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Abstract

We try to determine whether it is possible to approximate the subjective Cloze
predictability measure with two types of objective measures, semantic and word
n-gram measures, based on the statistical properties of text corpora. The semantic
measures are constructed either by querying Internet search engines or by apply-
ing Latent Semantic Analysis, while the word n-gram measures solely depend
on the results of Internet search engines. We also analyse the role of Cloze pre-
dictability in the SWIFT eye movement model, and evaluate whether other pa-
rameters might be able to take the place of predictability. Our results suggest that
a computational model that generates predictability values not only needs to use
measures that can determine the relatedness of a word to its context; the presence
of measures that assert unrelatedness is just as important. In spite of the fact,
however, that we only have similarity measures, we predict that SWIFT should
perform just as well when we replace Cloze predictability with our measures.
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Zusammenfassung

Wir versuchen herauszufinden, ob das subjektive Mal} der Cloze-Vorhersagbarkeit
mit der Kombination objektiver Mal3e (semantische und n-gram-Malle) geschitzt
werden kann, die auf den statistischen Eigenschaften von Textkorpora beruhen.
Die semantischen Malle werden entweder durch Abfragen von Internet-Such-
maschinen oder durch die Anwendung der Latent Semantic Analysis gebildet,
wihrend die n-gram-Wortmafe allein auf den Ergebnissen von Internet-Suchma-
schinen basieren. Weiterhin untersuchen wir die Rolle der Cloze-Vorhersagbarkeit
in SWIFT, einem Modell der Blickkontrolle, und wigen ab, ob andere Parameter
den der Vorhersagbarkeit ersetzen konnen. Unsere Ergebnisse legen nahe, dass
ein computationales Modell, welches Vorhersagbarkeitswerte berechnet, nicht nur
MafBe beachten muss, die die Relatiertheit eines Wortes zum Kontext darstellen;
das Vorhandensein eines MaBles beziiglich der Nicht-Relatiertheit ist von ebenso
grofler Bedeutung. Obwohl hier jedoch nur Relatiertheits-MaBle zur Verfiigung
stehen, sollte SWIFT ebensogute Ergebnisse liefern, wenn wir Cloze-Vorhersag-
barkeit mit unseren MaBlen ersetzen.
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CHAPTER 2. SEMANTIC MEASURES

remote machine to execute a specified procedure and then return a result message.
Creating RPCs in the correct format is a relatively simple matter, and example
scripts are either distributed with the API or can be found on the respective user
forums dedicated to each APIL

In an attempt to make the web-based corpus more relevant, we limited each
search to pages in German but did not restrict searches by the country of the
server hosting the web page. Although a multitude of information can be supplied
in each search result, we were only interested in the estimated number of hits
corresponding to the search request.

2.1.3 Practical issues with querying search engines via API
There are a number of issues to be considered when submitting a query to an API:

* An API will occasionally fail to return a valid result to a request (for exam-
ple, it may time out), meaning that missing requests must be resubmitted at
a later time.

» All special characters, such as letters with umlauts and the & character in
German, need to be replaced with standard ASCII equivalents. For example,
a needs to be replaced with ae,  needs to be replaced with ss.

¢ Searches are case insensitive.

* Results are encoded as 32-bit signed integers, meaning that values up to
331 — 1 can be accommodated. The Yahoo! and MSN APIs replace larger
values than this with the maximum value (2147483647), while the Google
API instead fails to return a valid response.

Google

Google Search seems to have an anomaly in the way that it estimates the number
of hits. There is a suspicious lack of results in the frequency range between 1,000
and 10,000, independent of query type or corpus language'; this discrepancy can
be seen in Figure 2.1. It may be that Google uses two algorithms for estimating
hits, one for high values and one for low values. Results from the MSN search
engine do not provide corroborative evidence that the lack of frequencies between

I'To test whether the missing frequency range was an anomaly or a real finding, we queried
the Google API to obtain frequency estimates for the Schilling corpus [58], which is in English.
Since the same lack of results between 1,000 and 10,000 occurs for an English corpus, although
frequency estimates in English are generally a number of orders of magnitude greater than in Ger-
man, we attribute the missing frequency range to an anomaly in the Google frequency estimation
algorithm.
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CHAPTER 2. SEMANTIC MEASURES

1,000 and 10,000 is real, but the frequency range to be verified is so low that clean
corpora are too small to provide evidence one way or the other.

Distribution of Google—acquired bigram frequencies
T T T T

051

o i 2 s ¥ 5 6 7 s 9
I0g|D (Google bigram frequency + 1)
Figure 2.1: A sample plot of the distribution of frequency estimates (in this case, of word

bigrams in the Potsdam Sentence Corpus) returned by the Google API. A plateau spanning
the frequency range between 1,000 and 10,000 is clearly visible.

In addition, the estimated number of hits for a particular query may vary de-
pending on the particular moment at which the query was sent. After a little
testing, it appeared that there could be at least five different values for each query,
varying by up to an order of magnitude. This creates problems because it means
that it is possible for estimated word bigram frequencies to be higher that the
estimated word unigram frequencies of the two words in the word bigram.

Going by the many annoyed posts on the Google Search API forum, the
Google Search API is not being updated and no support is being provided. Thus,
it looks unlikely that Google will resolve these problems in the near future. In
September 2006, Google officially released word n-gram statistics (up to n = 5)
for English [2], but has not yet done the same for other languages.

Yahoo!

Because Yahoo! sources some of its search results from Google, their API search
results suffer from the same anomalies that are found in the Google API, although
less so.

12



CHAPTER 2. SEMANTIC MEASURES

MSN

Language restriction via the MSN API, as specified in the CultureInfo field of
the SearchRequest class, is rather idiosyncratic, since it is not explicitly possi-
ble to specify the language German; instead, one must limit requests to a ‘culture’
like German—Germany (de—-DE) or German—Austria (de—AT). Practically, how-
ever, the language restriction submitted in the search query seems to make very
little difference, as highlighted by the lack of real difference between results with
the en-US and the de—-DE culture restrictions. This suggests that language re-
striction does not currently work correctly in the MSN API. In spite of this issue,
we chose to use the de—DE culture restriction, since the CultureInfo field
cannot be left blank in the search request.

