Chapter 5
Quantifying similarity

In the previous chapter, I outlined a method of model-based, local distributional
smoothing that I argued better matched the problem of word class formation and
occurrence estimation than standard smoothing methods, due to the severity of
the sparse data effects. As mentioned there, this sort of smoothing operation re-
quires a measure of locality within the sample space, which in this case is a
space of discrete context sequences. Such a similarity measure defines an implicit
structure to the space of possible data, allowing one to represent the frequency
of various phenomena as distributions throughout the structured space, rather
than as point-valued phenomena defined only on the observed data.

The first part of this chapter revolves around the issues involved in defining a
measure which can be used to structure the data space. Section §5.1 discusses
various sequence measures that can be used to structure the space of possible
contexts, and defines a local region within the data space that is required for the
local smoothing. Section §5.3 gives some quantitative values of these measures
over real language data, comparing the various choices of string measure.

Similarity results from real data are also compared to those from a data set
generated from the first-order word frequency distribution. This comparison con-

firms the effectiveness of the similarity measures at identifying the high-order
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108 CHAPTER 5. QUANTIFYING SIMILARITY

linguistic structure present in the real data, but absent in the approximated data
set.
The following chapters discuss using these sequence similarity measures as

the basis for the construction of classes and the class-based associative model.

5.1 Sequence measures

Central to the discussion of the last chapter was the notion of a similarity metric
which compares two contexts. This metric captures the relevant linguistic struc-
ture of sequences of symbols, and tells us when two sequences have like struc-
ture. We then use this metric to categorize all like sequences into a class, in effect
averaging their properties into the class description. By categorizing all possible
sequences into some managable set of context classes, we reduce the complexity
of the representation and create a model based on these context classes.

A linguistically meaningful reduction of the space of possible contexts would
have to accomplish this averaging while preserving the scope of linguistic infer-
ence we wish to derive from the model. Such a reduction would preserve our
intuitions about paradigmatic substitution classes, namely, that they represent
lexical items that are interchangable under limited conditions. In order to collapse
similar contexts into a local region, we must make some allowance for disagree-
ments in context comparison. Replacing an element of the context with a close
synonym, for example, should not greatly affect the comparison. Neither should
replacing that one element with a synonymous multi-word phrase.

One could imagine many possible means of comparing two sequences of to-
kens. We are searching for a comparison, however, that preserves the specific
sort of meaningful linguistic similarity discussed in ch. 2. Such a measure would
incorporate information relating both the identity of the tokens, and their config-
uration.

A measure of paradigmatic similarity would provide a starting point for such
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5.1. SEQUENCE MEASURES 109

comparisons between contexts, providing the basic judgement used to measure
the total disagreement between contexts. However, we start with no model of lan-
guage,! and the data we have contain no measure of synonymy. Such a measure
is, in fact, part of what we are hoping to derive from this study. The data as it
is given is represented only as a sequence of tokens. Because we are not starting
with a model of language, these tokens have nominal values only. That is, they can
only be compared in the sense that any two tokens either have identical values, or
not, giving us a match/not-match binary comparison as a starting point for mea-
suring context similarity. By counting the numbers of matches/disagreements
between the pairs of tokens in two contexts, we can begin to measure the total
similarity of the contexts.

In order to incorporate a linguistic sense of similarity in such a comparison,
we will need to organize the way in which tokens are compared between the two
contexts under consideration. There are many ways of choosing the possible pairs

to be compared.

5.1.1 Set measures

One trivial way of making this comparison is to ignore the sequential aspects of
the contexts, and treat each as a simple set of nominal values. The most basic
comparison that can be made of two sets with nominal features is a count of the
features shared between the two. Symbolically, if we treat the two sequences A
and B as sets of features drawn from some feature space {fi, fo,...}, this count
is the cardinality of their intersection, S(A4, B) def ||A N BJ. In using this measure
for comparing two lexical contexts, we can treat lexical tokens as the features

from which sets are drawn, and treat the contexts as simple collections of tokens.

The measure S is then the number of unique tokens in common between the two

'It might be thought that a simple model of morphology or part of speech could be used to
some advantage here. That has its own difficulties, in judging the appropriateness of such a model
for the task as hand, and further, of judging the numerical relationships of similarity between
morphological variants or parts of speech.
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110 CHAPTER 5. QUANTIFYING SIMILARITY

contexts.

This measure has number of drawbacks in terms of its linguistic appropri-
ateness. First, and perhaps most importantly, the measure S does not take into
account any ordering or configurational information that may be present in the
lexical environment. The contexts are treated simply as bags of words, and any
lexical constraints represented by their ordered relation to one another is com-
pletely ignored. Secondly, S is a very discrete measure, taking on only n +m + 1
possible values in the comparison of two (n, m)-contexts (the intersection can have
zero to n+m elements). Given the large domain of possible contexts (see §??), this
range of possible comparison values seems incredibly sparse. Lastly, the mea-
sure S also doesn’t consider the effects of the multiple occurrences of elements
with the two sets. In the extreme, if A and B were identical, but each composed
only of a repeated occurence of a single token, say, z, then the measure would be
S(A, B) = 1 no matter what their length, the same value that would be assigned
two contexts which had no repeating values, but had only one element in com-
mon. At another extreme, two identical sequences of length n with no repeated

tokens A = B = 1,9, ..., %,] would have a measure S(4, B) = n.

The Jaccard measure

Another basic measure for comparing items based on their nominal features,
which avoids these drawbacks in the set measure S resulting from repetition
is the Jaccard measure. This is the ratio between the number of elements shared
by two objects and the total number of elements in their union [?anderson?, p.

89].2 The measure is simply the ratio of overlapping elements to total elements:

det [|[AN B
J(A,B) Y TAUBI (5.1)

In using this measure for comparing two lexical contexts, we again treat tokens

as the features from which sets are drawn, and the contexts, which are sequences

2or maybe it’'s anderberg. need to check. Plus look in everitt.
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of tokens, as simple collections of features. Thus, the Jaccard measure between

two contexts such as ¢; and ¢;, below
cao=labpqg ca=[cbrd] (5.2)

is computed as:

Je o) = Habpad 0ot lifbatl 2 5

 |{a,b,p,q} U{b,c,q,r}|  |{a,b,c,p.q, 7} 6

By using the cardinality of the union as the denominator in the ratio, the Jac-

card measure normalizes the size of the intersection set according to the intrinsic
‘size’ of the two sets combined, and avoids the variable results provided by S. This
normalization also has the useful property of restricting the value of the measure
to the range [0, 1]

While the Jaccard measure deals well with a variable number of distinct tokens
within each context, it still suffers from the other problems which make the set
measure unsuitable for linguistic analysis: it does not take configuration into
account, and has a very limitted range of possible values when used to compare
short contexts.

