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Figure 9: Strictly hierarchical weighting, where part/whole
and antonymy links are deemph asized; initial mutual con-
straint window = 10, frozen past.
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Figure 11: Highly-weighted hierarchical relations, initial
mutual constraint = 10, frozen past.

relative scaling is important. In addition, it would appear

that both hierarchical and nonhierarchical relations make

contributions.
We also looked at another set of five documents to see

if the patterns would hold up. Only a few variations were
tried, rather than the more comprehensive testing that was

performed for the first five documents. Although the scores
were lower, the overall trends of increase and plateauing

were still recognizable. Although the number of terms in
the second batch of documents was only slightly lower (272
vs. 319), the expected hit score was much higher (c. .294).

This was caused by a much higher proportion in the second
batch of ‘high probability” terms, where there were very

few senses for multi-sense terms. In the first batch there had

been a larger number of difficult terms, with many senses.
It is not clear whether this difference made the software
less effective for the second batch. Nevertheless, even with
the results for the second batch included, the software has
performed well.

I Documents 1-5 II Documents 1-10

70 hit 70 hit

I II correct I score II correct I score I

chance .398 .259 .393 .274

(10,41) .558 .447 .531 .418

human .782 .706 — —

Table 1. Summary of disambiguation results for nontrivial
nouns in Time documents 1-5 and 1-10. Results for human

subjects are only available for documents 1-5.

It is important to note that these figures are for the non-
trivial terms only. Although such terms form a significant

portion of the documents, focusing on them might give the
erroneous impression that more than half the terms in a doc-

ument would not be disambiguated properly. The truth is,
taking the other document terms into account, most nouns
in a document will be disambiguated correctly or will not

need to be disamblguated in the first place. Therefore, docu-

ment content will actually be very well represented (at least

at the individual term level).

To substantiate this point, for documents 1 to 5 there

are 544 nouns in WordNet. Of these, only a small percent-
age are invahdated because there is no appropriate sense
(type 3a-3e situations discussed earlier). 486 out of the 544
terms are vrdid. Out of these 486 remaining terms, 319 are
nontrivial and 167 are trivird. Thus we get the 167 trivial
terms correct for free. When we add that number to the
178 nontrivial terms that (10,41 ) disamblguated correctly,
we get 345 hits out of 486. This is 71~0 correct. Of course
we are only looking here at the nouns. If we could bring the

other parts of speech to bear, possibly without even invok-
ing sophisticated natural language processing techniques, we

might strengthen our grasp of document content consider-

ably.

5 Conclusion

We have seen that applying a semantic network to mini-

mize semantic distance takes us a long way towards the goal
of removing extraneous search terms from free-text being
indexed for retrieval. Yet the soph~tication of natural lan-

guage processing required is kept minimal.
The methods that we have employed trade off space for

time — we use large data structures and keep them in main
memory so that the runtime processing effort ia kept to a
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minimum. We do no syntactic analysis nor discourse synthe-
sis, yet we try to exploit some semantics via the network’s
declarative strncture. There is much room for increased so-
phistication in both the linguistic analysis performed and

the richness of information made available in the network.

Also, the network weights might be better optimized, and

the distance determinations refined to a better approxima-
tion of the shortest distance between nodes.

We have seen in this preliminary investigation a num-
berof suggestive indicators. It seems that using the moving

frozen past window gives ascending performance to a point
and then plateaus. The scores are consistently well above

chance. Augmenting this with an initial mutual constraint
window may help somewhat. And, the frozen past technique
only takes linear time, which is an important consideration.
While it is attractive theoretically, the moving mutual con-

straint window gives good results but becomes untenable
with current technology due to exponential increase in pro-

cessing time. If we were willing to settle for an approximate

solution, then we might use a technique such as a genetic

algorithm to locate good combinations.
We have seen that the above-chance performance is ro-

bust under a number of perturbations. For example, making

the network weights uniform, making antonyms privileged,
removing type-specific fanoutj and devaluing the strictly hi-
erarchical relations do not significantly impair performance.
On the other hand, we have seen that depth-relative scaling
and restriction to strictly hierarchicrd relations do noticeably
impair performance, though it remains well above chance.
It is possible that our approach wilf turn out to handle the

full range of indexing; that is, from no keyword assignment
at all up to selective keyword assignment from controlled
vocabularies.
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