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Figure 4.2: Rate of convergence for LZW, PPMC and TPD on Brown Corpus.

large ones. As it happens, the generality of the equivalence classes in the
TPD model allows it to converge on source entropy as quickly as an adaptive

character-based finite-context model.

Figure 4.2 plots the rate of convergence for TPD when compressing the
tagged Brown Corpus. The vertical axis of the graph is the compression
ratio, measured in bits per character, and the horizontal axis is the amount
of text processed, expressed as the base-2 log of the number of input charac-
ters that have been compressed. Included in the graph is the corresponding
compression rate for standard character-based LZW [112], along with the
compression performance of a well known adaptive statistical context model,
PPM [31]. This particular version of PPM is an order-3 character model
using escape method C to code unseen events (see page 146 of [9] for more
details of this escape method). The graph clearly shows a comparable rate
of convergence between TPD and PPM up to about 10,000 characters, after

which TPD starts to perform better. Whatever other conclusions may be
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suggested by the graph, it is sufficient to observe that the TPD method con-

verges sufficiently quickly to give useful complexity estimates for subsequent
experiments.

4.2.4 Structural complexity

While there is empirical evidence to suggest that TPD makes good use of
the structural information expressed in the part-of-speech labels of a tagged
text, there may be an alternative explanation. It is possible, for example,
that TPD makes all of its gains through arithmetic coding of words, and that
the information content of the tags is so low that the penalty for encoding
them is almost insignificant.

One way to determine whether TPD is gaining anything from syntactic
regularities involving lexical classes is to change the tagging scheme in such
a way as to impose a regular artificial structure on the training text. If the
structure given by the original tagging scheme results in a better complexity
estimate for the text than is obtained from the artificial scheme, it would
suggest that TPD is successful in exploiting the structural regularity of lexical
categories.

Two experiments were devised. In the first, sentences are tagged in such a
way that the first word of each sentence has a unique common tag, all second
words have another distinct tag, all third words another, and so on, until the
end of the sentence. More formally, the set of k distinct tags used in the orig-
inal tagged text is ordered to produce an analogous set T' = {to,t1,...,tk-1},
and the i-th word of each sentence is labeled with the tag t; mod x; €xcept end-
of-sentence markers whose tags are unchanged and not used anywhere else.
In this way, every sentence is given a highly regular structure to the extent
that the first n words of any sentence have exactly the same tag structure,
and each tag can therefore predict with almost perfect accuracy what tag
will appear next.

In the second experiment, end-of-sentence markers and determiners are
left with their original tags. All other words are tagged in sequence from T in
the same manner as the first experiment, except that each time a determiner
is encountered, subsequent words are tagged in sequence starting from the

determiner’s tag in T'. That is, if the determiner tag is ¢;, then the i-th word
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Figure 4.3: Effects of imposed structure on TPD compression rates.

after the most recent determiner is tagged with #(;4i) moax. Determiner tags
and end-of-sentence tags are reserved exclusively for their original purpose

(i.e. they are skipped in the sequencing).

Figure 4.3 plots a comparison of the progressive compression ratios when
TPD is applied to the original tagged Brown Corpus (ORIGINAL), the sen-
tence sequential structure of the first experiment (S-SEQUENCE) and the
determiner sequential structure of the second experiment (D-SEQUENCE).
Surprisingly, both artificial structures result in good compression. However,
it is clear that the original tag scheme supplies the compressor with better
structural regularity—that is, regularity more useful for translating part-of-
speech information into lower complexity estimates. To some extent, one
might expect the determiner sequential scheme to accidentally capture some
nounphrase regularity present in the original tagged text, making its com-
pression results closer to those for the original than for those from the simple

sentence sequential scheme, and this is borne out in the evidence of the graph.
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Additional conjectures might also be made, but no other conclusion need be
suggested from these experiments except that TPD is indeed influenced by
the accuracy of the classification scheme.

4.2.5 Tagging accuracy

That the artificial structures used in the experiments of the preceding section
result in poorer entropy estimates than the original tagging scheme—despite
greater structural regularity—is easily understood. Given that in both ex-
periments words are tagged based on their position relative to either the
sentence start or the most recent determiner, words end up being attributed
to categories in an entirely arbitrary manner. Ignoring the fact that English
sentences do in fact demonstrate some lexical patterns in their first few words,
in the limit one would expect these contrived tagging schemes to eventually
put every word into every class. Even a modestly large sample text like the
Brown Corpus is likely to produce a classification where tags are of little help
for predicting words.

Given that estimates of grammatical complexity are sensitive to the ac-
curacy of the tags, this raises the question of whether there is some ideal
tagging scheme for optimising the estimate. The Brown Corpus used in
these experiments was tagged with the AMALGAM automatic tagging sys-
tem, whose designers claim a very high level of tagging accuracy—as much as
a 97% correspondence to manual tagging. But there are a good many other
automatic tagging algorithms that also claim to give very accurate results
[35, 71, 93]. Their outputs would certainly differ for the same input text,
and it is likely that one would produce a baseline Brown Corpus text with a
better TPD compression ratio than the others. But it may also be the case
that the output from one of the other systems would give a better result for
a different training text.

In addition to the various tagging algorithms, there is also a plethora of
alternative tag sets available. Some are quite large—such as the LOB set
with 153 distinct tags [60]—and discriminate between different verb tenses,
noun declensions, and so forth through subcategorisation. Others—like the
UNIX parts set of 19 tags [79]—do not make such distinctions, but label

all verbs and all nouns, for example, uniformly with gross category tokens.
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Given the many syntactic-agreement relations in English, such as number or
person agreement between a subject noun and main verb, subcategorisation
labels can help a structural model like TPD access subtle class dependencies
that are obfuscated under a more crude labeling scheme.

A series of experiments was devised to determine the extent to which the
refinement of a lexical classification system influences the ability of a class-
based model to reduce entropy estimates of language. The goal was not so
much to find an optimum classification as it was to ascertain some of the
characteristics of category differentiation that are most useful to a structural
model. The ultimate aim is to develop an approximate classification that
is sufficient for preserving many class dependencies, but one that can be
inferred easily and thereby eliminate the prior knowledge required by class-

based entropy models.

4.2.6 Class complexity

Kazman [65] summarises a widely held linguistic view that much of the syn-
tax of a language may be characterised by the inventory and properties of
its functional categories (i.e. its closed-class words). He further proposes
that the acquisition of syntax by a developing child is a progression from
an invariant base (i.e. innate grammar) to an articulated view of functional
categories. The results from word-based n-gram experiments in Chapter 2
perhaps support these conjectures in that combinations of closed-class words
appear to make the greatest individual contribution to low complexity esti-
mates of language.

An experiment was devised to examine the extent to which functional
categories contribute to the structural regularity of language. Only two of
the 102 most frequent words in the Brown Corpus are not function words,
and those 100 most frequent function words account for more than 50% of
the tokens in the text. Using these words as a simple approximation of the
closed-class, the corpus was re-tagged so that the part-of-speech labels for
these words were left unchanged from the original, while all other words were
tagged with a common label, effectively treating them as one large thematic
category. The text was then compressed using TPD.

Figure 4.4 plots (among other things) a comparison between the TPD
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Figure 4.4: Effects on TPD compression rates of simplified FCs and TCs.

compression performance on the original tagged text (ORIGINAL) and on
the altered text (ONE TCAT). The graph indicates that very little structural
information is lost to TPD despite having 99.8% of its vocabulary treated as
a single class. This suggests support for Kazman’s conjecture—that almost

all syntactic structure is captured in the juxtaposition of functional terms.

To test this further, a second experiment was devised where those 100
most frequent function words were collapsed into a single functional cate-
gory and tagged with a common part-of-speech label, while the tags of the
remaining vocabulary were left unchanged from the AMLAGAM output.
The result after compressing this text with TPD (plotted in the graph of
Figure 4.4 as ONE FCAT) was a substantial increase in the entropy of the

text, apparently confirming the hypothesis that syntax is embodied primarily
in closed-class words.

Given that the top 100 function words account for more than half of the

text, it is possible that the increased entropy observed in the second test is
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simply attributable to loss of meaningful structure for so much of the text,
rather than as a symptom arising directly from differences between open-
and closed-class words. A third test was therefore devised to see if increased
precision in the tagging of thematic words within the parameters of the first

test would result in a net gain in compression.

82% of the vocabulary of the Brown Corpus is comprised of nouns, and
these constitute about a quarter of all tokens in the text. By repeating the
first experiment after adding nouns to the set of words whose category labels
are left unchanged from the output of the AMALGAM tagger, the number
of words in the input that are accurately tagged is increased from just over
50% to about 75%. More plainly, the 100 most frequent function words
and all nouns are labeled as in the original tagged text, and the rest of the
vocabulary is treated as a single unique class. This has the effect of splitting
the class of thematic terms into two subclasses: one comprised of nouns, and

the other made up of all the rest (primarily verbs and adjectives).

The newly tagged text was passed through TPD and the resulting rate
of compression is documented in the graph of Figure 4.4 (TWO TCAT).
This experiment appears to indicate that the additional information made
available when discrimination between nouns and other non-function words is
supported does not translate into improved complexity estimates for the text
as a whole. Although gains of about 0.1 bit per word over a single thematic
category scheme are realised up to about one million characters, beyond this
the extra precision of the noun tag offers no improvement. One possible
explanation is that any decrease in the entropy of the nouns arising from
the additional precision in the tagging scheme may be offset by increased
entropy in the class structure due to greater detail in the contexts. Given
that a thematic tag in this last experiment divides the set of thematic words
from the first experiment almost exactly in two, it should improve the code
for the associated word by about one bit; but it may also double the number
of distinct contexts that include thematic tags, thereby increasing the length
of phrase codes by one bit.

One reason why this explanation is unlikely to be correct is that it assumes
rather specific characteristics for the contexts. The assumption that the

number of phrases doubles when a distinction is made between noun and
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non-noun thematic words rests on an additional assumption that the set of
contexts involving a noun ends up being duplicated but with the noun tags
replaced by non-noun tags. If this were true, then the structural roles of
nouns and non-nouns would be identical and splitting the category would
be pointless, as the compression results indicate. As it is generally not true
that nouns and, say, verbs participate in the same grammatical structures,
however, the phrase dictionary is likely to be entirely different.

A more plausible explanation is that the structural information contained
in the noun tag is actually redundant. Given that determiners predict nouns
very well on their own, any class n-gram that includes a determiner tag al-
ready embodies the necessary context to predict a subsequent noun tag accu-
rately, thus the appearance of the noun tag is inconsequential with respect to
the model’s ability to select the specific noun in question. Other class-based
contexts, such as those with prepositions, may also contain the necessary
information to predict nouns accurately without the need for noun tags, and
similar circumstances may exist for other thematic words as well—as when
auxiliaries predict verbs.

Understanding why subcategorisation of non-function words does not ap-
pear to improve structural predictions is not expedient to the purposes of
this thesis. It is sufficient to observe that almost all category structure re-
quired for obtaining good complexity estimates from class-based n-grams is
adequately represented when a distinction is made between different func-
tional categories, and when content words are recognised as something else

entirely.

4.3 Discussion

The class-based context models outlined in this chapter attempt to make
gains on the basis of two structural assumptions. The first is that knowledge
of a word’s category increases a model’s ability to predict the word itself.
Section 4.1 shows that this assumption alone does not lead to improved com-
plexity estimates because the entropy of the category information is exactly
equal to the reduction in the entropy of the word it is being used to predict.

To make gains from class information, the probability of a category label
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must itself be improved.

The second structural assumption is that the probability of a category
symbol depends solely on the context of preceding category labels. For ex-
ample, the fact that determiners signal onset of a nounphrase means that
appearance of a determiner label not only provides a conditional probability

boost for the associated determiner but for the ensuing noun (or perhaps
adjective) as well.

In principle, part-of-speech traces cannot improve lexical prediction in-
definitely. In the limit, any useful context they provide will be embodied
in the explicit word sequences with which they are associated. But, given
that all language samples are finite, part-of-speech contexts can yield gains
in entropy estimates because they generalise very quickly about very real lex-
ical dependencies—dependencies that are most practically regarded as class-
based. That is, each tag context corresponds to an equivalence class for a
potentitally infinite set of word sequences (assuming new words can be intro-
duced to a language without limit). For example, because the word “goat”
can almost always be used in the same structural context as “cow”, a class-
based model that has seen “goat” can impart its statistics to “cow”, provided

it knows they belong to the same category.

The most important observation made in this chapter is that the preci-
sion of class assignment does not appear to be tremendously important for
exploiting much of the benefit of class-based prediction. The experiments
of Section 4.2 indicate that the distinction between open- and closed-class
words is significant, as are subcategorisations of the latter. However, differ-
entiation between subclasses of open-class words is much less important, and

perhaps even entirely unnecessary for class-based n-gram modeling.

An equally important observation is that even a very crude approxima-
tion of open- and closed-class categories is sufficient to preserve the class-
dependencies that are useful for category-based n-grams. The experiments
outlined in this chapter more or less fixed a boundary between these two
broad categories solely on the basis of a statistical heuristic—namely, the top
100 most frequent words are function words and the rest are not. The re-
sulting compression from an unrestricted category context model was almost

identical for a text tagged using this simple classification method and the
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same text tagged by the more discriminate AMALGAM technique. This sug-
gests that access to the predictive capacity of class contexts can be achieved
without the a priori need for an accurate tagger.

Taken together, these observations create a framework for building a sim-
ple entropy-based n-gram model that exploits the regular structure exhibited
by lexical categories. The goal now is to combine this with the high utility
bigrams of Chapter 2 and the semantic dependencies between close proximity
content words discussed in Chapter 3. This is the basis of the super-adjacency

model introduced in the next chapter.
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Chapter 5
Super-Adjacency Models

Three key observations are made in the preceding chapters. The experiments
in Chapter 2 indicate that word-based n-grams work well for modeling adja-
cent closed-class words, but less well for lexical patterns involving open-class
words. Chapter 3 provides evidence to suggest that a substantial amount of
the mutual information in pairs of close proximity open-class words can be
accessed by using the most recent open-class word as the conditioning con-
text for predicting the next one, ignoring any intervening closed-class words.
And Chapter 4 shows that the distinction between open- and closed-class
categories, combined with some discrimination among closed-class subcat-
egories, is sufficient for capitalising on structural dependencies in a class-
based entropy-model. This chapter shows how all three of these properties
can be exploited through a simple, but unconventional, word-based bigram

technique—the super-adjacency model.