The Jaccard measure and variants have been used to good effect in compar-
ing co-occurrence distributions and in problems in information retrieval [?gref-
fenstette?, ?sparck-jones?].2 In these applications, though, the sets being used
are summaried of usage across many occurrences, or representations of entire
documents, containing a much wider distribution of tokens than relatively short
contexts. Because of the size of the token set in the document representation, the
problem of few output values does not exist for these applications. Because the
Jaccard measure has been used effectively in these applications, the experiments

in §5.3 show Jaccard results as a baseline.

Distance v. similarity The Jaccard measure as given is a measure of similarity,

with higher values indicating contexts that are more alike. In order to make the

3find cites fro greffenstette’s new book, and KSJ’s ir work.
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112 CHAPTER 5. QUANTIFYING SIMILARITY

values comparable to those of the other measures presented, the experiments use
the distance measure J' % 1 J, for which high value indicate dissimilar contexts,

and a value of 0 is given to identical objects.

5.1.2 Aligned pairwise comparisons

One method of incorporating the order implicit in each sequence of token elements
is through an aligned pairwise comparison, which only considers the similarity
of elements occupying the same position in each sequence, much like the Ham-
ming distance between two distributions. By making this limitation on the pairs
which are evaluated, the comparison takes into account the critical aspect of the
configuration of symbols within each context.

We define a pairwise aligned comparison measure for two contexts, A =
[@1,...,an], B = [b1,...,by], as the sum of pairwise disagreements between tokens
from identical positions. As with the Jaccard measure, we normalize by the length

of the context sequence.

P(A,B) =13 d; whered;={ " ifa; =b; (5.4)
s 1 ifa; #b
The normalizing factor 1/n serves to restrict the values of P to the range [0, 1]. This
measure could easily have been defined in a complimentary fashion, so that P’
would have d; = 1 for equal tokens and 0 otherwise. The given method was again
chosen so that it was a measure of distance between contexts, with a value of 0
for identical contexts, rather than a similarity measure.

For the two contexts given above (eqn. 5.2), the pairwise comparison measure

P is computed

1|1 2 3 4
calla b p q 1
P(cl,02):Z(1+0+1+0):1/2 (5.5)
col|lc b q
|1 0 1 O
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The measure P provides a degree of improvement over set measures such as
Jaccard. By limitting the comparisons only to aligned items, P manages to capture
at least the linear ordered structure of the contexts under comparison, which is
completely ignored in the measure J. However, it does this in the crudest possible
way, which ignores many of the obvious properties of real linguistic data. For
example, we might like to think that the simple noun phrases ‘the boy’ and ‘the
tall boy’ are very similar, and should not be regarded very differently in an analysis
of a larger expression in which they might be embedded. One has a modifier, the
other does not, but our intuition is that they will behave quite similarly in use.
However, because the pairwise metric P forces a strict alignment of tokens, it will
indicate that these two phrases are extremely different.

Embedding the phrases as the subject of the VP ‘went to the store’, we can see
explicitly why this is the case. Below (5.6) are listed the the (0,4)-contexts of the
token ty =‘the’ for three phrases, which we would think should be judged as fairly

similar.

(0,4)-context

c1 | the | boy went to the || store
(5.6)

cp | the || tall boy went to the store

cs | the || girl went to  the | store

One notices immediately that the additional token ‘tall’ brings the second se-
quence out of alignment. The pairwise comparisons will in this case fail to cap-
ture the similarity of the the remainder of the sequence, failing to account for this
shift in alignment. The measure between the first two is large, P(c1,c2) = 1, while
P(c1,c3) = 1/4. The alignment forced by the simple pairwise comparisons is not
in agreement with the linguistic intuition that the two variants, c; and c3, do not
differ so wildly. Certainly not so much that the pair (¢, c2) should be considered

maximally distance, while the pair (c1,c3) is measured as relatively similar.
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114 CHAPTER 5. QUANTIFYING SIMILARITY

Related use of pairwise comparisons

Despite its drawbacks, this measure has been used to reasonable effect in some
studies of the syntactic relatedness of words. This aligned pairwise comparison is
very close to the measures underlying work such as that represented by [Schiitze,
1993a, Finch and Chater, 1992, Hughs, 1994, Futrelle and Gauch, 1993]. Each
of these approaches aligns a set of contexts appearing with a single word, wy, and
tallies the occurrences of tokens within each aligned possition. In the diagram 5.7,
the f(¢;) represent these tallied frequency distributions for each aligned position.
These distributions represent the range of usage in the position ¢; for the collection

of appearances of wy.

th, th, thy | wr | 8 t t
2 12 2 wy | 8 13 t2
3 2 1 1 2 3 (57)
34 3, B, |we| 8 t3 13
flt=s) f(t—2) [f(t-1) | we | f(t1) [f(t2) f(ts)

A set of f(-)’s is composed for each word wj in the study, and a comparison of
these distributions is used to evaluate the syntactic similarity of the words. Since
this representation of the use of a word is very large, requiring a large distribu-
tion for each of several context positions, a severe amount of data reduction is
often performed [Schiitze, 1993al before the comparison between words is actu-
ally performed. However, the comparisons between words amount to a measure
of the similarity of distributions in each position, which is essentially a weighted
count of the occurrences of tokens in that position for the words.

This type of analysis first groups all contexts occurring with a given key word
wy, and seeks to characterize the similarities among the averaged formal proper-
ties of the contexts. The central word is treated as an independent variable, and
the syntactic environment is studied as an aggregate of all environments that oc-
cur with that word. While this does create a robust estimate of the total usage of

the word, attacking the problem this way, loses the rich, polymorphic behavior of
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individual words, conflating the constraints and dependencies that may operate
different on separate modes of use, resulting in words treated as atomic enti-
ties with monolithic behavior. Because the lexical invironment, containing many
words, is more complex than the single central element, studying the relationship
in this way will necesarily lose information.

