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Abstract

Data-driven techniques, although commonly used

for many natural language processing tasks, require

large amounts of data to perform well. Even with

significant amounts of data there is always a long

tail of infrequent linguistic events, which results in

poor statistical estimation. To lessen the effect of

these unreliable estimates, we propose augmenting

corpus statistics with linguistic knowledge encoded

in existing resources. This paper evaluates the use-

fulness of the information encoded in WordNet for

two tasks: improving perplexity of a bigram lan-

guage model trained on very little data, and finding

longer-distance correlations in text. Word similar-

ities derived from WordNet are evaluated by com-

paring them to association statistics derived from

large amounts of data. Although we see the trends

we were hoping for, the overall effect is small. We

have found that WordNet does not currently have

the breadth or quantity of relations necessary to

make substantial improvements over purely data-

driven approaches for these two tasks.

1 Motivation and Outline

Data-driven techniques are commonly used for
many natural language processing tasks. However,
these techniques require large amounts of data to
perform well, and even with significant amounts of
data there is always a long tail of infrequent linguis-
tic events. The majority of words, for example, oc-
cur only a few times even in a very large corpus.
Poor statistical estimation of these rare events will

always be a problem when relying on data-driven
techniques, especially when only small amounts of
data are available.

One proposed solution is to augment corpus-
derived statistics with linguistic knowledge, avail-
able in the form of existing lexical and semantic re-
sources. Such resources include lexical databases
like WordNet (Fellbaum, 1998), knowledge bases
like Cyc (Lenat, 1995), thesauri like Roget’s (Chap-
man, 1977), and machine readable dictionaries
like the Longman Dictionary of Contemporary En-
glish (Proctor, 1978). These linguistic resources
have been used for many natural language pro-
cessing tasks, such as resolving syntactic ambigu-
ity (Resnik, 1999), identifying spelling errors (Bu-
danitsky and Hirst, 2001), and disambiguating word
senses (Agirre and Rigau, 1996). However, as they
are not frequency-based, it is not clear in general
how to use them within a statistical framework.

In this paper, we consider the use of linguis-
tic knowledge derived from WordNet for combat-
ing data sparseness in two language modeling tasks.
WordNet is a large, widely-used, general-English se-
mantic network that groups words together into syn-
onym sets, and links these sets with a variety of lin-
guistic and semantic relations. The taxonomic struc-
ture of WordNet enables us to automatically derive
word similarities, based on variants of a method pro-
posed in (Resnik, 1995). The goal of this paper is
to examine the usefulness of these WordNet-derived
word similarities for supplementing corpus statistics
in the following two tasks.

The first task is to improve the perplexity of a bi-
gram language model trained on very little data. If



semantically similar words have similar bigram dis-
tributions, then for rare words we can use WordNet
to find similar, more common proxy words. By com-
bining the bigram data of rare words with their near-
est neighbors, we hope to reduce data sparseness and
thus better approximate each word’s true bigram dis-
tribution.

The second task is to find long-distance corre-
lations in text; specifically, we would like to find
words that tend to co-occur within a sentence. By
identifying these “sticky pairs” we can build lan-
guage models that better reflect the semantic co-
herence evident within real sentences. Association
statistics collected from data are only reliable, how-
ever, for high frequency words. Long-distance asso-
ciations are generally semantic, and thus WordNet
seems an appropriate resource for augmenting the
data.

In section 2 we describe three measures proposed
in the literature for measuring the semantic similar-
ity between concepts in a taxonomy. In addition,
we introduce a novel measure of word similarity that
takes into account sense frequency. Sections 3 and
4 present a more detailed motivation, methodology,
results and error analysis for the bigram and seman-
tic coherence tasks, respectively. Finally, in Sec-
tion 5 we conclude and discuss future work.