5.1 Function/content n-gram models

Linguists have long recognised a grammatical distinction between function
words (also called grammatical words, closed-class words, or functional cat-
egories) and content words (also called semantic words, open-class words,
or thematic categories), and there is substantial psycholinguistic evidence to
suggest that these two broad lexical classes are subject to entirely different
cognitive processes [48, 80, 36, 54, 50]. This section outlines early attempts
to exploit the differences between these two lexical types through unconven-

109
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tional n-gram models of language. While such systems have been able to
achieve some level of satisfactory performance, they have not been able to do
so without interpolating the statistics of conventional word-based n-grams
into the probability estimates. However, an analysis of their methods and

results suggests that a much simpler approach might be more successful.

5.1.1 A particle/content bigram model

Isotani and Sagayama [56] observed that Japanese sentences have a very
regular form when a distinction is made between content words and particles.
Specifically, a Japanese sentence consists of phrases, each of which typically
consists of a content word followed by an optional particle. Thus a sentence
can be regarded as a sequence of n phrases, where w! is the content word
head of the i-th phrase and w! is the particle tail of that phrase. Isotani and
Sagayama developed an interpolated bigram model that attempts to exploit
this view of Japanese phrase structure as a means for achieving improved
accuracy in sentence recognition tasks.

Isotani and Sagayama contend that the sequence of content words that
results when all particles are ignored “is expected to statistically describe
the semantic relationship between words in the sentence.” Specifically, they
argue that high mutual information can be presumed to exist for pairs of
consecutive content words, and that this can be exploited by an independent
bigram model of the content word sequence. They estimate the probability

of the content word sequence formally as

n
H Pr[wﬂw?-l]*
=1

In a complementary fashion, they contend that syntactic constraints are
exposed in the sequence of particles that results when all content words are
ignored. Japanese particles serve primarily to assign case to the content
words they follow. The nominative case marker -ga, for example, identi-
fies the subject noun of a sentence, and as a consequence it is very rare for
it to appear in successive phrases. Further, postpositions (which are also

treated as particles in the model) exhibit regular sequential behaviour, as
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when kara, meaning “from”, is often followed by made, meaning “to”. Syn-
tactic regularities such as these can be statistically modeled by dedicated

particle-to-particle bigrams, and the probability of the particle sequence can
be calculated in isolation using

n
H Pr[wf|wf_1].
i=1
If this view of Japanese sentence structure was sufficient to cover all well-
formed expressions, and if independence between the particle and content

word sequences can be assumed, then sentence probabilities could be esti-

mated as

Pr[S] ~ fIPr[wﬂwf_l] x Pr[wl|wl ).
i=1

Unfortunately, there are a number of sequential exceptions that upset this
calculation. One difficulty is that the first phrase of a sentence has no prior
context for predicting its particle or content word. To avoid this, Isotani and
Sagayama assume a dummy phrase' at the start of each sentence. A similar
problem arises when a content word is not accompanied by a particle—as with
nouns whose case is unmarked, such as ergative or absolutive. In situations
such as this, their model assumes a null particle between the adjacent content
words.

The situation is more troublesome for adjacent particles, as when several
auxiliary verb particles are applied to the main verb. In such cases, Isotani
and Sagayama choose simply to ignore all but the last particle. While at first
it may seem an unsatisfactory feature of a language model to simply ignore
terms in this way, it is important to remember that Isotani and Sagayama
were not interested in complexity measures per se. Their goal was instead
to develop a solution to the candidate sentence selection problem [40] and,
to that end, they needed only the ability to assign a higher probability to a

correct response than to any other candidate sentence.

1The exact nature of the dummy phrase is not elaborated upon in their report [56].
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5.1.2 Experiments with particle/content bigrams

To examine the extent to which particle-to-particle bigrams (hereafter called
P-P bigrams) and content word-to-content word bigrams (hereafter called
C-C bigrams) can contribute to accurate candidate selection, Isotani and
Sagayama conducted a series of tests with twelve samples of spoken Japanese
sentences. They compared the accuracy obtained using just P-P bigrams
against that obtained from using just C-C bigrams, and also against a third
model that combined the two (hereafter called the P-P + C-C model). While
the two simpler models achieved comparable levels of accuracy, the particle
bigrams fared slightly better overall—with an average of 69.2% for the P-P
model as compared to 68.3% for the C-C model—and outperformed the con-
tent word model in eight of the twelve individual tests. In all cases, however,
the combined P-P + C-C model outperformed both of the dedicated bigram
models; by at best 6.9% and at worst by just 0.3%. The researchers con-
cluded that P-P bigrams and C-C bigrams did in fact capture independent
linguistic information.

Isotani and Sagayama hypothesised that strong inter-phrase correlations
might exist between the particle of a phrase and the content word of the next
phrase—dependencies that could not be captured in the P-P 4+ C-C model.
To test this, they constructed a model based just on particle-to-content word
bigrams (hereafter called P-C bigrams) and tested it using the same twelve
language samples. For seven of the samples, this model did better than
either of the P-P or C-C models, and it was never worse than both. A more
important observation, however, is that the P-C model did better than the
P-P + C-C model a third of the time—apparently confirming the hypothesis.

To incorporate inter-phrase dependencies, Isotani and Sagayama con-
structed yet another model that interpolated the statistics from all three
types of simple bigrams (P-P, C-C and P-C bigrams). In this model, the

probability of a sentence is estimated using

o (Priwfwly] x Pr{wfwl ] x Pr{w}|w]_,]
Pos)= 11 Pl ‘

Subsequent experiments found the overall average performance of this model
to be better than the P-P + C-C model (73.8% compared to 72.4%), but
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worse 1n four of the twelve individual tests.

On the basis of all their experimental results, the researchers concluded
that the three basic bigrams (the P-P bigrams, C-C bigrams and P-C bi-
grams) “have independent information about inter-phrase connectivity”, and
that an interpolated model that utilises all three bigram types simultane-
ously “can catch the syntactic and semantic relationships between words in

Japanese sentences by estimating probabilities from a large text database.”

5.1.3 Analysis of particle/content bigrams

Isotani and Sagayama do not include specific sentence probabilities in their
report, and in the absence of this information it is difficult to say how effec-
tive their approach might be as an entropy-based model of language. Even
comparisons against conventional bigram models would provide a basis for
speculation, but these also do not appear as part of their experimental re-
sults. Nevertheless, there are observations and issues related to their studies
that merit some comment.

One can view the set of terms constituting the vocabulary of a language as
being the union of two non-overlapping subsets: a subset F' of all functional
terms and a subset T of all thematic terms (i.e. content words). A conven-
tional bigram model of the language thus has (F + T)2 = F?2 + T? + 2FT
independent parameters. The interpolated model proposed by Isotani and
Sagayama employs three different types of bigrams in its calculations. The
P-P bigrams are constructed from functional terms only, and there are F
many of them. There are also 72 many C-C bigrams, and F x T many
P-C bigrams. Their interpolated model thus has F' x T fewer parameters
than the conventional model, where the missing elements are of course the
intra-phrasal C-P bigrams.

In light of the claim by Isotani and Sagayama that “particles mainly con-
vey case information about the content words preceding them”, one might
expect a strong correlation between the content word and particle within a
given phrase, and that exclusion of C-P bigram statistics would therefore
undermine the accuracy of their probability estimates. The researchers ex-
plain that their decision to omit these bigrams is based on the fact that input

sentences are parsed into phrases prior to training, and that “an intra-phrase
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CFG is used for phrase recognition, therefore, only the particle-to-content
word bigram is taken into account”. The intra-phrase information to which
they allude is specifically that of content-to-particle dependencies.

This explanation does not obviate the question as to whether estimates of
sentence probabilities can be as good as those given by a conventional bigram
model if C-P bigrams are not factored into the calculation. Given that the
three bigram types they ultimately use all target inter-phrasal dependencies,
these could not subsume the missing information. In order for this method to
be more effective than the conventional model, then, the predictive contexts
discovered through syntactic abstraction must be sufficient to compensate for
any loss attributable to the unused intra-phrasal bigrams. Obviously P-C
bigrams cannot make up this deficit as they correspond to conventional word
bigrams, thus the gains would have to come from either or both of the P-P
or C-C bigrams.

Languages that have overt case-marking, as Japanese does, generally per-
mit more liberal word-order in sentence construction than is possible for un-
cased languages, which must rely on fixed canonical orders to imply case,
as with the subject-verb-object order of English. Japanese does have a pre-
ferred canonical word-order of subject-object-verb, but a speaker can move
any nounphrase to the start of a sentence if it is desirable to increase its
importance in the utterance. In addition, some nounphrases can in many
instances be assumed, and as a consequence they are often omitted from sen-
tences. Given such flexibility in the use of case-marked nouns, it is not likely
that the statistics of P-P bigrams are on their own sufficient to offset the loss
of intra-phrase correlations. More plainly, a noun in a conventional Japanese
bigram provides about as good a predictive context for its case-marker as
would the particle of the preceding phrase. So it must be that if the model
proposed by Isotani and Sagayama is in any way superior to conventional
bigrams it is because of its ability to better exploit the mutual information

of close proximity content words through C-C bigrams.

5.1.4 A function/content word trigram model

Like Isotani and Sagayama, Geutner [46] observes that standard word-based

n-grams generally fail to capture genuine linguistic constraints. As an alter-
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native, she proposes a model of English that uses the distinction between
function words and contents words to gain access to the local constraints
that effectively correspond to syntactic and semantic knowledge.

Geutner’s idea is to use an unconventional trigram model, where the
prediction of the word w; is based on the context of the preceding word w;_,
combined with either the most recent content word ¢ if w;_; is a function
word, or with the most recent function word f if w;_; is a content word. More

formally, the probability of a word is estimated as

Pr[w] = ifw;_;is a content word  Prw;|f, w;_4]
7| fw;i_1is a function word Prlw;|c,w;_;]

Geutner uses the sentence “we will ride on the bus” as an example in support
of her reasoning. In a conventional model, “on the” provides the context
for predicting “bus”, but Geutner contends that “ride the” is just as good
a predictor. Though she does not elaborate further, one might presume
her claim rests on the observation that both models include the determiner,
which serves to predict an ensuing noun, and while the preposition within
the standard context further constrains that noun to be likely a referent to
something that can have something else “on” it, the verb in Geutner’s so-
called function/content trigram provides a more restrictive semantic clue:
that the referent will likely be something that one can “ride” and, hence,
implicitly be “on” as well.

Despite the apparent soundness of her function/content word trigram
idea, empirical studies by Geutner produced much higher complexity esti-
mates than those obtained by a conventional trigram model. Geutner is
not surprised by this, stating candidly that “as to be expected, the func-
tion/content word model has no use on its own”. She does, however, maintain
that the model is able to capture distinct linguistic knowledge that can be
interpolated with a parallel word trigram model to give improved complex-
ity estimates—just as Isotani and Sagayama interpolated particle-to-content
word bigram statistics in their probability estimates. Though Geutner does
not include a description as to how the interpolation is effected, she does
provide results from several experiments that show her combined model out-

performing conventional trigrams by about 4%.
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5.1.5 Analysis of function/content trigrams

Geutner’s results are disappointing in that the function/content word model
does not by itself make good on its potential for translating syntactic and
semantic dependencies into improved complexity estimates. More plainly,
that the model has to be combined with standard word-based trigrams before
delivering its picayune gains suggests that it fails to capture the targeted
dependencies effectively.

Indeed, there does not appear to be much linguistic basis to Geutner’s
approach. Consider that there are only four types of function/content word

trigrams possible in her model.

Wi-2 Wi—1 Wy

c f

f
f c c

c f f

c f c

If the word to be predicted is a content word then it is unlikely the most
recent preceding function word can contribute much to conditioning an ac-
curate probability. The function word may offer some clue about the category
of the next word, as when a determiner signals imminent onset of a noun,
and may even project some agreement constraint, as when a singular deter-
miner normally constrains the following noun to be singular. But adjectives
also predict nouns; so too do verbs to some extent; and a subject noun not
only foreshadows the main verb implicitly but often also projects exactly
the same agreement relation as might be dictated by the noun’s determiner.
More plainly, the most recent content word will often subsume the predictive
potential of the most recent function word. Given that all contexts for pre-
dicting a content word also include the next most recent content word, the
potential contribution of the function word is quite likely marginalised.

If, on the other hand, the word to be predicted is a function word then
the most recent content word is similarly not likely to be of much help. A
subject noun, for instance, may tend to be followed by an auxiliary, and
the auxiliary may even have to agree with the noun in terms of person or
number features, but the noun’s determiner will often embody the very same

constraint information. Further, verbs are often followed by adjunct phrases
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that begin with a preposition followed immediately by a determiner. In that
respect, the verb may be said to predict the determiner, but no more so
than the intervening preposition. In the sentence supplied by Geutner, for
example, the probability of “the” is estimated from a function/content word
trigram as Pr[the|ride,on]. Though the verb transitivity certainly suggests
a direct object and therefore the determiner of the object’s nounphrase, the
preposition “on” subsumes this predictive potential almost entirely.

Insofar as these conjectures are correct, they suggest that there is little to
be gained by combining function and content words within the same predic-
tive contexts. Any potential the lexical distinction might have for capturing
syntactic and semantic dependencies would be just as accessible in a bigram
model that predicts each function or content word from the most recent word
of the same class, as was originally proposed by Isotani and Sagayama. What
is uncertain is whether such a model can be extended as a complete account
of language—without the need for dropping words or introducing dummy
terms—and whether inter-class dependencies (between function and content

words) can be incorporated efficiently and effectively.

5.2 The super adjacency model

If one divides the vocabulary of a language into the two broad classes of
content words and function words, then language can be viewed as the in-
terlacing of two streams, one comprised only of the content words and the
other solely of function words. Two words are said to be “super-adjacent” if
they are next to each other in either of the two streams. By garnering sep-
arate bigram statistics for each stream of super-adjacent terms, the unique
sequential characteristics of the streams can be modeled independently. It is
argued that the nature of the interaction between the two streams is implicit
and class-based, not explicit and word-based, and thus inter-sequence depen-
dencies can be captured through the use of an escape symbol that manages
the transfer from one super-adjacency model to the other. The net effect
is a parallel model that preserves the most useful bigrams of a conventional
approach and simultaneously increases the incidence of adjacency for pairs of

content words with high mutual information. The result is a more compact
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model that delivers better estimates of language complexity than is possible

from standard bigrams.