In the present work, I am attempting to discover and model the structure of the
syntactic environment, which is more variable than the choice of central word,
and use that to infer properties and features of the central element, treating the
word as dependent on the structure of the environment. By comparing contexts
individually, rather than as an aggregate, we preserve information about the var-
ied uses of any single word. Of course, the data reduction in approaches such
as these ([Schiitze, 1993al etc.) makes the problem tractible, by aggregating all
occurrences of a word based on the implied relationship of licensing that word. In
our approach, we will be using the context similarity measures to aggregate con-
texts, based on the observable relationship between them. This lets us study the
issues of license and dependency without confusing them with issues of polysemy

and variable syntactic structure.

5.1.3 Edit Distance

To overcome the difficulties of fixed alignments in pairwise comparison of se-
quences we need to allow for a flexible alignment of tokens between the two con-
texts. This is often accomplished using the edit distance [Levenshtein, ], a mea-
sure based on relating pairs of tokens between the two sequences in a structured
way, but not necessarily in strict seqential alignment. Insertions and deletions
of interveneing, uncompared tokens are also allowed. Straightforward computa-
tional methods for finding the edit distance between two strings have been used
on a variety of problems in biology, genetics, speech and handwriting analysis

([Sankoff and Kruskal, 1983]), as well as in syntactic analysis of formal languages
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116 CHAPTER 5. QUANTIFYING SIMILARITY

([Lu and Fu, 1977]). (For a good introduction with applications to many domains,

see [Sankoff and Kruskal, 1983].)

Number of Operations.

The edit distance can be defined as the minimum number of token insertions,
deletions, and substitutions required to transform one sequence to another [Wag-
ner and Fisher, 1974]. Letting A, B be arbitrary sequences and z,y be tokens, the

insertion, deletion, and transformation operators are defined as

insertion: ABZ% AxzB
deletion: AzB% AB (5.8)
substitution: AzrB%AyB

The edit distance is the length n of the shortest sequence of operators
AB A% ... A, = B which transforms token sequence A into B.

For example, consider the following somehwat similar sequences:

A
B

[the boy went to the store]
[the tall boy drove to the store]

(5.9

In this case, A can be transformed to B through one insertion
[the boy] 2 [the tall boy]

and one substitution
[went] 2% [drove]

This is a total of 2 operations.

Many different sequences lead to the same transformation. For instance, multi-
ple tokens could have been added to any position in the sequence, and then later
removed. One could construct a transformation of an arbitrarily large number
of operations in this way. The edit distance is defined as the minumum number
of operations necessary. The minimum transformation for this example is read-
ily apparent, but in general, finding the minimum sequence of operators is not

always this obvious.

116 25 February 2000



5.1. SEQUENCE MEASURES 117

Generalizations for the edit distance.

Another transformation sequence, in which the substitution operations “[went] 2%
[drove]” is replaced by the two operations of deleting ‘went’ and inserting ‘drove’
seems just as basic, but would involve one extra operation. The substitution op-
erator can be seen as a generalization over the complex operation of ‘delete then
insert’.

One generalization of the basic edit distance which solves this discrepancy, as
well as increases the power of the measure, is formed by assigning a cost to each
operation. One could assign a cost of, say, 1, to each of the insert and delete
operators, and a cost of 2 to the substitution operator. Then the two sequences in

(??) have an identical cost of 2.

[went] 24 % [drove]

[went]2 [drove] (5.10)

This can be generalized still further, by assigning costs based not only on the
operation, but also on the particular symbol involved. This is especially useful in
a linguistic context. For instance, we may not wish to assign a great cost to the
insertion of a modifier, such as an adjective, because we know that the structural
properties of the NP it modifies will not be unduly affected. For the most part,
most contexts that allow a bare N will also allow one or more modifiers. However,
we may wish to assign a greater cost to the insertion of a verb, because we know
that most constructions do not allow extra verbs to be inserted. Auxilliaries and
modals would be assigned a lower insertion cost, because we know they may or
may not appear in a VP construction.

Substitutions may be likewise dependent on the words involved. Replacing a
word with a similar term should not incur a large penalty. However, replacing a

word with an unlike word may destroy the linguistic properties of the sequence,
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and should carry a greater cost. In our example, replacing the general term ‘went’
with the more specific ‘drove’ preserves much of the meaning of the sentence.
However, replacing ‘went’ with something completely dissimilar, say ‘mantlepiece’,
would completely destroy the linguistic structure of the sentence, as well as its
meaning, and should carry a high cost.

Initially in our study, we have no information about word similarity. But, as the
modelling stages progress, we will be able to find word similarity values based on
distributional similarity across context clusters, formed using the context simi-
larity measures. We can then, of course, feed these derived word similarities back
into the process by using them to assign values to these inter-word substitution
costs. In this way we can be sure that the sequence similarities computed have a
better correspondence with the linguistic properties of their component words.

The generalized edit distance can now be defined in terms of the minumum
total cost of a transformation sequence, rather than simply the minimum number
of operations. If one makes the simple assumption that a substitution costs no
more than the equivalent deletion-insertion pair, then this minimum cost distance
can be shown to obey metric properties (including the triangle inequality). We

formalize this measure in the following section.

Computing edit distance.

There is a straightforward method for computing edit distance ([Sellers, 1974,
Wagner and Fisher, 1974]). As a prime example of dynamic programming, one
can compute the edit distance for every pair of initial subsequences of the two
strings under study, combining results for shorter substrings to give results for
longer subsequences.