When queried for the frequency of single words, the MSN API sometimes
returns significantly less hits than when the word is part of a multiword query.
This obviously indicates some fundamental error in the underlying estimation al-
gorithm.

2.2 Latent Semantic Analysis measure

Latent Semantic Analysis? is a technique that was originally created to allow the
automatic indexing of documents by topic or meaning [17, 11]. There has been
so much interest in the research community that Landauer et al. have published
a book [38] specific to the topic; as well as addressing technical issues and deci-
sions peculiar to Latent Semantic Analysis, the authors suggest ways to apply and
extend the method.

Perhaps one of the most controversial claims about Latent Semantic Analysis
was made by Landauer and Dumais [36], who say that the method may reflect the
human process of the “acquisition, induction and representation of knowledge”.
Steyvers and Tenenbaum [60] throw doubt upon this claim by showing that the fi-
nal semantic space has far fewer isolated words (words with few close neighbours)
than empirically-derived human semantic representations—in network terminol-
ogy, a semantic network generated through Latent Semantic Analysis is small-
world but not scale-free; however, they propose no automated method to create a
semantic network that is scale-free.

In spite of the problem that Latent Semantic Analysis does not seem to pro-
duce a ‘human’ representation of knowledge, it is surprisingly good at automat-
ically clustering together concepts with similar meaning. Papadimitriou, Ragha-
van, Tamaki and Vempala [47] give a mathematical argument to explain why the

ZLatent Semantic Analysis is also called Latent Semantic Indexing; these are abbreviated in
the literature as LSA and LSI respectively.

13



CHAPTER 2. SEMANTIC MEASURES

procedure is so successful at clustering together semantically similar concepts.
The utility of the method is reflected by the multitude of commercial applications
of Latent Semantic Analysis that have been patented>. Naturally, some variant of
Latent Semantic Analysis is probably also used by the major search engines to
classify websites*.

Initially, one forms a matrix, usually sparse, containing the number of occur-
rences of every token in every document. For the case of m tokens and n docu-
ments, this occurrence matrix would have size m x n. Equivalently, each token is
described by a vector of length n, while each document is described by a vector
of length m.

After obtaining the raw occurrence matrix, one needs to weight the matrix to
improve retrieval performance. Dumais [20] recommends the combination of a
local and a global weighting: Local weighting reduces the bias introduced by the
large range of raw term frequencies, while global weighting reduces the effect of
tokens that occur in many documents. The local weighting used by Landauer and
Dumais [36] is the log of the raw token frequency, and an entropy-based weighting
scheme is used as the global weighting. However, this combination does not sat-
isfactorily depress the importance of function words in our particular case, since
there is a very large range of token frequencies in our source corpus. To better
address this problem, we choose to use the binary local weighting mentioned by
Dumais [20], where raw token frequencies are replaced with a binary coding rep-
resenting the occurrence of a term in a document. For our global weighting, we
follow a proposal by Lowe [40] to transform each entry to the log of its odds ratio.

The heart of the Latent Semantic Analysis technique is Singular Value Decom-
position”, which is used to extract the principal components of the data. The most
important principal components are kept, while the rest are discarded in order to
reduce the dimensionality of the representation space. The aim of the dimension
reduction step is to cluster together data points that are somehow similar.

In the newly reduced space, tokens are considered to be similar to each other
if the angle between their representative vectors is small, irrespective of the length
of the vectors. Mathematically, one finds the cosine of this angle by taking a nor-
malised dot product; we will refer to this similarity measure as the LSA measure.

3A search of US Patents on http://www.freepatentsonline.com/ with the search
phrase “latent semantic indexing” reveals more than a hundred patents that refer to the method.

4As an example, in 2003, Google acquired Applied Semantics [4], a company specialising in
semantic text processing, and currently uses its AdSense product to deliver targeted advertising.

3Singular Value Decomposition, often abbreviated as SVD, is the mathematical technique of
splitting a matrix into singular values and vectors. Principal Component Analysis is the application
of Singular Value Decomposition to a covariance matrix. We adopt some nomenclature from
Principal Component Analysis because this context is more likely to be familiar to experimentalists
and statisticians.

14



CHAPTER 2. SEMANTIC MEASURES

Another way of visualising this is as follows: Imagine placing the earth at the ori-
gin, with each of the tokens being stars in the sky; then similar tokens will appear
to be close together in the sky to an observer on the earth. In Section 2.2.6, we
discuss the inherent problems of defining ‘closeness’ in this way.

2.2.1 Preprocessing the source text

The text used is a selection of content taken from “DIE ZEIT”, a German weekly
newspaper. An electronic version was made available through the Arbeitsgruppe
“Das Digitale Worterbuch der deutschen Sprache des 20. Jahrhunderts” (DWDS),
a project of the Berlin—Brandenburg Academy of Sciences (Berlin—Brandenburg
Akademie der Wissenschaften); approval for scientific use of the content was
given by Mr. Peter Buhr at “DIE ZEIT”.

Most of the content is drawn from the period between 1996 and mid-2005,
with the addition of articles drawn intermittently (roughly one month per two
years) dating back to the founding of “DIE ZEIT” in 1946.

Collating the text

After copying all the available data into a local directory, inspection showed that
the raw text would need to be extracted from XML files with irregular filename
extensions. Details of the collation process are found in the three files collect,
preprocl and preproc2 found in Appendix A.1. The major steps in the pro-
cess are to:

* make a list of all files that could possibly contain text of interest, excluding
those that had a high proportion of nonsense words (e.g. chess articles) and
those that contained the small print about the day-to-day running of “DIE
ZEIT” (e.g. how to subscribe, who the editors were),

» combine all candidate files into one large file, so that paragraphs (everything
occurring between the XML tags <p. . . > and </p>) are segregrated from
the surrounding text by newline characters,

* extract paragraphs,
* remove or replace problematic characters, and

* remove XML tags and, if appropriate, the content between the tags.

