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Abstract

A binary comparative definition of relevance,
suggested by empirical results, gives a perfor-
mance theory of relevance for hidden Markov
models (HMMs) that makes it possible to re-
duce the total number of parameters in the
model and while improving overall perfor-
mance of the model in a specific application
domain. Generalizations of this view of rele-
vance are meaningful in many Al subareas.

Another view of this result is that there are
at least two kinds of relevance. Knowledge of
high quality is more relevant to a conclusion
than low quality knowledge; specific knowl-
edge is more relevant that general knowledge.
This work argues that one can only be had
at the expense of the other.

1 A relevance typology

When is knowledge “relevant”? When is knowledge
“irrelevant”? There are at least two general notions
in the AI community. There is a logicist notion of a
premise being relevant to a conclusion, if, for example,
it necessarily appears in a proof of the conclusion, as in
relevance logic, or if its absence would lead to a differ-
ing, contradictory conclusion, as in the idea of “speci-
ficity” in nonmonotonic logic, as well as the distinction
between contingent and background knowledge.

An opposite tack is taken by Al probabilists who
focus on irrelevance rather than relevance. There are
at least three probablistic notions of irrelevance: indif-
ference, independence and randomness. Indifference is
a relation on probability distributions (2) that assigns
a background distribution, e.g., being indifferent to
the outcome of a coin toss, each outcome is assigned
probability 0.5. Given the probability a bird flies, in-
difference to a new variable Red, gives the probability
a red bird flies with the same probability. Indepen-
dence is a relation on variables. So, if a variable Fly is
conditionally independent of Bird given Red, then the
probability a red bird flies is the same as the proba-
bility a bird flies. Finally, randomness (4) is a relation

on outcomes of variables that tells us to choose the
narrowest reference class for which we have adequate
statistics. Given a red bird, and the only applicable
reference class is bird (i.e., nothing is known about red
birds) we attach to our red bird the probability a bird
flies. Note that for this simple example, all three no-
tions generate the same result for the probability a red
bird flies. As worlds involve more variables, the differ-
ences between the formalisms become apparent; this
is not discussed here.

However, a point here is that different notions of
relevance are functions of different abstractions of the
data: as distributions, as variables, as outcomes of
variables. For the present purpose, a single notion of
relevance is studied in the next section. Interestingly,
this generates a paradox of relevance, inspired by the
experimental results.

2 A paradox of relevance

Clearly, knowledge is not relevant in the abstract, but
is relevant to the degree of belief in a conclusion. Thus
relevance is at least a binary relation on propositions.
For example, a ringing smoke alarm is relevant to the
conclusion my house is burning, if, say, the former in-
creases the degree of belief in the latter. Independence
relations on Bayes’ nets suggest a ternary relation of
conditional relevance, where a ringing smoke alarm is
irrelevant to the conclusion my house is burning given
the observation I observe there is no fire, although the
alarm is relevant given no other information. More
complex relations are possible.

Such notions of relevance are useful given perfect or
idealized prior knowledge about the world. At one ex-
treme, everything is relevant to everything else; at the
other, all propositions are independent. Somewhere in
between, a minimal set of relevance relations may im-
ply many others. But knowledge of varying precision
gives rise to an apparent paradoz of relevance. On one
hand, more precise knowledge is more relevant than
less precise knowledge. On the other, more specific
knowledge is more relevant than general knowledge.
But one can only be had at the expense of the other,
since more specific knowledge is generally based on



smaller samples. The practical question is, at what
point should a handful of exceptions cease to be dis-
missed as errors and become an exceptional subclass?

This suggests a binary comparative relevance rela-
tion that defines when one sentence is more relevant
than another to inferring the probability of a propo-
sition. Then, given several statements, which is the
most relevant?

Kyburg (4) suggests we use the narrowest class for
which adequate statistics are available, where a statis-
tic i1s adequate when 1its interval value does not com-
pletely contain the interval associated with a more
general class, or that the difference between the two
interval values cannot be explained away by error.

The empirical study below suggests this is also prac-
tical; the best performance results followed the realiza-
tion that the most specific knowledge is not necessarily
the most relevant.

3 HMM based part of speech tagging

A hidden Markov model trains on input-output pairs
to learn parameters of an unobservable process that
produces outputs. After training, the formalism is
tested on new outputs. In the work described here, the
model was trained on unrestricted natural language
text tagged with parts of speech. After training, the
model was tested on unseen text. The tag sequence
attached to a word sequence by our tagger is that max-
imizing

H p(wilti)p(ti[ti-1) (1)

where w;, t; denote the ith word and tag type, respec-
tively in an n-word sequence(5). Probabilities of the
type p(wi|t;) are called lezical probabilities; probabili-
ties of the type p(t;|ti—1) are called contextual proba-
bilitzes.

