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Abstract

This paper describes the use of different methods for semantic sim-
ilarity calculation for predicting a specific type of textual coherence.
We show that Random Indexing can be used to locate documents in a
semantic space as well as terms, but not by straightforwardly summing
term vectors. Using a mathematical translation of the semantic space,
we are able to use Random Indexing to assess textual coherence as well
as LSA, but with considerably lower computational overhead.

1 Introduction: Text coherence in student essays

We have developed an approach to text coherence for student essays that
is comprised of multiple dimensions, so that an instructional application
may provide appropriate feedback to student writers, based on the system’s
prediction of high or low for each dimension. For instance, sentences in
the student’s thesis statement may have a strong relationship to the essay
topic, but may have a number of serious grammatical errors that make it
hard to follow. For this student, we may want to point out that on the one
hand, the sentences in the thesis address the topic, but the thesis statement
as a discourse segment might be more clearly stated if the grammar errors
were fixed. By contrast, the sentences that comprise the student’s thesis
statement may be grammatically correct, but only loosely related to the
essay topic. For this student, we would also want the system to provide
appropriate feedback, so that the student could revise the thesis statement
text appropriately.

Much previous work (such as Foltz et al., 1998; Wiemer-Hastings and
Graesser, 2000) looks at the relatedness of adjacent text segments, and does
not explore global aspects of text coherence. Hierarchical models of discourse
have been applied to the question of coherence (Mann and Thompson, 1986),
but so far these have been more useful in language generation than in deter-



mining how coherent a given text is, or in identifying the specific problem,
such as the breakdown of coherence in a document.

Our approach differs in a fundamental way from this earlier work that
deals with student writing. First, our approach considers the discourse struc-
ture in the text, following Burstein et al. (2003). Our method considers sen-
tences with regard to their discourse segments, and how the sentences relate
to other text segments both inside (such as the essay thesis) and outside
(such as the essay topic) of a document. This allows us to identify cases in
which there may be a breakdown in coherence due to more global aspects
of essay-based discourse structure.

In this paper, we concentrate on the subpart of this text coherence
project which determines the relationship of an essay sentence to the es-
say prompt, or question to which the essay is presented as a response.

2 Vector-based semantic representation

The starting point for this work is the observation that related sentences in
a text tend to use the same or similar words. While the use of similar terms
does not guarantee relatedness, it is almost a precondition, and we believe
it should function well as a predictor of relatedness.

A number of different metrics for evaluating the semantic similarity of
words have recently been devised. Some of these use human-constructed
lexical resources such as WordNet (cf. Resnik, 1995; Hirst and St-Onge,
1997; Leacock et al., 1998), while others are trained by collecting statistics
from unannotated or lightly-annotated text corpora (e.g., Lin, 1998).

These methods for assessing similarity between words, however, do not
directly induce a method for assessing the similarity between larger units
such as sentences and full documents. For this reason, in this project we
concentrate on those approaches which develop vector-based semantic rep-
resentations of words. These approaches represent the meaning of a word
as a vector, and compute the similarity between words as the cosine of the
angle between these vectors, which suggests that this method of similarity
calculation could be generalized to larger semantic units. This extension
to document similarity calculation has been shown to be feasible for one
method of vector-based semantic similarity calculation (LSA), but has yet
to be attempted for others.



2.1 Standard IR vector spaces

The natural first candidate among vector-based approaches to semantics
for use in assessing text coherence is the standard model of content vector
analysis, used in information retrieval. In this model, each document is
associated with a vector of the words in that document, and each word is
represented as a vector listing the documents in which the word occurs.

Unfortunately, this is not an effective means of calculating similarity
scores for individual sentences. The problem is that the components of a
document vector correspond directly to words, and a sentence of 15 words or
so is not a large enough sample for the frequencies of terms within the sen-
tence to consistently be found near their expectations. More simply stated,
it is hardly surprising to find a sentence about biology which nevertheless
does not contain the word ‘biology’, but it is more remarkable to find a biol-
ogy article of multiple paragraphs which does not contain the word ‘biology’.

If we have two sentences from a treatise on genetics, one may contain the
terms ‘chromosomal’, ‘crossover’, and ‘mutation’, while the other contains
‘genome’, ‘DNA’, and ‘RNA’. In fact, the sentences may have no terms in
common, so that their vectors are orthogonal in semantic space, meaning
that they are judged by this model to have no semantic connection. This is
clearly unacceptable for a model of sentence similarity which we wish to be
useful in assessing text coherence, and to address this deficiency, a number
of models have been introduced which use dimensionality reduction.