2 Measuring Similarity in a Taxonomy

2.1 Measuring Concept Similarity

WordNet is a large, general-English semantic net-
work that represents concepts as groups of syn-
onymous words, called synsets. WordNet is com-
prised of approximately 110K synsets, which are
connected by about 150K edges representing a vari-
ety of linguistic and semantic relations. The largest
component of WordNet consists of noun synsets
connected by hypernym (IS-A) relations, effectively
forming a noun taxonomy.

The simplest measure of semantic similarity be-
tween two concepts in a taxonomy (synsets in Word-
Net) is the length of the shortest path between them.
The shorter the path, the more similar the concepts
should be. However, this simple correspondence
between path length and similarity is not always
valid because edges in a taxonomy often span signif-
icantly different semantic distances (Resnik, 1999).

For example, in WordNet, eight edges separate rab-
bit from organism (rabbit IS-A leporid ... IS-A
mammal ... IS-A organism), whereas only one edge
separates plankton from organism (plankton IS-A
organism).

(Resnik, 1995) has proposed an alternative mea-
sure of semantic distance in a taxonomy, based on
the intuition that the similarity between two con-
cepts is equal to the amount of information they
share. He collects counts from a corpus to estimate
the probability of each concept in the taxonomy,
then uses these probabilities to obtain the informa-
tion content (negative log likelihood) of a concept.
The Resnik similarity between two concepts c1 and
c2 is defined as the information content of their least
common ancestor (lca):

simres(c1, c2) = − log(p(lca(c1, c2))

The Resnik similarity measure has some proper-
ties that may not be desirable. For instance, the ex-
tent of self-similarity depends on how specific a con-
cept is; two items x and y can be more similar to each
other than another item z is to itself. In an attempt
to address this and other issues, many other similar-
ity measures have subsequently been proposed. We
selected two additional measures suggested in the
literature which have shown to be highly correlated
with human judgments of similarity.

(Jiang and Conrath, 1997) calculate the inverse of
semantic similarity – semantic distance. However,
since any distance measure can easily be converted
into a measure of similarity through simple algebraic
manipulation, we still refer to it as a measure of sim-
ilarity. Although Jiang and Conrath motivate their
measure differently, it essentially quantifies the dis-
tance between two concepts as the amount of infor-
mation that is not shared between them. This is just
the total amount of information in the two synsets
minus their shared information:

simjc(c1, c2) =
2 · log(p(lca(c1, c2))) − (log(p(c1)) + log(p(c2)))

(Lin, 1998) takes into account both similarities
and differences between the two concepts. He nor-
malizes the amount of shared information by the to-
tal amount of information, essentially calculating the



percentage of information which is shared:

simlin(c1, c2) =
2 · log(p(lca(c1, c2)))

log(p(c1)) + log(p(c2))

2.2 Measuring Word Similarity

The three similarity measures just described are
all designed for determining the similarity between
concepts in a taxonomy. However, most words have
multiple possible senses corresponding to distinct
concepts in the taxonomy. Given a concept simi-
larity measure sim(c1, c2), Resnik defines the simi-
larity between words as the maximum similarity be-
tween any of their senses. He searches over all pos-
sible combinations of senses and takes the most in-
formative ancestor:

wsimmax(w1, w2) = max
c1,c2

[sim(c1, c2)]

where c1 ranges over the senses of w1 and c2 ranges
over the senses of w2.

However, as (Resnik, 1999) notes, this method
“sometimes produces spuriously high similarity
measures for words on the basis of inappropriate
word senses.” In particular, it measures words as
highly similar even if it is only their rare senses that
are similar in meaning. For instance, wsimmax will
find that brazil and pecan are very similar because
they are both nuts, which is a rare concept and thus
has high information content. However, in broadcast
news brazil almost always refers to a country and so
on average it is not at all similar to pecan.

