 58.7 675

+SEM-Class 2,234 57.5 2,018 2,356 59.7 1,669

+SEM-L2 (9) 8 60.3 808 9 62.9 823

+SEM-L3 (30) 28 59.8 876 29 62.8 879

+SEM-L4 (136) 129 59.9 1,000 129 62.3 973

+SEM-L5 (392) 350 60.4 1,240 360 61.3 1,202

+SEM-VC500 392 59.8 1,473 317 60.2 1,552

+SEM-VC1000 228 60.0 1,328 172 60.3 1,385

+SEM-VC2000 120 60.1 1,167 92 61.2 1,237

+SEM-VC3000 72 60.1 1,059 58 62.0 1,151

+SEM-VC4000 58 60.3 1,026 45 61.5 1,117

+SEM-VC5000 48 59.4 998 35 61.5 1,079

+SEM-VC6000 40 59.3 974 30 61.5 1,055

+SEM-VC7000 32 59.1 946 24 61.7 1,029

+SEM-VC8000 26 59.3 919 20 61.9 1,011

+SEM-VC9000 24 59.4 908 18 62.3 1,005

+SEM-VC10000 23 59.5 906 14 62.4 984

+SEM-VC15000 15 59.5 867 11 62.0 968

+SEM-VC20000 11 59.6 840 9 61.9 950

+SEM-VC30000 8 59.8 825 8 61.9 949

grandparenting leads to a large improvement (SYN-GP). Adding lexical n-grams
resulted in relatively slight improvement over this (SYN-ALL).

Overall, the semantic models achieve almost the same accuracy as the syntactic
ones (although on a slightly easier task as there is some spurious syntactic ambiguity,
which results in the semantic models having a higher random baseline). However, we
had not expected that using only semantic features could work as well as syntactic
features for parse selection, so this was a pleasing result. Moreover, the combined
(SYN-SEM) models achieve the best result. The effect of smoothing with superordinate
semantic classes (SEM-L), realizes a modest improvement over just the elementary
dependencies. The features using the valency dictionary (SP) provide a considerable
improvement especially for examples. The features using semantic classes (SEM-Class)
provide a slight improvement. The features using word senses (SEM-WS) provide a lim-
ited improvement over examples, but result in a degradation over definitions, probably
due to the sparseness. Combining all the semantic features (SEM-ALL1,2) provides a
clear improvement, suggesting that the information is to some extent heterogeneous.
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5.1 Analysis of the Effect of Semantic Features

In this section, we analyse the effects of adding the semantic information. We show
an example where the semantic features gave a correct parse that the syntactic model
missed.

(2)

The difficulty in (1) is that “I” is a zero pronoun. In the parse preferred by the syn-
tactic model, to “with” is interpreted as “and”, that is kare “him” and pea
“pair””, thus is glossed as “(I) made him and a pair”. But by using semantic classes,
to “with” is correctly interpreted as comitative case, glossed as “(I) made a pair with
him”.

Usually, conjunctions such as to “and” and ya “conjunction” list similar things,
as shown in the definition of untenshu “chauffeur”(see Fig. 1 and so on). In
that sentence, the semantically close words, densha “train” and j idousha
“car” (⊂ 〈988:land vehicle〉), are conjoined. In contrast, kare “him” (⊂
〈48:male/man〉 ⊂ 〈3:agent〉), and pea “pair” (⊂ 〈2603:versus〉 ⊂
〈2422:abstract relationship〉) are in very different semantic classes.

Another example is shown in (1). In this example, the syntactic model preferred the
parse where kappa “cucumber roll” is interpreted as arg1 of nuku “don’t
use” , and the gloss is “Cucumber roll don’t use wasabi, please.” But in the correct
parse, it is the topic.

The semantic classes give the information that kappa “cucumber roll”
is a kind of sushi and thus in 〈848:rice/cooked rice/meal/diet〉 (⊂
〈533:objects〉). In general 〈533:objects〉 are not preferred as arg1.

(3)

As shown above, semantic information is effective in the problematic cases of post-
position attachment ambiguity, coordinate structures and deciding whether something
is an argument or adjunct.

5.2 Investigation of Appropriate Superordinate Semantic Classes

We investigate the most appropriate superordinate semantic classes in Table 8.
SEM-LX shows the result using the semantic classes at a given level X. SEM-VCY
shows the result using selected semantic classes based on its frequency (Y is the
threshold). Surprisingly, as we add more data, the very top level of the semantic

123



Exploiting Semantic Information for HPSG Parse Selection 19

Table 9 Distribution of Used Superordinate Semantic Classes: SEM-L2

Used Semantic Class Lvl Definitions Examples

No. (%) No. (%)

〈1:common noun〉 0 2,402 0.6 116 0

〈2:concrete〉 1 60 0 20 0

〈1000:abstract〉 1 2 0 2 0

〈3:agent〉 2 23,040 5.6 36,907 12.2

〈388:place〉 2 13,389 3.3 13,971 4.6

〈533:object〉 2 42,036 10.3 28,660 9.4

〈1001:abstract thing〉 2 28,511 7 17,422 5.7

〈1235:event〉 2 122,935 30.1 90,364 29.8

〈2422:abstract relationship〉 2 89,053 21.8 45,425 15.0

Total 408,507 100.0 303,452 100.0

class hierarchy performs almost as well as the more detailed levels. For the defini-
tions, SEM-L5 gives the best result, but SEM-L2 was very close. For the examples,
SEM-L2 gives the best result. Frequency-based superordinate semantic classes (SEM-

VC) provides comparable results, but they were not the best. Thus, it should be con-
cluded that the superordinate semantic classes at level 2 (SEM-L2) are the best for this
task.

