








erage precision for the algorithms. Centroids and Algorithm
1 appear to be competitive with LSI. Interestingly, for small
values of l, Algorithm 2 can return better precision than LSI.
Table 3 tabulates the maximum precision and corresponding
k for each method and confirms that Centroids and Algo-
rithms 1 and 2 can be quite effective for IR. Furthermore, for
small l, Algorithm 2 may achieve higher precision than LSI.

Alg.-Tdm med lfx cran lec cisi lfc
LSI 0.70, 100 0.46, 100 0.25, 90
SPQR 0.56, 150 0.28, 150 0.17, 150
SCRA 0.51, 150 0.26, 150 0.18, 120
BSVD 0.46, 150 0.25, 150 0.14, 150
CM 0.65, 120 0.40, 150 0.20, 110
Alg.1 0.65, 110 0.40, 150 0.20, 140
Alg.2, l = k 0.65, 110 0.41, 150 0.20, 140
Alg.2, l = 2 0.70, 70 0.46, 130 0.23, 110
Alg.2, l = 3 0.69, 80 0.45, 120 0.23, 110

Table 3: Best precision and corresponding value of k pairs
for LSI, SPQR, SCRA, BSVD, Centroids Method and Algo-
rithms 1-2. Boldface indicates best precision/dataset.

Overall, it appears that our methodology can produce
approximations with good performance. All proposed meth-
ods require smaller runtimes than partial SVD. Our exper-
iments also indicate that CLSI is suitable for the querying
process as in some cases it gives better results, faster than
LSI. Therefore, CLSI could be used as basis of new algo-
rithmic suites for IR from large and dynamic collections and
merits additional study.
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