To address this issue, we devised another word
similarity measure, wsimwgt, which is the weighted
sum of sim(c1, c2), over all pairs of senses c1 of
w1 and c2 of w2, where more frequent senses are
weighted more heavily:

wsimwgt(w1, w2) =
∑

c1,c2

p(c1|w1) · p(c2|w2) · sim(c1, c2))

Here, p(cj |wi) is the probability of word i mapping
to sense j and is derived from a sense tagged cor-
pus (Miller et al., 1993).

3 Improving Bigram Estimation

A general technique for combating data sparseness
for n-gram language models is to derive clusters of

similar words or phrases. The hope is that pool-
ing words in the same equivalence class will re-
sult in more reliable estimation of model parame-
ters and better generalization to unseen sequences.
Several algorithms have been suggested for automat-
ically clustering the vocabulary using information
theoretic criteria (Brown et al., 1992; Kneser and
Ney, 1993). Another method (Dagan et al., 1999)
groups words according to their distributional sim-
ilarity. All data-driven vocabulary clustering algo-
rithms, however, suffer from the same limitation:
when a word is rare there is usually not enough data
to identify an appropriate equivalence class. Rare
words, which could most benefit from being as-
signed to an appropriate cluster, cannot be reliably
clustered. In this section we test whether the bigram
distributions of semantically similar words (accord-
ing to WordNet) can be combined to reduce the bi-
gram perplexity of rare words.

3.1 Methodology

We use simple linear interpolation to combine a tar-
get word’s bigram estimate with that of a similar, but
more common proxy word. This use of proxy is sim-
ilar to the notion of synonym in (Jelinek et al., 1990).

Formally, let pml(·|w) be the unsmoothed (maxi-
mum likelihood) bigram distribution following word
w as derived from the training corpus and pgt(·|w)
be the corresponding Good-Turing smoothed distri-
bution. Then pgt(·|t) is the baseline word predictor
following target word t and

ps(·|t) = (1 − λ)pgt(·|t) + λpml(·|s)

is the hopefully improved prediction using proxy s,
where λ is optimized using 10-way cross-validation
on the training set. When the amount of training data
is small, the 10-way cross-validation leads to highly
erratic weights because counts are often small, and
sometimes even zero. To avoid extreme values, we
smooth (shrink) λ towards 0.20, with less shrinkage
as the amount of training data grew.

For each word t we use WordNet to choose a
proxy s from the set of candidate proxies; we choose
the proxy which is most similar to t according to
the WordNet similarity measure. To evaluate Word-
Net’s proxy selection, we compare to the proxies se-
lected by two measures of similarity derived solely



from the training data. The first is the Kullback-
Leibler distance between the target distribution and
the proxy distribution: D(pgt(·|t) || pml(·|s)). The
second measure is the training set perplexity reduc-
tion of word s, i.e. the improvement in perplexity of
the interpolated model ps(·|t) compared to the 10-
way cross-validated model.

To evaluate each proxy s we calculate its percent
reduction in perplexity on a test set, comparing the
perplexity of ps(·|t) with the baseline model pgt(·|t).

3.2 Experiments

Our corpus consists of 140 Million Words (MW) of
broadcast news (Graff, 1997). Of this data, 40MW
was reserved for testing, and various subsets of the
remainder were used for training.

The set of target words and their candidate proxies
were selected from the nouns included in WordNet.
We randomly selected a sample of 150 target words
that occurred only once or twice in the first one mil-
lion words of our training set but at least 50 times in
the test set (so that we can accurately estimate per-
plexity reduction). For the proxies we selected all
the nouns occurring at least 50 times in the first one
million words. This gave us a set of 1862 candidate
proxies.
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Figure 1: Perplexity reduction as a function of train-
ing data size for four similarity measures: WordNet,
random, KL divergence, and training set PP reduc-
tion.