Explicitly, let our two sequences be A = (ay,...,a,) and B = (by,...,b,), where
a; is the i*" token in string A, starting with token 1. We add a null token to the head

of the each string, tokens a¢ and by, representing an empty position that serves
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‘ | — | the | boy | went | to | the | store |

B - 0| 1 2 3 4| 5 6
the 1|1 0 1 2 3| 4 5

tall 21 1 2 3 4| 5 6

boy 3] 2 1 2 3] 4 5

drove | 4 | 3 2 3 4 5 6

to 5| 4 3 4 3| 4 5

the 6 5 4 5 4 3 4

store || 7| 6 5 6 5| 4 3

Figure 5.1: Dynamic programming for edit distance (- is the null token)

as a placeholder. Let us also define the initial substring of a string to be the first
1 tokens, A; def (ap,a1,-..,aq;), including the null token inserted at the beginning.
Let D(A, B) by the edit distance between the sequences A and B. The compu-
tation starts by defining D(Ay, By)) = 0, the cost of transforming ag to by, the null
token to itself. Each subsequent step in the computation proceeds with the simple

rule:

D(A;, Bj—1) + Dingert (b))
D(A;, Bj) ® min<{ D(A; 1, B;j) + Dinsert(a:)
D(A;—1,Bj_1) + Dgupstitute (@i, b;)
where Dipgert () is the cost for inserting z, and Dgypgtitute (2, ¥) 1S the cost of substi-
tuting z for y. We assume that the substitution is symmetrical, Dgypstitute (7,¥y) =
Dgybstitute (Y, T)

Starting with D(0,0), one can fill each D(i,j) in a table, ending at D(m,n), the
edit distance between the two strings. The table is filled from upper left to lower
right, as each entry is computed from its upper, leftward, and diagonal neighbors
using the minimum rule above. Figure 5.1 gives this table for the example strings

from (5.9).
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5.1.4 Linguistic plausibility of comparisons

One can see that all of these measures fulfill a number of our criteria as a mea-
sure suitable for measuring some linguistic factors relating two sequences. The
Jaccard and pairwise measures, though, fail in a number of respects to fully cap-
ture the kinds of configurational similarity we seek to measure. Jaccard offers the
flexibility of using implicit comparisons between any pair of tokens from the two
sequences, but does this at the expense of ignoring all configurational informa-
tion. The pairwise measure allows only those comparisons which are aligned in
the strictest sense, thus preserving the most obvious configurational information,
but, as we saw with example 5.6, it ignores a large class of interesting relations
involving mis-alignments.

The edit distance, on the other hand, can allow both structural and token iden-
tity disagreements while not being brittle in either. Like the pairwise measure, it
will give higher similarity to structurally similar sequences. However, it will de-
grade gradually, but not break in comparisons which are misaligned. And while
it does not go the full way toward incorporating comparisons of any pair of to-
kens as Jaccard does, it uses the comparison between all pairs to decide the best
minimal set of transormations. The edit distance certainly does not encode all
the linguistic similarity present between two sequences, but it is closer than the
others presented here to comparing sequence features related to the syntactic

configuration of words.

5.2 Richer measures

These measures do capture much of what we mean by linguistic structural sim-
ilarity, even though they do not incorporate anything that we might regard as a

model of syntactic structure. They capture configurational information such as
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word order, phrasal similarity under modifier insertion, and the similarity of sub-
stitution by synonymous terms. We can improve upon them, however, by adding
other important linguistic qualities. Most importantly, the idea of locality of func-
tion, that a word’s contribution will be expressed most stringly in the configura-
tion immediately surrounding it, is lacking in the current measures. The following

section elaborates some methods for adding this information.

5.2.1 Locality in the metrics

There is a strong degree to which formal configurational (syntactic) considerations
are local in nature. As we discussed for the choice of local context as a descriptor
for the formal constraints operating on a token in the language, syntactic well-
formedness and syntactic interactions are behaviors that operate primarily in
a local region. Discussions of long-distance dependencies as deviation from the
norm only serve to to highlight the degree to which local interactions are assumed
as the norm.

In order to highlight the locality of these configurational dependencies, we can
modify the importance asociated with each of the token comparisons contributing
to the distance measure. One would like to weight near tokens more heavily,
but without ignoring the contributions of distant ones. The window of our short
context sequences is already a simple version of such a choice, as it includes near
tokens up to some distance, and completely ignores forther ones.

A linear weight decreasing with distance from ¢, would also include contri-
butions from all tokens up to a point. We could, for instance, simply count the
nearest token in full, and decrease the weight given to token ¢; linearly with dis-
tance. If the maximum weight is w = 1, the weight for each token ¢; under this
approach is given by w; = 1 — ¢K, for some constant 0 < K < 1. One has to be
sure that this decrease is not too rapid, however, since the point at which the

wieght becomes zero is the effective width of the context description. It would be
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122 CHAPTER 5. QUANTIFYING SIMILARITY

counterproductive to include more distant tokens, as they would have negative
weights.

Alternatively, one could decrease the weight geometrically with each token,
such that the weight given to a token is a fixed fraction of the previous weight. In
this geometric approach, the weight is given as w; = K*, again for 0 < K < 1. This

approach has the advantage that the weights are positive for all i.

Half-weight length. For both the linear and the geometric approach, we can
specify the rate of drop off in terms of a half weight length, P}, which is the length
(token position) at which the contribution of a token drops to 1/2. This corre-
spondence between length and weight drop off allows us to connect the weighting
constants with our observations about the range of interaction included in the
measure.

For the linear scheme, the dependence of the weighting factor, K, on this half

weight length is given in (5.11).

w; =1—iK

1/2=wp, =1-PK
1

K=  —
2P,

(5.11)

For the geometric scheme, the dependency between K and the half length is

given by (??).

w; =K
1/2=w; =K
K= (1/2)% (5.12)

The figure (5.2) illustrates the properties of the local weighting for both the

linear and geometric approaches, with P, = 6. The geometric scheme has weights
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Figure 5.2: Linear and geometric comparison weighting functions, with P, = 6.

approximately 5-10% lower for the first few tokens, but then flattens out while
the linear weighting approaches zero after P,.

By using decreasing weights such as these, we are shifting the importance of
the correspondence in the sequences being compared, such that items near the
key word in the context account for a greater degree of the comparison. Both
the linear and the geometric model accomplish this shift in weighting. The linear
model, though, is restrictive in that it allows the influence of farther items to be
discounted entirely, The geometric decrease allows all later words to participate
in the comparison. Also, the decrease in weights is not nearly as dramatic toward
the distant end of the comparison. This is especially important in cases where, for
instance, the difference between two sequences lies in that one has had a modifier
inserted, but are otherwise alike (e.g. the sequences of (5.6)). If the later tokens
are seriously discounted because of this, the inherent similarity of the sequences

will be undervalued. For this reason, the experiments presented later all use the
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geometric version of the locality weights.