5.2.1 Sequential agreement effects

The ways in which words can be combined together to create well-formed
sentences are governed by the syntactic constraints of a language. Such con-
straints may be dictated by rules that explicitly define permissible structures,
or by more sublime heuristics that indicate preferential orderings for success-
ful communication. Whatever the exact nature of the underlying generative
mechanism, the output effect is a lexical sequence with conspicuous statistical
properties wherever true linguistic dependencies arise.

Broadly speaking, there are three kinds of agreement phenomena appar-
ent in the surface structure of language: 1) syntactic agreement structure
emerges as intra-phrasal patterns within constituent elements, and as inter-
phrasal patterns within complete sentences; 2) semantic agreement is ob-
served as patterns of thematically related words whose juxtaposition reflects
coherent intension with respect to the present topic of discourse; and 3)
inflectional agreement morphology is manifest as correlations between sub-
categorisations embodying more abstract lexical features like number and
tense.

Syntactic agreement structures are components of isolated sentences and
do not extend across sentence boundaries. Following from the arguments
of Chapter 2 and Chapter 4, the essential characteristics of such structures
are determined by the functional categories of a language, a view that is
consistent with modern theories of syntax [44, 109, 64]. Isotani and Sagayama
proposed that the statistical properties of these structures can be suitably
approximated by a bigram model of the sequence of function words that
remains when all content words in a language sample are ignored, and this is
the approach adopted by the super-adjacency model described below. Unlike
the model defined by Isotani and Sagayama, however, the entire function
word sequence is modeled without alteration—that is, no functional terms
are dropped or inserted to compensate for unwanted irregularities.

Semantic agreement pertains to the appropriate combination of thematic

terms to produce coherence of meaning in sentences. In broader discourse,
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semantic regularities may extend across sentence boundaries given that in-
tension of adjacent sentences are often related. Following the argument of
Chapter 3, semantic agreement is reflected in high mutual information for
pairs of co-occurring words, and it can to a great extent be captured by a bi-
gram model of the content word sequence that results when all function words
are ignored. This is the view taken by Isotani and Sagayama in their par-
ticle/content word model, and it is maintained here in the super-adjacency
model. However, unlike the particle/content word model, super-adjacency
ignores sentence boundaries in the content word sequence and therefore has
no need of dummy content words to provide context for the first semantic
term in a sentence.

Inflectional agreement morphology is the extension to structural agree-
ment needed to enforce compatibility for the inflectional attributes of words—
as when a noun must agree in number with its associated determiner (e.g.
“that dog” as compared to “those dogs”). Manifestation of this form of
agreement often involves morphological transformations that modify a base
semantic root to an appropriately inflected surface form, frequently by affix-
ing a inflectional morpheme—such as the -ed or -ing tense suffixes of regular
English verbs, or the -s plural marker for countable nouns. The statistical
effect of inflectional agreement is strong correlation either between inflec-
tion markers or between inflection markers and function words. In fact, it is
generally held that inflectional affixes are distinct elements within the func-
tional categories of a language [48, 66|, and their agreement effects are more
properly viewed simply as regular syntactic agreement structures [64, 29]. If
inflection markers can be disentangled from their associated roots and treated
as independent function words, then their agreement behaviour is subsumed
by a model of syntactic agreement structures. This is the view taken by the
inflectional super-adjacency model outlined in Chapter 6. The remainder
of this chapter, however, is restricted to the more fundamental problem of

modeling whole-word agreement phenomena.

5.2.2 A bigram model of super-adjacency streams

Given the above descriptions of the particle/content word bigram model by

Isotani and Sagayama, and the function/content word trigram model by
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function word the up into a
stream fl f2 f3 f4 f5

the cat ran up into a tree
sentence

Wy W2 W3 W4 W5 W6 W7 W8

content word cat r1an tree

stream c c, cs

Figure 5.1: A sentence as interlaced function and content word streams.

Geutner, the basic mechanism of a super-adjacency model is easily stated.
A language sample is viewed as the product of interlacing two separate lex-
ical streams: one stream comprised entirely of content words and the other
entirely of function words, as depicted in Figure 5.1. The probability of a
word w is made conditional on the context given by the most recent word of
the same type. Formally, if ¢ is the most recent content word and f the most

recent function word, then

ifw is a content word Pr{w|c]
Prlw] =

ifw is a function word Pr[w|f]

End-of-sentence markers are regarded as function words by the super-adjacency
model, thus the first function word of a sentence has the end-of-sentence
marker from the previous sentence as its conditioning context. In compar-
ison, no sentence boundaries exist in the stream of content words, and the
first content word of a sentence is predicted based upon the context of the

last content word in the preceding sentence.
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The probability of a sentence can, in part, be calculated as the product
of the conditional probabilities of its words. Given a sentence with n con-
tent words and m function words, where cq is the last content word in the
preceding sentence and fo is the end-of-sentence marker for the preceding
sentence, the probability of the sentence S produced when the two streams

are combined can be approximated as

Pr[S] ~ [] Prlcilei-a] x ] Prlfj|f;-1]
i=1 =1

This formula does not by itself assign a probability to a specific sentence;
rather it assigns a probability to the set of sentences comprised of the spec-
ified function and content word sequences. No account is provided for the
precise manner in which the two streams interlace. Viewed another way,
given the set of bigrams used to estimate the probability from the formula
above, it is possible to reconstruct the sentence only to a limited extent.
The function words involved, and their order with respect to each other, are
known, as are the content words and their order, but the exact points where
the two streams come together is unspecified. Given the stream of function
words and the stream of content words, it is possible for a speaker of that
language to make quite sound guesses as to how the two are interlaced, but
the additional linguistic and world knowledge required to do so is not avail-
able to a sequential model. The uncertainty of the interaction necessarily
entails additional cost in the entropy of the sentence, thus the goal is to find

a way to model it as efficiently as possible.

5.2.3 Modeling stream interaction

There are three methods by which an n-gram model can provide an account
of how the streams of function words and content words interlace, and il-
lustrations of these methods are given in Figure 5.2. One way is to insert a
marker (SC) into the stream of function words at each point where a content
word ought to appear. The marker is treated as an additional functional
term: a category symbol for the set of semantic terms. The modified func-

tional stream is modeled independently using function word bigrams; but
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a)
— the — SC— SC —up—into—~a — SC — .
f; £, £5 £ s £ £, fg
cat ran tree
G & C3
b)
the up into a
£ £, 5 £ £

f I I

— FC — cat—ran — FC — FC— FC—tree — FC

c C; G3 Cy cs ¢ & Cg
c)
— the — SC up ~into—a — SC
cat—ran— FC tree ~ FC
Gt & G Cq Cs

Figure 5.2: Three options for modeling stream interaction.

whenever a semantic category symbol is encountered, processing is momen-
tarily transferred to the content word bigram model. The content word is

predicted and processing returns to the function word model immediately
afterward.

A second method, depicted in Figure 5.2b, is the complement of the first.
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A marker (FC) is inserted into the stream of content words wherever a func-
tion word would normally appear. The marker is treated as an extra content
term: a category symbol for the functional class. The content word stream
is modeled using content word bigrams and processing is momentarily trans-
ferred to the function word bigrams whenever a function category symbol
is encountered. After the function word has been accounted for, processing

returns to the content word model.

The third option, illustrated in Figure 5.2c, is a blend of the first two. A
semantic category symbol is inserted into the function word stream at each
point where a contiguous sequence of content words would normally be found.
Similarly, a functional category symbol is substituted into the content word
stream for each contiguous subsequence of function words. The functional
stream i1s modeled by function word bigrams and when a semantic category
symbol is encountered processor control is transferred to the content word
model. The content word model continues to be used until a functional cate-
gory symbol is discovered, at which point control is returned to the function

word model, and so on.

There are a number of reasons why the first method is preferred. First,
the position of content words is a property of syntax, and syntactic depen-
dencies are largely given by the functional structure of sentences. Moreover,
function words often foreshadow a subsequent content word at the category
level—for example, determiners predict adjectives and nouns quite well, and
auxiliaries predict verbs. Content words, on the other hand, do less well at
predicting functional terms. While a subject noun may, for example, increase
the probability of, say, an auxiliary, there is nothing in an n-gram model to
provide the necessary case information for this. A noun is just a noun and as
such offers little clue as to whether the next word will be a verb, an auxiliary,

or an end-of-sentence marker.

Second, both of the other methods involve interrupting the stream of
content words with a functional category symbol. Having category symbols
adjacent to content words interferes with the content word bigram model’s
ability to exploit the mutual information of close proximity semantic words.
This could be avoided by ignoring functional category symbols when it comes

time to predict the next content word, so that when control returns to the
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semantic model the next content word is predicted based upon the context
of the most recent content word regardless of whether there is an intervening
functional category symbol. Unfortunately, this increases the statistics of
the predicting context as it must now predict both the adjacent functional
category symbol and the content word that follows. To avoid this, an addi-
tional set of content word bigrams must be maintained for situations where
a category symbol must be ignored, but this entails a significant increase in
the size and complexity of the model.

Regardless of speculations about what may happen, the most important
reason for using the first method is that it gives better entropy results in
empirical studies. Before the relevant experimentation can be discussed,
however, it is necessary to clarify one more detail of the super-adjacency

model: how the distinction between function and content words is made.

5.2.4 The function word class

Fundamental to the super-adjacency model is a requisite ability to distinguish
between function words and content words. Given that these two broad
categories are nonoverlapping in the super-adjacency model, it is sufficient
to define just one of them; the other is implied as the complement portion
of the vocabulary. The set of content words is often referred to as the open
class because it is subject to limitless new additions. For example, new proper
nouns for people, places and products, the neologisms of technological jargon,
and words borrowed from foreign languages are constantly incorporated into
the vocabularies of the world’s languages. In comparison, the set of function
words is often referred to as the closed class because its membership is more
or less fixed. That the number of function words is very much smaller than
the number of content words is a further incentive to define the closed class.

As far as intuitions go, linguists are more or less agreed about the prop-
erties that distinguish a function word from a content word. Function words
are generally more abstract in meaning than content words, with their role
in language being primarily syntactic as opposed to semantic. They typically
do not bear stress in spoken language, though deliberate emphasis is possible,
and they do not enter freely into word formation processes, like compounding

and derivation. Furthermore, the fact that function words tend to appear late
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in the productive vocabulary of children acquiring their first language, and
that the facility for recognising function words can be selectively impaired in
aphasic adults suggests they are subject to different mental representations
and processes than content words [20].

Despite general agreement about the linguistic attributes of function
words, there is no clear consensus as to precisely which words are functional
and which are not. Even so there are a number of heuristics available for
approximating the closed class. Most are based on a conspicuous statistical

property of function words; namely, that they are generally very much more

frequent than content words.

Dictionary method

Function words are exemplified by minor grammatical categories, including
prepositions, determiners, auxiliaries, pronouns, possessive adjectives, and so
forth. Viewed another way, content words are nouns, verbs, adjectives and
adverbs, and function words are pretty much all the rest. Thus one way to
derive the set of function words is simply to scan through a dictionary and
gather up all words that do not belong to a content word category.

There is some difficulty with this method in that a few words belong to
both semantic and functional categories (such as copula verbs, some inter-
jections and some prepositions). A conservative ad hoc solution might be
to only include a word if none of its listed categories are of the four major
semantic types. But, given that the ultimate goal of the language model is
to deliver low entropy estimates, it is perhaps undesirable to exclude a high
frequency word that is most often used as a grammatical term just because it
may occasionally be used in an overtly semantic sense. Thus a more practi-
cal heuristic might be to make decisions based upon the preferred (i.e. first)
category associated with a word. Using a machine readable version of the
Oxford English Dictionary, 248 words of the Brown Corpus vocabulary are

deemed to be members of the closed class using this selection criterion.

Top 100

The dictionary method outlined above differentiates between function and

content words based upon the grammatical judgments of language experts—
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specifically, judgments made by the lexicographers who compiled the dic-
tionary. While linguists may disagree as to the which words are functional
and which are not, the judgments made by the lexicographers are perhaps
as sound as can be hoped for. In the absence of expert linguistic knowledge,
however, decisions about closed-class membership can still be made based on
the statistical properties of function words.

Caplan claims that “there are approximately 500 or so function words in
English, and, of the 100 most common words in English, most are function
words” ([20], page 267). On the assumption that the grammatical impor-
tance of the other 400 function words diminishes proportionately with their
decreasing frequency, a practical approximation of the closed class might sim-
ply be to use the 100 most frequent words from a large representative sample
of English. While some erroneous inclusions are likely to occur from this
method, and some oversights certain, the statistical significance of the 100

most frequent words may be sufficient for the purposes of a super-adjacency
model.

1% solution

The errors and omissions that occur when the 100 most frequent words are
defined to be the closed class arise in response to specific characteristics of
the sample used. If the training text happens to include excessive treatment
of, say, household appliances, there is some risk that words like “toaster” and
“refrigerator” will make it into the approximated closed class, even though
they are not typically among the 100 most frequent words of English in
general. Moreover, some bona fide function words may just fall outside of
the top 100 as a direct consequence of two or three content words appearing
with unusual frequency in the training sample.

Side-effects from inaccurate lexical probabilities attributable to the id-
iosyncrasies of the sample can be mitigated by taking the intersection of
vocabularies from several large and disparate language sources before gar-
nering the set of function words. Because function words are grammatical
terms required by English syntax as a whole, they have a high likelihood of
appearing in any sufficiently large sample, and thus will be preserved when

the vocabularies of several such samples are intersected. Conversely, while
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any one sample may have some number of unusually frequent semantic terms,
it is unlikely that such terms will occur in all large samples, thus they are
eliminated when the intersection is taken.

