


3c. The item was found as is, instead of after being
stemmed (“acres” meaning “estate, demesne” in-
stead of the plural of “acre”)

3d. The item is really a proper noun (“time” as in
Time Magazine)

3e. The item is used in a sense not found in WordNet
(“time” as in “at that time”)

We take these situations into account in deriving our
measure of success or failure in disambiguation. Although
the disambiguator in general works with every word that it
is presented with, we focus only on those terms which have
at least one good sense. In addition, we distinguish between
“trivial” success and “nontrivial” success — words with at
least one good sense but with no bad senses are trivial to
disambiguate, since any choice is a success. Only when at
least one sense is good and at least one is bad can we consider
picking a correct sense a success worth rewarding. Thus we
focus on nontrivial terms — those which are true tests of
disambiguation prowess.

One obvious way of evaluating success is to find the per-
centage of terms correctly disambiguated (out of the non-
trivial terms). We will use this “hit-or-miss” measure as
a secondary indicator. Since it does not reflect the diffi-
culty present for individual terms, we have chosen to focus
on another measure that takes this difficulty into account.
This is the “hit score” — the ratio of “actual hit points” to
“maximum hit points.” Hit points are awarded as follows.

Definition 3

For each term let s be the number of senses and let g be
the number of good senses (in context). The hit points for
a hit are s/g — 1. Misses get zero points. O

The actual hit points for individual terms are summed,
and this sum is divided by the sum of the maximum number
of hit points possible, derived by treating all nontrivial terms
as having been disambiguated correctly and their hit points
awarded accordingly. Formally, hit score over n terms equals

E:;l hitpoints, where term, is a hit
- .
Eg:l

Hit scores range from 0 to 1.

After manual disambiguation, the first five Time doc-
uments served as a standard against which to measure the
performance of the semantic distance software. During man-
ual disambiguation, the several situations that can arise for
a term which were outlined above were taken into account
when classifying the terms. The large majority of the terms
had at least one good sense. Some basic quantities for the
five documents are:

hitpoints,

1175 terms remaining after stopword removal
544 of those are nouns and in WordNet

122
364

type 1 terms
type 2 terms

(multiple good senses)

(one good sense)

58 type 3 terms (no good senses) as follows:
18 type 3a (not really a noun)

4 type 3b (wrong noun)

6 type 3¢ (unstemmed, taken as is)

7 type 3d (proper noun)

23 type 3e (sense not in WordNet)

486 possible hits (at least 1 good sense)

70

167 poss. trivial hits (good but no bad senses)
319 poss. nontrivial hits (good and bad senses)

749.9 maximum hit points
As a baseline for comparison, senses were chosen ran-

domly. This “chance” performance yielded expected values
as follows:

nontrivial hits: 124.6
% correct of nontrivial: .391 (124.6 / 319)
hit points: 194.4

hit score: .259 (194.4 / 749.9)

The standard deviation of the distribution of hit scores
obtained from multiple runs of the “chance” software is ap-
proximately 0.04. In other words, taking a + two standard
deviation range, the “chance” software will give a hit score
in the range 0.259 + 0.08 with high probability. Thus if an
alternative method scores well above 0.259 + 0.08 = 0.339,
it is performing statistically significantly above the “chance”
method.

These chance values were derived analytically and then
verified empirically. For 20 empirical random sense selection
runs the average hit score was between .25 and .26.

As “chance” provides a lower bound to compare our re-
sults against, human performance on the same tasks pro-
vides an upper bound. We had human subjects pick their
estimate of the correct sense for each noun in WordNet for
the first five Time documents. Two sets of printouts were
distributed, each with the nouns in documents 1-5. Each
noun’s synset was given, along with its hypernym’s synset
and a gloss if available. The subjects were thus given roughly
the same sparse information that the software was getting.
Although the humans could bring to bear their world knowl-
edge and linguistic knowledge, which should give them a
large advantage, they were also handicapped by only re-
ceiving very local network data (node and parent only). In
contrast, the software has the entire network at its disposal,
albeit for its limited approach of looking at semantic dis-
tance. Also, the wording within synsets is quite terse and
might not be highly suggestive of the actual sense intended.
Thus, humans might find the information difficult to glean
meaning from.

Averaging over the two tests, the average percent correct
was .782 and the average hit score .706. Of course this
sample is too small for statistical robustness. Nevertheless,
it succeeds in giving us an idea of how people do under these
same conditions.

For all of the experiments with the software, results are
given for hit score unless otherwise stated. Generally hit
score is more informative than simple percent correct.

4.2 Window variation

In the first series of experiments, window type and size were
varied. First we tried frozen past windows of increasing size,
from 1 to 100. These moving window results are given in
Figures 1 and 2.

As one can see, success climbs to a point and then ta-
pers off. This may be an effect of local discourse context
size, As can be seen, the semantic distance approach pro-
duces results which are highly statistically significant. This
is all the more significant, given the number of filters that
the input text has gone through, and the amount of “noise”
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distance software, and human subjects for Time documents
1-5.