2.2 Latent Semantic Analysis

Latent Semantic Analysis (LSA) (Landauer and Dumais, 1997) is the best
known and most widely used of the vector-space methods of semantic simi-
larity using dimensionality reduction. LSA involves the application of Singu-
lar Value Decomposition to the document-by-term matrix in order to reduce
its rank. Because information is lost in this compression process, some simi-
lar vectors will be conflated, or moved closer within the space. Thus, if LSA
succeeds, we automatically derive generalizations such as the one we were
missing in the problematic example for the standard IR model: there is a
class of biology terminology, and when different terms from this class occur
in different documents, this is evidence of the documents’ relatedness.
Latent Semantic analysis has proved to be a great improvement over the
simple vector-space IR model for some domains. The term-term similarity
scores it produces are more robust (Landauer et al., 1998), as evidenced by
the much-cited results that LSA has been used to achieve a 64% score on a



test of 80 synonym items from the Test of English as a Foreign Language.
In addition, the document similarity scores can be used in some IR tasks
Deerwester et al. (1990). Furthermore, LSA has been shown to be applicable
to the task of establishing text coherence, in Foltz et al. (1998), although
their application of LSA in this domain is very different from our own.

However, there are some drawbacks to LSA which restrict its applica-
bility. For one thing, Singular Value Decomposition requires a numerical
computation which is demanding both in terms of processor time and in
terms of memory requirements. LSA is also very dependent on the corpus
used to train it. Since term co-occurrence within documents is the basis
for the generalizations it derives, it performs best when trained on corpora
which are very topically coherent, and which cover a diverse set of topics.
An encyclopedia is a good text to use for LSA, but it is hard to obtain high-
quality encyclopedic texts at low cost, especially in large quantities. Finally,
there are a number of patents which apply to Latent Semantic Analysis, so
that it cannot be freely used for all purposes.

2.3 Random Indexing

Another vector-based approach to semantic similarity is Random Indexing
(Kanerva et al., 2000; Sahlgren, 2001). Random Indexing differs from LSA
in a number of significant ways. First, its primary focus is on term similarity,
and the issue of handling document similarities with Random Indexing has
yet to be addressed. Second, it does not require a specialized corpus, which
is very topically coherent and neatly divided into documents for training.
Finally, the algorithm underlying Random Indexing is also very different
from that used in Latent Semantic Analysis, and has lower computational
requirements.

Random indexing assigns vector representations to words in the following
way:

e First, every word in the vocabulary is assigned a sparse, randomly-
generated label vector of ternary values. The idea is to start with a
random sparse vector representation for each word, which can then be
used in further computation.

e Second, the semantic vectors for each word are initialized to all zeroes.

e Finally, the semantic vectors are trained, using some text corpus. For
each word token in the corpus, that word’s semantic vector is incre-
mented by the label vectors of each word appearing within a certain
distance of it.



In this way, Random Indexing produces a semantic vector for each word
in the corpus, which can then be compared to the vectors of other words
using the standard cosine similarity metric. Using this method to assess term
similarity, Sahlgren (2001) achieves an even better result on the TOEFL
synonyms test than the 64% score reported for LSA.

However, as noted earlier, there is no primitive notion of document simi-
larity in Random indexing, since the text it is trained on need not be divided
into documents. For this reason, it is not clear exactly how Random Index-
ing could be applied to the task of assessing sentence similarity for text
coherence. Intuitively, it seems promising to somehow represent the mean-
ing of a document as a vector sum of the words which appear within it, but
it is not obvious that this approach will work, given that the semantic vec-
tors of Random Indexing were not produced with this application in mind.
Later in this paper, however, we will pursue this intuition, and present an
extension of Random Indexing which does allow for the comparison of full
documents.

3 Experiments

The goal of our project was to produce a measure of semantic similarity
which is a good predictor of “relatedness” between sentences, with the ul-
timate goal of assessing the coherence of an essay. With this aim, we con-
ducted experiments using different methods of constructing semantic vectors
for sentences, assessing them on their performance in predicting the relat-
edness of sentences from a human-annotated development set.

For our preliminary investigations, we used a set of 2330 sentences (from
292 essays) which had been assessed by human annotators as either related
or unrelated to the prompt paragraph in response to which the essay was
composed. These sentences were taken from essays written by 12th-grade
high-school students or college freshmen, and the sentences used were either
from the essay thesis, essay conclusion, a main idea sentence of a paragraph,
or from an introductory “background” section of the essay. This excludes
supporting idea sentences from within a paragraph, which have only a me-
diated relationship to the essay prompt.