Once idiosyncratic terms are removed, the proportion of function words
at or near the top of the frequency-sorted intersection vocabulary tends to
be greater than it is in the vocabulary of any one sample. This permits
consideration of a greater number of most frequent words when approximating
the closed class. Given the ratio of function to content words in English, it
has been proposed that the top 1% of most frequent words in an intersection
vocabulary is a good approximation [104]. When this approach is taken using
machine readable versions of four large novels, each with vocabularies greater
than 11,000 words— Wuthering Heights, Moby Dick, Far from the Madding
Crowd, and Dracula—the result is a closed class with 83 words.

Split points

Two other heuristics have been proposed to partition a frequency-sorted vo-
cabulary into the sets of function words and content words. One is based on
the observation that approximately half of all tokens in a typical sample of
English are function words [98]. The suggestion is that a fair approximation
of the closed class can be established using the minimum number of most fre-
quent words needed to account for 50% of the tokens in a large representative
sample of English. Using the statistics of the Brown Corpus, 102 words are
included in the functional set using this method—just slightly more than the
top 100.

Another technique was proposed to isolate content words for a model that
automatically derives inflectional suffixes [100]. The idea is based on Zipf’s
principle of least effort—a theory advanced to explain the many harmonic
distributions found in a variety of data sets, but a theory that is perhaps
more impressive than perspicuous [115]. The partitioning algorithm plots the
hyperbolic distribution of a vocabulary ordered by frequency, then divides it
into function words and content words at the knee? of the curve. Applied
to the vocabulary of the Brown Corpus, the 210 most frequent words are

established as the closed class. Subjective analysis of this set identifies almost

2the point on the curve closest to the origin
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50 words that would more appropriately belong in the set of semantic terms.
That only three of these are regularly inflected, however, perhaps accounts
for the suitability of this method in the application for which it was originally
suggested.

Given that both of these techniques, and the top 100 method, simply as-
sume some number of most frequent words as an approximation of the closed
class, a more systematic approach for studying this heuristic is simply to try
different partition points in the sorted vocabulary and observe the complexity

estimates that result. This approach is adopted in the experiments outlined
below.

5.3 Experimentation

This section outlines a series of experiments designed to measure the per-
formance characteristics of super-adjacency models given a diverse range of
predefined function word sets. The results show that super-adjacency models
perform well under a variety of initial conditions, both in terms of per word
entropy estimates and model size. Analysis of the final models indicates a
strong correlation between performance and the number of unique instance
content word bigrams, and it is hypothesised that a much smaller and more
general model could be made to deliver even better complexity estimates
if morphological inflection could be incorporated into the super-adjacency

paradigm—a conjecture explored more fully in Chapter 6.

5.3.1 Per word entropy

A super-adjacency bigram model preserves most of the useful bigrams of a
conventional model. That is, all pairs of adjacent function words and all pairs
of adjacent content words normally captured as standard bigrams are also
captured in a super-adjacency model. Bigrams that combine a function word
with a content word, however, are reduced to one of two more general types.
Function-to-content word bigrams are transformed into bigrams where the
function word predicts a content category symbol, and content-to-function
word bigrams are reduced to a context where the content category symbol

predicts a function word. Given that the relationship between function words
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and content words is primarily categorial, as argued in Chapter 4, very little
contextual information is lost by such generalisation.

The advantage of a super-adjacency model is that consecutive content
words which are not adjacent in a sentence can be treated as if they were.
Given that close proximity content words tend to have high mutual infor-
mation, the super-adjacency approach increases the availability of these low-
entropy relationships. The gains that follow tend to be more than sufficient
to overcome any losses from the generalisation of function-to-content word
and content-to-function word bigrams. Moreover, as there are fewer possible
super-adjacency bigrams than possible standard bigrams, accurate probabil-
ities are conditioned more quickly in a super-adjacency model.

A series of experiments was devised to test the hypothesis that a super-
adjacency model will outperform a conventional model in terms of its ability
to deliver low estimates of language complexity. A second and more inter-
esting objective of the experiments was to explore how changes to the initial
approximation of the closed class affects the overall performance of the model.
The language sample used for test input is the Brown Corpus, preprocessed
in the manner described in Section 2.2. The controlled (i.e. explanatory)
variable is the approximation of the set of function words, and the random
(i.e. response) variable is the per word entropy given by the model.

Figure 5.3 shows a graph of the average symbol entropy for the Brown
Corpus given a broad range of initial function word sets. Per word entropy,
expressed in bits, is given on the y-axis, and the x-axis corresponds to the
base-2 logarithm of the number of most frequent words included in the closed
class approximation. There are several useful observations to be made from

these experimental results.

Two forms of standard bigrams

The rightmost point on the curve plots the average symbol entropy when all
44,519 words in the Brown Corpus vocabulary are included in the function
word set. The net effect is that the entire corpus is modeled using function
word bigrams alone (i.e. no content category symbols are ever encountered),
thus the result is equivalent to what is obtained from a conventional bigram

model—approximately 6.486 bits per word.
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Figure 5.3: Effect of function word set on entropy/word.

Correspondingly, the leftmost point on the curve plots the average symbol
entropy when no words are included in the function word set. In this instance,
the entire function word stream is treated as an uninterrupted sequence of
content category symbols, and every word is modeled using content word bi-
grams. The entropy of the category symbols is exceedingly small (effectively
zero) in the functional model, and the overall result is again equivalent to

what is obtained from standard bigrams.

Superior performance

The graph shows that, for function word sets comprised of between about
4 and 2000 (i.e. between 2 and 11 on the logarithmic scale) of the most
frequent words, super-adjacency models of the Brown Corpus give better av-
erage complexity estimates than a conventional model. The set sizes selected
for analysis where chosen to produce a graph indicative of the overall rela-

tionship between the controlled and random variables. However, the cluster
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of points around the 100-word mark (i.e. about 7 on the logarithmic scale)
reflects additional class sizes tested in an effort to zero-in on the optimum
function word set. The best result was delivered when the 95 most frequent
words were defined to be the closed class, with a per word entropy of ap-
proximately 6.03 bits—an improvement of just over 7% on the conventional

bigram model.

Special cases

Also included in the graph are two additional points indicating the per word
entropy from two specific closed class approximations. The 248 function
words gleaned from the Oxford Dictionary resulted in an average symbol
entropy of approximately 6.062 bits. As it happens, this result differs by less
than 0.0003 bits from that obtained when the closed class was taken to be
simply the 248 most frequently used words—but, surprisingly, this difference
is in favour of the 248 most frequent words, indicating that a statistics-based
approximation is perhaps slightly more useful when minimising language
complexity is the primary goal. The second point plots the result when the
83 most frequent words from the 1% solution (Section 5.2.4) is used. This
approximation produced a noticeably poorer per word entropy than the 83
most frequent words from the Brown Corpus—approximately 6.063 bits per

symbol for the former as opposed to 6.038 for the latter.

Inferior models

Two other notable features of the graph are the two regions where per word
entropy from a super-adjacency model is worse than for standard bigrams.
For a super-adjacency model whose function word set consists of just the
two most frequent symbols (the definite article “the” and the fullstop end-
of-sentence marker “.”), 90% of its bigrams correspond to those from a con-
ventional model, while the rest correspond to consecutive but non-adjacent
content words with presumably high mutual information. One might there-
fore expect this model to give at least marginally better complexity results
than the conventional one, but the reality is that the average symbol entropy
rises slightly to 6.513 bits.

The only explanation is that the mutual information for the super-adjacent
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content terms is less than expected—specifically, it must be less than the
combined mutual information each content word has with the intervening
function words. It is possible to show that this is in fact what happens, but
an analysis based on our own linguistic intuitions is sufficient to see why it
happens. Consider the situation for complex nounphrases like “outcome of
the experiment” and “eclipse of the moon”. In a conventional model, “of
the” is by far the most common bigram, but in a super-adjacency model
that has just “the” and “.” in the function word set, the word “of” is gen-
eralised to the content category symbol, and its predictive capacity in the
syntactic model is lost. Further, the sequential relationship between “of”
and the following noun is considerably weaker than the relationship between
the intervening determiner and that noun, thus there is additional increase in
entropy when “of” is counted among the content words. Moreover, because
the content word “of” stands between two genuine content words with high
mutual information, their semantic relationship cannot be capitalised upon

because they are not super-adjacent.

When the function word set size is increased to three, “of” is incorporated
into the functional sequence. As a consequence, the syntactic relationship
between “of” and “the” becomes available in the functional stream, and the
high mutual information of the close proximity content words is made acces-
sible for the semantic model. Given that this form of nounphrase is so very
common, the result is a significant improvement in the overall complexity
estimate.

At the far right of the graph (where function word sets are larger than
about 3000 words) is a much broader region where entropy estimates are
worse than from a conventional model, but here the effect is much easier to
understand. As the size of the function word set increases, more and more
of the conventional bigrams are moved to the function word stream. As a
side-effect, unbroken strings of functional terms become longer and longer
so that whenever the semantic model is triggered the distance between the
conditioning content word and the content word to be predicted tends to
be quite large. As demonstrated in the discussion on semantic latency in
Section 3.1.1, the more distant two content words are, the less likely they

are to have high mutual information, and this is the observed effect in these
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experiments. The penalty only disappears when the entire vocabulary is

moved into the functional set and the conventional model is emulated again.

5.3.2 Model size

Super-adjacency models based on a closed class of about 100 words give bet-
ter entropy estimates than do conventional bigram models, though the gains
are not extreme. In the best case, based on the experiments in the preced-
ing section, the complexity estimates from super-adjacency bigrams are just
over 7% better than those obtained from standard bigrams—not much bet-
ter than the 4% improvement realised by Geutner’s function/content trigram
model. Geutner, however, interpolated statistics of conventional word-based
trigrams with those from her unconventional function/content trigrams, cre-
ating a significantly larger model than the standard approach. The super-
adjacency technique, in comparison, can deliver improved performance from
fewer bigrams than is required by a standard model.

Recall from Section 5.1.3 that a vocabulary comprised of F' functional
terms and T thematic terms leads to a comprehensive conventional model
with (F+T)? bigrams. For the super-adjacency model, there are only F?+T?
bigrams in the worst case (although there is one additional functional term
in the form of the content category symbol), thus 2 x F' x T bigrams are
saved. Given the 44,519 words in the Brown Corpus vocabulary, an exhaus-
tive super-adjacency model with 100 function words has almost 9 million
fewer bigrams than a complete conventional model.

Comparing the worst case model sizes of these two modeling paradigms
is only of marginal interest, given that both are in ©(n?). What is generally
more interesting is how many of the potential bigrams are actually used
when modeling a large language sample. The more compact a model is,
the less vulnerable it is to the problem of data sparseness, allowing accurate
probabilities to be conditioned more quickly.

Compactness

Figure 5.4 plots the relationship between the size of the function word set

(expressed on the x-axis and scaled to the base-2 logarithm) and the number
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Figure 5.4: Effect of function word set on model size.

of distinct bigrams that result (expressed without scaling on the y-axis) in
the corresponding super-adjacency model of the Brown Corpus. The graph
shows separate curves for the number of function word bigrams and for the
number of content word bigrams (the two bottom lines), and the third curve
plots the sum of the other two. Once again, the end points correspond to
two emulations of the conventional model—on the extreme left is the empty
function word set (actually one that has just the content category symbol)
and on the extreme right is the model for which the entire vocabulary is

deemed the closed class.

The graph indicates that, for small function word sets, the number of
bigrams in the super-adjacency model is actually greater than it is for the
standard model. The worst case occurs when the 16 most frequent words con-
stitute the closed class, at which point the model is just over 16.5% larger
than a conventional one. Almost all of the excess comes in the form of

content-to-content word bigrams, indicating that, contrary to initial specu-
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lations, the extraction of a small number of high frequency words fails to
create greater regularity in the content word stream. Viewed another way,
the amount of additional mutual information made available by ignoring a
small number of function words comes at the price of increased model size.
As the size of the function word set grows, the overall number of bigrams
in the super-adjacency model ultimately begins to decrease, dipping below
the size of the conventional model when the closed class includes around
200 of the most frequent words. Although the number of distinct function-
to-function word bigrams begins to increase dramatically at this point, the
rate of decrease in the size of the content word model is significantly higher,
resulting in a more compact model as a whole. Interestingly, the minimum
number of most frequent words needed to produce a super-adjacency model
with fewer bigrams than a conventional model is 210—the knee of the curve in
a graph plotting lexical rank against frequency. At this point the average per
word entropy is nearly maximum at about 6.035 bits—roughly 7% lower than
what the standard model gives. Thus it is confirmed that super-adjacency is

able to deliver better estimates of language complexity from a smaller model.

Unique bigrams

Model compactness appears to be minimised when the function word set
grows to about 2000 of the most frequent words. This is a considerably
larger set of function words than is presumed for English by even the most
forgiving linguistic criteria. Though it is difficult to find an explanation as to
why this particular set size produces the smallest model, there are a number
of factors that help explain how it happens.

The graph in Figure 5.5 plots the relationship between the size of the func-
tion word set and the number of single instance bigrams in the corresponding
super-adjacency model. Similar to the previous figure, separate curves are
given for the number of unique content-to-content word bigrams and for the
function-to-function word bigrams, and a third curve plots the sum of these
two. Included in the graph as the top line is the curve from the previous
figure showing the total number of bigrams in the model. The graph implies
that increased model size results directly from an increase in the number of

single instance content bigrams, as the number of unique function-to-function
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Figure 5.5: Effect of closed class size on the number of unique bigrams.

bigrams does not become notable until well after overall model size begins

to decline.

The increase in unique content bigrams is also a primary cause of the
decrease in average symbol entropy provided by the super-adjacency model.
In the absence of smoothing, the predictive capacity of the first term in a
single instance bigram is essentially perfect; thus the more single instance
bigrams arising in the model, the lower the per word entropy. The effect is
easier to see in the graph of Figure 5.6. In this graph, the top line shows the
average symbol entropy as a percentage of the entropy given by a conventional
bigram model. The bottom line plots the percentage of the model comprised
of single instance bigrams. As the ratio of unique bigrams increases, the
average entropy improves such that the lowest point of one curve is the
highest of the other, and vice versa, indicating more or less a reciprocal
relationship. Even so, for closed class sizes between 200 and 2000 words,

the super-adjacency model gives superior entropy estimates from a smaller
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Figure 5.6: Correlation between entropy gains and the ratio of unique bi-
grams.

model.

