






















Dataset % Recall % Discrepancy % Evaluated

till recall

Seg 100 0 7.84314
Wine 93.3 0.27225 22.4806
Yeast 80.0 0.06603 3.547
Ecoli 100 0 17.2647
21K 85.0 0.0272883 2.8559
Corbis 90.0 0.03607813 2.94255

Table 2: Qualitative and quantitative comparison

Dataset Class Recall % Discrepancy % Evaluated
till recall

Corbis 0 0.8 0.05241 3.7729
(k = 10) 1 1 0 1.82111

2 0.7 0.119966 2.91755

Corbis 0 0.98 0.000324724 3.83965
(k = 50) 1 0.96 0.00851683 1.84253

2 0.9 0.036358 3.06362

Table 3: Results with varying k

of further lowering the number of instances to be
evaluated. We would also like to develop bounds on
the number of instances that KDX evaluates. Another
objective would be to lower the size of the index
structure used by KDX. Currently, the index structure
takes up O(n g) space (g being the number of instances
in each ring). Although the dataset itself takes up
O(n d) space (d being the dimensionality of each feature
vector), the size of the index structure can quickly
become very large. We would like to explore avenues
restricting the size of the index.
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Proceedings of ECML-98, 10th European Conference
on Machine Learning, number 1398, pages 137–142,
Chemnitz, DE, 1998. Springer Verlag.

[12] Norio Katayama and Shin’ichi Satoh. The SR-tree: an
index structure for high-dimensional nearest neighbor
queries. In ACM SIGMOD Int. Conf. on Management
of Data, pages 369–380, 1997.

[13] D. A. Keim. Tutorial on high-dimensional index struc-
tures: Database support for next decades applications.
In Proceedings of the ICDE, 2000.

[14] Hyunsoo Kim, Peg Howland, and Haesun Park. Di-
mension reduction in text classification using support
vector machines. Journal of Machine Learning Re-
search, to appear.

[15] Chen Li, Edward Chang, Hector Garcia-Molina, and
Gio Wilderhold. Clindex: Approximate similarity
queries in high-dimensional spaces. IEEE Transactions
on Knowledge and Data Engineering (TKDE), 14(4),
July 2002.

[16] King-Ip Lin, H. V. Jagadish, and Christos Falout-
sos. The TV-tree: An index structure for high-
dimensional data. VLDB Journal: Very Large Data
Bases, 3(4):517–542, 1994.

[17] Simon Tong and Edward Chang. Support vector
machine active learning for image retrieval. ACM
International Conference on Multimedia, pages 107–
118, 2001.

[18] Simon Tong and Daphne Koller. Support vector ma-
chine active learning with applications to text classifi-
cation. In Pat Langley, editor, Proceedings of ICML-
00, 17th International Conference on Machine Learn-
ing, pages 999–1006, Stanford, US, 2000. Morgan Kauf-
mann Publishers, San Francisco, US.

[19] V. Vapnik. The Nature of Statistical Learning Theory.
Springer Verlag, 1995.

[20] Roger Weber, Hans-Jörg Schek, and Stephen Blott.
A quantitative analysis and performance study for
similarity-search methods in high-dimensional spaces.
In Proc. 24th Int. Conf. Very Large Data Bases,
VLDB, pages 194–205, 24–27 1998.