15



CHAPTER 2. SEMANTIC MEASURES

Cleaning and preparing the text

The file resulting from the collection process, master.txt, now has the right
form, with one paragraph on each line, and it is likely that most of the content is
the training text of interest. However, the text still has strange characters present
that need to be dealt with. In addition, we need to make key decisions that always
need to be made when dealing with a text corpus, including considering what to
do with punctuation, capitalisation and numbers.

The file mkmasterl contains all the necessary commands to clean the cor-
pus. The first major output file, master.newtxt, can be considered to be a
cleaned version of the corpus, where punctuation has been dealt with appropri-
ately. The two files produced subsequently, master.lowertxt and master.
nonum reflect the decisions to remove capitalisation® and numbers from the text
corpus.

The cleaning process consists of the following steps:

¢ remove control characters,

* deal with special character encodings (including XML and Unicode encod-
ings),

* remove World Wide Web addresses (including HTTP, FTP and email ad-
dresses),

* remove certain punctuation and special characters,

* deal with abbreviations, initials and other sequences containing full stop
characters,

* remove certain punctuation sequences, and
* deal specially with full stops, commas and question marks.

We will refer to the resulting cleaned text as the Zeit corpus.

Conversion into the appropriate format

To create the LSA measure, we require an occurrence matrix detailing the fre-
quency of each token (individual word form) in each paragraph. The file mkmaster?2
produces all the files required for both calculations.

®Capital letters in German are highly linked to the word class, but they contribute far less to
semantic content. Since it is unlikely that they would contribute anything at all to the seman-
tic clustering carried out by Latent Semantic Analysis, capitalisation was removed to reduce the
sparsity of the source data.

16
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Initially, the CMU toolkit [13], self-customised to increase the maximum al-
lowable vocabulary size, is used to generate a vocabulary and collect the frequen-
cies of tokens. The specific executables taken directly from the CMU toolkit were:

* text2wfreqg, which creates the token frequency list; and

* wfreg2vocab, which creates the vocabulary file of tokens.

After this initial processing, we create a ‘numerised corpus’ by allocating a
unique number to every token in the vocabulary and then replacing every token in
the text by its corresponding vocabulary number. This conversion process, though
simple in principle, is time consuming and requires one to program with memory
limitations in mind, due to the size of the corpus and the vocabulary.

Before we can import this numerised corpus into MATLAB, a couple of other
small steps are required, including replacing newline characters with line num-
bers. The file mkmatlab contains the commands to carry out these preliminary
steps.

2.2.2 Creating the initial term—document matrix

The first step in the Latent Semantic Analysis procedure is to create a term—
document matrix, where each entry in the matrix is the raw occurrence frequency
of a term (normally a token) in a document. Of course, not all terms contribute
to the semantic content of a document, but Quesada [49] suggests that it is un-
necessary to manually remove function words, since weighting steps (like those
described in Section 2.2.3) should “take care of those high-frequency words”. The
MATLAB code used to create the initial term—document matrix can be found in
Appendix B.1.

Since the Latent Semantic Analysis procedure compares the occurrence pat-
tern of terms in different documents in order to characterise each document, we
can remove terms that only occur in one document without altering the principal
components of the data. Similarly, we can remove documents that only continue
one unique term, because these tell us nothing about the relationship between dif-
ferent terms. The repeated application of these culling rules reduces the size of
our term—document matrix without reducing the information content. The imple-
mentation of this procedure can be found in Appendix B.2.

2.2.3 Weighting the term—document matrix
Binary coding

The application of binary local weighting causes all term frequencies that are
nonzero to be replaced with 1. Without this conversion, fluctuations in the oc-

17
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currence frequency of function words in different documents contribute to a large
spurious increase of their final ‘semantic content’. In other words, binary weight-
ing stops Latent Semantic Analysis from sorting documents into categories like
“contains many function words” and “contains few function words”.

Log odds

If f;; is the raw (binary-coded) frequency of the ith term in the jth document, then
the odds ratio 6;; can be calculated in the following way:

Jij Xk, j) Ju
Yt fij it j S

The transformed values now reflect how much the frequency of a certain term in
a certain document deviates from its appearance in the rest of the corpus. We use
the logarithm (base 10) of this odds ratio as our global weighting. A term that
occurs very specifically in only certain documents has a significantly positive log
odds ratio, while a term that occurs relatively unspecifically has a log odds ratio
near zero.

= (2.4)

2.2.4 Traditional Singular Value Decomposition

Every matrix A € R”*" can be decomposed as

A=Uzv’ (2.5)
where U = [u'u?...u") is m x m and unitary’, V = V"] is n X n and unitary,
and X is m x n and ‘diagonal’ in that X;; = O unless i = j. The three matrices U,
V and X constitute the Singular Value Decomposition of A. The real nonnegative
diagonal elements of ¥ are called the singular values of A, while the columns of U
and V are called the left and right singular vectors of A respectively. The number
of nonzero diagonal elements of X is the rank of matrix A.

One way of carrying out a Singular Value Decomposition is to find the eigen-
values and eigenvectors of AAT and AT A, since

Wi, ..

AAT = vxvlvxlyT =usxtu? = ZGZ ‘W and (2.6)

ATA = viTuTuzv? =vylyy? = Zo—fv‘v”, 2.7)

7A matrix P € RP*P is unitary if P! = PT, so that PPT = PTP = I,, where I, is the p-
dimensional identity matrix.

18
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where r 1s the rank of A.

If we take the submatrix X, € R™*” of ¥ that only includes the r nonzero sin-
gular values, and the submatrices U, and V, containing the corresponding r left
and right singular vectors, then

,
A=0LVI =Y ouv?. 2.8)
t=1

This sum reflects the contributions of each of the principal components of A. In the
dimension reduction step of Latent Semantic Analysis, it is necessary to discard
lesser terms of this sum. If k£ < r and we define

k
A =UsV =Y oulv'T, (2.9)

t=1

where we retain the terms containing the k largest singular values of A, then Ay, is
the projection of A onto the space spanned by the top k singular vectors of A. In
addition, Ay, is an optimal k-rank approximation to A, in that it is the closest rank

k matrix to A under the Frobenius norm3.