5.4 Discussion

The evidence of this chapter confirms the hypothesis that the super-adjacency
technique can produce better complexity estimates than the conventional ap-
proach from a more compact model. Minimum entropy is realised when 95
of the most frequent words are defined as function words. Unfortunately,
the point of minimum entropy does not coincide with the point of minimum
model size with respect to the size of the closed class required at their op-
tima. Though increased availability of mutual information for super-adjacent
content words is the principal factor contributing to improved entropy esti-
mates, the fact that it appears to entail a high percentage of single instance

content bigrams is somewhat unsatisfying.
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The entropy results support the conclusion that the function word se-
quence and the content word sequence exhibit different kinds of linguistic
regularity. If too many words are excluded or included in the closed class,
the entropy benefits diminish rapidly, indicating that one or two hundred of
the most frequent words is a suitable approximation of the closed class for
making the most out of the distinct characteristics of syntactic and semantic
relationships. Given such a small set of function words, it is quite feasible to
increase the depth of context in the functional model, allowing more complex
syntactic structure to be exploited and creating the possibility for even bet-
ter per symbol entropy estimates as a consequence. However, this would do
nothing to ease the problem of excess single instance content bigrams, and
would in fact only add to the overall model size.

To reduce model size without entailing an increase in complexity esti-
mates requires that the content word bigrams be generalised in such a way
as to preserve their mutual information yet reduce their numbers. The fol-
lowing chapter outlines a means for doing just that by disentangling the core
semantic root of each content word from its inflectional suffix. The result
is that all subcategorisations of a content word are reduced to a base form,
and the variety of bigrams involving fundamentally the same pair of core
semantic terms are collapsed into a single content bigram. The inflectional
suffixes are moved to the functional stream where the agreement constraints

to which they are subject are better modeled as syntactic phenomena.



Chapter 6
Inflectional models

N-gram models face a considerable problem in the form of data sparseness.
Given that a typical English vocabulary consists of several tens of thousands
of words, the number of possible bigrams, for instance, runs into the hundreds
of millions. And because lexical distributions are inherently exponential,
so too is any derivative n-gram distribution, resulting in a situation where
impossibly large amounts of training data are required to condition accurate

statistics.

To mitigate the effects of data sparseness, a model must incorporate some
form of generalisation. The super-adjacency model outlined in the preceding
chapter does this to a limited extent by reducing all n-grams that involve
both function and content words to one of four general cases, but the savings
are rather small in comparison to what is needed to effectively combat the
effects of data sparseness.

Given that function words are few in number and typically quite frequent,
data sparseness is chiefly a problem attributable to content words. Thus one
solution is to exploit the combinatoric characteristics of content words in a
more general way. We observe that a good deal of data sparseness arises
because of inflection morphology—where a general low-entropy semantic re-
lationship between two base form thematic words is diffused by the diversity
of their possible inflections. For example, in the sentences “he eats bananas”,
“he has eaten a banana” and “he is eating the banana”, the fundamental se-
mantic relationship between “eat” and “banana” must be modeled in three

separate accounts. However, if inflected words can be glossed to their corre-
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sponding base form, or lemma, the multiplicative effect of inflection is undone
and data sparseness diminishes.

This chapter explores the possible benefits of lemmatisation for n-gram
models—in particular, the effect it has on complexity estimates and model
size. It is observed that lemmatisation of regularly inflected words brings
about a significant decrease in the number of distinct content words and, as
a consequence, large numbers of infrequent bigrams are effectively collapsed
into fewer more general cases. Though much of the mutual information of se-
mantic relationships is preserved in the lemmata, some inflection agreement
information is lost and a slight increase in entropy follows. A super-adjacency
model can compensate for this by moving inflectional suffixes to the func-
tional stream where their agreement dependencies can be recaptured. The
result is low entropy estimates from a much smaller model. Further, as the
function word class is quite small, even when inflectional suffixes are added,
it becomes feasible to consider using deeper contexts in the functional model.
Access to more distant grammatical dependencies is made possible without
as significant a penalty in model size as would be experienced from an equiv-

alent higher-order conventional model.

6.1 Lemmatisation

To examine the effects of lemmatisation on the behaviour of n-gram models,
it is necessary to first outline the means by which lemmata are derived. One
option is to simply maintain a comprehensive list of inflected words and their
corresponding base forms, but an interminable problem of out-of-vocabulary
words makes this unattractive. Many rule-based stemming algorithms have
been developed to circumvent this problem [73, 37, 87], but unfortunately
their output is not quite suitable for the purposes of a stochastic sequential
model that aims to preserve good entropy estimates from substantially fewer
n-grams.

This section provides an overview of the lemmatisation problem, high-
lighting important concerns that suggest the need for a special purpose desuf-
fixion algorithm. Such an algorithm is defined in the subsequent section, then

applied in a series of modeling experiments detailed in the remainder of this
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chapter.

6.1.1 Suffixes, stems and roots

Linguistics differentiates between two general types of suffix: derivational
and inflectional. Briefly, derivational suffixes modify the major category of a
word. For example, when “-less” is appended to words like “hope” or “cloud”
then an adjective is derived from a noun, and when “ly” is attached to words
like “correct” or “dense” then an adverb is derived from an adjective. In com-
parison, inflectional suffixes mark a word for such things as tense or number
(and, in some languages, also case and gender) so as to preserve syntactic
agreement constraints, but the major category of the word is unaffected. For
example, applying either of the suffixes “-ed” or “-ing” to an English verb
can change its tense, but it remains a verb just the same.

A stem is a word to which a suffix has been appended,! so that “hope”
is the stem of “hopeless” and “formalize” is the stem of “formalized”. For
this second example, the stem itself has a stem, “formal”, which also has a
stem, “form”. The word that remains when no further stemming is possible
is called the root morpheme, or often just the root. So it is that through
suffixion English is able to parlay a relatively small set of lexical roots into
a substantially bigger vocabulary. Conversely, this very large vocabulary
can be simplified through desuffixion, reducing both the number of n-grams
needed to model a language and the amount of data required to garner reli-

able statistics.

6.1.2 Semantic class triggers

Rosenfeld [90] explored the potential of vocabulary simplification for stochas-
tic sequence modeling—specifically, for a model based on trigger pairs (see
Section 3.2.4). His approach was to combine words sharing a common stem
into a single semantic class identified by a unique base form—so, using
Rosenfeld’s example, the words “bank”, “banks”, “banking”, “banker”, and

“bankers” are combined into a single class associated with the base form

!Linguistically speaking, a stem is a word to which an affiz is attached, which includes
prefixes and infixes, but only regular suffixes are of interest in this study.
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“bank”. Entropy estimates are then calculated based upon the triggering re-
lationships between base forms. The assumption is that mutual information
for two words is preserved in the associations of their respective base forms,
to the extent that the triggering effect of one base form on another is sim-
ilar to the triggering effect between the corresponding words. For instance,
occurrence of any word with the base form “bank” ought to produce some
probability boost for any word with the base form “loan”, including “loans”,
“loaned” and even “loan” itself.

As there are substantially fewer base forms than words, there are corre-
spondingly fewer class triggers. The expectation is that entropy estimates
should improve because the generalisation allows related words to inherit the
statistics of their class, reducing some of the adverse effects of data sparse-
ness. What Rosenfeld discovered, however, was that complexity estimates
from his class-based model were actually worse than those obtained from
a word-based one, despite having also interpolated conventional unigram
statistics into his trigger model. Rosenfeld struggled to find an explanation
for the poorer performance, suggesting perhaps that when rare words com-
bine with common words to form a class they lose the predictive power of
their uniqueness without significantly improving the potential of their more
frequent “classmates.” This is almost certainly true in light of the results
from n-gram experiments detailed in Chapter 2 and Chapter 5, where sin-
gle instance bigrams are shown to play a big part in delivering low entropy
estimates.

There is, however, another potential drawback for context models built

from semantic base forms. Consider the following two sentences:

this bank loans its money.

these banks loan their money.

When the content words are replaced by their base forms, the sentences are

reduced to

this bank loan its money.

these bank loan their money.

Generalised in this way, the number of unique contexts in a corresponding

bigram model is reduced and bigram counts are increased, but the entropy
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result might not improve because important agreement information is sac-
rificed. The base form bigram “bank loan” (where “bank” is a noun and
“loan” is a verb) fails to embody the fact that a subject noun and main verb
must agree in number. Similarly, the bigrams that model relationships be-
tween each of these base forms and their adjacent function words (e.g. “these
bank”) gives no hint as to the fact that they too must have surface forms
that agree. As much as base form reduction might help diminish the effect
of data sparseness, and regardless of the optimistic assumption that mutual
information of semantic relationships might be preserved or even enhanced,
the generalisation of n-grams in this way appears likely to entail a necessary
trade-off between good entropy estimates and model compactness. To get the
best of both, some means must be found to preserve important grammatical

information embedded in the actual words.

6.1.3 Inflectional suffixes only

The syntactic detail lost by semantic base form reduction is predominantly
agreement information formerly expressed in the suffixes of the words. One
way to preserve this information without losing the potential of vocabulary
simplification is to retain the suffixes in the reduced training sample as in-
dividual tokens alongside their base forms. The combined lexicon of base
forms and suffixes is still much smaller than that of a complete vocabulary,
but the opportunity for exploiting agreement dependencies is retained.

Isolation and retention of all suffixes is unnecessary—even unhelpful—
and there are a number of reasons why only inflectional suffixes should be
kept. Linguists maintain that inflectional suffixes are part of the functional
categories of a language such that they must be learned as part of systemic
grammar in order for wellformed sentences to be produced or understood.
Derivational suffixes, on the other hand, are morphological components used
to construct new words and may be acquired separately. And while deriva-
tional suffixes serve primarily to indicate the syntactic category of a word in
isolation, inflectional suffixes participate in agreement relations with other
functional terms, creating dependencies with potential for exploitation by a
stochastic sequential model.

There are also good reasons to leave derivational suffixes as part of seman-
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tic base forms. Derivational suffixes often have a fundamental impact on the
meaning of a stem such that their detachment could interfere with modeling
semantic relationships. For example, “banks” and “bankers” are certainly
both associated with “loans”, but bankers do very many things that banks
do not, like have lunch, fall asleep at their desk, and commit suicide. Losing
the distinction between various derivations might therefore undermine the
ability for a word like “bank” to predict “closed” or for “banker” to predict
“dead”.

There is empirical evidence supporting the idea that derivational suffixes
should be left alone. Xu and Croft [113] observed that semantic clustering
of words based on expected mutual information measures usually results in
partitions where derivations are in separate classes and inflectional forms are
grouped together. As an example, they present the following set of clusters
as sample output from their experiments with the Wall Street Journal.

{absorbable, absorbables}

{absorbencies, absorbency, absorbent }

{absorber, absorbers}
In this instance, the various derivations of “absorb” (apart from “absorbent”)
have been isolated in different classes but related inflectional forms are com-
bined. Xu and Croft subsequently show that a base form trigram model
using their semantic classes performs better in retrieval tasks than one using

classes created from the conflations of an automatic stemmer.

6.1.4 Stemming objectives

To retain the utility of inflectional suffixes, some means must be found for
extracting them. Using an automatic stemmer seems a practical option, but
care must be taken in choosing the right algorithm. An overly aggressive
stemmer that pares words down to their root can lead to excessive conflation
of terms undermining the goal of accentuating perspicuous semantic rela-
tionships between base forms. For example, the widely used Porter-Lovins
stemmer [87] conflates both “expectant” and “expectorate” to “expect”, and
all three of “precedence”, “precious” and “precision” to the unhelpful (and
incorrect) root “prec”. Another caution is that the suffix must not be de-

stroyed by the desuffixion process. One could try to infer the suffix afterward
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by taking the difference between the stem and the original word, but this can
lead to difficulties, as when “quality” is returned as the stem of “qualities”.
Moreover, to be most useful, suffixes themselves must be, in a way, lem-
matised. Most automatic stemmers, for example, give “fox” as the root of
“foxes” and “dog” as the root of “dogs”. If suffixes are derived as the dif-
ference between a word and its stem, two separate plural markers result for

these two words—specifically “-es” and “-s”

. Given that all plural markers
participate in agreement relations in more or less the same way, this can
lead to situations where fundamentally identical syntactic relations must be

modeled with more than one n-gram.

The ideal stemmer is thus one that only processes inflected words, and
whose output is both stem and suffix in some kind of canonical form. Un-
fortunately, stemmers of this type are not readily available, but it turns out
that an appropriate algorithm can be constructed in a fairly straightforward
manner. The problem is further simplified by restricting lemmatisation to
regularly inflected words only, as irregular inflection does not submit to sys-
tematic treatment in any obvious way. Even people, it appears, must learn

to deal with irregular forms as special cases [13, 64, 86].

6.2 A practical stemmer

This section describes a simple algorithm for reducing regularly inflected
words to their lemma and suffix. The fundamental approach follows that of
other rule-base stemmers, but differs in two important ways. First, it only
stems a word if the result is itself a word. This avoids some of the errors
that arise from overly aggressive stemming; but, more importantly, restricts
stemming to situations where the simplified word will reduce the problem
of data sparseness in a stochastic sequence model. Second, it produces as
output both the stem and the suffix, with the suffix itself given in a general
form so that its role in agreement dependencies is modeled as uniformly as
possible.
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6.2.1 Desuffixion

Complex English words are constructed by applying some number of deriva-
tional and inflectional suffixes to a root morpheme. But, at most, only one
inflectional suffix can be added and it is always last. This property is very
useful as it renders lemmatisation largely a problem of just separating an
inflectional suffix from its stem. Unfortunately, simply detaching inflectional
suffixes does not always produce lemmata. For example, when the inflectional
suffix of “abating” is detached, what remains is “abat” instead of the correct
stem “abate”, and if “spanning” is lemmatised in the same way the incor-
rect root “spann” is left. One might elect simply to ignore problems such as
these, as many stemmers do, in the hope that close enough is good enough.
Alternatively, one might adopt the approach of more sophisticated stemming
algorithms and apply reconstruction procedures or additional pruning to try
and correct desuffixion errors. As it happens, only a few correction proce-
dures are necessary to transform simple suffix detachment into a sufficiently

robust algorithm.