Locality for the set measure

This kind of local preference weighting can be incorporated into the set measures
described above. Recall the simple set measure S = ||[A N B||. We can weight each
element of the intersection by the sum of the weights on each occurrence of that
element as a token of A and B. Thus if z € AN B, and the occurrences of z are
az = z and a3 = z, then the weight given to z in the intersection would be the sum
Wy + Ws.

This also has the property of reducing some of the odd behavior of the set
measure with respect to repetition. With the weighting added, the measure now
counts additional weight for additional matching tokens of the same type.

Formally, we can define the weighted set measure S’ as:

s E S S

teANB
S © s t) +sh(2)
W; if a; — t

sh(t) = (5.13)
¢ ; 0 otherwise

Alternately, we could define a weighted set measure to include only the weight

for one of each token type in the intersection.

g def Z Sll(t)
teANB
s"(t) = max(w;|(a; =torb; =t)) (5.14)

This second formulation reduces to the cardinality of the intersection (||A N BY|)

when w; = 1 for all s.
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Locality for Jaccard

This weighted set measure can be extended to create a weighted Jaccard measure
defined in eqn. 5.1. The weighted extension for the union A U B is defined by
weighting the occurence of each token by the weight associatied with its position
in each respective sequence. This can be defined, using the definition of s/, (¢) given
above in eqn. 5.13 by the formula:

’ def I,(AaB)
TAB) = 5 B)

r'a,B ¥ 5= Y 4@
teANB

U'(4,B) ¥ 3 s(1) (5.15)
teAUB

Thus the locality weighted Jaccard measure is normalized by the weighted sum

of all elements of both sequences.

Locality for pairwise comparisons

The pairwise measure has perhaps the easiest modification for locality weighting
of the measures given here. In this case, each comparison pair is simply scaled by
the weight associated with its position. The weighted pairwise comparison mea-

sure, P', is then the sum of the weights of each matching pair:

n 0 if a; = bz
Zdi7 where d; = (5.16)
i=1 w; if a; 7& bz'

P'(A,B) =

S|

Locality in the edit distance

The implementation of this weighted dropoff requires only a small change to the
original dynamic programming algorithm for edit distance. The table-filling rule
now becomes:
D(Aj; Bj—1) + Wi+ Dinsert (b;)
D(A;, Bj) =< D(Ai_1, Bj) + witjDinsert (a;) (5.17)
D(A;_1,Bj_1) + wiyj Dsubstitute (@i, bj)
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where w; is the weight for token distance i. Becase the weights must be indexed
off the sum of the indices, i + j, the weights decrease twice as fast as might be
expected. A pair of contexts with a single insertion needed at token k& would differ
by wog Dinsert (ax ). However, a substitution required at the same location would be

given a weight 2wsy, (if Dysyp = 2Djnsert, as is usual).

Token weights

All of these distance measures can also be generalized to compensate for different
similarities between tokens. For instance, if one decides that ‘went’ and ‘drove’
are more similar to each other than either is, say, to ‘boy’ or ‘to’, then it would be
reasonable to have the substitution of ‘went’ — ‘drove’ have a lower cost than the
other possible substitutions.

As discussed above, we initially have no evidence for assigning this kind of
word similarity value, adn we simply must assume that all unequal tokens are
identically distinct. Later, however, as these sequence measures are applied in
order to create context classes, we will accumulate evidence that can be used to
form a model of distributional similarity among the tokens. In this way, we are
able to use the hints offered by initial structural similarity to build more refined

models of structural and lexical behavior.

5.2.2 String alignments

As a by-product of the edit distance computation, one can create an alignment
of the two strings, which gives the elementwise pairing that is associated with
the minimal sequence of edit operations. This alignment matches the elements of
the two sequences in linear order and shows the correspondence between tokens
and substrings of the two matched strings. Such an alignment can be generated
directly from the table created in the edit distance computation by following the

path of minima chosen during the computation from the upper left corner to the
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lower right. Rightward travel along this path corresponds to insertion of a token
from string A, downward travel to tokens from string B, and diagonal paths to
substitutions. Multiple minimum paths can occasionally result, giving alternate
but equivalent alignments. In these cases, I have chosen to favor the shortest
path, which gives precedence to diagonal substitution paths.

The alignment created from our two example strings (figure 5.3) gives the cor-
respondence between the tokens of the two initial strings. From the figure, it is

easy to see the structural similarities of the two strings.

—|the| - | boy | went | to | the | store
— | the | tall | boy | drove | to | the | store
— | the | - | girls | drove | to | the | store

Figure 5.3: A string alignment table

Alignments can be created for sets of multiple strings. These alignment tables
can further be abstracted to probabilistic descriptions of the sequences, either
by representing each column of the table as a word distribution, or by using
a FSA or Markov chain description of the transitions from one column to the
next. Chan and Wang ([Chan and Wang, 1991]) have used the column-distribution
descriptions of alignment tables, which they call syntheses, in order to generalize
the edit distance and capture the notion of distance between two sets of RNA
base-pair sequences. Techniques such as this may prove useful in later linguistic

work, as well.

5.3 String measure experiments

In order to evaluate the potential usefulness of these metrics for structuring the
data space, several experiments were conducted using the various string mea-
sures. Each of the metrics was used to evaluate a large sample of real language
data taken from a collection of articles from the Wall Street journal [?wsj:corpus?].

Section ?? briefly describes the data and its preparation. See appendix ?? for the
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full details.

The principle evaluation consisted of computing the value each of the mea-
sures on all pairs taken from a set of approx. N = 10* context sequences chosen
randomly from the WSJ corpus. This results in N(N — 1)/2 pairs for which the

distance was computed using each measure.

Comparison with random data

In addition to the corpus of real English sequences, a baseline comparison corpus
was created using a first-order distribution approximation. The comparison be-
tween this baseline and the actual English data reveals how the structural char-
acteristics of actual language data differ from randomly constructed sequences.

What we expect to see is that the real language data will contain many more
similar contexts than the randomly generated data. If this is the finding, then it
will support the case for the structural properties of language sequences laid out
in chapter 2. If linguistic function is represented systematically through configu-
ration, and those configurations pattern after a relatively small number of classes,
then the measures we have proposed should show a large number of similar con-
texts. By comparison, the randomly generated data has no such inter-word con-
figurational dependencies, even though it contains the sme word frequencies. Our
sequence measures should show a relative lack of similar contexts in this random
data.

