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Abstract. We describe a semantic clustering method designed to ad-
dress shortcomings in the common bag-of-words document representa-
tion for functional semantic classification tasks. The method uses WordNet-
based distance metrics to construct a similarity matrix, and expecta-
tion maximization to find and represent clusters of semantically-related
terms. Using these clusters as features for machine learning helps main-
tain performance across distinct, domain-specific vocabularies while re-
ducing the size of the document representation. We present promising
results along these lines, and evaluate several algorithms and parameters
that influence machine learning performance. We discuss limitations of
the study and future work for optimizing and evaluating the method.

1 Introduction

The bag-of-words document representation achieves excellent performance on
many machine learning tasks. However, this performance can be sensitive to the
changes in vocabulary that occur when the training data cannot be reasonably
expected to be representative of all the potential testing data. In this situation, it
may be possible to exploit higher-level relationships between the vocabularies by
consolidating and generalizing the specific bag-of-words features into a smaller
number of semantic clusters using an external semantic resource. This would
have the dual benefits of retaining performance across domains and reducing
the dimensionality of the document representation.

The approach presented here was developed in response to characteristics
of the machine learning phase of the ANTArT(1), a component of the CLiMB
research project (2). CLIMB developed a toolkit for image catalogers that facili-
tates harvesting descriptive meta-data from scholarly text for annotating digital
image collections. ANTArT, collaborating with experts in art history and im-
age cataloging, developed a set of functional semantic labels to characterize how
art-historical texts function with respect to their associated images (see Table 4
for the complete list), drawing on texts from four art-historical periods.

Three data sets were prepared from art history texts covering two time pe-
riods: Near Eastern art (two data sets), and Medieval art (one data set). Each



data set consisted of 25 images of works of art and the paragraphs from the text
describing them. The annotators were asked to tag each sentence with the rel-
evant functional semantic labels using a special purpose browser interface that
included a training session. These annotations were then used to train and eval-
uate binary classifiers for each label. In this study we focus on the three most
frequently-used labels, Image Content, Historical Context and Implementation.

The rest of the paper is organized as follows: we describe the baseline results
and the reasoning that led us to investigate the clustering method, and sum-
marize previous work with similar aims. After outlining the steps of semantic
clustering, we describe the algorithms and parameters that we evaluated. We
present our results along several dimensions and discuss their significance, and
conclude with a discussion of future work.

2 Motivation

Table 1 shows classifier performance by train and test data for the three func-
tional semantic labels using bag-of-words features. We swap in each of the three
data sets as train and test data. The performance is highest when both data
sets focus on the same time period (Near East). When the Medieval data set
is used for training or testing, performance decreases dramatically. This hap-
pens to a greater degree with the Historical Context and Implementation labels
than with Image Content, which we attribute to greater sensitivity of those la-
bels to period-specific terminology. This shows that the bag-of-words model does
not maintain its performance across historical periods for important functional
semantic labels. This will be a recurring problem as data sets from different
historical periods are added.

Table 1: ROC Area of support vector machine classifiers for the three functional
semantic labels using bag-of-words feature sets. This shows the performance hit
taken when train and test data come from different domains.

Data Sets Label
Train Test Historical Context  Implementation Image Content
Near East 1  Near East 2 0.630 0.607 0.602
Near East 1  Medieval 0.576 0.518 0.576
Near East 2 Near East 1 0.620 0.575 0.617
Near East 2  Medieval 0.514 0.521 0.578
Medieval Near East 2 0.573 0.564 0.597
Medieval Near East 1  0.541 0.538 0.603

Early in the ANTArT study, we noted (3) that certain semantic word classes
are correlated with the functional semantic labels. The intuition was that, while
the data sets may exhibit distinct vocabularies, the distribution of words with



the same hypernyms remains discriminative. Table 2 shows pairs of terms from
texts on the two historical periods that are highly-correlated with the Historical
Context label in their respective data set and belong to the same semantic class.