6.2.2 The target suffixes

The lemmatisation algorithm detailed below addresses only five forms of reg-
ularly inflected words: nouns marked for number with a regular pluralising
suffix; verbs marked for tense, number and third person singular case agree-
ment; and nouns marked for possessive case. These restrictions greatly re-
duce the number of possible word endings that will trigger the lemmatisation
process.

English nouns are pluralised in a great many ways. The most common
is for the regular suffix “-s” to be appended to a stem, as with “dogs” and
“cats”. Another quite common plural marker is “-es”, as with “foxes” and
“kisses”, which is rather more just a conventional orthographic form of “-s”.
There are of course a great many other less common pluralising suffixes, such
as the very rare “-en” of “oxen” and the senescent transformations observed
in words like “hypotheses” and “crises” or “curricula” and “bacteria”. But,
of all the plural marking suffixes that might be used in English, only the first

two occur with any frequency as to be of practical benefit for a stochastic
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sequence model of inflection.

Verbal inflection for English is much less varied and easily summarised.
The suffixes of interest are simply the “-s” third person singular agreement
marker used in expressions like “a dog chases” and “my uncle works”, and
the two regular participial endings “-ed” and “-ing” applied to words like
“work” to form “worked” and “working”. The fact that these endings are
also used for gerunds and participial adjectives, as in “living is dangerous”
and “the living planet”, is inconsequential as lemmatisation is still desirable

for situations such as these.

One possibly contentious inclusion in the set of targeted inflectional suf-

fixes is the possessive marking “-’s”.

The reasons for including this suffix
relate to the ultimate goal of isolating inflectional suffixes so that they may
be more properly modeled as functional terms. The fact that many gram-
matical theories (e.g. DP-Theory [44]) regard possessive markers as func-
tional terms makes it worthwhile to consider them, but of greater practical
importance is the fact that they improve the performance of the stochastic
sequence model used in the experiments detailed lated in this chapter. Note
that it 1s common for nouns whose singular forms end in “s” to be marked
for possessive case with just an apostrophe, and this is also incorporated into
the stemmer.
Thus a set of four suffixes is defined to be of interest for this study:

{ -s, -ed, -ing, -’s. }

6.2.3 The stemming algorithm

The lemmatisation algorithm is very simple and is based on the same prin-
ciples as other rule-based stemmers. The idea is to remove anything that
looks like an inflectional suffix and then, if needed, apply some corrective
procedures to the stem to turn it into a valid lemma. Unlike other rule-base
stemmers, however, this algorithm only removes suffixes used to indicate
regular inflection, and it produces as output both the lemma and the suffix.
Moreover, rather than relying on the rules alone to make correct judgments
about whether desuffixion should take place, the algorithm requires confir-
mation that the stem is actually a word, otherwise the suffix is left intact.

The assumption is that a word is only inflected if it has been observed in an
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uninflected form. This is a strong assumption (and linguistically incorrect)
but it does help avoid some common desuffixion errors made by other rule-
based stemmers, like mistaking “everything”, “anything” and “something”
as present participles. More practically, however, if a word only appears in
the training text in its inflected form, then lemmatisation will not reduce
the vocabulary and therefore will not help to diminish the problem of data
sparseness.

Exactly what corrective procedures to apply depends in part on the kind
of suffix being removed, but there are effectively only three special cases. For
words like “abating” and “ceasing” an “e” must be appended after desuffix-
ion; for words like “difficulties” and “puppies” a “y” must be added; and
for words like “swimming” and “planning” the twinned consonant must be
removed. The apostrophe also presents some minor difficulties, but the requi-
site “s” on one side or other of the apostrophe greatly simplifies things. The
rules for dealing with each of the four suffixes are summarised in Table 6.1.

One added difficulty for the stemmer arises because the function word “is”
is often represented in a contracted form that is identical to the possessive
case marker, as in “let’s go” and “Mary’s gone”. In such situations it is
thought desirable to leave the contraction unchanged, but in the absence of
sophisticated grammatical knowledge it is a difficult condition to test for.
In most instances, the contraction has a function word for a stem, thus it
is sufficient in practice simply to test whether the stem of an apparently
possessive noun form is a function word and abort desuffixion if it is. To
do this, of course, the stemmer needs to have a predefined set of function
words to consult. Based on earlier experiments in this thesis, the top 100
most frequent words in the Brown Corpus was deemed a sufficiently useful

approximation for this purpose.

6.2.4 Stemming results

The stemming algorithm outlined above is quite simple and, while it obvi-
ates many problems entailed from using existing stemmers, it nevertheless
still produces errors. To determine precisely how robust it is as a lemmati-
sation procedure would require a comprehensive set of precision and recall

tests, and a comparison of results with those obtained from other algorithms.
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o word ends with -’

set stem to word less ’, set suffix to ’s

if stem ends with sand is a word then output stem and suffix, otherwise
output word

o word ends with -ed

set stem to word less -d, set suffix to -ed

if stem is a word then output stem and suffix

set stem to stem less -e

if stem is a word then output stem and suffix, otherwise output word

e word ends with -ing

set stem to word less -ing, set suffix to -ing
if stem is a word then output stem and suffix
set stem to stem plus -e

if stem is a word then output stem and suffix
set stem to stem less -e

if stem ends with a twinned letter then set stem to stem less last letter
if stem is a word then output stem and suffix, otherwise output word

e word ends with -s

set stem to word less -s, set suffix to -s
if stem is a word then output stem and suffix

if stem ends with ’then

* set stem to stem less ’and set suffix to -’s
* if stem is a function word then output word

* if stem is a word then output stem and suffix

if stem ends with -e set stem to stem less -e
if stem is a word then output stem and suffix

if stem ends with -i set stem to stem less -¢ then set stem to stem plus
-y

if stem is a word then output stem and suffix, otherwise output word

Table 6.1: Lemmatisation rules.

But this stemmer is not proposed as a general purpose algorithm, rather it is

designed simply to give suitable output for testing the hypothesis that lem-

matisation leads to an improved super-adjacency model. The experimental

results outlined below indicate that it is indeed sufficient for this purpose.

When the algorithm is applied to the complete Brown Corpus, the vo-
cabulary of the training text is reduced from 44,519 down to 31,857, and the
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number of tokens increases from 1,065,795 words to 1,200,518.

6.3 Inflection experiments

Lemmatisation of regularly inflected words in a very large corpus of English
leads to reduction in the size of its apparent vocabulary and, as a result,
fewer n-grams are required to model the corpus. This means that counts
for individual n-grams must increase and accurate probability estimates can
be conditioned more quickly, mitigating some of the effects of data sparse-
ness. For a conventional bigram model, however, entropy estimates from
lemmatised input are likely to become worse because important agreement
information embodied in inflectional suffixes is lost. The goal is thus to try
and retain this information in such a way that the gains in model size are
preserved.

Leaving suffixes in the stream of lemmata is a possible solution, but this
introduces extra tokens between semantic terms and consequently interferes
with the adjacency requirement needed to capitalise on mutual information
for pairs of content terms. Because agreement relationships chiefly pertain
just to inflectional suffixes and function words, the super-adjacency tech-
nique offers a means to recapture agreement dependencies by moving inflec-
tional suffixes to the closed class and modeling them as part of the functional
stream.

This section details experiments using the super-adjacency technique with
lemmatised input, and the results are compared against those obtained with-
out stemming. Of specific interest is how lemmatisation affects model size
and entropy estimates. The results indicate that important syntactic and se-
mantic relationships are indeed preserved by super-adjacency when regularly
inflected content words are lemmatised and inflectional suffixes are treated
as free-standing function words. The net result is better entropy estimates
from a smaller model than is possible from either conventional word-based
n-grams or a standard super-adjacency approach.

In addition, it is shown that the super-adjacency technique makes it fea-
sible to use deeper contexts for functional terms and thereby gain access to

more long distant structural relationships. Estimates of language complex-
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ity are improved, but without the same penalties associated with using a

higher-order conventional n-gram model.

6.3.1 Input

The availability of both lemmata and regular inflectional suffixes suggests the
possibility for modeling semantic relationships and syntactic dependencies
independently in a smaller super adjacency model. The idea is to move
inflectional suffixes into the closed class and model them just like any other
function word, then observe what effects this has on model size and entropy
estimates by repeating the experiments of Chapter 5 using lemmatised input.

The previous experiments sought evidence that the super-adjacency ap-
proach is advantageous. The basic approach was to make systematic changes
to the function word set and observe the effect on model size and entropy
results. Because the function word set was defined as a nonoverlapping sub-
set of the vocabulary, repeating the experiments with lemmatisation raises a
question about when lemmatisation ought to take place.

There are effectively two options. The input can be preprocessed so that
regularly inflected words are transformed into pairs of stems and suffixes, then
token statistics can be recalculated and function words chosen as before. But
as larger function word sets inevitably succumb to the inclusion of more and
more content terms, it is lemmata that start being treated like members of
the closed class instead of the actual content words themselves. Because the
frequency of inflectional suffixes leads them to be included in the closed class
first, lemmata end up serving primarily as the conditioning context for their
former suffixes.

If a word is functional, however, ontologically it is not inflected and should
perhaps exercise its conditioning influence intact. As an alternative, then, it
may be desirable to stem the words left in the open class only after the closed
class has been defined. But of course this precludes the possibility of suffixes
making it into the functional class, and agreement relations remain obscured.
To avoid this, all regular inflection suffixes might simply be assumed func-
tional prima facie, but this leads to a situation where an inflectional suffix
can be both a bound morpheme (i.e. must be attached to a stem) in the

functional stream and a free morpheme (i.e. a word in its own right) in the
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semantic stream at the same time.

The objections to either approach are minimal, thus it was decided that
the first should be adopted because it is simpler and more practical; its chief
advantage being that lemmatisation of the training corpus need only be done

once prior to all experiments.

Escape suffixes

A suffix must take on a kind of dual role in the model if its agreement
relation with a preceding functional term is to be captured. Recall that the
super-adjacency model effectively processes input from the function word
model, escaping to the content word model from time to time whenever
the content category escape symbol is encountered. For most closed class
approximations, suffixes are treated as function words and content lemmata
are treated as open class terms. This leads to the situation where every
suffix is preceded by the content category symbol in the functional stream,
precluding any possibility of it demonstrating an agreement relation with the
most recent functional term in a way that can be captured with a bigram.
To get around this, the content category symbol preceding each suffix
is simply ignored. As it is implicit that a content term must come imme-
diately before a suffix, a small change is made to the processor so that it
treats suffixes as additional content category symbols. That is, when a suffix
is predicted, control passes to the content model to predict the stem that
precedes it just as if the content category symbol had been detected. While
this notionally upsets the sequential nature of the model, in that the suffix of
a content word is predicted before its stem, this has no effect on the relevant

model characteristics nor on how they should be interpreted.

6.3.2 Effect on model size

The experiments of Section 5.3 were repeated on the lemmatised Brown
Corpus, so that for each experiment the function word set is defined as some
fixed number of the most frequent words, beginning with none and increasing
on each iteration by powers of two: thus the second iteration uses just the

most frequent word, then the two most frequent are used, then the top four,
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Figure 6.1: Size comparison for conventional, subcategory and lexeme bigram
models.

then eight, and so on until the final experiment includes all 31,857 words of

the lemmatised vocabulary.

The first characteristic of interest is how lemmatisation influences model
size, and the relevant results from experimentation are summarised in the
graph of Figure 6.1. As before, the x-axis is the number of most frequent
words included in the closed-class (scaled to the base-2 log) and the y-axis is
the number of distinct bigrams in the complete model. For comparison, corre-
sponding model sizes obtained with the super-adjacency model when content
words were still marked for subcategorisation by inflectional suffixes are in-
cluded (SUBCATEGORY MODEL), along with a straight line indicating the
size of a standard word-based bigram model (CONVENTIONAL MODEL).
The graph shows that, for all function word set sizes, the lemmatised model
(LEXEME MODEL) is much smaller than that obtained previously using
word-based super-adjacency, and in almost all cases the lemmatised input

gives a more compact model than the conventional approach.
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The result is as expected, and it is easy to explain the behaviour of the
changing model size as a reaction to changes in the size of the function
word set when input is lemmatised. As with the previous super-adjacency
model, the extreme left point on the curve corresponds to conventional bi-
grams of the lemmatised input because all words are in the content word
stream and the functional stream is an uninterrupted sequence of category
symbols. Compactness, relative to the other models, is as expected because
the effective vocabulary has been reduced through desuffixion, leading to a
corresponding decrease in the number of possible bigrams. This is enhanced
from an ancillary effect brought on by the introduction of a small number of
very frequent suffixes into the input stream in a highly regular way. Pairs
of lemmata for content words that were formerly adjacent are now likely to
be separated by the inflectional suffix of the first word. The word now acts
as the conditioning context for its own suffix while the suffix itself is used as
the predictor for the second word. Thus a great many low-frequency content
word pairs are simplified to substantially fewer bigrams comprised of one

suffix and one lemma.

When a few of the most frequent terms are moved to the closed class,
model size starts to increase rapidly, as it did without lemmatisation. This
is understandable because inflectional suffixes are among the most frequent
terms and removing them negates some of the structural regularity intro-

” is the second most common

duced by lemmatisation. That is, the suffix “-s
symbol in the input and almost on par with the most frequent function word
“the”. The suffix “-ed” is the fourth most common term and “-ing” is eighth,
and for all closed class sizes greater than twenty-one all four of the regular
inflectional suffixes are included. Just as their presence in the content word
stream introduces tremendous regularity, their removal has an equally dra-

matic counter effect.

When the closed class gets to be sufficiently large, beginning at around
32 words, enough functional terms are removed from the semantic sequence
to start reaping the same benefits as the original super-adjacency model.
Specifically, close proximity content words are shunted together often enough
to increase their incidence of adjacency and the number of distinct bigrams

in the content model declines in response to the increased generality. Though
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the functional model becomes more complex at the same time, the fact that it
exhibits a great deal of sequential regularity means its size does not increase
at nearly the same rate that the size of the content model diminishes. As more
and more words are moved into the function word set, the model converges
on an optimum size, which the graph indicates is when the function word set
has around 2000 terms—roughly the same place where the standard super-
adjacency model peaks. Beyond this point, adding terms to the function
word set causes model size to increase again as the functional stream begins to
resemble the original content stream more and more. Eventually all words are
treated as closed class and the model degenerates completely to conventional

bigrams, as indicated at the extreme right of the graph.

