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Abstract  Approximate nearest neighbor (ANN) search is an important technique in Information
Retrieval. With rapid growth of volumes of unstructured data like texts, images, and videos,
how to perform efficient and accurate search from large-scale data becomes an inevitable problem.
As a key approach to approximate nearest neighbor search, hashing can perform similarity-preserving
compression for high-dimensional data. Previous hashing methods are usually applied to centralized
data, hence they cannot process distributed data. In this paper, SparkPQ. a novel distributed
learning to hash method based on Product Quantization (PQ) is proposed, which is implemented
in the Spark distributed computing framework. Based on the seminal Product Quantization (PQ)
method, we first give a formal definition of distributed Product Quantization model. Then, we
design a distributed matrix partitioned by rows and columns and apply distributed K-Means
algorithm to solve the SparkPQ model and train a codebook. We encode and index the distributed
data from database with the codebook model. Finally, we build an integrated ANN search system

which not only reduces the storage and computation cost substantially, but also speeds up the
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search efficiency with guaranteed search accuracy. A comprehensive empirical study on large-

scale image retrieval datasets validates the effectiveness and scalability of the proposed distributed

learning to hash method.
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uniformly split X by rows into m subspaces
FOREACH subspace i=1:m in parallel DO
model [ i |<—kmeans_train (X[i], h, maxIter)
END FOREACH

RETURN model
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- gt S R IE B
1. uniformly split Z by rows into m subspaces
broadcast model to all nodes
n<-num of columns of Z
FOREACH subspace i =1:m, column j=1:n in
parallel DO
B[ i,j |<model[i].predict(Z[i,j])
END FOREACH
RETURN B
4.5 EWMREH

E AT UL 45 2 1 10 o AT AR R 1
] 5 q . 758 q FE 0 Bl % b o) e Z 18] 9 B
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1. FOR i=1—m DO
2. FOR j=1-=modell i].numO fCenters
3. Dli,jl<computeDist(models[ i]. center[j],q)
4 END FOR
5. END FOR
6. n<-num of columns of B
7. broadcast dist to all nodes
8. FOREACH subspace i=1:m, column j=1:n in
parallel DO
9. distli]<dist[i]+D[i,Bli,j]]
10. END FOREACH
11. result<getTopK (dist)
12. RETURN result
R B A R L AR XS R R S R IR R
22 AT LA [ AD (g, x.) —D(q.x;) | FR.
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Background

Approximate Nearest Neighbor ( ANN) search is a
fundamental technique for large-scale unstructured data
management, which is widely applied in many research fields
such as Data Mining and Multimedia Retrieval. With the
current exponential growth of big data, there has been an
increasing interest in studying efficient and accurate search in
large-scale high-dimensional database.

Hashing is an important approach to approximate nearest
neighbor search that can significantly compress data to reduce
storage and computation costs. Many hashing methods have
been proposed for fast search, including the seminal Locality
Sensitive Hashing, Spectral Hashing, and Iterative Quanti-
zation.

Recently, Spark has become a popular platform which is
applied to efficient processing of large scale datasets. Spark is
an open-source distributed computing platform that supports
high scalability, high availability and fault tolerance. Previous
works on large scale datasets show that Spark is suitable for

solving problems that depend on iterative algorithms. while

machine learning fits well into this iterative programming
paradigm.

In this paper, we proposed SparkPQ, a novel distributed
learning to hash method based on Product Quantization
(PQ) . which is implemented in the Spark distributed compu-
ting framework. Based on the SparkPQ method, an ANN
search system is built, which can not only reduce the storage
and computation cost substantially, but also can speed up the
search efficiency with guaranteed search accuracy. Besides,
we conducted extensive empirical experiments on large-scale
image retrieval datasets, which validates the effectiveness
and scalability of the proposed SparkPQ method and system.
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