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Abstract

In previous work, a computational explanation
of analogy, a phenomenon by which a new sen-
tence is generated from three other sentences,
has been proposed. For a given set of sentences,
the number of analogy relations in which a new
sentence may be involved is thus a prior: pro-
portional to the cube of the size of the set. In
this paper, we study this number while read-
ing a corpus, sentence by sentence. We also
study the smallest number of previously read
sentences which would ensure just a certain
number of analogies. We also show how to con-
struct a significantly reduced set of sentences
from which any sentence of the corpus can be
generated by analogy.

Introduction

Ananlogy, a phenomenon of major importance in lan-
guage has not received much attention from the NLP
community because of its lack of a computational expla-
nation. As such an explanation has been recently pro-
posed, the study of this phenomenon on a large corpus
is made possible.

1 Analogy

1.1 Linguistic phenomenon

Analogy is a synchronic phenomenon, described by the
Junggrammatiker and Saussure [Saussure 16], which ex-
plains the creation of regular, understandable but unreg-
istered words. Examples are frequent in child language
or in risky word formations!:

therm : thermodynamics = think : x
x = thinkodynamics

Analogy may be considered the general operation at
work behind morphology because i1t captures the regular-
ity of conjugation or derivation (and does not, of course,
explain exceptions nor differences in paradigms!) In all

'Found in [Hofstadter et al. 94]!

these morphological operations, analogy involves string
operations like suffixing, prefixing and even infixing, as
shown in the following example.

fable : fabulous = miracle : x
x = miraculous

Hermann Paul himself, one of the Junggrammatiker,
and Bloomfield too, had the idea that, maybe, analogy
was also at work in syntax, i.e., it was also a means of
creating new sentences with the help of (at least three)
already existing sentences, as illustrated below.

The green

signal 1s: The signal s off =
on

x = The lamp turns on

The green la-
mp turns off

1.2 Computational explanation

The four terms intervening in the analogy relation may
be placed at the corners of a rectangle. By definition of a
rectangle, the sizes of opposite sides and diagonals, rep-
resenting the distances between the sentences, are equal
respectively.

The green la-
mp turns off

The green
signal is on

~

B
The signal 3 x = The lamp

15 off turns on

According to this interpretation, analogy is equivalent
to the following system of three equations [Lepage 96].

Definition 1 (Analogy)

A dist(u,v) = dist(w,x)
uiv=w:x<=< dist(u,w) = dist(v,x)
dist(v,w) = dist(u,x)
Distances may be the classical edit distances
between strings as defined in [Levenshtein 65] or

[Wagner & Fischer 74] from simple edit operations: in-
sertions, deletions and substitutions.

o deletion (a red lamp — a lamp)



e insertion (you see — you should see)
e substitution (a big cat — a small cat)

Edit distances give the minimum number of edit op-
erations which have to be performed to “transform” one
sentence into another one.

1.3 The snow—ball effect

By definition, analogy involves four sentences. Given
a set of sentences of size n, if we wanted to compute
the number of analogies in which a new sentence inter-
venes, the number of times the analogy relation has to
be checked is A2 = n x (n — 1) x (n — 2), because the
order of the sentences does not matter in analogy?. This
is almost a cubic explosion.

Among the total number of combinations, only a cer-
tain number will verify the analogy relation. We may
expect this number to grow extremely fast too. It is the
case and it is what we call the snow—ball effect of analogy.

We shall study this snow—ball effect:

o firstly, for itselff What is the shape of the curve
representing the average number of analogies while
reading a corpus? Does it grow for ever, or does it
stop after a certain rank?

e secondly, so as to limit it: Is it possible to remember
only a fixed number of past sentences in order to
ensure a certain number of analogies verified by the
next sentence to be read?

e thirdly, for representativity purposes: Is it possible
to build a smaller corpus representative of the entire
corpus?

1.4 The data

We conducted experiments on a collection of texts from
the ATR-Lancaster tree—bank [Black et al. 96]. These
texts come from various sources on the Internet, rang-
ing from homepages to economical or medical reports,
geographical descriptions, posts to Internet newsgroups,
science-fiction novels, etc. Altogether, our excerpt con-
tains 5 000 sentences (as a comparison, this article con-
tains less that 100 sentences). The order of the sentences
is left untouched in all our experiments.
These texts come in two forms:

o the real texts. The number of different words 1s

about 10 600;

e the tagged form: each word of the text 1s replaced by
a tag, which represents grammatical and semantic
information. The set of tags is that of the ATR-
Lancaster team. 960 different tags occurr in our
texts.

For each sentence (under its two forms), we first com-
puted the number of analogies involving only sentences
of lesser rank. We call this the number of past analogies.

2 Number of past analogies

2.1 Experimental results
In Figure 1, for each sentence, the number of past analo-
gies is plotted against the sentence number until rank

AT = p!f(n — m)! is the number of sorted lists of m
objects taken from a set of n.

2 300. These points have the function y = (l‘/9)3 as an
envelop.
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Figure 1: Number of past analogies.

2.1.1

The previous points can be smoothed into a curve by
taking the average on the past 100 values. This is shown
in Figure 2 for tagged texts only, as the curve for raw
texts is almost superimposed to this one.
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Figure 2: Number of past analogies (smoothed).

The curve obtained may be roughly framed (after rank
1 500) between two cubic curves:

y = (2/12)° and y = (2/20)

which seems natural, as four objects intervene in analogy
and we fixed one of them.

We still do not know if the number of past analogies
stops after a certain rank, which would reflect some “sat-
uration” of analogy, or not. As this kind of experiments
is very much time—consuming, we are not in the position
of giving an answer to this question at the moment.