Table 2: Examples of discriminative bag-of-words features for the Historical Con-
text label.

Near East Medieval Semantic Class
Sumer England Geographic region
priest monk Religious person
Egyptian Irish Nationality
ancient medieval Time period
ziggurat cathedral Place of worship

Several manually enumerated semantic classes were assembled, such as body-
parts and time-values. While this method addresses feature set reduction from
a semantic perspective, it could not scale or generalize, as it required manual
compilation of the semantic classes, solely from the training data. The clustering
method presented here is an attempt to automate and generalize this intuition.

3 Previous Work

Most approaches to word clustering are statistical, using distribution, colloca-
tion and mutual information to collapse features containing redundant informa-
tion into a smaller number of equivalence classes. Pereira et al. (4) describe a
method that uses distribution within different syntactic contexts as the basis
for clustering. Tishby et al. (5) introduced the information bottleneck approach
to compressing feature sets while maximally preserving information about the
target variable. Bekkerman et al. (6) achieved excellent results on a common
multi-label classification task (20 Newsgroup) by combining this approach with
support vector machines, and discuss how relevant vocabulary size can affect the
potential benefits of word clustering, in the context of different labeling method-
ologies. Slonim et al. (7) applied the approach to a document clustering task,
and report performance by the number of word clusters generated.

Few studies have made use of semantic resources in word clustering. Termier
et al. (8) attempted to combine the statistical approach (latent semantic in-
dexing) with semantic properties derived from WordNet. The results showed the
semantic information actually decreasing performance of simple LSI, and while
several of the theoretical benefits are discussed, they are not achieved. However,
the classification task that the hybrid method was evaluated on (Reuters, by
topic) does not present the issues that would benefit from using an external
semantic resource.



Several algorithms have been proposed for computing “semantic similarity”
between two WordNet concepts based on hypo/hypernym relationships. In ad-
dition to the three purely WordNet-based metrics we used in this study, Resnik
(9), Jiang (10) and Lin (11) have proposed measures that also consider informa-
tion theoretic properties of the concepts in an auxiliary corpus. Budanitsky and
Hirst (12) give a high-level overview of the potential for evaluating and com-
paring such metrics, and note the difficulty of designing simple measurements
that would be generally useful for the nebulous concept “semantic similarity”.

4 Data Sets

Table 3 compares the size of the data sets in terms of word count and vocabulary
size for the two parts of speech that we consider. It also shows the inter-annotator
agreement as a weighted Kappa score (13). Since annotators could assign more
than one label to a sentence (in practice, about 25% of the time) we use a
set-distance metric (14) to count partial agreement.

Table 3: Vocabularies of the three data sets based on WordNet’s morphology
function, and Kappa agreement score between the coders.

Data set Tokens Nouns Verbs Kappa score
Near East 1 3888 734 466 0.55
Near East 2 5524 976 614 0.50
Medieval 6856 1093 652 0.56

Two annotators working independently considered each sentence in the texts,
and applied one or more functional semantic labels to characterize its function
with respect to the image it describes. These labels, and their usage counts
by the two coders, are shown in Table 4. Because of data sparseness for the
other labels, our results only consider Image Content, Historical Context and
Implementation.

5 Methodology

Figure 1 shows an overview of the experimental procedure. It begins with sepa-
rate data sets for training and testing, a functional semantic label L to consider,
a part-of-speech P to use for clustering, the number of clusters N to generate,
and a similarity metric M. The similarity metric maps two WordNet senses to
a real number between 0 and 1.

The training sentences are tokenized and lemmatised by WordNet’s morphy
function, and the set of unique lemmas of the specified part-of-speech is ex-
tracted. A matrix of the pairwise similarities is constructed using the specified



Table 4: Functional semantic labels with each annotator’s usage in all three texts.