To give an idea of the sense granularity we found useful, we show the distribution of
semantic classes for SEM-L2 in Table 9. The definitions and examples have a similar dis-
tribution. The main differences are the ratio of 〈3:agent〉 and 〈2422:abstract
relationship〉 (±6.6 − 6.8%).

The use of hand-crafted lexical resources such as the Goi-Taikei ontology is some-
times criticized on the grounds that such resources are hard to produce and thus scarce.
While it is true that valency lexicons and sense hierarchies are hard to produce, they
are of such value that they have already been created for all of the languages we know
of that have large treebanks. In fact, there are more languages with WordNets than
large treebanks. Therefore, there is no principled reason not to use hand built semantic
reources.

5.3 Learning Curves

Finally, as shown in Table 7, combining the syntactic and semantic features gives the
best results by far (SYN-SEM: SYN-ALL + SEM-ALL1 or 2). The definition sentences are
harder syntactically, and thus get more of a boost from the semantics. The semantics
still improves the performance for the example sentences.

The semantic-class-based sense features used here are based on manual annotation,
and thus reveal an upper bound for the effects of these features. This is not an absolute
upper bound for the use of sense information—it may be possible to archive further
improvement through feature engineering. In addition, as the learning curves (Fig. 12)
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have not yet flattened out, there is still room to improve the results by increasing the
size of the training data.

6 Related Work

Bikel (2000) combined sense information and parse information using a subset of
SemCor (with WordNet senses and Penn-II Treebanks) to produce a combined model.
This model did not outperform a purely syntactic model. It did not use semantic
dependency relations, but only syntactic dependencies augmented with heads, which
suggests that the deeper structural semantics provided by the HPSG parser is impor-
tant. Xiong et al. (2005) achieved a minor improvement over a plain syntactic model,
using features based on both the correlation between predicates and their arguments,
and between predicates and the hypernyms of their arguments (using HowNet Dong
and Dong (2000)). However, they did not investigate generalizing to levels other than a
word’s immediate hypernym. Recently, Agirre et al. (2008) showed that semantic clas-
ses help to obtain significant improvements in both parsing and PP attachment tasks
using models similar to ours. Their tests employed English datasets: Penn Treebank,
SemCor and WordNet. Interestingly, they found that automatically disambiguated
sense information was as effective as the gold standard information.

Pioneering work by Toutanova et al. (2005) and Baldridge and Osborne (2007) on
parse selection for an English HPSG treebank used simpler semantic features with-
out sense information, and they obtained a far less dramatic improvement when they
combined syntactic and semantic information.

Miyao and Tsujii (2008) use an efficient feature forest model for HPSG parse
selection. They compared syntactic features (comparable to our SYN-1) and semantic
features (comparable to our SEM-Dep). They also found that for the simple models
syntactic models outperformed semantic models (34% sentence accuracy vs. 28.9%
on the Penn Treebank). This is not so surprising because word level dependency fea-
tures are very sparse, and without some kind of sense disambiguation it is impossible
to back-off. Because this corpus has not been sense annotated, they were unable to
test more sophisticated semantic models.

Looking at various attempts to use semantic features, we conclude that it isn’t
enough to just add senses or semantic dependencies in as features, there has to be
some kind of generalization to hypernyms to make things work. We look on the higher
level semantic classes as analogous to part of speech classes in syntactic modeling—
they allow us to capture useful generalizations without the data becoming too sparse.

7 Conclusion

In summary, we showed that both syntactic and semantic features are effective in rank-
ing parses. Sense-based features do best when combined with a semantic hierarchy and
generalized to superordinate senses. Adding information about selectional preferences
also improves performance. When training and testing on the definition subset of the
Hinoki corpus, a combined model achieved a 5.6% improvement in parse selection
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accuracy over a model using only syntactic features (63.8% → 69.8%). Similar results
(76.2% → 79.2%) were obtained for example sentences.7

These general results have been shown to hold true for English (Agirre et al. 2008),
and we hope will lead to more research combining syntax and semantics in parsing,
as well as renewed interest in producing richly annotated corpora. In future work we
intend to confirm that we can obtain improved results with automatically disambig-
uated senses, not just with the gold standard annotations, and test the results on other
sections of the Hinoki corpus, such as newspaper articles.
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