Computing Semantic Relatedness in German
with Revised Information Content Metrics

Iryna Gurevych and Hendrik Niederlich
EML Research gGmbH
Schloss-Wolfsbrunnenweg 33
69118 Heidelberg, Germany

http://www.eml-research.de/~gurevych

Abstract

The paper presents an application of informa-
tion content based metrics to compute seman-
tic relatedness of word senses in German. The
main contributions are: an annotation study
based on a revised definition of semantic re-
latedness beyond synonymy, an extension of
Resnik’s (1995) procedure for computing infor-
mation content of concepts for strongly inflected
languages, an application of information con-
tent based metrics to compute semantic relat-
edness of German word senses defined in Ger-
maNet (Kunze, 2004) and a new interpretation
and normalization function for Jiang & Con-
rath’s (1997) distance metric. Semantic related-
ness metrics consistently outperform two base-
lines: a Lesk based algorithm, and one using
Google word co-occurrence statistics.

1 Introduction

Systems computing semantic relatedness should
allow to approximate human intuitions about lexi-
cal semantic relations existing between words.
For example, given the words Glass, Mug and
Jewel, we note that while Glass and Mug dis-
play a fairly close semantic relatedness, the re-
lation between Glass and Jewel is less close ac-
cording to human judgements. Numerous met-
rics were proposed to compute semantic similar-
ity. However, as noted by Hirst & Budanitsky
(2005) similarity is a special case of a more gen-
eral notion, semantic relatedness, which encom-
passes additional lexical semantic relations, such
as meronymy, antonymy, functional association
and more. Also, relatedness is more often re-
quired by NLP applications than just similarity,
e.g. in information retrieval. Therefore, we fo-
cus on semantic relatedness and apply informa-
tion content metrics to this more general task.
No extensive studies or large-scale evaluations
of semantic relatedness algorithms for languages
other than English have been conducted so far, to
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our knowledge. As a consequence, we know litt-
le about the applicability of semantic relatedness
metrics to other languages. We study the perfor-
mance of semantic relatedness metrics across sev-
eral parameters. We touch upon methodological
issues in computing semantic relatedness proper
(as opposed to semantic similarity) as an NLP
task — what is about the human performance,
lower and upper bounds for evaluation? The next
parameter is WordNet versus other x-Nets — can
we expect the same performance with resources
constructed following WordNet principles, but di-
vergent in some design decisions and in the cov-
erage? Departing from that, we check the ap-
plicability of the methods developed for English
to other languages — is the performance of the
methods language-specifi ¢ or will it be similar for
other natural languages?

The remainder of the paper will be structured
as follows: Section 2 presents the design of a
German dataset with human semantic relatedness
judgments, which is followed by a description of
the information content based semantic related-
ness metrics in Section 3. Then, our experiments
on computing information content of GermaNet
concepts and semantic relatedness of word senses
are presented in Section 4. The results are com-
pared with two baselines in Section 5 and are
followed by conclusions and an outline of future
work.

2 Experiments with Subjects

Human judgments of semantic relatedness pro-
vide a gold standard for evaluating the results of
automatic methods. The inter-annotator agree-
ment defi nes an upper bound for the evaluation
of automatic methods (Resnik, 1995). The main
issues while designing a dataset in our study are
the following: the choice of lexical units comp-



rising the word pairs to be evaluated, the number
of word pairs and human subjects, defining se-
mantic relatedness and the rating scale for human
judgments.

The choice of lexical units is challenging as
there is no well-defi ned criterion for that. If we
would choose e.g. 65 items randomly, we would
run into the risk of getting an unbalanced dataset
with skewed value distributions, potentially lead-
ing to unreliable evaluations at a later stage. An-
other option is to have a very large dataset chosen
randomly. In this case it becomes problematic
to have a large number of human judges rating
them manually for semantic relatedness. There-
fore, we decided to keep the word pairs from
the psycholinguistic experiment by Rubenstein &
Goodenough (1965) and translate them into Ger-
man. Advantages of this are: our results can be
related (although not directly compared) to the re-
sults for English based on that dataset, the num-
ber of word pairs in the dataset by Rubenstein and
Goodenough, i.e. 65 is reasonably large to gener-
alize. A disadvantage is that we also include only
nouns in the evaluation of semantic relatedness.

We asked 24 subjects (native speakers of Ger-
man) to rate 65 word pairs on a scale from 0 to
4 for semantic relatedness. Semantic relatedness
was defined in a broader sense than just simi-
larity. To determine the upper bound of perfor-
mance for automatic semantic relatedness algo-
rithms, we computed a summarized correlation
coeffi cient for a set of 24 judges. This is based on
the interclass reliability analysis in statistics. To
get the average, we computed the bivariate cor-
relations for all judges pairwise and then pooled
them using Fisher’s z transformation, yielding
z = 1.1266. This number is transformed back
to a correlation coeffi cient, yielding » = .8098,
which is statistically signifi cant. We observe that
the correlation coefficient in our study, i.e. the
upper bound for evaluating the system’s perfor-
mance on the relatedness task, is lower than what
had been reported by Resnik (1995) for the simi-
larity task, » = .8848. This is caused by relaxed
rating criteria based on a broader defi nition of se-
mantic relatedness. Though this leads to more di-
verse human judgments, they are reliable to serve
as an evaluation dataset for computational meth-
ods.

29

3 Information Content Based Metrics

Typically, ICMs employ the structure of the word-
net (in our case, GermaNet) hierarchy together
with additional corpus-based evidence, which is
called information content. Information content
values of GermaNet concepts are required to com-
pute the semantic relatedness score of a con-
cept pair. Resnik (1995) introduced the notion
of information content and the first metric based
on it (in the following abbreviated as res). Se-
mantic similarity between two words wy and wg
is defined as the information content value of
their lowest common subsumer (LCS) as given in
Equation 1:!

max
c€S(c1,e2)

§1Mgy o) = [— 1ogp(c)] Y]
where S(cy, ¢) is the set of concepts which sub-
sume both ¢; and ¢g and — log p(c) is the infor-
mation content. The probability p is computed
as the relative frequency of words (representing
that concept) in a corpus (the discussion of this
follows in Sections 4.1 and 4.3, Equation 5). In
evaluating Resnik’s metric, we use the GermaNet
hierarchy to determine the lowest super class for
a pair of concepts. If multiple inheritance occurs,
we select the LCS with the highest information
content as this is the one maximizing their seman-
tic relatedness.

Jiang & Conrath (1997) proposed to combine
edge- and node-based techniques in counting the
edges and enhancing it by the node-based calcu-
lation of the information content as introduced by
Resnik (1995). The method is abbreviated as jcn.
The distance between two concepts ¢y and ca is
formalized as given in Equation 2:

diStCLCQ = IO<61)+IC<CQ) —QXIC(LOS(Q, 02))

2)
where (' is the information content value of the
concept, and LC'S(eq,¢q) is the lowest common
subsumer of the two concepts.

The third method is that of Lin (1998) (referred
to as lin). He defined semantic similarity us-
ing a formula derived from information theory.
This metric is sometimes called a universal se-
mantic similarity metric as it is supposed to be

For all methods, c1 and c2 are concepts (word senses)
corresponding to w1 and wa.
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