2.2.5 Fast Monte Carlo Singular Value Decomposition

Landauer, Foltz and Laham [37] mention that “it is still impossible to perform
SVD on the hundreds of thousands by tens of millions matrices that would be
needed to truly represent the sum of an adult’s language exposure”. In his tutorial
on Latent Semantic Analysis, Quesada [49] misleadingly dismisses the problem of
memory limitations, saying that “nowadays the memory bottleneck is no longer
an issue, since a consumer-level PC can be configured with more than enough
memory to run a large SVD”’; however, that is only strictly true for certain types
of problems with a small vocabulary of terms, such as identifying a synonym from
a list of candidates [36].

In the current application, the non-specific nature of the problem means that
we cannot substantially prune the source corpus or focus in on certain sections of
it. The occurrence matrix derived from the rather modestly sized Zeit corpus has
428,132 rows (tokens) and 628,905 columns (paragraphs), and although only one
in every ten thousand terms is nonzero, the MATLAB sparse matrix representation
is still 345 MB in size. The size of the matrix means that calculation of an exact
Singular Value Decomposition is impractical. In addition, most popular methods
to generate an approximate Singular Value Decomposition, including Lanczos [9],
would require impracticably large amounts of memory for this data set.

8The Frobenius norm ||A||r of matrix A is defined as: ||A||F = /Y™, Yo Aizj'
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CHAPTER 2. SEMANTIC MEASURES

Drineas, Kannan & Mahoney [19] describe two algorithms that allow the
computation of a low-rank approximation to a matrix without the need for large
amounts of memory. Both algorithms return a description of the most important
principal components, one being O(m + n) in memory and time, the other being
O(1). To reconstitute the low-rank approximation to the original matrix requires
further multiplications to be carried out, but these can also be streamlined to re-
duce memory requirements.

In the current application, we will only consider the LINEARTIMESVD algo-
rithm, firstly because it is feasible to carry out, and secondly because it generates
an estimate far closer to the exact solution than the CONSTANTTIMESVD algo-
rithm.

The basic algorithm

The algorithm here uses weighted sampling without replacement, as described
by Drineas, Kannan & Mahoney [19], but differs in that it returns right singular
vectors instead of left singular vectors. This is important to simplify the remulti-
plication process required to reconstitute the low-rank approximation.

A 2
Input: Ac R™" rkcZ st. 1<k<r<m,p;,= |Hf<‘k|)‘|z .
F
Output: H, € R"* and o;(R),t = 1,... k.

e Fort=1tor,

- Picki; €1,...,mwithPr(i; = a) = pg, a =1,...,n.
— Set R(t) :A(i,)/w /TDi,.

« Compute RR” and its singular value decomposition; say
. T
RRT = Y 6P (R)yy".
=1
» Compute /' =R"y' /o;(R) fort =1,... k.
e Return H;, where H,E[) =h,and 6;(R),t =1,...,k.

The rank k approximation to A, which we will call Ay, is then calculated as
follows:
A, = AHH] . (2.10)

20
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Practical problems with the implementation

Although the algorithm described is simple, there are a number of practical prob-
lems that arise due to the tradeoff between convenience and memory requirements.
For convenience, we use MATLAB to carry out the required matrix operations, but
this choice means that each matrix used in a calculation needs to be fully available
in memory.

Of course, if one wrote code consistent with the Pass-Efficient model of data-
streaming computation proposed by Drineas [18], one would avoid most of the
memory limitations, but the loss of ease in this case was not justified. However,
the current amount of data drove the utilised computer resources’ to their limit,
and a slightly larger input data set would have forced a move away from MAT-
LAB.

The MATLAB code used can be found in Appendix B. On closer inspection,
the reader will note a number of work-arounds, including:

* splitting matrices into submatrices and processing these submatrices sepa-
rately,

* rewriting basic matrix operations like multiplication to operate with subma-
trices, and

* caching matrices to disk.

With the available resources, it was not possible to carry out the final multipli-
cation in the reconstruction of Ak, since it is nonsparse in nature and would have
taken up a couple of terabytes of disk space. However, it was not necessary to cal-
culate the entire matrix. Instead, individual rows (representing tokens of interest)
were calculated in the obvious way:

Ary = ApHeH] (2.11)

where the (i) subscript refers to the ith row. Performing a dot product on these
rows allowed us to calculate the LSA measure for pairs of words in a space-
efficient manner.

Monte Carlo estimation

To deal with the error in A, caused by the row sampling procedure, the LSA
measure was estimated 30 times for every pair of words in each sentence of the

“Most of the time, the limiting resource was the 1.5 gigabytes of RAM available. However, disk
space was also a consideration, since it was often necessary to store intermediate matrices to disk.
With 20 gigabytes of disk space, the process ran without requiring the removal of intermediate
files.
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Potsdam Sentence Corpus. This number of simulations seems to be enough to
allow a meaningful estimate of the LSA measure; this can be seen in Figure 2.14,
where the standard error of the estimate is shown graphically.

2.2.6 Understanding the LSA measure

Traditionally, the semantic similarity measure used with Latent Semantic Analy-
sis is the cosine of the angle of two vectors in the reduced high-dimensional space.
Because of the high dimensionality of the space, the distribution of this measure
is far from uniform. Most studies get around this nonuniformity by simply con-
sidering the measure to be ordinal: the higher the measure, the more similar the
compared concepts must be. Another approach, proposed by Coccaro and Ju-
rafsky [14], is to raise the cosine of the angle to an exponent in an attempt to
“increase the dynamic range of the LSA probabilities”.

The current problem requires a more detailed understanding of the meaning
of a specific value of the measure, since we need to be able to answer a question
like: “If the LSA measure shows that two words have a semantic similarity of
0.3, does that mean that they are related?”. To answer such a question, we need
to derive the distribution of the LSA measure for random vectors. We do this
empirically, following the suggestion of Bellegarda [8]. Then, we use theoretical
considerations to explain certain properties of the distribution.

