








the other sense belonging either to the same category (crane) 
or seeming inappropriate to us (poach).  

Given our subjective judgment, we obtain for our admit-
tedly very small sample of 12 words the following quantita-
tive results: In about 67% of the cases the expected result 
was obtained, in almost 17% of the cases we obtained a re-
sult different from the expectation that seemed nevertheless 
plausible, and in another 17% of the cases we obtained an 
erroneous result. 

 
5   Discussion, conclusions, and prospects 
These results indicate that by analyzing differences in the 
use of ambiguous words in texts from different domains ICA 
is capable of inducing word senses. Although we did not 
take syntax into account, our system was able to predict 
plausible sense descriptors for the majority of the test words. 

One might argue that the method is not generally appli-
cable since a variation of sense distribution may not be ob-
servable for all ambiguous words. However, we believe that 
this is only a question of how fine the domain distinctions 
are. For example, we could simply consider each document 
in a corpus as belonging to a separate domain thus providing 
a much richer input for ICA. From another point of view, 
one can consider such an approach a new realization of the 
“one-sense-per-discourse” observation formulated by Yar-
owsky [5]. 

The reason why we were unable to implement this so far 
is the sparse-data problem. The sampling error for short 
documents is so high that ICA is not capable of making any 
sense out of it. This becomes clear when one considers that 
ICA has no other chance than to derive a relationship be-
tween two association vectors from the words they have in 
common, but that short documents usually have little overlap 
in their content words. This means that vectors based on 
such documents are already independent of each other so 
that ICA leads to nothing. 

However, we see a possible solution to this problem. If 
by performing a singular value decomposition (SVD; see [8] 
and [9]) we reduce the number of columns in our matrices 
from about 700 000 to typically 300, we will get such a dra-
matic increase in the overlap between vectors that sense in-
duction by ICA may work even for relatively short docu-
ments (whose vectors can be easily folded to the reduced 
space; see [8]). 

This application would give new importance to SVD. 
Whereas so far in the context of text analysis SVD has often 
been considered as just another (complicated and compu-
tationally expensive) smoothing method that only slightly 
improves the computation of co-occurrence-based word 
similarities, it may become invaluable for providing input to 
ICA.10 

                                                           
10 However, preliminary experiments indicate that ICA may not lead to 
satisfactory results when applied to dimensionality-reduced co-occurrence 
data. Should this finding be confirmed, we suggest an alternative approach 
for word sense induction based on clustering the local contexts of a word. 
The outline of an algorithm is as follows: A term/document-matrix is con-
structed whose columns correspond to all documents of a corpus that con-
tain a given ambiguous word and whose lines correspond to those words in 
the documents that are strongly associated to the given word. Let us assume 

Our vision for the future is that in our association matri-
ces SVD gives us the principal components of the columns 
whereas ICA gives us the independent components of the 
rows. Together they provide a mathematically sound frame-
work for an optimal clustering of the semantic space. Thus 
SVD and ICA move us a step forward in our attempts to 
solve the problem of ambiguity in natural language proc-
essing in a psychologically plausible way [9]. 
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that we want to compute the two main senses of the given word. We ac-
complish this by applying a SVD in such a way that the number of columns 
in the matrix is reduced to two. This operation has an effect similar to opti-
mally clustering the documents into two thematic classes, each corre-
sponding to one of the two main senses of the given word. The maxima in 
the two resulting column vectors correspond to those words that are suitable 
to be used as sense descriptors. 