Label Coder A Coder B
Image Content 220 215
Historical Context 123 156
Implementation 75 138
Significance 59 51
Interpretation 67 26
Comparison 26 32
Biographic 10 6

metric. An expectation maximization clusterer is then trained on the matrix,
with the specified target cluster count. The output is a clustering model that
can assign an unseen word to a cluster based on its similarities to each of the
training lemmas.

Document representations are then built in the same manner for the train-
ing and testing data. Each lemma in the document is clustered according to
its similarities to the training lemmas. Where the bag-of-words representation
records lemma frequencies, the clustering representation records cluster frequen-
cies. These are computed by applying the clustering model from the previous
step to each lemma in the document. Training and testing of an SVM classifier
for the label L is then performed using the two document representations.

1. Input
— Labeled data sets TRAIN and TEST
— Functional semantic label L
— Part of speech P = noun|verb
Cluster count N
— Similarity metric M : sense, sense— > real
2. Build clustering model on training data
— Find all U unique lemmas of type P in data using WordNet’s morphy function
— Construct UzU matrix M where My, is the similarity between U, and Uy
— Use matrix to train expectation maximization clusterer with a target cluster
count NV
3. Build document representation of training and testing data
— For each lemma [ in the document, apply model the vector
[M (U1, 1), M(Uz,1) ... MUy, 1)]
— Features are the frequency of each cluster 1... N
4. Train SVM binary classifier for label L on training data
5. Evaluate classification performance on testing data

Fig. 1: Overview of semantic clustering



Semantic similarity metrics operate on unambiguous senses, and so we needed
to address polysemy in the texts. We tested two simple policies when calculat-
ing the similarity between two tokens. The first sense policy simply takes the
first WordNet sense for each token, which is its most frequent sense in Word-
Net’s sample texts (15). The closest sense policy chooses the pair of senses that
maximized the similarity calculation for the pair of tokens. Both methods have
drawbacks: our data comes from a specific academic field with its own vocab-
ulary, and WordNet’s sample texts may be too general (e.g. the most common
general sense of “profile” is not its art-historical meaning). The closest sense
policy is more complicated, but an interesting experimental question in itself: it
may use different senses for the same token depending on the token it is being
compared to. Depending on the vocabulary, it might be that a preponderance of
a semantic class will overcome this noise. This is discussed by Scott et al. (16),
where the closest sense approach is also used.

The three similarity metrics we tested all base their values on positions within
WordNet’s hyper/hyponym ontology of senses, taking two senses (S; and Ss) as
input and returning a real number. The simplest metric, path similarity, uses the
shortest distance between the two senses. Leacock Chodorow similarity (17) also
takes into account the maximum depth of the ontology being used. Wu-Palmer
similarity (18) is the most sophisticated metric we evaluated. It considers the
most specific ancestor (least common subsumer or LCS) of the two senses, its
depth in the ontology, and its shortest distance to each of the two senses.

WordNet has separate ontologies for verbs and nouns, and we tested the clus-
tering method independently for both. The results indicate distinctive properties
of the two ontologies. Miller et al. (15) discuss fundamental differences in the
idea of “hyponymy” as applied to nouns versus verbs.

We varied the target number of clusters from 5 to 100 at intervals of 5.
In principle, the maximum number of clusters that could be aimed for is the
vocabulary size itself, in which each lemma would become its own cluster. Our
results indicate that our 100-cluster upper bound may have been too conservative
for at least one of the experiments (see figure 2, top right).

Expectation maximization (19) is an iterative algorithm often used for data
clustering. It associates each data instance with a probability distribution de-
scribing potential cluster membership. Iteration ends when improvement falls
below some small threshold (we use le-6) or the number of iterations passes some
maximum value (we use 100). Our results here simply map each lemma (data
instance) to its likeliest cluster. In future work we may use the full probability
distribution. The computation is performed using the Weka (20) implementation
of expectation maximization clustering.