As a way of evaluating each of the approaches to semantic similarity
we tried, we measured the overall accuracy of the method for determining
relatedness. That is, we assumed some cutoff similarity score, such that
sentences above the cutoff in similarity are taken to be related, while those
below the cutoff are taken to be unrelated. Then, given this cutoff, we assess



what percentage of the 2330 sentences in the data set are correctly classified
as related or unrelated.

3.1 LSA

We used the SVDPACKC software package (Berry et al., 1993) to construct
an LSA semantic space from a subset of the Wikipedia open-source ency-
clopedia. While the quality of the articles in this resource is somewhat
variable, it was the only encyclopedia available to us for this project. To
increase the quality of the training data, we used only encyclopedia articles
with a single-word title (such as “Geography”). The primary reason for this
choice was to exclude the large number of articles describing small US towns
and television shows, and thereby remove a source of bias in the corpus.

The result is an LSA space based on 55,424 terms in 21,885 documents.
We used a tf-idf weighting scheme with log weighting of term frequencies
and document frequencies to construct the document-by term matrix.

Using this sentence similarity metric to predict sentences’ relatedness
to the essay prompt, the LSA model achieves a maximum classification
accuracy of 70.6%, when the cutoff for separating “related” sentences from
“unrelated” ones is set at about 0.08. This is a modest improvement over
the baseline accuracy of 67.1%, which we get by simply predicting that all
essay sentences are related to the prompt.

3.2 Random Indexing

For our Random Indexing experiments, we used four years’ worth of newswire
text from the San Jose Mercury News as training data. The Mercury News
contains over 30 million word tokens, around five times the size of our ency-
clopedia corpus, and therefore provided a higher-quality semantic space for
Random Indexing (as evinced by performance on the TOEFL benchmark).

As stated above, Random Indexing has not previously been used to cal-
culate similarity scores for units larger than a word, but the similarity of
this approach to Latent Semantic Analysis suggests that perhaps an anal-
ogous approach to building up document vectors from term vectors could
be used. In LSA, a vector for a new document is obtained by first making
a sparse vector of the length of the vocabulary, indicating the frequency of
each term in the document, and then multiplying this vector by the term
matrix T, in order to map the vector to the reduced space. The goal of
the experiments of this section was to determine if document vectors could
similarly be represented as a vector sum of term vectors under a Random



Indexing approach.

As a first attempt, we tried a very straightforward implementation, in
which the vector representation for a document (in this case, a sentence)
was computed as the vector sum of the term vectors for each word in the
document. (The term vectors had previously been normalized to unit length,
and a stoplist was used to prevent the vectors for function words from being
included in the sum.)

This straightforward method of applying Random Indexing to sentence
similarity calculation yielded a maximum accuracy of 67.12%, with an im-
provement over the baseline corresponding to just one more correctly clas-
sified example. Clearly, this simple implementation of document similarity
using Random Indexing is not competitive with the sentence similarity scores
provided by our LSA space.

3.2.1 Improved Random Indexing for document similarity

Manual inspection of the sentence similarity scores produced by this simple
method of extending Random Indexing term vectors revealed that the scores
were quite high for all sentence pairs, regardless of their degree of relatedness.
In fact, it was hard to find a pair of sentences which exhibited a similarity
score of less than 0.8 using this metric. This observation suggests a specific
problem with the current way of aggregating Random Indexing term vectors
to produce a document vector.

Suppose we take a set of random normalized term vectors and produce
a document vector to represent them, by summing the vectors and dividing
by the number of vectors in the set, n. As n increases, the document vector
approaches the mean vector xmean, which is the average of all term vectors.
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This means that if we compare the similarity (cosine) between two such
random documents, as each document grows longer, the similarity should
approach 1, since

Xmean * Xmean
el .
This is a problem, since it means that the similarity between documents
is bound to increase with their length, and regardless of their relatedness.
However, if we subtract the mean vector from each of our term vectors, we
can remove the bias from the system:
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and 0-0 = 0.

This line of argumentation is illustrated in Figure 1. In the left half of
the diagram, the vocabulary of the Random Indexing model is represented,
where each 1800-dimensional term vector is represented in two dimensions,
and the size of the diamond represents the frequency of the term. All term
vectors are normalized, and therefore lie on the unit circle. The mean of
all term vectors in the vocabulary is shown as a filled diamond. Since this
mean vector does not lie on the origin, a random document vector will not
tend to approach the zero vector if its terms are unrelated.