By comparing the English data to the generated set, we also provide a baseline
for the performance of the similarity measures. Assuming that the real language
data does contain a greater number of similar contexts, we also need to establish,
for each type of measure, at just what numerical value the similarity can no longer
be attributed to real linguistic patterns. Beyond some degree, we expect that the
random data will have as many pairs of ‘similar’ sequences, due purely to chance,

as does the real language data. By comparing the results, we also establish this
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point beyond which our measures no longer indicate linguistic significance.

5.3.1 English sequence data

A short description of the data and it treatment is given here. For a full description
of the data, see appendix ??.

The sequences used in the experiments presented in this chapter were drawn
form a corpus of Wall Street Journal articles, originally published in 1989, and
distributed in both an unfiltered and a parsed, part-of-speech tagged forms by

the Linguistic Data Consortium [?wsj:corpus?].

Tokenization

The text has been tokenized to distinguish words from whitespace, punctuation,
etc. This processing is somewhat different from that commonly seen in corpus
processing literature in that whitespace, punctuation, and other symbols have
been retained as tokens. It was considered that, as a study of the formal proper-
ties of written language, these characteristic demarcations, which are unique to
written language, and which form a substantial part of its structure, should be
explicitly retained and analyzed along with the words which have explicit coun-
terparts in spoken language. Some properties of the written form, such as the
upper/lower case distinction, were not retained in the tokenization process.

The following sequences of characters are tokenized as discrete symbols:

—

. any continuous sequence of the alphabetic characters [a-zZA-Z]

2. any continuous sequence of whitespace characters [newline space]
3. individual numerals [0-9]

4. individual punctuation characters and other symbols [, . " $ % etc.]

Table 5.1 gives some examples of how the English data and the tokenized se-

quences correspond.
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Defining sequences

Chapter ?? defined the local (n,m)-context of a word in corpus as the sequence:

[ten—t_1] to [ty1—tim] (5.18)

The sequences compared in the experiments presented here are (7, 7)-contexts
taken from the tokenized WSJ corpus. Each sequence is further broken down into
its left and right segments. Each side of the comparison contains approx. 3 or 4
words and the separting whitespace.

Each sequence distance was computed separately on the left and right subse-
quences of the context. For sequence measures that apply a locality weighting,
distance is taken entending out from the central key word. Thus the tokens att_,
and t4,, recieve the least weight. The final measure between two contexts A and
B is taken as the sum of these separate left and right measures. The measure

M (A, B) between two contexts is computed as

M(A,B) = M(AL,BL) +M(AR,BR)

5.3.2 Generated sequence data

A comparison set was created, in order to study the difference between the sam-
pled English data discussed above, and a generated sample with the same first-
order distributional properties. The behavior of the various measures with respect

to the real and first-order model data will show the extent to which the measures

English Tokens

Sales of medium-sized cars, which | sal es| _| of | | medi uni - | si zed| _| cars|,| .| which
Chrysler Corp.’s Chrysler division. | chrysler| | corp|.]|’|s| | chrysler]| | division|.
mirrors the " closed-end mrrors| _|the| _|"|closed|-|end

dropped nearly 7% Oct. 13, dropped| | nearly| | 7| % | oct|.]| 1] 3],

Table 5.1: English data v. tokenized form. Tokens are separated by ‘| ’, while ‘_’
indicates an explicit whitespace token.
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are able to detect the patterns of linguistic configuration in the English data.

The sample was created according to an ideal Zipf distribution, p(w) = K1/r(w).
The constant K was chosen to create a data set with a total size and word fre-
quencies as close as possible to those of the WSJ data.

The log-log plot of token frequency versus token rank is shown in figure 5.4.

100000 [ —— —— ———rry

1 “real-dist" ©
"new-zipf.dist" +

10000

O+
+&

1000

100 -

10 -

PR | L TR ————.
1000 10000

1 L PR R R | L PR S |
1 10 100

Figure 5.4: log-log plot of English data set and generated Zipf-distributed data.

5.3.3 Distance measure results

Histograms of the Jaccard, pairwise, and edit distance measures are shown in
figures 5.5, 5.6, and 5.7. Each point on the plots expresses the number of se-
quence pairs having a given distance measured between them. The total number
of pairs in each plot is ~ 42 million (this is N(N —1)/2 for N = 9238). As mentioned
above, the distance between a pair of sequences is the sum of the left and right
side measures taken independently, M (A, B) = M(Ayr,Br) + M(Ag, Bg).

Both the pairwise measure (5.6) and Jaccard measure (5.5) are normalized,
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with values in the range [0-1], and so the combined left+right measures were
binned in the range [0-2], with a bin size of 0.01. Edit distance (5.7) was binned
in the range [0-30], also with a bin width of 0.01.

The figures on the ordinate in all the plots are given in the number of bins,
and thus are either 10x or 100x the measured distance. The response variable
(number of pairs) are plotted on a log scale, so that the enormous number of large
distance pairs does not overwhelm the display of small distance results.

1e+08 r T T T T
"real-all-9238-jaccard.s2" ——

1le+07 _
1e+06 — 4
100000 — 4
10000 4

1000 — 4
100 — _

10 E

0 5 10 15 20 25

Figure 5.5: Distribution of Jaccard distance over WSJ sample sequences.

Two properties are distinctly evident in all of these plots. Perhaps the most
obvious property is the ‘spikiness’ of the edit distance and pairwise comparison
histograms, indicating that these measures have a sparse set of possible values.
These measures are quite discrete, and cannot represent the kinds of fine distinc-
tions that a linguistically realistic measure should have. Certainly, in order to be
useful, any measure of linguistic similarity will have to have more than a handful

of possible values.
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1le+07 r T T T T
"real-all-9238-pair.s2" ——

1e+06 | 4

100000 4

10000 i

1000 | 4

100 4

10 | 4

1 1 1 1
0 50 100 150 200 250 300

Figure 5.6: Distribution of pair-wise distance P(a,b) over WSJ sample sequences.

The Jaccard measure suffers from this problem to a lesser degree. however, as
discussed above, the Jaccard measure suffers from its insensitivity to positional

information of any sort.

Real v. Zipf sequences

It is interesting to compare the plots of the similarity measures takes over the real
English data (5.6, 5.5, 5.7) with those taken over the Zipf-distributed generated
sequences. Plots 5.8, 5.9, and 5.10 show measures for the real data along with the
generated data. In all three plots, it is evident that the real English data contains
many more pairs with low distance than the generated data does.

