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1. Background
Background

Nearest Neighbor Search (NNS) is an important problem in domains like information retrieval, 

classification, and optimization

Locality-Sensitive Hashing (LSH) gives the paradigm of hash based NNS, which achieves attractive 

performance than traditional tree based approaches

Various scenarios: unsupervised, supervised, kernelized, multiple feature, multiple probes, multiple bits, 

etc.

To improve the search performance, one successful technique is building multiple hash tables and 

returning points in multiple buckets

Main Issues

Motivation

Similar to feature selection, we can  select the most informative and independent hash functions, 

meanwhile considering the relations between tables

Compatible with any hashing algorithm using different parameter settings or feature types.

Most of state-of-the-art hashing algorithms concentrate on how to generate hash functions for a single 

hash table

Random selection as the most widely-used and general strategy faithfully improves the search 

performance, but usually needs a large number of hash tables

2. Problem Formulation
Notations

Definition

A pool of 𝐵 hash functions 𝐻 = {ℎ1, ℎ2, … , ℎ𝐵} (ℎ𝑖: 𝑅
𝑑 → {−1,1}) with the index set 𝑉 = {1,2,… , 𝐵}

𝑁 training samples 𝑋 = 𝑥1, 𝑥2, … , 𝑥𝑁 ∈ 𝑅
𝑑×𝑁, encoded by ℎ𝑖 into Y𝑖 = ℎ𝑖(𝑥1), ℎ𝑖(𝑥2), … , ℎ𝑖(𝑥𝑁)

The goal is to build 𝐿 tables {𝑇𝑙; 𝑙 = 1,… , 𝐿}, each of which consists of 𝐾 hash functions from 𝐻: 𝑇𝑙 =
{ℎ𝑙1 , … , ℎ𝑙𝐾; {𝑙1, … , 𝑙𝐾} ∈ 𝑉}.

Vertex and Edge Weighted Graph

𝐺 = (𝑉, 𝐸, 𝐴, 𝜋)
𝑉 is the vertex set corresponding to hash functions in 𝐻
𝜋 = 𝜋1, … , 𝜋𝐵

𝑇 are the vertex weights

𝐸 ⊂ 𝑉 × 𝑉 is the edge set

𝐴 = (𝑎𝑖𝑗) are the edge weights

Selection Criteria

Vertex weight: the accuracy of each hash function:

𝜋𝑖 = exp(𝛾𝑌𝑖𝑆𝑌𝑖
𝑇)

Edge weight: pairwise independence between functions 
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𝑦𝑖,𝑦𝑗

𝑝 𝑦𝑖 , 𝑦𝑗
𝑝 𝑦𝑖 , 𝑦𝑗

𝑝 𝑦𝑖)𝑝(𝑦𝑗
]

Function Graph

3. Reciprocal Hash Tables

Informative Tables

Consist of the hash functions preserving neighbor relationships and mutually independent: the dominant 

set in the graph 𝐺

The redundancy among tables: tables should be complementary to each other, so that the nearest neighbors can 

be found in at least one of them.

Quadratic programming

Predict neighbor relations: current 𝑙 hash tables on the pair 𝑥𝑖 and 𝑥𝑗

Update the similarities: weights on the misclassified neighbor pairs will 

be amplified to  incur greater penalty

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

Reciprocal table construction strategy: for each table sequentially select the dominant hash functions that 

well separate the previous misclassified neighbors in a boosting manner
multi-table hamming distance

reweight scalar 

4. Experiments
Protocol

Datasets: SIFT-1M: 1 Million 128-D SIFT and GIST-1M: 1 Million 960-D GIST

Measure: Precision & recall using Hamming ranking and Hash table lookup

Results

Conclusion
a unified strategy for hash table construction, supporting different hashing algorithms and various scenarios

a reciprocal strategy in a boosting manner to reduce the redundancy between hash tables

Over basic hashing algorithms

Over multiple hashing algorithms

Our proposed method significantly improves the performance of multiple hash tables