The support vector machine is a machine learning algorithm that has achieved
widespread success on text classification tasks. It divides the training data by an
N-1-dimensional plane, where N is the dimensionality of the feature representa-
tions. This division is optimized to achieve the maximum separation between the
training instances. We use an extended version that handles the typical situa-
tion where the training data is not linearly separable, by penalizing misclassified



instances and optimizing the separation achieved. Its explicit design for achiev-
ing maximum generality makes it particularly attractive for our study. We use
the Weka implementation of sequential minimal optimization (21), which is a
method for efficiently solving the maximization problem, and a linear kernel.

Our classification results are presented as the area under the ROC (receiver
operating characteristics) curve. This is particularly well-suited for evaluating
classification tasks with sparse data and large skew in the label distribution (22)
such as ours.

6 Results

6.1 Clustering Parameters

Figure 2 shows the average performance by number of clusters used, broken down
by the part of speech used for the clusters and the functional semantic label
targeted by the classifier. The most striking feature is the superior performance
of the verb clusters.

While the Image Content label shows the highest performance, it also shows
the least regularity with respect to the cluster count parameter. Its performance
is likely due to it being the easiest of the labels to learn, which has been noted
in earlier work (1). Its irregularity may also support the intuition that physical
descriptors such as colors and dimensions are less tied to historical period.

The shaded areas in the noun cluster graphs (left side) each correspond to
one of the three data sets. On the X-axis they highlight the interval from the
smallest effective (performed above-random) cluster count to the largest. Their
height represents the average performance across that interval. The labels all
show the counter-intuitive property that the effective ranges for data sets with
a larger vocabulary are always a subset of those with a smaller vocabulary. In
other words, in choosing how many clusters to induce from a data set, there
appears to be a narrower range of good choices for a larger vocabulary.

The black rectangles in the verb cluster graphs (right side) mark the highest
performance for each data set. For the two labels that show the clearest trends
in the verb clusters, Historical Context and Implementation, the data set with
the smallest vocabulary peaks before the two larger data sets, supporting the
intuition that a smaller vocabulary will perform best with fewer clusters. The
regularity of the verb clusters, with steadily increasing performance compared
to the erratic behavior of the noun clusters, lends more credibility to this obser-
vation. This distinction between verb and noun behavior must be confirmed on
larger data sets before looking for an explanation in linguistic theory or resource-
specific biases.

Several of the performance curves (particularly for the Near East 1 and Me-
dieval data sets, Historical Context label, verb clusters) appear to be increasing
at the upper limit cluster count (100). This indicates that the optimal cluster
count is higher than we expected, and the testing range should be increased.

The three functional semantic labels show the same relationship when varying
the sense choice iteration methods and similarity metrics (Figure 3). Better



Noun Clusters Verb Clusters

—MNear East 1

-~ Medieval 0.60| "

Historical Context

Image Content

Fig. 2: Classifier performance (ROC average on Y-axis) by cluster count (X-axis),
by part-of-speech for the three most common labels. The shaded regions in the
left-hand figures cover the interval of cluster counts that had positive perfor-
mance for each data set, and their height is the average performance over that
interval. The black boxes in the right-hand figures indicate the best performance
on the data set.



performance is achieved by simply using the first WordNet sense, rather than
maximizing the similarity on a pairwise basis. The Wu-Palmer similarity metric
outperforms the Path and Leacock Chodorow metrics. The differences are least
pronounced on the Image Content label, which is the most domain-independent
label and similar to a traditional “topical” classification. The standard deviations
are massive compared to these differences, on the order of several times the
magnitude: this may be due to the broad range of variables we tested, and
requires further investigation.

Image Content

Imﬁlementation

0.53 1 e
0.52 -

0.511

Closest First Leacock Path Wu-Palmer
Chodorow

Fig.3: Comparison of average performance above random (for ROC area, 0.5)
by sense choice iteration method (“closest sense” and “first sense”) and simi-
larity metric. Each triplet shows the average performance for all runs with that
parameter, broken down by the three labels.