In order to evaluate the usefulness of WordNet for
perplexity reduction on varying training set sizes, we
created nine random subsets of the training corpus,

1 2 3 4 5 10 25 50 100

1

2

3

4

5

Training Data Size in Millions of Words

P
er

ce
nt

 P
P

 r
ed

uc
tio

n

Random
Resnik
Jiang−Conrath
Lin

Figure 2: Perplexity reduction as a function of train-
ing data size for a random baseline and three Word-
Net similarity measures: Resnik, Jiang-Conrath, and
Lin.

ranging in size from 1MW to the entire 100MW.
For each training set size we chose the highest

scoring proxy word for each target word, according
to each of the similarity measures. For each proxy
selected we then calculated the resulting reduction
in perplexity on words that follow the target word
in the test set. The average perplexity reduction is
defined as the weighted average of the perplexity re-
duction achieved for each target word, where each
target word is weighted by its frequency in the test
set.

Figure 1 shows the average perplexity reduction
on the test set as a function of training data size.
With large amounts of training data the proxies se-
lected by WordNet reduce perplexity more than the
randomly selected proxies, but less than the proxies
selected from the data. On the other hand, when the
amount of training data is small (1-2MW), the prox-
ies selected by the data alone have close to random
performance and WordNet achieves a larger reduc-
tion in perplexity. Although the expected trends are
present, the magnitude of WordNet’s perplexity re-
duction is small, with a maximum at around 5%.

The WordNet perplexity reduction remains rel-
atively consistent regardless of which measure of
word or concept similarity is selected. Figure 2 com-
pares the performance of the three different Word-
Net concept similarity measures and a random base-
line. Although all three WordNet measures perform
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Figure 3: Perplexity reduction as a function of proxy
rank for four similarity measures (with 100MW
training data)

% Classification Example
15 Closely related in WN blizzard-storm
40 Not closely related in WN aluminum-steel
45 Not IS-A related rug-arm

Table 1: Classification of best proxies for 150 target
words.

significantly better than the baseline, the differences
between them is small, and none of the variants per-
forms consistently better over all data sizes.

Another interesting question is to what extent the
average perplexity reduction changes if we choose
a lower-ranked proxy instead of the highest-ranked.
For each of the three similarity measures, as well
as a random proxy ranking, Figure 3 shows the re-
duction in perplexity achieved by always using the
nth ranked proxy, where n ranges from 1 to 1862.
For the three similarity measures, we can achieve a
reduction in perplexity by using any proxy ranked
among the first few hundred. The random perfor-
mance, as expected, remains the same at every rank.

3.3 Error Analysis

In order to understand why the optimal proxies
aren’t often chosen by WordNet, we selected a small
number of proxies to analyze manually. For each tar-
get word we found the proxy which resulted in the
largest test set perplexity reduction, and classified it
into one of three categories, shown in Table 1.

Our analysis shows that about 45% of the best
proxies are not related by an IS-A relation; in most
cases we could identify no close semantic relation-
ship. For instance, the best proxy for rug is arm,
because they both tend to be followed by words
like draped, pulled, behind, under. Likewise, the
best proxy for name is spelling, because in broad-
cast news they tend to be followed by words like
please and correctly. In a small number of cases
(e.g. testament-religion) the words are related topi-
cally, but not via an IS-A relation. A few more cases
consist of words whose usage is domain specific.
For instance, in the broadcast news corpus, glove
refers almost exclusively to a piece of evidence in
the OJ Simpson trial, and Beard refers to a man.

Another large category of misses is due to id-
iosyncrasies, errors, or incompleteness in the Word-
Net taxonomy. For instance, aluminum is classified
as a chemical element whereas steel is classified as
an alloy/mixture; a bomb is classified as an explosive
device while a shell is listed under weaponry; com-
mentary and testimony are both messages but have
no closer common ancestor.

In summary, about half of WordNet’s misses are
due to inherent limitations in the types of relation-
ships it seeks to encode, and the other half are due
to idiosyncrasies or errors in the current database.