6.3.3 Entropy results

N-grams are useful because they are a simple formalism for assigning prob-
abilities to linguistic events. Their ability to condition accurate statistics
is a function of two things: the length of context used and the amount of
training data available. Specifically, as the order of a model increases, the
number of different n-grams increases exponentially and so does the amount
of data required for adequate training. This is the fundamental problem of
data sparseness.

The size of an n-gram model is only of interest insofar as it impacts on
the model’s ability to formulate accurate probabilities. For the conventional
model these two properties tend to go up and down together, but only if
availability of suitable amounts of training data is not an issue. In practice,
the amount of training data is generally constant, and this places limits on
how deep a context the model can sustain before the risk of finding too
many novel events in subsequent testing becomes unacceptable. Thus data
sparseness gives rise to the need for compromise.

The super-adjacency technique tries to circumvent this problem by using
n-grams to model more abstract forms of lexical dependency in the hope
that better use can be made of the available data. In Chapter 5 it was shown
that this is indeed what happens—that a smaller model can be made to give
better complexity estimates. Another abstraction has been proposed in this

chapter, and we have shown that this leads to further reduction in the model
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Figure 6.2: Comparison of average symbol entropy for conventional, subcat-
egory and lexeme bigram models.

size. But if it also entails less accurate probability estimates then any notion

of improvement is moot.

Figure 6.2 summarises the average per symbol entropy of the lemmatised
Brown Corpus as given by super-adjacency models using various approxima-
tions of the closed class (LEXEME MODEL). Once again, for comparison
purposes the entropy results given by super-adjacency without lemmatisa-
tion are included (SUBCATEGORY MODEL) along with an extended plot
of the entropy given by standard word-based bigrams (CONVENTIONAL
MODEL). The x-axis corresponds, as usual, to the base-2 log of the number
of most frequent words defining the closed class and the y-axis is the average

per symbol entropy.

As before, the extreme ends of the plot correspond to situations where
the entire vocabulary is either the closed class or the functional class, ren-
dering the super-adjacency model equivalent to a conventional one. Entropy

estimates are poorer in such instances, and this is as expected because pre-
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viously strong lexical relations between adjacent words become weakened by
increased distance. That is, each inflected content word is separated into its
lemma and suffix such that the lemma now becomes the conditioning con-
text for predicting its own suffix. Any strong semantic relation it might once
have shared with the following word is lost and it is left to the suffix alone
to provide clues about the next term. Moreover, any agreement dependency
between a function word and the inflectional properties of a following content
word is also lost because the lemma of the next word is in the way. If an
uninflected word precedes an inflected one, however, some gains might arise
from the more general semantic relationship shared between lemmata, but
this 1s unlikely to offset all other losses and the results in the graph appear
to bear this out.

When a few frequent terms are taken out of the content stream, semantic
relationships between lemmata are restored and entropy begins to decline
in response to the sudden availability of mutual information. And in the
functional model, even the top two most frequent terms, “the” and “-s”, are
sufficient to capture many instances of number agreement, further adding
to overall entropy gains. By the time sixteen words make it to the closed
class, lexical patterns that include “was” and “-ed” (e.g. “was chased”) or
“is” and “-ing” (e.g. “is chasing”) are well captured as generalisations in the

functional model.

As more and more words are transferred to the closed class, entropy even-
tually begins to rise again, just as it did before lemmatisation. Peak entropy
occurs when the function word set has about fifty terms. Unfortunately if
we consult Figure 6.1 we see that model size at this point is actually greater
than that of a conventional word-based bigram model. However, there is some
range of closed-class approximations where average per symbol entropy and
overall model size are simultaneously superior to what is possible from the
conventional model. For example, when 128 of the most frequent terms define
the function word set, average entropy is 6.40 bits per symbol as compared to
6.49 for the conventional model, and the super-adjacency model has 415,013
bigrams as compared to 438,106 bigrams in the conventional model. Al-
though the gains are quite small they are nonetheless evidence that a smaller

and more effective model can be obtained by the super-adjacency technique



158 CHAPTER 6. INFLECTIONAL MODELS

if regularly inflected words are stemmed and inflectional suffixes retained
as functional terms. Furthermore, when the function word set includes 128
terms, the entropy results equal those obtained from a conventional bigram

model but are delivered using 17% fewer bigrams.

6.3.4 Suffix obstruction

The original motivation for lemmatising the input was to try and reduce the
size of the model in the hope that accurate probabilities might be conditioned
more quickly. But we recognised ahead of time that complexity estimates
would likely get worse unless important agreement information embedded in
inflections could somehow be preserved. It was conjectured that retention of
inflectional suffixes as individual tokens could present the opportunity to do
this, but only if the relationships in which they are involved are specifically
targeted—say, by treating suffixes as if they are function words in their own
right.

The graph of Figure 6.2 shows that this approach is successful; that the
initially poorer complexity estimates are quickly brought under control again
when just a few of the most common words are moved into the closed class. In
fact, entropy results become better than those obtained from a conventional
model when as few as eight terms make it into the functional set. But
the super-adjacency model never quite manages to attain the same level of
performance as it did before lemmatisation; thus some predictive potential
has been lost.

One likely explanation for this decrease in performance is that the pres-
ence of inflectional suffixes is interfering with more useful syntactic depen-
dencies that existed previously between bona fide function words. There is
some evidence to support this view. Consider, for example, the following set

of English subexpressions:

distribution of funds is ...
appointment of administrators is ...
surveillance of prisoners is ...
study of insects is ...
Without lemmatisation, these expressions have a common functional struc-

ture that might be characterised as
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CHofCWis ...

and this general pattern is relatively common in the Brown Corpus, arising
about 500 times. In this sequence, “of” predicts the content category symbol
CW, and the category symbol predicts “is”. Linguistically, there is no direct
relationship between “of” and “is” because “of” is the head of a prepositional
phrase qualifying the preceding noun, and it is that noun’s number that
must agree with “is”. With lemmatisation, however, the common functional

structure becomes
CWof -sis...

Now the word “of” predicts the inflectional suffix “-s”, and the suffix predicts
“is”.  Given that “-s” is a plural marker it might normally be expected
to predict “are” instead of “is”, thus lemmatisation has, in this instance,
confounded an important agreement relationship.

There are many similar situations where a weaker or incorrect relationship
is modeled because an inflectional suffix has been introduced into the stream
(e.g. try adding “by experts” just before “is” in the previous examples),
indicating that perhaps an entirely separate model of the sequential char-
acteristics of inflectional suffixes may be required to maximise their utility
without decreasing the utility of actual function words. However, the heart
of the problem may have more to do with the fundamental limitations of

order-1 contexts when it comes to generalising the complexities of syntactic

structure.

6.3.5 Single instance bigrams

From a practical perspective, the fact that lemmatisation offers such small
gains is disappointing. But there is some evidence to suggest that the model
is actually a more effective generalisation of lexical dependencies.

Section 5.3.2 describes how single instance bigrams have an enormous
impact on a model’s overall ability to generate good complexity estimates.
In general, the more unique bigrams there are, the lower the entropy; but a
high percentage of single instance bigrams is also a sign that the model is
over-fitting the data and is thus not a good generalisation of the underlying
dependencies.
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Figure 6.3: Percentage of single instance bigrams in subcategory and lexeme
models.

Figure 6.1 shows that lemmatisation leads to a smaller model, and Fig-
ure 6.2 shows that better entropy estimates are achieved. This evidence alone
suggests that the inflectional model is a more effective generalisation. But it
is also possible that the utility of a small number of very common bigrams
has improved enough to account for all of the gains, and that the model still

maintains an extremely large number of special case contexts.

The graph in Figure 6.3 plots the percentage of single instance bigrams in
the super-adjacency model when it is trained on lemmatised input (LEXEME
MODEL) as compared to when the input is not lemmatised (SUBCATE-
GORY MODEL). The graph shows that lemmatisation significantly reduces
the number of special case contexts needed to account for lexical patterns in
the data. For all approximations of the function word set, the improvement
is about 10% relative to the overall model, and about 15% relative to the
number of unique cases before lemmatisation. At the point where model size

and complexity estimates are simultaneously better with lemmatisation (i.e.
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when there are 128 words in the closed class) there are well over 50,000 fewer
single instance bigrams. These results are a clear indication that lemmatisa-
tion allows for a much more general characterisation of lexical dependencies

with the super-adjacency technique.

6.3.6 Deeper contexts

As noted earlier, the primary objective of an n-gram model is to provide
accurate predictions about linguistic events, and data sparseness is a signif-
icant limiting factor. Super-adjacency is proposed as a means to moderate
this problem by exploiting more useful forms of lexical dependency, and the
experiments above show that lemmatisation of the input further increases its
ability to converge on optimum probability estimates more quickly than the
conventional approach. But there are times when even rapid convergence on
a theoretical optimum is not sufficient for practical language processing tasks,
and more accurate probabilities are needed than can be obtained simply by
increasing the amount of available training data.

The most obvious way to improve the entropy results from an n-gram
model is to increase the length of context used to predict each symbol—that
1s, use a higher-order model. But this greatly exacerbates the problem of
data sparseness. As context length increases linearly, model size increases
exponentially and so too does the effective minimum data requirement. The
exact rate of growth for practical models is difficult to determine in general,
but the worst case for an order-n model with v vocabulary terms is v™. For the
44,519 different words of the Brown Corpus, a bigram model has to maintain
statistics for almost two thousand million parameters. An increase to an
order-3 model creates the potential for 90 million million distinct trigrams.
Super-adjacency, however, provides an opportunity to mitigate this problem
as well.

The super-adjacency technique entails partitioning the vocabulary into
two classes: a closed class with (optimally) around 100 words, and an open
class with several tens of thousands of words. Because each class is modeled
independently, it is possible to increase the length of context used in one
while maintaining statistics for shorter contexts in the other. Given that the

closed class is so small, its order can be increased to gain access to at least
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Figure 6.4: Effects of function word trigrams on model size.

some of the more distant lexical dependencies without nearly the same cost in
overall model size and data requirements as would be entailed by increasing

the order of the whole model.

Figure 6.4 provides a graph showing the effect on super-adjacency model
size when function word trigrams are incorporated (TRIGRAM FUNCTION
MODEL). At the extreme left, only the content category symbol is in the
closed class and therefore only one trigram is used (which predicts with per-
fect accuracy), thus the model is effectively a conventional bigram model
using lemmatised input. As the approximation of the closed class increases
in size, the number of function word trigrams increases more quickly than it
does when bigrams are used, but because the number of function words is so
very small the additional cost is undetectable in the graph.

Given the scale and resolution of the graph, model size differences need
to reach about 5,000 before we would expect to be able to see separation
for two otherwise colinear curves. A comprehensive functional model with

sixteen words and one content category symbol would have 289 bigrams or
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4,913 trigrams—a difference that should perhaps be noticeable in the graph.
As it happens, while the bigram model at this point has 266 bigrams, the
trigram model has only 1406 and no separation is observed in the graph.
When the closed class reaches 64 words plus the content category symbol,
worst case scenarios for each model would yield 4225 bigrams and 274,625
trigrams, and the difference should be quite visible. Using the lemmatised
Brown Corpus as input, however, the number of bigrams is almost exhaustive
at 3193, while the 20,175 trigrams is less than a tenth of the total possible,

and the difference in model size is only just visible in the figure.

These results suggest that the sequential behaviour of function words is
highly constrained, and that there is not a lot of variation in the way func-
tion words combine together in syntactic structures. Even when there are
256 words in the closed class, plus the content category symbol, there could
be as many as 17 million different combinations of three function words, but
only 118,103 of these are observed in the Brown Corpus—barely half of one
percent. Only when the closed class starts to include actual content words
are the exponential consequences of higher order contexts realised in the
super-adjacency model. The implication is that a great deal of syntactic reg-
ularity is indeed being captured when bona fide function words are modeled

in isolation.

The fact that functional trigrams do not exhibit much more variety than
functional bigrams suggests that perhaps only marginal gains in entropy will
follow from the increased context. That is, if the number of trigrams is not
significantly higher than the number of trigrams for a given closed class, then

the bigrams may be capturing the sequential characteristics sufficiently well.

Figure 6.5 compares the entropy results from function word trigrams
(TRIGRAM FUNCTION MODEL) against those obtained from the other
three models. With no words in the closed class, the model with trigrams is
effectively the same as the bigram model with lemmatised input and the en-
tropy results are the same. But even when just one common word is included
in the set of function words, entropy results begin to diminish more quickly
with the availability of trigrams. By the time five or six of the most common
terms are moved to the closed class, the model performs on par with a super-

adjacency model that does not use lemmatised input. This may suggest that
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Figure 6.5: Entropy when function word trigrams are combined with content
word bigrams.

the inflection agreement information that was lost through lemmatisation
and only partly regained by modeling inflectional suffixes with functional
bigrams is more or less completely recaptured when trigrams are available.
Entropy gains continue to improve slightly through larger and larger ap-
proximations of the closed class, but significant improvement only starts to
become apparent when content terms inevitably start to be included and the

model begins its steady degeneration into a conventional trigram model.

6.4 Discussion

In Chapter 5, the super-adjacency model was proposed as a means for sep-
arating the problems of modeling syntactic relations and semantic relations
by characterising the sequential behaviours of function words and content
words in isolation. This chapter has extended the idea in such a way that

syntactic and semantic associations between two content words may also be
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treated independently. It has been argued that the semantic dependency
between two content words has to do with an association of meaning con-
ceptually embedded in their semantic base forms, while syntactic agreement
dependency is an effect entirely attributable to their inflectional component.
The solution is to lemmatise any regularly inflected content word and treat
its inflectional suffix as just another syntactic term.

This chapter has shown that the separation of stem and suffix for regularly
inflected content words does lead to a more effective super-adjacency model.
The bulk of the mutual information for a pair of content words is preserved in
their lemmata and, because lemmatisation greatly simplifies the vocabulary,
the number of content bigrams observed in a training text diminishes greatly.
This leads to general increases for bigram counts and, therefore, reliable
probabilities are conditioned more quickly.