The empirical approach to derive an angle probability distribution between
two vectors in our semantic space is simple enough: one randomly selects vectors
representing terms and calculates the angle between them. The more one samples,
the closer the sampled distribution approximates the actual distribution. Figure 2.2
shows the empirically-derived distribution of semantic similarity between random
vectors in the semantic space'®. This function enables us to determine whether
two vectors of interest are significantly closer than two randomly selected vectors,
and thus infer whether the respective tokens are semantically related. For example,
if the LSA measure of a pair of vectors is greater than 0.37, then these vectors are
significantly closer together (with a p-value of 0.01) than would be expected at
random. Even though we calculated the angle between 3.3 x 10° random pairs of
vectors, we still cannot estimate the p-value reliably down to three decimal places,
since very few of the sampled pairs are separated by less than 70°; these are the
cases that help to make up the long tail of the angle distribution.

In the following discussion, we will use the distribution of random vectors in
a hypersphere to give us insight into the shape of the empirically derived distribu-

10The sampling algorithm used here was stratified due to disk space limitations: Ten randomly
chosen token vectors were constructed at a time, and dot products were calculated between each
pair of vectors, resulting in 45 values; this procedure was carried out many times, and all results
were aggregated before being graphed.
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Empirical distribution of random vectors in semantic space
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Figure 2.2: Empirically derived distribution of angular distance between two randomly
sampled vectors in our semantic space.

tion. We follow the theoretical approach to see how the shape of the distribution
reflects the method used to generate the semantic space. The theory will then al-
low us to predict the effect of altering parts of the method, such as the weighting
schemes or the dimension of the semantic space.

Hyperspherical definitions

A hypersphere is the generalisation of the concept of a sphere to arbitrary di-
mension. To avoid ambiguity, we will use the definition from geometry that an
n-hypersphere is defined as the set of points (x,x2,...,x,) such that

X5+ X2 =R (2.12)

where R is the radius of the hypersphere. In an extension of spherical coordinates
to higher dimensions, we can also describe the n-hypersphere with one radial
distance variable and n — 1 angles in the following way:

* radial distance = R
* one angle resembling longitude, 6, ranging from O to 27

* n—2 angles resembling colatitude, ¢;, ranging from O to &
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These specifications in Cartesian and hyperspherical coordinates are related in the
following way:

X1 = Rsin@;sing,...sin¢, _>sind
X, = Rsin@;sing,...sin¢, ,cosH
x3 = Rsin@;sing;...cosd,_»

Xp—1 = Rsin@cosP,
X, = Rcos¢

For the following discussion, we will arbitrarily consider the unit n-hyper-
sphere, where R = 1. In addition, we will arbitrarily choose a ‘target vector’ to be
the high-dimensional generalisation of north, which will be defined to be in the
direction of the x,, axis; equivalently, this is the vector that has ¢; = 0.

Distribution of random vectors in isotropic space

Let us first consider the case of isotropic space, where random vectors are equally
likely to be oriented in any direction. Imagine that we pick random position vec-
tors describing points on the surface of the unit n-hypersphere. The proportion
of these vectors that are less than an angular distance y away from our target
vector (i.e., those vectors where ¢; < 7) is equivalent to the proportion of the hy-
persurface area of the hypersphere subtended by the angle ¥ (see Figure 2.3 for
an illustration of this in three dimensions). The hypersurface area S, of the unit
n-hypersphere is

b4 b4 T T n—3 2 n—2
S, = / do, / sin ¢1d ¢, / / [1sin¢idgn— / []sinoid6

0 0 0 0 i 0 i

T [T T r2n
_ / / / / Sin" 2 ¢y sin" > @ .. sin@p_2dOddy_2...dord 0y,
0 Jo 0o Jo
and the hypersurface area S}, of the hypersector ¢; < 7 is
Y i T r2;
SY = / / / / sin 2 ¢y sin" 3 ¢y . ..sin@,_rdOd,_» ...d$rd 9.
0 Jo 0o Jo

The proportion can thus be calculated in the following way:

Si_ Josin" 19y (2.13)
Sa JTsin" 2 ¢dey’ '
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target vector
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Figure 2.3: Illustration of the hypersurface area S.

since all the other terms in the integral are identical in the numerator and denom-
inator. Figure 2.4 shows this relation for n = 200. From the figure, we can see
that two randomly chosen vectors in a high-dimensional space are very likely to
be almost perpendicular.

We can consider the vertical axis to be a p-value of a statistical test with the
alternative hypothesis: “Two vectors are significantly closer to each other than
can be explained by a uniform random distribution.” If we use this interpretation,
we can see that all commonly used significance levels give rather similar critical
angular thresholds. Once we are at angular distances less than this critical angle,
our p-value criterion quickly loses its ability to distinguish how close together
vectors are; for example, if we have one pair of tokens separated by an angular
distance of 45° and a second pair separated by 50°, is the first pair significantly
more semantically related than the second? In other words, the metric of angular
distance in high-dimensional spaces does not allow a meaningful discrimination
of semantic closeness, although it is good at detecting whether two tokens are se-
mantically related. This problem is well-known as the “curse of dimensionality”
in the context of clustering in high-dimensional spaces, and is an inherent prob-
lem of metrics that do not artificially magnify the importance of the region near
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Distribution of vectors in 200-dimensional space
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Figure 2.4: Proportion of randomly distributed vectors within angle y from an arbitrarily
chosen target vector in 200-dimensional isotropic space.

the axes; however, if one does use such a metric, like the fractional distance met-
ric!! suggested by Aggarwal [5], the importance of function words is likely to be
artificially inflated, counteracting the effect of the log odds weighting.