0.5
g
g 04
':é - chance
& 3 —&— software
-] 3
5 03 -
= ]
s
0.2 3— T — T

T
0 20 40 60 80 100
frozen past window size

Figure 2: The same data as in Figure 1 but with the vertical
scale restricted.
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Figure 3: Pinning down the optimal moving frozen past
window; no mutual constraint window.
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Figure 4: Initial mutual constraint window with frozen past
window = 41.

in the remaining “signal.” Also, since the semantic net re-
sources used are relatively rudimentary compared to what
they might be potentially, even greater success is possible.

The next experiments attempted to pin down the peak
performance seen near window sizes of 35 and 40. The best
result was with a frozen past window size of 41, .437525. See
Figure 3.

Next, fixing the frozen past window size at 41, we tried
augmenting this with an initial mutual constraint window.
We were unable to proceed past an initial window size of 14
because the runs were taking exponentially longer. The best
results were with an initial mutual constraint window of size
10, given the frozen past window of size 41 for all subsequent
terms (henceforth “(10,41)”). The hit score was .446771.
All terms within the initial mutual constraint window had
their sense selections fixed simultaneously once the objective
function had determined the winning combination of senses.
See Figure 4.

We next tried a moving mutual constraint window. By
the time we had made the window size 9, the runs were
taking about three hours, so we stopped there. The results
were tantalizing, as the hit scores were just getting above .4
at the point where we were forced to halt. See Figure 5.

Note that these runs take longer per window size than
the ones where only the initial terms are processed using
mutual constraint. The moving mutual constraint window
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Figure 5: Moving mutual constraint window, no frozen past
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Figure 6: No depth-relative scaling (DRS), initial mutual
constraint window = 10.

runs apply mutual constraint throughout an entire docu-
ment, not just the first set of terms. Thus, instead of a
one-time cost incurred for an exponential number of pair-
wise comparisons, the cost here is incurred roughly n times,
where n is the number of terms in the document.

4.3 Weight variation

In the second series of experiments, we looked at the effects
of varying the network weights in controlled ways. In each
case we varied one parameter at a time.

We varied the network edge weights to see the effect on
disambiguation performance. First, we turned off depth-
relative scaling. Interestingly, as shown in Figure 6, the
hit scores over a range of frozen past window sizes with
an initial mutual constraint window fixed at size 10 were
low. This indicates that depth-relative scaling makes an
important difference.

Next, we tried making all weights equal. This gets rid of
weight ranges and differences between relation types. The
results indicate that this makes little difference in the out-
come. Thus, the particular weights used may not make
that much difference. Of course the original ranges were
not that different from each other, nor that wide. The best
results, still with an initial window of size 10 and a moving
frozen past window size of 41, were lower than with the orig-
inal weighting scheme. So, perhaps weight distinctions and
weight ranges help fine tune the performance. See Figure 7.
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Figure 7: Uniform weights, initial mutual constraint window
= 10.
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Figure 8: Privileged antonymy, initial mutual constraint =
10, frozen past.

Next we gave antonyms privileged status. Instead of
having the highest weight of 2.5, we gave them the lowest
weight, 0.5. This made negligible difference. See Figure 8.

In the next experiment, we again saw a noticeable change
in behavior. Here we made the network essentially hierarchi-
cal, deemphasizing the part/whole and antonymy relation-
ships and leaving the is-a relations dominant. The results
are plotted in Figure 9.

We see a flat level of success across varying window
sizes, and a mediocre one at that, the scores hovering in
the range between .35 and .36. Thus, although using hier-
archical relationships gives us some power, we need to ex-
ploit the richness of additional relationships between topics
to increase our ability to disambiguate. This is evidence
for the power of mired-link networks, containing both hi-
erarchical and nonhierarchical relations [Rada et al., 1989;
Kim and Kim, 1990).

Removing type-specific fanout made little difference, but
again the scores were slightly lower without it. See Fig-
ure 10.

Finally, we tried the inverse of emphasizing the hierar-
chical relations. Here, we gave the hierarchical relations
(hypernymy and hyponymy) large weights, ranging between
5 and 10 instead of between 1 and 2. This also made little
difference. See Figure 11.

Other variations both in windowing and in weight varia-
tion are certainly conceivable. Nevertheless, we have per-
formed a number of preliminary experiments which have
revealed useful insights. Specifically, it seems that depth-
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Figure 9: Strictly hierarchical weighting, where part/whole
and antonymy links are deemphasized; initial mutual con-
straint window = 10, frozen past.
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relative scaling is important. In addition, it would appear
that both hierarchical and nonhierarchical relations make
contributions.

We also locked 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.

Documents 1-5 || Documents 1-10
% hit % hit
correct | score || correct | score
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 disambiguated 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 invalidated because there is no appropriate sense
(type 3a-3e situations discussed earlier). 486 out of the 544
terms are valid. Out of these 486 remaining terms, 319 are
nontrivial and 167 are trivial. Thus we get the 167 trivial
terms correct for free. When we add that number to the
178 nontrivial terms that (10,41) disambiguated correctly,
we get 345 hits out of 486. This is 71% 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 sophistication 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 is kept to a



minimum. We do no syntactic analysis nor discourse synthe-
sis, yet we try to exploit some semantics via the network’s
declarative structure. 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-
ber of 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 fanout, 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 hierarchical relations do noticeably
impair performance, though it remains well above chance.
It is possible that our approach will 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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