This observation adds evidence to the assertion that the occurrences of words
in real human languages are structured and interdependent. Therefore, these
interactions and cannot and should not be represented by first order, independent

models.
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1e+08 r T T T T T
"real-all-9238-edit.s2" —

le+07 — _
1le+06 4
100000 — 4
10000 — 4

1000 4

100 _

1 1 1 1
0 50 100 150 200 250 300

Figure 5.7: Distribution of edit distance over WSJ sample sequences.

Figure 5.8: Jaccard measure for real English sequences and Zipf-distributed gen-
erated sequences.
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1e+07 T > " T T T
¢ ¢ "real-all-9238-pair.s2" <—
¢ ¢ "gen-zipf-9238-pair.s2" -+-
@
1e+06 | i g
100000 | I B
10000 B
1000 B
100 B
10 T B
l 1 1 1
0 50 100 150 200 250 300

Figure 5.9: Pairwise distance distributions for WSJ sample compared with Zipf-
distributed generate data. Again note the greater number of low-distance samples
in the real language sample. (The generated data has a value of O, plotted as
log(0) =1, on the first three points.)
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1e+08 T T T T T

"real-all-9238-edit.s2" —~<—
"gen-zipf-9238-edit.s2" -+~

1e+07 ¢ ® .

1e+06 — 4
100000 — ke N 4
10000 F 4

1000 — 1 4

100 _

————t

10

11l . .

0 50 100 150 200 250 300

Figure 5.10: Edit distance distributions for real language sample and Zipf-
distributed generated data. Note the prevalance of low-distance relations in the
real data.
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1le+07 r T T T T T
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Figure 5.11: Distribution of localized edit distance over WSJ sample. (P, = 12)
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1le+07 r T T T T T
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Figure 5.12: Edit distance (P, = 6) distributions for WSJ and Zipf generated data.
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700000 T T T T T T

real - zipf <-—
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Figure 5.13: Difference (R, — Z,) and integral difference ) ¢ (R, — Z,) of the counts
of pairs at each distance n for actual English text and Zipf-distributed random
data. (P, = 6)
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Figure 5.14: Edit distance (P, = 12) distributions for WSJ and Zipf generated data.
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700000 ; E ;

real - zipf <-—
\ Int(real - zipf) -+-

600000

500000

400000

300000

200000

100000

0 50 100 150 200

-100000
Figure 5.15: Difference (R, — Z,) and integral difference > 7 (R; — Z;) of the counts

of pairs at each distance n for actual English text and Zipf-distributed random
data. (P, = 12)
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Figure 5.16: Fraction of pairs not accounted for by the random data as a function
of distance. (localized edit distance P, = 12)
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Chapter 6

Classification and Generalization

[why are we doing clustering?] Why generalize? reiterate motivation, purpose. i.e.
— the need to abstract to an understandable level, which will explicate the under-
standing of the structure underlying the data.

The previous chapters have discussed methods of characterizing sets of con-
texts, and measures for comparing them, ! but the question of how one finds
the sets has been shrugged off until now. This chapter discusses methods for
grouping the raw lexical data into classes which have distinct and interesting
properties.

Outline:

The goal: associative class model

restate form of desired class model

Road map for building it:

Restate basic argument:

no direct similarity for words, must look at similarity of word use across con-
texts. Contexts themselves are too sparse, so we need methods of smoothing
them, in order to make occurrences across different contexts somewhat com-

parable. Ideally, we could create a measure between the occurrence distributions

'not entirely true! much of that discussion moved to this chapter!
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144 CHAPTER 6. CLASSIFICATION AND GENERALIZATION

of two words that took into account the context similarities between all of their
occurrences, and do this for every pair of words, in order to judge word similarity
and create word classes. This is simply too much work.

Instead, the plan is to form a set of context classes, I', which summarize a group
of possible contexts, and then judge word similarity by the distribution of word
occurrences across these context classes, ;. In the previous chapter, we looked
at a number of context similarity measures that could be used for achieving this.
In this chapter, we look at how to use that context similarity to construct context
classes.

Once we have these, we can measure the occurrences of words across the ~;.
We then need to find a measures of distributional similarity, with which we can
construct classes of words based on their distribution of usage across the ;. Sec-
tions §?? discusses some of the measures of distributional similarity that might
be appropriate to this task. Most of the applicable measures, however, perform
well in the limitof dense sample data, but have serious drawbacks when used
over sparse data such as linguistic co-occurrences. In section §??, I introduce a
method of re-estimating these measures based on a Monte Carlo simulation of
their performance over plausible data.

The sections follwing that explore an iterative method for fitting a class-based
associative model to the raw occurrence data, using sequence-similarity cluster-
ing of context data to form the context classes I', and distributional similarity of

word occurences within I' to identify the lexical classes, L.

6.1 Background in Clustering Methods

Clustering techniques are methods for grouping data into distinct categories. Of
course, the notion of distinct is dependent on what you care to pay attention
to, and perhaps what you are able to pay attention to. In general, clustering

techniques fall into several families, among them parametric, hierarchical, and
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density-driven methods.

6.1.1 Parametric

Parametric clustering can be seen as an optimization process, in which clusters
are found which maximize some fitness criterion over the data. Often, this crite-
rion takes the form of a combination of within and between group similarity.

algorithms operate by positing a model for form of the groups or clusters to be
found,

6.1.2 fixed

Fixed models (k-means) as a middle ground

6.1.3 Hieracrchical
divisive
Top-down methods, neccessity of descriminants, computational complexity.

agglomerative

Bottom-up methods. Requires metric, or at least a partial ordering function. com-

putational complexity.

6.2 Context Clustering

By choosing the appropriate similarity metrics and models of context, we can use
well-known clustering and/or numerical taxonomy techniques to investigate the

structure of the language.
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6.3 Classification stability and convergence

a discusssion of how an iterated classification behaves.
take a sample chunk of text, say 10-20k words of wsj, with POS tags.
find full distance measure between elements of the text, D;; = d(t;,t;) using

word identity (d(a,b) %

[a L b]) as a measure of interword distance

cluster into some pre-set number of classes.