Anisotropy generated by the nonnegativity of the word frequency matrix

The semantic space created by our method is embedded in a hyperspace that ap-
proximates the positive hyperquadrant. This is a consequence of the fact that
Latent Semantic Analysis clusters vectors arising from a nonnegative word fre-
quency matrix. Even after the binary and log odds weightings are applied, only
1.9% of the nonzero entries are negative, and these negative entries are small in
magnitude. The biases in direction and length of vectors in our semantic space are
displayed in Figure 2.5, where vectors are parametrised by their angular distance
from the main diagonal vector (1,1,...,1). Since the dimension reduction step
of the procedure generally brings term vectors closer together, almost all vectors
will be wholly in the positive hyperquadrant, while most others will lie close to
the hyperfaces of the hyperquadrant. The trend toward higher norms as vectors
approach the main diagonal shows that the binary and log odds weightings have
not completely succeeded in removing frequency biases from the data.

This anisotropy is reflected in the empirical distribution (Figure 2.2) as an
asymmetric shift away from large angular distances when compared to the iso-

"'"This fractional norm is a simple extension of the standard norm on an L? space. It is defined
1 . . .
as ||x|[ = (T [ulf) ' where d is the dimension of vector x and fe,1).
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Properties of vectors relative to the main diagonal
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Figure 2.5: Properties of vectors in our semantic space when classified based on their
angular distance from the main diagonal. The Euclidean norm axis has been rescaled to
show the features of the main bulk of points; as a result, a number of points with extremely
high norms have been excluded from the graph. Note that the angle between an axis and
the main diagonal in our 600,000-dimensional embedding space is an unintuitively large
89.9°.

tropic case: There are far fewer angular distances greater than 96° represented
(i.e. cos 8 < —0.1), while the point of inflection of the empirical distribution still
remains at about 90° (i.e. cos 6 = 0).

Effect of anisotropy caused by the singular value distribution

There is another anisotropy introduced by the fact that vectors in our semantic
space are likely to be longer in some directions than others; this fact can be de-
duced from the singular value distribution. Figure 2.6 shows the singular value
distribution of the matrix R created in one run of the Fast Monte Carlo Singu-
lar Value Decomposition algorithm; we can see that the combination of binary
weighting, log odds weighting and row weighting have produced a spectrum that
is almost flat, except for the largest singular value. To examine the effect of this
type of anisotropy, we can look at a semantic space that is almost isotropic, except
that it is stretched in the principal direction corresponding to the largest singular
value.

Take the case where the semantic space is isotropic in all directions except
one, and this principal direction is at right angles to the target vector. Then, the
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Figure 2.6: Singular value spectrum of the weighted sampled matrix R created during one
run of the Fast Monte Carlo Singular Value Decomposition algorithm.

hypersurface area S}, of the hypersector ¢; < ¥ becomes

Ya [T T r2r
SY = / / / / sin™ 2 ¢y sin" 3 ¢y ... sin@,_2d 0,5 ...ddrd ¢y,
0 0 0 JO

where 7y, = arctan(atany) and a > 1 is an anisotropy factor. The proportion of
random vectors within angle y from the target vector becomes

Sy Jgtsin" 2 g1dgy
S Josin" 2 gidgr

(2.14)

We can see that the stretching serves to rescale the distribution of angular dis-
tances, as illustrated in Figure 2.7. This effect accounts well for the stretching of
the empirical distribution for angles less than 90° when compared to the isotropic
distribution.

Conclusions about the shape of the semantic similarity distribution

To account for the shape of the empirical semantic similarity distribution, we
needed to consider three main factors: the dimension, the bias toward positiv-
ity caused by starting from a nonnegative frequency matrix, and the stretching of
space seen in the singular value spectrum.

Increasing the dimension of the space increases the probability that random
vectors will be close to perpendicular, reflected by a steeper central section in
the semantic similarity distribution. This certainly does not improve the discrim-
ination of our measure; the only reason that we might consider increasing the
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Distribution of vectors in 200-dimensional space with one anisotropic direction
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Figure 2.7: Proportion of randomly distributed vectors within angle y from an arbitrarily
chosen target vector in 200-dimensional space, with an anisotropy factor of 2.2, perpen-
dicular to the target vector.

dimension of our semantic space is if we believed that the dimension reduction
step causes too great a loss of important information.

The bias toward positivity is unlikely to be affected much by the specific com-
bination of local and global weightings, since we start out with a nonnegative
frequency matrix, although some weightings will result in a stricter restriction to
the positive hyperquadrant than others. As a result, we would expect that the LSA
metric should be either positive or very close to zero.

The stretching of space as seen in the singular value spectrum is specific to
the method being used to create the semantic space. The original frequency dis-
tribution obeys a power scaling relation reflecting the manifestation of Zipf’s law
in natural language [41], but the combination of binary local weighting, log odds
global weighting and dimension reduction removes much of the heterogeneity in
the truncated singular value spectrum. Even small changes to the method may
result in significantly different amounts of stretching of the semantic similarity
distribution. The more heterogeneous the singular value spectrum, the harder it
should be to predict the amount of stretching of the similarity distribution, since
the stretching will affect different vectors by different amounts.

Because none of these factors changes the general shape of the semantic simi-
larity distribution, we can see that a semantic similarity measure based on angular
distance will always suffer from the curse of dimensionality mentioned in Sec-
tion 2.2.6, meaning that the measure allows the detection of semantic relatedness,
but is poor in discriminating the amount of relatedness. This result may not be
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so counterintuitive: Miller [45] observes that the human “span of absolute judge-
ment” for a unidimensional variable is quite limited'?; if we apply this to the
unidimensional LSA measure between pairs of words, we may infer that humans
are able to classify a word pair as semantically related or not, but have a limited
ability to distinguish the degree of relatedness. Since the current work is aimed
at replicating human behaviour, it makes no sense for us to artificially increase
the dynamic range of the measure—such an increase would only mean that we
would have to redefine the critical p-values defining significance in a nonintuitive
manner.

2.3 Do the different methods give rise to different
semantic measures?

Conceptually, there are many obvious differences between the semantic measures
we have calculated; some of these differences are listed in Table 2.1. However,
our semantic measures all aim to represent the same attribute, namely the semantic
relatedness of two words, and therefore, we should expect that the measures to be
somewhat correlated. In Figures 2.8 and 2.9, we can see that the LSA measure is
weakly correlated with the web conditional co-occurrence measure, but seems to
be unrelated to the web pointwise mutual information measure.