Neither the set of possible lexical probabilities nor
the set of possible contextual probabilties is bounded
by the training data and as a consequence a major
problem is handling unseen words and tag sequences
in the test data. The problem of unseen tag sequences
is handled by the Good-Turing method; not discussed
here. The problem of unseen words is significant. We
found a 900000 token training set contained only 45000
unique words, half of which occurred exactly once. A
disjoint 100000 token test set contained about 4000
words that had not been seen in the training set. Al-
though some were specialized jargon, many (e.g., out-
jumped, galazy) simply reflect the vastness of human
experience.

In previous work, one technique for handling unseen
words is using statistics collected from the training cor-
pus whenever possible and revert to a secondary strat-
egy based on other word features for unseen words.
In (3) capitalization is used to identify nouns. In (6),
statistics on a small predefined word ending set (e.g.,
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-ology, -ation) are used. In (1), statistics on all 2-, 3-
and 4-letter endings are used. A surprising result was
that a tagger based on 3-letter endings alone outper-
formed taggers using 2- and 4- letter endings.

-ne -of -he -at -es -of -he -ic -ch -as -en -in -he
-in -of -ch -ng, -he -ss -of -ng -ts -of -ch -to
-ed -xt. -is -1s -ly -ed -as -a -st -ep -ds -re -It
-ks -ch -as -ng, -ch -es -ic -ge.

(a) Sample text, all words truncated to two letters.

One of the great -es of the -ic approach has
been in the -in of -ch -ng, the process of -ng
parts of speech to -ed -xt. This is generally
considered as a first -ep towards more difficult
-ks such as -ng, which -es -ic knowledge.

(b) Same text, 1000 most frequent words added.

One of the great -es of the -ic approach has
been in the -in of -ch -ng, the process of -ng
parts of speech to -ed text. This is generally
considered as a first step towards more diffi-
cult -ks such as -ng, which -es -ic knowledge.

(c¢) Same text, 3000 most frequent words added.

Figure 1: A little knowledge helps a lot.

If 3-letter ending knowledge outperforms 2-letter or
4-letter ending knowledge, 3-letter ending knowledge
might outperform whole-word knowledge. This sug-
gests the following novel approach: rather than tag
words as a primary strategy and revert to an ending-
based strategy for unseen words, tag endings as a pri-
mary strategy and revert to a word-based strategy for
frequent words, for which the best possible statistics
are available. Figure 1 gives the idea.

A strictly ending-based strategy doesn’t outperform
a word-based strategy, although performance is good.
Using 1-letter endings results in a 70% success rate; 4-
letter endings give about a 90 — —95% success rate and
performance tends to improve with the ending length.

An unexpected result: performance improved, sur-
passing the word-based tagger by a significant 0.5%,
and then declined as statistics based on small sample
sizes were added. Figure 2 gives results, where entries
A, B, C, D indicate different effective tag list strategies,
(not discussed here), L is word-ending length, and N
is number of whole words added back.

4 Conclusions

Here relevance is seen as trading quantity of knowledge
against quality of knowledge. There are several ways
of looking at this, e.g., as a way of providing a compact
but efficient representations of domain structure, i.e.,
with the fewest parameters, as in neural nets. Or, asin
nonmonotonic logic, we don’t need to remember that



Exp. N (x1000)
0 1 5 20 30 45

L=2

A 899 96.0 97.0 972 97.2 96.1
B 899 96.1 97.1 974 |[97.5] 974
C 83.9 96.0 97.0 93.6 93.7 93.7
D 839 96.1 971 974 |97.5| 97.4
L=3

A 944 96.5 97.0 97.0 969 96.1
B 944 966 971 97.0 97.2 96.6
C 91.2 96,5 970 949 948 94.1
D 91.2 96.6 97.1 97.2 97.2 96.5

Figure 2: Tokens Correctly Tagged

each kind of bird flies, except penguins; we remem-
ber that birds fly but penguins don’t. Nonmonotonic
logic in this sense is efficient in that by focussing on
what is relevant, it minimizes the number of parame-
ters, although older treatments miss the issue of qual-
ity of knowledge. This idea of relevance also seems
closely related to overfitiing in machine learning —
treating observational data as perfect information sac-
rifices flexibility. Yet another view: this relevance can
be seen as aiding in deciding when one has acquired
enough evidence to make a decision.

Another view is that we consider that there are
two kinds of relevance — ceteris paribus, high quality
knowledge is more relevant than low quality; similarly,
more representative knowledge is more relevant than
less. But one can be had only at the expense of the
other.
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