6.2 Cluster Quality

The original motivation for the study was the observation that there were obvious
word-groups recurring above the lexical level. It is natural, therefore, to want to
examine a cluster with respect to some simple characterization of its members.
It is not guaranteed that a cluster will have a simple concept that describes its
members, except in the cases where the clustering process mirrors this human
intuition.

The example in Figure 4 demonstrates an effective cluster (roughly identified
as “human body parts”) while also illustrating some shortcomings. All words in
the figure are placed in the same cluster by the model, which was trained on the
first Ancient Near East data set. Examining the training data manually, every
recognizable body-part term is clustered appropriately, for perfect recall.



The benefit comes from the words that occur solely in the training or testing
data: in a bag-of-words or statistical approach, these would have been useless
features. But there are problems with the cluster’s precision: words like “vessel”,
“ass” are examples of polysemy creating false positives (as in “blood vessel” and
“posterior”, when they are actually used as “drinking vessel” and “donkey”).
“quick” is an example of clustering on an extremely rare usage of the word (“an
area of the body highly sensitive to pain”), although as a reviewer pointed out
this particular example would be addressed by initial part-of-speech tagging (but
consider “orb”). There is also no strict guarantee of a simple characterization of
the resulting clusters. “Human physiology”, while very accurate in this case, is
not precise: most people lack literal claws and beaks. This is because the clus-
tering does not try to reconcile its results explicitly with the WordNet hierarchy.
The cluster is in fact generally looking for “body parts”, and the focus on human
physiology is due to the texts in question. But this is exactly the point: classi-
fiers trained on veterinary texts could use the same cluster on texts in human
medicine.

knee lap

small

tongue

nostril
claw

Medieval Europe

eyelid
beak
orb

grazing

finger vessel

horseback

Fig.4: Cluster example that roughly captures “human physiology”.

The same experimental run also automatically induced high-quality clusters
that roughly correspond to “quantities”, “occupations”, “building materials”,
“geographic regions” and so forth.

6.3 Performance

Table 5 compares the ROC areas of the bag-of-words-based classifiers with that
of the best-performing cluster-based classifier. The clustering method outper-
forms bag-of-words 66% of the time when the train and test data come from
different domains. This comparison assumes that we are able to choose the opti-
mal parameters for building our clusters. Further investigation and optimization



of the parameters discussed above with respect to the vocabulary of the training
data is the key to realizing this.

Table 5: Comparison of ROC Area for the three functional semantic labels,
when the train and test data come from different domains. Rows with a white
background use bag-of-words features, rows with a grey background use the
clustering features.

Data Sets Label

Train Test Historical Context  Implementation Image Content

Near East 1  Medieval 0.576 0.518 0.576
0.549 0.530 0.676

Near East 2 Medieval 0.514 0.521 0.578
0.568 0.609 0.576

Medieval Near East 2 0.573 0.564 0.597
0.555 0.563 0.655

Medieval Near East 1 0.541 0.538 0.603
0.557 0.558 0.656

6.4 Improved Generality and Dimensionality

The semantic clusters show less sensitivity to training and testing domains than
the bag-of-words features. Table 6 compares the standard deviation of classifier
performance for the three labels for the basic bag-of-words model to the cluster
model. The results also show the relationship between the domain-sensitivity of
the functional semantic label and the improvements from the clustering method.

Table 6: Standard deviation across different data set combinations

Label Bag-of-Words Clusters
Image Content 0.03279 0.02359
Historical Context 0.06657 0.02116
Implementation 0.03636 0.01903

Comparing the original bag-of-words vocabularies of the data sets with the
range of cluster counts we generated shows a reduction in document representa-
tion size between 10 and 100 times. The computational benefits of this reduction
are purchased at the cost of the off-line clustering process, which is resource-
intensive but highly parallelizable. If it results in greater generality, it need only
be done for a single domain in the given task.