4 Semantic Coherence

Perhaps the most salient deficiency of conventional
n-gram language models is their complete failure at
modeling semantic coherence. These models cap-
ture short distance correlations among words in a
sentence, yet are unable to distinguish meaning-
ful sentences (where the content words come from
the same semantic domain) from “fake” sentences
(where the content words are drawn randomly). If
we could devise an accurate measure of seman-
tic similarity we could incorporate it as a feature
into a language model. An exponential language
model (Rosenfeld, 1997), for instance, could include
a constraint on the expected similarity between all
content words in a sentence.

One way of extracting similarity statistics from
data is to collect a large corpus of utterances and
then statistically analyze the sentences to determine
groups of words that tend to co-occur (Cai et al.,



2000; Eneva et al., 2001).

Many measures of association have been pro-
posed which work well when calculated from large
amounts of data. For words that occur only a few
times, however, it is usually not possible to identify
with confidence which other words are likely to co-
occur with them in the future. If semantically sim-
ilar words tend to co-occur, however, then we can
use WordNet to find associated words even for rare
words.

4.1 Methodology and Experiments

To assess the potential effectiveness of WordNet for
finding long distance word correlations, we compare
the similarities derived from WordNet to a statis-
tical measure of association calculated from large
amounts of data. These statistical associations will
serve as a ”ground truth” with which to evaluate
WordNet. If frequent words that co-occur in our
corpus tend to have high WordNet scores then we
will feel confident in relying on WordNet’s similar-
ity judgments in situations where only little data is
available.

For these experiments we selected a set of about
500,000 noun pairs, where the expected number of
chance co-occurrences of each pair (assuming pair-
wise independence) in our 100MW corpus was re-
quired to be greater than five. This constraint on the
expectation ensures that the statistical associations
are based on enough data to be credible, and can thus
serve as an effective “ground truth.”

WORD 1 YES WORD 1 NO

WORD 2 YES C11 C12

WORD 2 NO C21 C22

Figure 4: Contingency Table

To evaluate word association we chose to use the
Q measure of association (also known as Yule’s
statistic (Cai et al., 2000)). It is based on a 2 × 2
contingency table, shown in Figure 4.1. C11 is the
number of sentences in the training corpus which
contain both words, C21 is the number of sentences
which contain only word 1, etc.

From the counts in the contingency table we can
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Figure 5: WordNet similarity scores versus Q scores
for 10,000 noun pairs
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Figure 6: Distribution of Q scores for wordpairs
with high WordNet similarity (wsimwgt > 6) vs.
distribution of Q scores for all wordpairs.

compute the Q statistic for each pair of words:

Q =
C11 · C22 − C12 · C21

C11 · C22 + C12 · C21

The values of Q range from -1 to 1; Q is -1 when
two words have never occurred in the same sentence,
and is 1 when they always occur together.

For each wordpair we calculated its Q score and
its WordNet similarity score. The overall correlation
between these two scores can be seen in Figure 5.
The graph shows a sample of 10,000 noun pairs,
with their wsimwgt scores plotted against their Q

score. In general, words with high WordNet similar-
ity scores are likely to co-occur. Figure 6 illustrates
this even more clearly. When the WordNet scores
are high (wsimwgt > 6), the Q scores are gener-
ally positive. Unfortunately, however, this happens
very rarely. Only 0.1% of the wordpairs have Word-
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Figure 7: Precision/recall curve for wsimwgt vs.
wsimmax, for wordpairs with Q > 0.5.

Net similarity scores above 5 and only 0.03% are
above 6. Thus, over the whole range of possible val-
ues, the two scores have essentially no correlation
(ρ = 0.01).

Although there was no significant difference in
performance among the three information based
concept similarity measures (discussed in Sec-
tion 2.1), they all performed significantly better than
the simple edge counting technique.