In the right half of Figure 1, the same set of term vectors is represented,
so that the mean vector now lies on the origin. Note that the vectors no
longer lie on the unit circle.

Figure 1: Term vectors on the unit circle. Translating the vectors brings
the mean vector to the origin.
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In addition to the fact that this translation of the term vectors remedies
the problem we encountered initially, that document similarity tends to
increase with document length, it has an additional beneficial side-effect.
Subtracting the mean vector has the effect of reducing the magnitude of
those term vectors which are close in direction to the mean vector, and
increasing the magnitude of term vectors which are most nearly opposite
in direction from the mean vector. This means that, when we create a
document vector as a sum of term vectors, those terms whose distribution
is most distinctive will be given the most weight, while terms which are less
picky about what other terms they co-occur with will be given relatively
little weight. This achieves the effect of the inverse document frequency
weighting done in LSA and the standard IR vector-space model, but without



any special machinery. In fact, this property of the model even obviates the
need for a stoplist. Since function words’ distribution induces term vectors
which are very similar to the mean vector, they are given almost no weight
when they occur within a document.

This improved document similarity metric produces results competitive
with the results achieved using the LSA model in the previous section. The
model achieves a maximum accuracy of 70.1%, using a similarity cutoff of
about 0.14. This result suggests that Random Indexing can, in fact, be used
to produce useful document similarity scores.

It is somewhat surprising that we can achieve such good results in judg-
ing document similarity using Random Indexing, given that the training
data for the algorithm, newswire text, is not as semantically focused as the
encyclopedia text on which LSA is trained. On the other hand, the scal-
ability of Random Indexing allows us to use a much larger corpus, which
certainly increases the quality of our results. At the very least, the use of
Random Indexing for assessing document similarity should be a welcome
alternative to LSA because of the lack of legal restrictions on its use.

3.3 Using multiple sources of evidence

Since the LSA and Random Indexing models of sentence similarity we have
constructed are based on different corpora and are mathematically distinct
vector-space models, it is a reasonable conjecture that they should make
different predictions about the relatedness of certain sentence pairs. As
this observation suggests, we can improve upon the results of either model
by simply taking the average of the scores each provides. Using this new
measure of sentence similarity, the sum of the LSA and Random Indexing
scores, we get a maximum accuracy of 72.1%, with a cutoff score of 0.15.

Figure 2 shows the overall classification accuracy of the three models
introduced here as a function of the total number of sentences classified as
unrelated to the prompt. This graph clearly shows the combined model,
which uses the average of the RI and LSA similarity scores, to be superior
to the other two. It also supports the claim that there is no substantial
difference between the LSA and RI models. While it is true that the LSA
model has a higher maximum accuracy value, the two curves track one
another very closely throughout the region in which model accuracy exceeds
the baseline.

The ROC curves for these models, shown in Figure 3, tell a similar
story.! In the region of the plot with the lowest false positive rate, which is

IThis figure takes the basic task to be retrieval of sentences which are not related to



Figure 2: Accuracy in classifying relatedness to prompt using LSA, RI, and
both combined
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the most critical region for this application, the combined model outperforms
the other two. Somewhat surprisingly, however, the Random Indexing model
is superior in the region of the plot with the highest rate of true positives.
This suggests that Random Indexing might be even more competitive with
LSA for applications in which recall is prized over precision.

Overall, the performance of all three models on this task is modest, and
it is likely that other sources of information will have to be added in order
to produce an operationally useful model of this essay coherence dimension.
Nevertheless, we believe this problem comprises a useful testbed for the
comparison of semantic similarity metrics.

4 Conclusion

We have described the application of vector-based semantic similarity mea-
sures to the task of assessing a specific kind of textual coherence in student
essays. We further demonstrate that Random Indexing can be applied to
this task as an alternative to LSA, although it had not previously been
used as a measure of document similarity (but only term similarity). Once
the technical hurdles are overcome, Random Indexing may be a superior

the thesis, so that “false positives” are related sentences falsely taken to be unrelated.
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Figure 3: ROC curves for RI, LSA, and RI+LSA models
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choice for this application and others, because it is not as computationally
demanding, and it is not encumbered by the same patent protections. In
addition, combining the two methods of semantic similarity calculation can
yield results superior to the use of either method individually.
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