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Pivot Learning for Efficient Similarity Search

MANABU KimURA, ! Kazumr Sarrof?
and NAONORI UEDA?

Similarity search, the task of finding objects similar to a given query object,
is an important operation in multimedia databases, and has many applications
in a wider variety of other fields as well. An existing approach to similarity
search utilizes a set of pivots to reduce the number of similarity computation
between a query and objects in a database. In this paper, unlike conventional
methods which choose pivots from existing data objects using combinatorial
optimization techniques, we propose a novel method that learns a set of piv-
ots from objects not in the database, in virtue of iterative numerical nonlinear
optimization. In our experiments using two synthetic and two real data sets,
we show that the proposed method significantly reduced the average number
of similarity computations, compared with some representative conventional
methods.
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Fig.1 Pruning by using pivots.
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Table 1 Data names and their descriptions.
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Table 2 The evaluation of the total complexity using training data and test data.
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Fig.2 Learning curve of proposed method at 50 pivots.

x
a
o

8 dim. 50000 rand. vecs. —+—
16 dim. 50000 rand. vecs. ---%---
20 dim. 40700 images ---*---

20 dim. 64585 docs. &

1 >?*-¥—¥-%-¥'%%'>K'%%*yé'%%'%*%%%'%'%%*

Objective function value

m]
=

1]

0 s o 3 A R S 8 i [ R R S
1 1 1 1 1 1 1 1 1
2 4 6 8 10 12 14 16 18 20
Number of iterations [[E]]

03 0D0OOoO0oOo 100000000 DODODOO
Fig.3 Learning curve of proposed method at 100 pivots.
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Table 3 Intrinsic dimensionality of experimental data.
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