The probabilities are reliable, but not necessarily better for obtaining
good estimates of language complexity because all syntactic agreement con-
straints are lost when inflectional suffixes are detached. Given that syntactic
agreement is a property of the functional categories of language, the pre-
dictive benefits of inflectional suffixes can be recaptured by treating them
as free-standing function words. The experimental results outlined in this
chapter have shown that this approach allows for good complexity estimates
from a much more compact model.

At some point, any bigram model eventually maximises its predictive
capacity in the sense that additional training data is not going to improve
its entropy estimates in any significant way, and this is no less true for a
super-adjacency model. The fact that lexical dependencies often exist across
greater distances than bigrams can accommodate ultimately leads to a situ-
ation where lengthening the predictive context is the only option for achiev-
ing further gains. However, a general increase in the order of the model
is often unsuccessful because there are exponential consequences in terms of
data sparseness. But because the super-adjacency technique models function
words in isolation, and there are relatively few of them, the use of deeper
contexts in the functional model alone is viable, and this chapter has shown
that better entropy estimates result without a significant penalty in terms of

overall model size.
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Chapter 7
Conclusions

N-gram models are a fundamental component of many practical language
processing systems. Their appeal is overall simplicity and an ability to sup-
port reasonably sound decisions in the face of uncertain linguistic events.
Even so, conventional word-based n-grams are fundamentally limited in terms
of the kinds of linguistic regularity they can access, and their exponential
model size leads to an inherent problem of data sparseness, where impossibly

large amounts of training data are required to condition accurate probabili-

ties.

This thesis has shown that these problems can be mitigated by making
a distinction between function words and content words and modeling the
sequential behaviours of each independently. The idea is to try and isolate
syntactic and semantic dependencies in such a way as to create the oppor-
tunity for a more effective characterisation of structure in language. More-
over, by reducing regularly inflected content words to lemmata and treating
their inflectional suffixes as free-standing functional morphemes, mutual in-
formation for words involved in semantic relationships can be exploited with
far fewer n-grams, and agreement dependencies can be modeled in a more
general way. The super-adjacency model presented in this thesis embodies
these ideas, and we have shown that it provides better estimates of language
complexity from a much smaller model than is possible from a conventional

approach.

In this chapter, we summarise important observations and achievements

detailed earlier in the thesis, and consolidate them into terse statements
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highlighting the contributions made to language modeling research. Avenues

for possible future work are also outlined, along with some closing remarks.

7.1 Summary

Statistical models have proven very effective at a variety of specific language
tasks, such as speech recognition, text compression, part-of-speech tagging
and information retrieval. By viewing language as a stochastic process, a
system can be conditioned to make a good guess as to how to proceed when
confronted with novel input. N-gram models are the preferred formalism,
primarily because of their simplicity, but also because they have potential to
be made at least as effective as any other conceivable model. In practice, their
performance is severely limited because the scale of model required creates an
insurmountable problem of insufficient training data. In fact, even low-order
models trained on very large samples frequently find themselves confronted
with contexts for which they have just not seen enough evidence to make the
correct decision.

One solution is to direct n-gram models away from the onerous task of col-
lecting statistics about every conceivable combination of words and instead
gear them up to focus on more abstract forms of linguistic dependency as
suggested by syntactic theory. The primary hypothesis of this thesis is that
separate models of the sequential characteristics of function words and con-
tent words is a viable way to do this, and that better estimates of language
complexity will result from a smaller model.

Initial evidence in support of the conjecture is found in an analysis of
results obtained through experimentation with conventional word-based n-
grams. The general utility of a particular n-gram is measured by its average
expected entropy, and from this it is observed that most gains realised by
the conventional model are made from a relatively small number of frequent
n-grams comprised exclusively of grammatical terms, combined with a large
number of rare n-grams comprised solely of content words with strong se-
mantic relationships. Added to these is a plethora of n-grams that include
both grammatical and content words but which fail to advance the predictive

goals of the model in a generally useful way.
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Additional support for separate characterisation of function and content
words is derived through experiments with lexical attraction models. Such
models assign structure to sentences by linking words in a manner that max-
imises the total available mutual information without violating planarity for
the parse tree. They subsume bigram models, but have the potential to out-
perform them because any word in a sentence can act as the conditioning
context for any other. As it happens, semantic relationships tend to domi-
nate the lexical dependency structure, and content words end up being linked
to one another regardless of how far apart they are in a sentence. In compar-
ison, mutual information for lexical relationships involving function words is
generally quite minimal, and because of the planarity constraint they end up
being tacked on with short links to nearby words, often to each other. Inas-
much as dependency structures seek to maximise total mutual information,
the net effect is a tendency for content words to link to each other and for
function words to link to each other, and for connections between these two

broad classes to be largely subordinate in establishing the final structure.

A potential hazard for separate modeling of function and content words is
total loss of information about dependencies between the two classes—for ex-
ample, the relationship between determiners and nouns in constituent noun-
phrases. Because dependencies between function and content words appear
to operate at the level of lexical categories—in that determiners can predict
nouns but not specific words—some experiments were devised with a class-
based n-gram model to explore the characteristics of categorial relationships.
The results suggest that highly discriminate function word categories, to the
extent of one word per category, and very general content word categories,
to the extent of one category for all content words, is largely sufficient to
maintain adequate predictions about how function words and content words
interact. Moreover, it is observed that even a very crude approximation
of the function word class based solely on lexical frequency is satisfactory
for delivering good entropy estimates from category-based n-grams, and this

obviates the need for an a prior: classification scheme.

The super-adjacency model is proposed as a mechanism for giving n-
grams better access to syntactic and semantic dependencies. The model

views language as two interlaced streams—one comprised only of function
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words and the other of content words—and each is modeled independently.
Interaction between the two streams is coordinated by inserting a unique
content category symbol in the stream of function words at each point where
a content word must be predicted. The probability of a function word is
made conditional on the most recent function word, and whenever a category
symbol is encountered the next content word is predicted based on the context
of the most recent content word. The result is a 10% improvement in the

average per symbol entropy estimates over what can be obtained from a

conventional model.

The best entropy estimates from a super-adjacency bigram model occur
when the function word class includes around a hundred of the most frequent
words, and the model size at this point is slightly smaller than the conven-
tional model. Optimum size, on the other hand, occurs when the function
word class is comprised of about a thousand most frequent words, and av-
erage entropy at this point is just slightly below what is given by standard
bigrams. For all class sizes in between, entropy estimates and model sizes
are simultaneously improved. This confirms the principal claim of the thesis,
that separate modeling of function words and content words can give better

entropy estimates from a smaller model.

The fact that optimum performance does not coincide with optimum size
gives rise to the idea that the basic super-adjacency technique might be
improved. It is observed that much of the entropy gains come from a large
number of single instance bigrams, and that these arise in part because of
the multiplicative effects of inflection morphology. On the assumption that
the relationship between two content words is primarily semantic, the bulk of
their mutual information can be preserved in fewer bigrams by lemmatising
inflected words. To preserve any loss of useful agreement information, the
inflectional suffixes are retained as part of the functional stream—an idea
that is consistent with the linguistic view that inflectional morphemes are
part of the functional categories of language. Because agreement relations
often exist between inflectional suffixes and function words, the new model
is on the whole better able to exploit syntactic dependencies. The result
is an even more compact model that delivers better estimates of language

complexity.
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Finally, because the function word set is quite small even with the added
inflectional suffixes, the use of deeper contexts for the function word stream
becomes feasible. This allows some of the benefits of more distant agreement
relationships to be exploited by the super-adjacency technique without as
significant a penalty in model size as would be entailed by an equivalent
higher-order conventional model, and this is substantiated by experimental
results.

7.2 Contributions

This thesis makes a number of contributions to language modeling research.

In approximate order of importance they are:

e evidence that dependencies between function words and between con-
tent words are generally more useful for stochastic sequence modeling

than relations between function and content words; specifically

— conventional n-gram models make most of their gains from n-
grams comprised solely of function words or solely of content

words;

— dependency structures based on lexical attraction tend to prefer
links between content words first, between function words second,

and lastly between content words and function words;

e an effective heuristic for finding lexical attraction dependency struc-
tures that make good use of the total available mutual information but

entail no cost for specifying the structure itself;

e the finding that increased specialisation of function word categories
increases the availability of class-based dependencies, while extreme

generalisation of content word categories has few negative effects;

e a framework for modeling the sequential characteristics of function
words and content words in isolation—namely, the super-adjacency

technique;
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e the finding that an approximation of the closed class based solely on
high lexical frequency is as effective for stochastic sequence modeling

as a more considered class definition; specifically

— compression from unbounded category contexts gives almost iden-
tical results when words are labeled with a crudely derived frequency-
based tagging scheme and when they are tagged with the more
discriminate AMALGAM tagger;

— entropy estimates from a super-adjacency model which defines
the function word set solely based on lexical frequency are not
surpassed by a model whose function word set has been derived

from a dictionary;

e separate bigram models of the sequential characteristics of function
words and content words allows better entropy estimates to be obtained

from a smaller model than is possible from the conventional approach;
e a simple algorithm for lemmatisation of regularly inflected words;

e the finding that inclusion of inflectional suffixes in a separate model of
functional terms, combined with a model of semantic lemmata, leads
to better entropy estimates from substantially fewer n-grams than is

possible from a strictly word-based approach;

e the finding that deeper function word contexts improve entropy es-
timates of language but do not entail a significant cost in terms of

increased model size;

7.3 Future work

Stochastic language models are applied with considerable success to a wide
variety of practical language processing tasks, and the quest for ever better
probability estimates of specific linguistic features continues as one of the
more active areas of computer science research. The super-adjacency model
outlined in this thesis demonstrates that even the basic n-gram approach has
untapped potential for providing better performance, but a number of issues

have been raised suggesting further research.
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Of primary importance is the need to determine just how robust the
super-adjacency technique is. Models based upon conditional probabilities
are susceptible to making invalid assumptions about what is known or needs
to be known when estimating a probability, and one way to test whether or
not such assumptions are made by a particular formalism is to apply it to a
practical language processing task where overlooked information cannot go
unnoticed. Text compression, for example, reduces plain text to a size pro-
portionate to the probability assigned to it by the compressor’s underlying
model. If the compressor’s output can be restored to its original uncom-
pressed form without loss of detail and without any additional information

then soundness of the approach is confirmed.

Some effort has already been given towards the construction of a text
compression scheme based on super-adjacency. An adaptive algorithm has
been trialed that uses a super-adjacency model without lemmatised input.
Preliminary experiments have delivered compression ratios commensurate
with what is expected based on the experiments detailed in Chapter 5. And
a complementary decompression scheme has been developed that restores
the compressed language sample to its original form, providing evidence that
the results outlined in this thesis are accurate. Moreover, the compressor
achieves its results adaptively, using statistics conditioned “on the fly”, and
this indicates that the use of posterior probabilities in the calculations of this
study has not overly distorted the results. The fact that the compressor gives
the expected results for a variety of sample inputs further suggests that the
approach is robust. It remains to be seen now whether lemmatisation can be

incorporated with similar success.

Because the super-adjacency model maintains different models for gram-
matical terms and semantic terms, it may prove a useful tool for certain
information retrieval and text mining tasks. For example, a super-adjacency
model can be trained on a collection of documents pertaining to a particular
topic, then the semantic model alone could be used to calculate entropy esti-
mates for the content word stream of unknown documents. Those addressing
similar topics would likely yield low cross entropy scores while unrelated doc-
uments would give high scores. Conventional n-grams can of course do the

same thing, but the fact that they make most of their gains from function
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word n-grams leads to greater ambiguity in their results. Alternatively, if one
wanted to be able to distinguish whether a source was a technical work or a
novel, one might train a super-adjacency model on a collection of documents
of one kind or the other and then just use the grammatical model to calculate
cross-entropy scores for the functional sequence in an unknown document.
Given that technical writing typically employs quite a different grammatical

style than fiction, a high entropy score may be a reliable way to determine a
match.

Chapter 4 provides evidence that the distinction between different content
word categories is not terribly important for a class-based context model, and
throughout this thesis there have been suggestions that further subcategori-
sation of content words is implicit in other ways. Still, the fact that there are
very real dependencies between, say, determiners and nouns, and between
modal auxiliaries and verbs, suggests that the use of a single content word
category symbol may be an excessive simplification. A key factor leading
to this simplification is the absence of a clear cut method for subclassing
content words. Lexical frequency was shown to be suitably effective for iden-
tifying function words, but more sophisticated techniques may be needed to

differentiate between specific kinds of content words.

In the lemmatisation model, inflectional suffixes were also used as con-
tent category symbols. Given that verbs inflect in manners that nouns do
not, suffixion may offer some clue for distinguishing between these two cate-
gories, and this is something that could be explored. Even incorporating the
inflectional suffix into the context for predicting its associated stem seems
a logical option to examine. In fact, regular derivational suffixes typically
signal the grammatical category of a word, and consideration of these may

also be beneficial for developing a more discriminating classification scheme
within the model.

The content category symbol is troublesome in other ways. The fact that
some number of content category symbols frequently stand between function
words involved in a dependency relationship makes it desirable to seek a
way to reach across this distance. Longer function word contexts have been
shown to help, but this approach does not generalise over syntactic patterns

of variable length. We suggested earlier that separate statistics might be
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maintained so that a function word can be predicted using the context of
the most recent function word regardless of any intervening content category
symbols, and this is a certainly a modification that merits further study.

One of the most interesting observations from Chapter 6 was that the
number of function word trigrams was not significantly larger than the num-
ber of function word bigrams for closed class sizes smaller than about 128
words (see Figure 6.4). It would be interesting to see if this holds for higher-
order contexts. If so, it may suggest that grammatical patterns could actually
be rote learned.

It was claimed at the outset that this thesis is not presenting a theory
of grammar or learning, but is instead addressing the problem of developing
a sound performance-based model of language. However, it was also stated
that consideration to theories about genuine linguistic phenomena is a design
motivation. Whether the super-adjacency technique upholds this objective
is difficult to determine in light of the fact that all of the experiments have
been directed specifically at English, and it may be of theoretical interest
to try to adapt the model to work for other languages. In any event, the
goals of language modeling are not restricted to practical problems, nor is
interest in the topic limited to computer scientists. The basis, framework,
and results from any particular model have the potential to provide insights
into more general questions about sequence modeling, automatic induction,

grammatical theory, learnability and even cognition.
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