Iteration step:
find full distance set between elements of the text, D;; = d'(;,¢;) using class iden-
tity as a measure of interword distance. d'(a, b) def [w(a) Z w(b)]

cluster into smae pre-set number of classes.

measure similarity of classification to previous classification

Repeat classification based on class membership.

1) How does classification change over time?

2) Does classification ever completely stabilize?

6.4 Characterizing multiple contexts

In order to make comparisons between all the uses of two words, as with the
word-based models, or to make comparisons between contexts grouped by other
principles, a representation is needed that can encompas multiple contexts.

If we want to consider all the uses of a particular word, k for instance, we can
treat them as a set and simply list them. Here is such a list using «’s for the left

items, and f’s for the right, each context identified by a superscript:

ab...obai kK Bl Bel... 8L =c
2 2 212 32 2 2
as...a507 kB Be2...0,, =c
n 2“1 1 m k 6.1)
ol ...obdd KBl Bl B, =cL
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While this sort of representation contains all the available information, it is not
well suited to the tasks of generalization and comparisons; the tabular list makes
no abstractions over the original data. In order to make a comparison to a class
of contexts represented this way, we would need to compare against every context
listed, and average the results by some means. Analysing the data by any means
would involve looking at each element separately, and and fails to capture the

abstraction desired in forming such a categry in the first place.

6.4.1 Simply conditioned models

There are many ways to reduce the size of this set description, and make it more
managable. One family of such reduction I will call the simply conditioned models.

The first such model, the 0**-order conditioned model, is the easiest to describe.
For a set of (n, m)-contexts, each of the n + m positions is represented by a vector

of the probabilities of an item occurring in that position:

plas=wr) | [ plar=w) ] [ p(Bi=w) | [ p(B=w1) ]
p(az=ws) plar=ws) p(B1=w2) p(B2=w2) 6.2)
plag=w3) plar =ws3) p(Br=w3) p(f2=ws3)

If we replace each of the vectors of positional probability with a simpler nota-

tion, we can write this more concisely as

- Pr(ag) Pr(a1) k Pr(f) Pr(B2) (6.3)

Of course, this representation suffers a few problems. One is that for natural
languages the number of possible words, the number of possible a’s and s, is
potentially infinite; this makes the representation for a finite set of contexts an
infinite array of probabilities. Even with a fixed vocabulary of size V, we need
V(n + m) parameters for each set of contexts. This can be remedied by including

only probabilities for those items that have been seen, leaving any excluded values
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implicitly zero. Another approach is to only compute probabilities for some select
set of items that the researcher feels has indicative power. For instance, [Schiitze,
1993al uses onely the 5000 most frequent words of English in his study, while
[Hughs, 1994] uses only the 25 most frequent items. Other possibilities include
high frequency function words, such as prepositions, case markers, and deter-
miners.

A more serious problem is the loss of useful information in this representation.
None of the probabilities given for the positional values are at all correlated in the

representation. This means, for instance, that the two sets of (0,2)-contexts
s1 ={kAB,kBA} sy = {kAA,kBB} (6.4)

have equivalent representations
k ' (6.5)

Even with this deleterious loss of correlation, this sort of representation has
worked fairly well for a few word-based classifications ([Schiitze, 1993al,[Hughs,
1994],[Finch and Chater, 1992], [Futrelle and Gauch, 1993]).

[Maybe just change this to a ref. to a related work section]

All of these include studies of (2, 2)-contexts represented as 0*-order conditioned
models. In each study, one set of contexts was used for all the occurrences of
a given word. The conditioned models for every set were compared, and classes
of contexts were formed which corresponded to categories of words, all having
similar contexts.

These studies used various similarity measures, such as manhattan metric
([Hughs, 1994], vector cosine measures ([Hughs, 1994], [Futrelle and Gauch,
1993]), cosine measures over a reduced space ([Schiitze, 1993al), or entropy mea-
sures ([Chan and Wang, 1991]. Various clustering methods were used to form

categories based on these measures.
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Higher order conditioning

The information loss of this simple vector model can be reduced through condi-
tioning the probabilities. Since I have argued that the most local interactions are
the most important, it makes sense to condition the let and right sequences on
the positions closest to the key word in the center.

In general, we can call a sequence conditioned on the first « positions to the left
and v positions to the right a (u, v)-simple conditioned model. Of course, positions
closer to center than u or v would be conditioned only on those positions closer to
center.

Thus in representing a postion, 3,,, we would need to give its probabilities con-

ditioned on the j, , = min(v,n — 1) previous positions:
Pr(B,|p1P2...0; = wiws...w;), j = min(v,n — 1) (6.6)

(Note that this is not the standard notation used for in n-gram analyses or Markov
modelling. In this notation, Pr(f:|f1 =w:) is the distribution of the second posi-
tion, (2, only for those cases in which 8; = w;. Similarly, Pr(8s|8; = w1) is the
distribution of the third position, 3, when the first position is f; = w;.)

This representation requires VJ»»+1 parameters for each position: a probability
for each of V terms, each conditioned against VJ»v possible sequences of preced-
ing terms.

It is obvious that a set of (u+1,v+1)-contexts is required to build a (u,v) model.

As an example, the (0,1) and (0, 2)-simply conditioned models on (0, 3)-contexts

would look as follows:

p(br=w1) [Pr(Ba|fL=w1) Pr(Bs|f1=w1)]
k| p(Bi=wa) [Pr(B|fr=w2) Pr(Bs|f1=ws)] (6.7)
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[ p(Bo=wi|Bi=w1) Pr(Bs|if:)
p(f2=wa|fr=w1) Pr(Bs|B1P=)

p(Br=w1)
p(Be=ws|fr=w1) Pr(B3|5152)
k [ p(Bo=wr|Bi=ws) Pr(s)6ifs) | 6.8)
p(B2=wa|fr=w2) Pr(B3|51/)
p(Br=w2)

p(Be=ws|fr=w2) Pr(B3|51/)

6.4.2 Lattice conditioned models

6.5 Modelling the edit operations

Explicit models of multiple context can also be achieved by explicitly modelling
the edit operations that are used to compare the group memebers.

Refer to Haussler et al. paper which
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Chapter 7

Evaluating various models

7.1 Predictive accuracy: perplexity
7.2 Comparison to Pasrt-of-Speech tagging

7.3 Word sense identification

stuff
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