3 Short-term memory

A first reasonable goal is to determine, locally, a fixed
number of past sentences which would ensure a certain
number of analogies for any new sentence, while read-
ing the corpus. For a given sentence, we determine the
smallest size of memory, in number of sentences which
have to be remembered, in order to get a fixed number



of analogies on average. In other words, we compute the
smallest m(r, n) such that sentence r+1 can be obtained
n times by analogy on triples of sentences whose ranks
are in [r — m(r,n);r].

This result is of practical importance, as, in any ap-
plication, the size of the memory should be minimal so
that computations should be as fast as possible.

3.1 Global shape

Figure 3 shows the (smoothed) results obtained for real
texts and tagged sentences so as to obtain 1, 10 or 100
analogies.
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Figure 3: Size of necessary memory to get a fixed number
of analogies.

A striking feature is the very similar shape of all these
curves. The curves for real texts and tagged sentences
are almost superimposed in both cases (number of analo-
gies: 1 or 10). This means that real words or tags make
small difference. We conclude that the set of tags (about
960 different tags) is a very good representation of words
(about 10 600 different words) as far as analogy is con-
cerned.

3.2 Absolute height and mean memory

The size of the memory reflects the coherence of the text:
the smaller this size, the more analogical the sentences
in a near context; the higher this size, the more diverse
the sentences.

On our data, a context of about 150 past sentences (5
to 6 pages) on average is sufficient to obtain 100 analogies
for a new sentence. Fewer, i.e. 84 (or 51) sentences
on average, are sufficient to get 10 analogies (or only 1
analogy) if desired.

3.3 Local minima

Minima are observed at some ranks. If we think that
analogy represents some similarity between sentences,
then, it is reasonable to think that sentences sharing
the same style in a text would have the same memory.
Hence, we should observe a sudden growth for a sudden
change in styles of texts, and a fall as soon as the style
remains the same. In other words, minima should corre-
spond to some of the text boundaries (two consecutive
texts may have the same style).

On the entire corpus, we verified that minima cor-
respond well to text boundaries, This 1s illustrated in
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Figure 4: Style discrimination based on analogical mem-
ory.

Figure 4, on a portion of the corpus, where the bound-
aries visualised by vertical lines are the nearest ones to
minima. Rank 1 500 to 1 739 is a list of facts like su-
perficy, population, efc. about African countries, a list
of the meaning of the international maritime flags, etc.;
from rank 1 826 to 1 980 is a dialogue written in upper-
case (our program is case-sensitive); the third part is an
excerpt of a medical book on cancer.

4 Reduced representative corpus

A second goal is to reduce, globally, a text to a certain
number of sentences so that any sentence discarded can
be reconstructed by analogy with three sentences kept
in the reduced text. This is very much related with text
representativity.

4.1 Definition of a reduced corpus

For that, we build a reduced set of sentences, which we
call a reduced corpus, and which verifies the following
two properties:

e for any quadruples of sentences in the reduced cor-
pus, the analogy relation does not hold;

e any sentence of the entire corpus can be obtained
by analogy from three sentences from the reduced
corpus.

4.2 Construction of a reduced corpus

Because of the first property of the reduced corpus, it
can be simply constructed by application of a greedy
algorithm:

e initialise the reduced corpus with the first three sen-
tences of the entire corpus.

e for each new sentence, if analogy is not verified with
any triple of sentences from the reduced corpus, add
this sentence to the reduced corpus, else do nothing.

As a remark, we have to say that the reduced set ob-
tained is not necessarily the smallest in size of all possible
reduced sets. At each step, we do not check if a differ-
ent set of sentences, also built on past sentences, would
capture more coming sentences or not. In other words,
the quality of the contraction is not optimised. These
problems are addressed in on-going research.



4.3 Logarithmic growth

The results obtained for the size of the reduced corpus
on real texts as well as on tagged sentences are shown in
Figure 5.
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Figure 5: Size of reduced set.

The two curves, for real texts and tagged sentences,
are again almost superimposed. As for these actual data,
a logarithmic function seems a good approximation. Its
base has been obtained experimentally: it 1s 1.077.

Because the method does not ensure that the bases
are the same if the order of sentences in the corpus is
different, we have at least to check that the cardinals of
different bases are in the same range. As a gross test, we
constructed a couple of reduced sets on the same corpus
of 5 000 sentences, but with randomly permuted indices.
Of course, a couple of experiments can’t represent all the
possible permutations over 5 000 elements, but in all the
cases the shape of the curve is the same as in the first
experiment, and fortunately, the number of elements in
the bases obtained differs by only some elements.
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Figure 6: Size of different reduced sets.

From the practical point of view, these results are ex-
tremely excouraging, because they mean that a smaller
corpus, from which any sentence of the real corpus can
be obtained by analogy, has a size which is logarithmic
in the size of a real corpus. Practically, 5 000 sentences
are reduced to less than 120 sentences, and adding thou-
sands of sentences in the real corpus would necessitate
to add only few sentences in the reduced corpus.

Conclusion

We studied the behaviour of Saussurian analogy, as de-
fined by a computational explanation, on real data: some
thousands of sentences from texts of the ATR-Lancaster
tree-bank.

Firstly, the absolute number of analogies in a text,
while reading it, has been measured. The cubic growth
has been experimentally confirmed.

Secondly, we inspected the size of the necessary mem-
ory of previously read sentences in order to obtain a a
given number of analogies for a next sentence. Sudden
rises in the curve obtained roughly correspond to changes
in the style of the texts.

Thirdly, we constructed a reduced corpus, from which
any sentence in the corpus can be generated and in which
no analogy relation holds. This corpus is thus represen-
tative of the entire corpus relative to analogy.
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