Web measures LSA measure
First order Second order
May be dependent on word order | Independent of word order
Easy to calculate Difficult to calculate
Large amount of training text | Small amount of training text
Noisy training text Clean training text
Heterogeneous subject material Newspaper articles

Table 2.1: Differences between the semantic measures.

2Miller’s actual words are ... I maintain that for unidimensional judgments this span is usually
somewhere in the neighborhood of seven”.
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Figure 2.9: Relationship of semantic similarity to log conditional co-occurrence probabil-
ity. These two measures are weakly correlated.

2.4 Comparison of our semantic measures with pre-
dictability

The semantic measures that we have defined give us a way of determining the
semantic relatedness of two individual tokens. However, predictability reflects
the effect of a multiword context upon a specific target word. It is not obvious
how one should generalise similarity measures defined for word pairs to take into
account a multiword context.

An interesting feature of Latent Semantic Analysis is the proposition that one
may be able to assign vectors in semantic space not only to tokens, but to com-
binations of tokens, such as word sequences or sentences. Landauer and Dumais
[36] propose that the vector for each combination be simply “an appropriately
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weighted vector average of the condensed vectors of all the events whose local
temporal associations constituted it”, but it is not clear whether this is a mean-
ingful or sensible thing to do. A more plausible method to derive a vector for a
combination of tokens, proposed by Bellegarda [8], is to create a new ‘document’
containing the required tokens and then use the already-discovered principal com-
ponents to project this document to the final reduced-dimensional semantic space,
as if it were a real document. However, this approach is computationally difficult
and is only seems to be worth carrying out if the preceding context is relatively
long.

Because contexts in the Potsdam Sentence Corpus never consist of more than
ten words, it generally seems reasonable to treat content words'® found in the
context as being almost semantically independent: this means that every content
word significantly increases the amount of meaning in the context and that there
is little redundancy. As a first approximation, we will also assume that most of the
semantic content of the sentence is contained within the content words, although
it is clear that function words also add to semantic content by specifying case (es-
pecially in the case of a non-default word order), negation, pragmatic nuances or
by being part of an idiom. With this simplifying assumption, a context can be
meaningfully broken down into its substituent content words. Then, we aggregate
the pairwise semantic relatedness values between a particular target content word
and all content words occurring in the preceding context, perhaps taking the maxi-
mum or a weighted sum, to give the semantic relatedness between the target word
and its context. In the following analysis, we have chosen to take the maximum
over the pairwise semantic relatedness values to represent the relatedness of the
multiword context to the target word.

2.4.1 The effect of function words in the context

Theoretically, the semantic relatedness between a content and a function word
should be almost nonexistent, so one should be able to take a maximum over all
previous words in the context, not just previous content words. However, this
assertion does not necessarily hold for our semantic measures. We consider each
case separately in the following discussion.

13In linguistics, the terms ‘content word” and “function word’ are used in an attempt to distin-
guish words that refer to a concept from words that serve a purely syntactic function. Clinical
observations of agrammatism [26] and semantic dementia [65] support the hypothesis that con-
tent words are processed and stored separately from function words. However, the distinction
between the two categories is not sharp at the token level; indeed, certain tokens serve as content
words in some contexts and function words in other contexts. This duality means that one cannot
discriminate between content and function words solely on the basis of syntactic category.
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Web pointwise mutual information measure

Let us consider a pair of words where one of the words is a content word and
the other is a function word. We expect that the two words should distribute
independently, since the probability that a function word occurs in a document
should be roughly independent of the type of document. Mathematically, we can
rewrite the pointwise mutual information measure to reflect this:

PMI; — log, (M) ~log, (M) ~ log, (p<wl‘>) —0, (2.15)

p(wi)p(w;) p(wi) p(wi)

where w; is a function word and w; is a content word. Thus, the pairwise mutual
information should be approximately zero. This seems to holds well in practice'?,
meaning that we do not need to actively remove function words from considera-
tion when considering a multiword context.

Web conditional co-occurrence measure

We cannot assert that the presence of a content word will be independent of a pre-
ceding function word, since the exact form of the content word may be strongly
bound by morphosyntactic constraints. However, the probability of finding a spe-
cific function word in a document is likely to be many orders of magnitude larger
than that of the content word, meaning that the resulting conditional probability
will be of the order of magnitude of the probability of finding the content word,
which is generally small. Another way of stating this rationale is to say that con-
tent words are more independent of preceding function words than they are of
related preceding content words. The mathematical representation of this argu-
ment is as follows:

p(wjlwi) = p(wiiw;) ~ p(wj) since p(w;) < p(wi). (2.16)

p(wi)

If it is true that the target content word occurs far more often when preceded by
a related content word, then this relation will mask the presence of any function
word in the context, since then p(w;|w;) > p(w;). However, if there is no related
content word in the context, then it is possible that function words will provide a
significant amount of noise for this measure. Equivalently, to be able to ignore the
presence of function words, the maximum pointwise mutual information for each
target content word would need to be well above zero.

14For estimates derived from MSN, the ‘zero’ seems to be shifted upwards because of the in-
herent underestimation of frequencies when only a single search term is specified, as mentioned
in Section 2.1.3.
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Since in this case, function words may prove to be a problem, it would be nice
to have an automatic way of distinguishing function words from content words.
With web-based estimates, the only straightforward way to attempt this is to filter
by raw occurrence frequency, which is obviously unsatisfactory. Another way of
dealing with function words is to filter them out using a stop-list, parser or hand
tagging, but these approaches detract from the automatised nature of the method.

We will include function words in our analysis when we use conditional prob-
ability as our measure, cognisant of the possibility that any results in the lower
probability ranges may well be overestimated.

