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Nearest neighbor search is a fundamental task to retrieve data points which are similar to the given query.
Binary hashing is a framework of approximate methods which meets time and space requirements for a large
amount of high-dimensional data points. In these methods one converts data points to r-bit binary codes by r
hash functions preserving their similarity structure. Recent work shows that hash learning methods enable us to
shorten binary codes and improve the precision of nearest neighbor search. However, these methods do not consider
the redundant combination of more than two different hash functions. In this paper, we propose a novel hashing
method to overcome this redundancy problem by transforming the optimization problem of Spectral Hashing. We
show by experiments on real datasets that our method outperforms existing methods in term of code length without

decreasing the nearest neighbor search precision.
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2. Spectral Hashing

000000000000 00 Spectral Hashing 0000
O000000000SHOOODOOoooOo 2000000
D0000000 AeR™" 00000000000 0OOOO

1 . NTE
i (©) () - T
min o E Hy -y H A =tr(Y LY) (1)
ij

st.Y'1=0, Y'Y =nl

000 Y=@W,.. .,y 00000000000000
000000000000000000000000000
000000O00LO AD0ODOOOO0OO0OOOO0O0O0O0000
000000000ADOO0DOOOOOOOOO DOOOO
L=D-A0000000100000000 100000
00000000000000 (1) 00000000000
000000000000000000000000000
00Y =(y,...,y») 000000000000000000
00000000 Y'1=0000000000000000



The 26th Annual Conference of the Japanese Society for Artificial Intelligence, 2012

(a) Embedding result to R® using SH

(b) Embedding result to R? using our method
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(a) Mean bucket size vs. code length
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(b) Precision vs. code length
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(a) Mean bucket size vs. code length
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(b) Precision vs. code length
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