7 Future Work

While space limitations prevented discussing it here, when considering any single
configuration of the clustering parameters, the performance-cluster count graphs
exhibit an unexpected periodic behavior. This is masked by the averages and
maximums presented above, and it will require further investigation to determine
what clustering parameters or characteristics of the data are responsible for this
behavior.

There is an enormous amount of semantic and lexical information in WordNet
that could be incorporated into the clustering process. At present, senses are
associated via metrics that depend solely on directly mapping lemmas into the
noun and verb hierarchies, which limits the resulting clusters in several ways
(e.g. biased towards reproducing this structure, dropping information provided
by adjectives, etc.). Evaluating and refining potential additions to the process
(e.g. noun-adjective lexical relationships, metonymy, etc.) is a major future task.

The clustering model generated by the expectation maximization algorithm
may be used more fully: rather than the simple approach of membership-frequency,
the probability distribution could be used in generating the document represen-
tations. For example, in the current method, the sense “orange (the fruit)” might
be counted part of a “fruit” cluster or an “edible object” cluster, but not both,
even if it has near-equal probabilities of membership in either cluster. Crediting
all clusters according to the lemma’s probability of membership would capture
this. At the other extreme, a simpler, discrete clustering algorithm like K-means,
might be more appropriate (and less computationally intensive) for our current
approach. Finally, it may be possible to use fully non-parametric clustering (i.e.
without a specified number of clusters) to determine the optimal cluster size,
but this is complicated by the fact that optimal cluster size in this case is not
simply determined by the inter/intra-cluster coherence. It also depends on the
utility of the resulting clusters for generalizing in the particular domains. For
example, separate clusters for “grain”, “legumes” and so forth might maximize
intra-cluster coherence on some training data, but if the ideal semantic class is
“agricultural products” these smaller clusters will be sub-optimal.

To address the affects of word sense ambiguity we have begun manual dis-
ambiguation on the three data sets, which will give us an upper limit on the
improvements to expect from automatic approaches. Another possibility is us-
ing disambiguated corpora such as those used for SENSEVAL, which would also
test the method on larger and more familiar data. This would require creating
a functional semantic task, similar to the ANTArT project, using the new data
set.

The reviewers suggested several methods and labeling tasks to compare our
method with. A baseline usage of WordNet might be to use hypernym-frequency
as the feature set. Sentiment analysis could be a useful source of well-explored
labeling tasks that can be partitioned into distinct domains (e.g. by “product
type”) for training and testing. The size of the ANTArT data set was a limita-
tion, and large product reviews databases (Amazon, IMDB, etc.) could help us
understand the significance of the irregular behavior of noun clusters.



Finally, while our method presented here makes no use of distributional
statistics or correlations of the words and labels, combining the approaches
could raise clustering performance dramatically while maintaining generality.
This could be particularly useful for deciding how many clusters to generate,
e.g. if and how to subdivide broad clusters. For this study we performed exhaus-
tive tests of cluster count to find trends related to the vocabulary of the data
sets. It would be useful, when choosing to partition a set of words into one large
cluster or two smaller clusters, to determine how the two potential choices would
relate to label distribution in the training data.

8 Conclusion

We have presented a text classification task that responds poorly to the typical
bag-of-words feature space, due to the nature of the data sets and labels involved.
We described a method that builds a more general and compact document rep-
resentation using measures of semantic similarity, and presented results testing
several options for its component algorithms and parameters. We argued that
the results show several of the desirable properties of the approach, and outlined
future work in constructing an implementation that optimizes performance while
maintaining these properties.

This approach has potential applications for any task that uses bag-of-words
for document representation. Information retrieval could use clustering to ex-
pand open class terms or handle queries of a functional semantic nature. New
multilingual WordNet implementations with pointers between senses could be
used to automatically extend these benefits across languages. This document
representation could also prove useful for investigating more abstract cognitive
processes, such as analogy and inference, and for drawing comparisons between
lexical resources and the cognitive structures they try to represent.
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