LSA measure

The log odds weighting was specifically chosen to reduce the importance of to-
kens that occur in many documents, while emphasising those tokens that occur
in only a few documents. We obtain a simple statistical criterion to distinguish
words with high semantic content from those with low semantic content by apply-
ing the co-norm to each word vector. This criterion does not allow one to directly
map words into the categories of function and content words, but we would ex-
pect that function words have a low co-norm in comparison to content words. In
Figure 2.10, we see that points closer to the main diagonal, which represent vec-
tors that inherently have more nonzero elements, generally have a lower co-norm.
This property is not preserved by the dimension-reduction step of Singular Value
Decomposition, as can be seen in Figure 2.11. Thus, we use the co-norm obtained
before the application of the approximate Singular Value Decomposition tech-
nique as our measure of the semantic content of each token. We will refer to this
norm as the pre-SVD co-norm.

2.4.2 Graphical comparison and interpretation
Web pointwise mutual information measure

Our pointwise mutual information measure is plotted against predictability in Fig-
ure 2.12; in the plots, there seems to be no relationship between these two pa-
rameters. This finding is a little surprising, since we know that one can use the
pointwise mutual information measure to successfully find synonyms [64]. This
implies that a measure of synonymity, like that embodied in WordNet [24], is
unlikely to be useful in the generation of predictability values.

Web conditional co-occurrence measure

In Figure 2.13, we see the conditional probability that two words co-occur in a
web page plotted against predictability. The main feature visible in the plots is
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Effect of log odds weighting on the pre-SVD <o—norm
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Figure 2.10: Effect of log odds weighting on the co-norm of word vectors. Vectors are
parametrised on the horizontal axis by the cosine of their angle from the main diagonal.
The closer a vector is to the main diagonal, the more nonzero elements it must have.
We expect function words to have many nonzero elements, since they occur in many
documents. We can see that, in general, the log odds weighting reduces the co-norm for
words that occur in many documents relative those that only occur in a small number of
documents.

the spread of points at zero predictability: If the conditional probability is small
enough, we can be sure that the corresponding predictability value will be very
close to zero. Another way of stating this is as follows: Words that are totally
unrelated to their context are very likely to be unpredictable. The possible overes-
timation of the conditional co-occurrence probability mentioned in Section 2.4.1
does not change this relation at all—in fact, lower co-occurrence probabilities
would strengthen the effect.

The relation between co-occurrence conditional probability and predictability
is obviously not one-to-one, implying that a high semantic relatedness of this sort
is not sufficient to guarantee a high predictability. Actually, we would not expect
any simple relationship, since we believe that predictability reflects far more than
just semantic similarity.

LSA measure

A simple plot of the LSA measure against predictability for ‘content’ words can
be found in Figure 2.14. Bearing in mind that the LSA measure needs to be
above 0.37 to be significant at the 1% confidence level, we can see that there are
significantly fewer points in the lower right quadrant of the plot than elsewhere.
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Distribution of the «—norm after dimension reduction
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Figure 2.11: Distribution of the co-norm of word vectors after application of approximate
Singular Value Decomposition. Vectors are parametrised on the horizontal axis by the
cosine of their angle from the main diagonal. It is now no longer true that there is a low
co-norm for words that are near to the main diagonal.

This means that a low value of the LSA measure is almost sufficient to guarantee
a low predictability.

In the plot, we see a number of points for which the LSA measure is zero:
these represent the first content word of each sentence; under our simplistic as-
sumption, such words have no previous semantic context. The LSA measure is
totally uninformative in this case, and the predictability of these points must be
modelled in another way.

It is illuminating to study the cases that occur in the lower right quadrant (ex-
cepting those on the predictability axis); these represent content words that are
predictable but seem to be semantically unrelated to their context. There are two
reasons why there are cases where the predictability is larger than 0.1 and the LSA
measure smaller than 0.30:

1. The ZEIT corpus did not have the required semantic relationship because it
is too small, or

2. The content word occurs as part of an idiom.

As examples, the first reason seems to responsible for the low LSA value for the
word Mat rat ze in the following sentence:

Die Kinder hipften auf der alten Matratze herum.
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Figure 2.12: Relationship of predictability to pointwise mutual information. The verti-
cal axes have been rescaled so that the resulting plots look similar. Pointwise mutual
information appears to be unrelated to predictability.

while the second reason accounts for the high predictability of the word Lot in
the following sentence:

Nach dem Streit schien alles wieder im Lot zu sein.

Cases of the first type can be addressed by using a larger training corpus, while
cases of the second type are better dealt with by considering word n-gram proba-
bility.

2.5 Chapter summary

We generate two web co-occurrence measures (pointwise mutual information and
conditional co-occurrence probability) and a measure derived from Latent Seman-
tic Analysis. Web-based measures are easy to collect, but are inherently noisy;
this noise is partly due to the nature of data on the Internet, but also partly due
to anomalies introduced by Internet search engines. The construction of the LSA
measure 1s a far more involved process, and although the source data is cleaner
than Internet data, noise is introduced in the use of a Monte Carlo estimation al-
gorithm; it is necessary to use such an an algorithm to overcome computational
limitations. A large amount of work was necessary to clean the source corpus and
convert it into an appropriate numerical format.

The interpretation of the LSA measure is not a simple task, since token vectors
exist in a high-dimensional space. The distribution of angles between vectors in
a high-dimensional space is inherently nonuniform. It is possible but not easy
to estimate this distribution empirically; alternatively, it may be possible to use
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Figure 2.13: Relationship of predictability to web conditional co-occurrence. Points with
a low conditional co-occurrence probability are very likely to have a low predictability
value. Note the lack of strict adherence to nonpositive values, especially in the case of
results from Google.

theoretical considerations to guess the form of the distribution, which may then
be used to interpolate the empirical results. Once an angle distribution has been
estimated, we are able to transform the LSA measure into a measure that can be
interpreted as a probability.

After generalising our pairwise measures to allow us to consider a multiword
context, we graphically compare our measures to predictability. The web point-
wise mutual information measure seems to be unrelated to predictability. How-
ever, the web conditional co-occurrence measure and the LSA measure show the
same distinctive pattern: low values of these measures indicate words with low
predictability.
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