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1. Background 3. Reciprocal Hash Tables

Background

Informative Tables

Nearest Neighbor Search (NNS) Is an important problem in domains like information retrieval, 2= Consist of the hash functions preserving neighbor relationships and mutually independent: the dominant
Classification, and optimization set in the graph G Theorem 1 Ifz* is a strict local solution of the program
== Locality-Sensitive Hashing (LSH) gives the paradigm of hash based NNS, which achieves attractive max  1zTAz |
performance than traditional tree based approaches st 220,1"z=1 ' Qquadratic programming
=% Various scenarios: unsupervised, supervised, kernelized, multiple feature, multiple probes, multiple bits, where A = TIATL and TI = diag(w), then its support
etc o(z*) = {i € V : 2z # 0} is the normalized dominant
. : : . . set of graph G = (V,E, A, 7).
== To Improve the search performance, one successful technique is building multiple hash tables and . _ _ N _ _ _
returning points in multiple buckets == Straightforward table construction strategy: iteratively build hash tables by solving the above problems

with respect to the remaining unselected hash functions in the pool H

Reciprocal Tables

== Most of state-of-the-art hashing algorithms concentrate on how to generate hash functions for a single _
hash table == The redundancy among tables: tables should be complementary to each other, so that the nearest neighbors can
== Random selection as the most widely-used and general strategy faithfully improves the search be found In at least one of them.
performance, but usually needs a large number of hash tables =2 Reciprocal table construction strategy: for each table sequentially select the dominant hash functions that
W well separate the previous misclassified neighbors in a boosting manner
# Predict neighbor relations: current [ hash tables on the pair x; and x; pij =d;; —p , muitteblehamming distance |
. . . . . : el dy = min Y [h(x) = h(x;)]
Similar to feature selection, we can select the most informative and independent hash functions, | =1l 2
meanwhile considering the relations between tables + Update the similarities: weights on the misclassified neighbor pairs will S, = Sijiwij@ reENeight)sca_lfa(r_ e
] ] ] ) ] ) ] - - . I exp(—apij), 1 (2,7
== Compatible with any hashing algorithm using different parameter settings or feature types. be amplified to Incur greater penalty Wiy { xplapy), if (i) € C
2. Problem Formulation 4. Experiments
Notations Protocol
= A pool Of B hash functions H = {hl' hz’ . hB} (hi: Rd N {_1’1}) Wlth the index set I/ = {1’2’ ’B} == Datasets: SIFT-1M: 1 |\/|I||I0n 128-D SIFT and GIST-1M: 1 Ml”lOn 960-D GIST
%5 N training samples X = [xq, x5, ..., xy] € R**N encoded by h; into Y; = [h;(x1), hi(x5), ..., h; (x =2 Measure: Precision & recall using Hamming ranking and Hash table looku
1,42 N l l L\ L\2 L\*N
Definition Results 4
] " " "
== The goal is to build L tables {T;; [ = 1, ..., L}, each of which consists of K hash functions from H: T; = i Over ba3|ch?sh|ngalgor|thmsMm o S -
h h ) l l E V . A;GTOARQIEE — g ; LlszH 16 g -K%gH 16 g Rr\v]ﬂ;m 16 04F :EEE%EEEE 0458 :ﬁg‘}gﬁz i ﬂﬁzEES%EEEE
{ ll’ ¢ lK ¢ { 1/ » 'K } } scenarios bits vertex-and edge-weighted graph | RAND T 16.20 [ 13.42 | T3.13 13.50 [7.46 | 16.09 %6.02 74.87 | 23.73 cm Rl _ N_______ —Z—EEEFEEQ}:;S ool __EEEFE::;';:
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Feature 1 > Hash-lngj | parameterly; |—> .ylﬂu == Over mUI'“pIe h&Sh'ﬂg algonthms o1l | (a) Precision of LSH on SIFT-1M (b) Precision of KLSH on SIFT-1M (c) Precision of RMMH on SIFT-IM
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_ G=(V,E, {4' ) _ _ Vertex weight: the accuracy of ea;: hhash function Our proposed method significantly improves the performance of multiple hash tables
e V isthe vertex set corresponding to hash functions in H m; = exp(yY;SY; )
o 7 =[m,..,ms]T are the vertex weights e Edge weight: pairwise independence between functions W
¢ E cV xXVisthe edge set p(yi,yj) o _ _ _ _ _ _ _
e A = (a;)are the edge weights a;; = exp[—A1 Z p(vi ;) 2P == aunified strategy for hash table construction, supporting different hashing algorithms and various scenarios
Yiyj e =2 areciprocal strategy In a boosting manner to reduce the redundancy between hash tables