The two word similarity measures (discussed in
Section 2.2), however, did yield significantly dif-
ferent results. Figure 7 compares wsimwgt to
wsimmax. This graph is a precision/recall curve
where we assume there is some reference standard
(some set of truly similar words), then plot the trade-
off between precision and recall as the WordNet
similarity threshold is lowered. For this graph we
defined “truly associated” to be a Q score greater
than 0.5. This is a somewhat arbitrary choice, but
when we vary this cutoff the graph does not change
much. The weighted similarity (wsimwgt) performs
better; it consistently has higher precision for equiv-
alent recall values. However, for both measures, the
recall is disappointingly low.

4.2 Error Analysis

We manually conducted a small analysis to try to
understand WordNet’s poor recall on the semantic
coherence task. In particular, we tried to determine
the cause of misses (when nouns that co-occur are
given low WordNet similarity scores).

From the original set of 500K noun pairs we se-

Relation Num Examples

WN 277(163)
part/member 87 (15) student-school
phrase is-a 65 (47) death tax IS-A tax
coordinates 41 (31) house-senate, gas-oil
morphology 30 (28) hospital-hospitals
is-a 28 (23) gun-weapon
antonyms 18 (13) majority-minority
other 8 (6) doctor-patient
non-WN 461
topical 336 evidence-guilt
news/events 102 iraq-weapons
other 23 end of the spectrum

Table 2: Relation types of wordpairs that tend to co-
occur in broadcast news. Counts in parentheses are
the number of pairs that were actually related in the
current version of WordNet.

lected those pairs which were most highly associ-
ated (Q > 0.9). These pairs were then manually
classified into categories based on the relationship
between the words (e.g. part-whole, antonyms,...)
The final categories and counts are listed in Table
2. The majority of co-occurring word pairs were
related only topically. WordNet does not currently
encode these topical relationships, explaining why
only a third of the pairs were found to be connected
by a relationship that WordNet was designed to en-
code. Furthermore, only 59% of that third were ac-
tually found to be related in the current version of
WordNet. This lack of coverage considerably lim-
its the usefulness of WordNet for predicting which
words will co-occur together in the news.

5 Conclusions and Future Work

We find that word similarities derived from Word-
Net are a very weak source of knowledge for these
two language modeling tasks. Interpolating the bi-
gram distribution of rare words with proxies selected
from WordNet results in a small perplexity improve-
ment compared to proxies selected only from the
data. Although words with very high WordNet sim-
ilarity do tend to co-occur within sentences, recall is
poor because most words with strong long-distance
correlations are topically related, and WordNet cur-
rently does not include topical links. However, top-



ical clusters are being added to the next version of
WordNet, so performance on this task might im-
prove. Nonetheless, we have found that the lim-
ited types and quantities of relationships in Word-
Net compared to the spectrum of relationships found
in real data make it difficult to make substantial
improvements for these tasks by using a linguistic
knowledge source even as large as WordNet.

Despite the disappointing performance of the
WordNet-derived similarity measures for these two
tasks, we see some possible directions for future
work. While the experiments in this paper inter-
polate each target word with only a single proxy,
Figure 3 shows that many of the top-ranked prox-
ies reduce perplexity. It seems likely, therefore, that
interpolating each target word with multiple proxies
would result in further perplexity reduction. In ad-
dition, while our present work merely compares the
usefulness of the proxies selected by the data and
WordNet individually, a straightforward extension
would be to combine the two knowledge sources.
Incorporating WordNet’s word similarities as a prior
would allow them to dominate when there is little
data, but eventually be washed out by the more reli-
able statistical measures.

Another possibility is to try similar techniques
on a slightly different task, like trigram prediction,
where data sparsity is a more significant problem.
Prediction of distance two bigrams might also be
more successful, because at larger distances linguis-
tic behavior tends to be governed more by seman-
tic rather than syntactic relations. Another more
long term direction is to automatically learn which
subsets of WordNet are most reliable. For exam-
ple, anecdotal evidence indicates that proxies de-
rived from WordNet’s organism hierarchy are con-
sistently useful, whereas proxies from the communi-
cation hierarchy are less reliable.
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