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ABSTRACT
Locality-sensitive hashing (LSH) usually consumes large
memory in similarity search, which limits its scalability for
large scale applications. In this paper, we propose a novel
cluster-based locality-sensitive hashing (CLSH) approach,
which extends the conventional LSH framework and aims at
indexing and searching large scale high-dimensional datasets. We first utilize a clustering algorithm to partition the
raw feature dataset into clusters, and map these clusters
to a distributed cluster. Then, LSH method is applied to
construct the index for each cluster, and we present two
criteria to choose the cluster(s) for further detailed search
in order to improve the search quality. This proposed
framework comes with following properties. Firstly, CLSH
can cope with large scale feature dataset. Secondly, the
generated clusters can guide the feature dataset automatical
mappings to a distributed cluster. After that, the search
time can be reduced a lot by searching on multiple computing nodes. Experiments show that the proposed approach
outperforms the existing approaches in terms of efficiency
and scalability.

Categories and Subject Descriptors
H.3.1 [Content Analysis and Indexing]: Indexing methods; H.3.3 [Information Search and Retrieval]: Clustering, Search process
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Algorithm, Experimentation, Performance
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1.

INTRODUCTION

Nearest neighbor search, also known as similarity search,
plays an important role in multimedia applications, such as
information retrieval, data analysis and object recognition
[2, 8, 7, 14]. Tree-based search methods, including kd tree and R-tree, usually have good performance for
nearest neighbor search on low-dimensional features, but
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they inevitably suffer enormous negative influence on search
performance when the feature dimensionality increases.
To improve the search performance on high-dimensional
features, Approximate Nearest Neighbor (ANN) search was
proposed, which aims at balancing search result quality and
response time by only providing the approximate results in
nearest neighbor search [1]. It has only small difference in
search results to the exact nearest neighbor search when the
user’s quality notion is accurately captured, which is good
enough for most practical applications [3]. In ANN search,
hashing based methods is dominant for their insensitivity to
feature dimensionality, in which Locality-Sensitive Hashing
(LSH) [5, 3] is one kind of the pioneering hashing based
ANN search and widely used methods. Recently, various
extensional works of LSH were presented, such as multiprobe LSH [11], query-adaptive LSH [6], etc., and amounts
of learning based hashing methods were proposed, including
spectral hashing (SH) [17], semi-supervised hashing (SSH)
[16], weakly-supervised hashing [12] and kernelized LSH
(KLSH) [9], etc. These methods substantially reduce the
searching time while preserving the comparable search quality. However, they are all designed in the centralized settings
and their abilities are limited by the memory capacity
of single computing node. Therefore, their scalability is
severely limited by the scale of feature dataset and the
ability of the single computing node.
To overcome the above problem, we propose a novel
cluster-based locality-sensitive hashing (CLSH) framework,
which aims to extend LSH method for indexing and searching large scale high-dimensional feature datasets. Here,
“cluster-based” has two meanings. In one respect, our
approach applies clustering on the raw feature dataset,
and constructs the index for each cluster. In the other
respect, our approach is carried out on a distributed cluster
which comprises of multiple computing nodes. Figure 1
shows the overview of our approach. First, we utilize a
clustering algorithm to partition the raw feature dataset
into clusters. Then, the feature dataset are automatically
mapped to different computing nodes with the guide of
these clusters. After this, for each cluster, LSH method
is applied to construct the index. In the nearest neighbor
search phrase, one cluster or several clusters are selected for
further detailed search to obtain retrieval results and the
search time will be reduced a lot.
Compared to the primary LSH and other hashing based
ANN methods, our approach has the following advantages:
• CLSH can cope with larger scale feature dataset by
applying LSH method on each cluster instead of the
whole feature dataset;
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Figure 1: Overview of the proposed CLSH.
• The generated clusters can guide feature dataset automatical mappings to a distributed cluster;
• CLSH can reduce the search time by carrying out
searching on multiple computing nodes together instead of searching on a single node.
The rest of this paper is organized as follows. First,
we review some preliminaries for our CLSH approach in
Section 2. In Section 3, we present a detailed description
of the CLSH. Next we demonstrate our experiments, along
with discussions in Section 4. Finally, Section 5 brings
conclusions and some remarks on the future work.

2.

PRELIMINARIES

In the following, we briefly present the preliminaries,
including clustering and LSH, which are required to understand the remainders.
Clustering concerns with grouping a set of objects into
clusters. Clustering has some desired properties, such as the
intra-cluster is homogeneous and the inter-cluster should be
separate enough. In other words, objects in the same cluster
should be much more similar to each other than those in
different clusters. Clustering is widely used in many fields,
such as media information retrieval and media analysis.
Generic LSH scheme was proposed in [5] for (R, c)-NN
search problem. This scheme ensures that the hashing functions of any LSH families can be used to solve the similarity
search problem efficiently. Let S be a d-dimensional feature
points collection, D : S × S → R is similarity metric, an
LSH family is defined as follows: A family H = {h : S → U }
is called (r1 , r2 , p1 , p2 )-sensitive under metric D, if for any
p, q ∈ S:
• If D(p, q) ≤ r1 , then Prh∈H (h(p) = h(q)) ≥ p1 ;
• If D(p, q) ≥ r2 , then Prh∈H (h(p) = h(q)) ≤ p2 .
Where, r1 < r2 and p1 > p2 . Intuitively, using the hashing
function from LSH family, the collision probability of the
near points is much higher than the far ones.
The generic LSH scheme works as follows:
1. Index construction: For an integer k, define an LSH
function family G = {g : S → U k } by concatenating
k LSH functions, i.e. g(p) = (h1 (p), · · · , hk (p)). For
an integer L, independently and uniformly choose L
functions g1 (p), · · · , gL (p) from G at random. For
every feature point p ∈ S, store its index key in the
buckets g1 (p), · · · , gL (p);
2. Search process: For a query point q, the points
p1 , · · · , pn in the buckets g1 (q), · · · , gL (q) are the
query’s ANN candidates. For each point pi (i =
1, · · · , n), if D(q, pi ) ≤ r, pi is the query’s ANN
results.

3. APPROACH
For the purpose of scalable high-dimensional indexing
and searching, the CLSH for large scale high-dimensional
datasets indexing and searching approach is presented in
this section. In reality, objects (images, videos, etc.) often
have inherent structures and belong to some categories.
For instance, images are often characterized into people,
landscapes and cars; videos are often characterized into
movies, news and TV shows. Therefore, in the CLSH
framework, we group the feature dataset into clusters
followed by an LSH. Consequently, each cluster may capture
a particular aspect of the dataset. However, searching in
only one cluster is too harmful to return high quality search
results when the query locates near the cluster border. Two
methods are presented to choose the cluster(s) for further
detailed LSH search in order to facilitate the search quality
complementarily.

3.1 Index Construction
The CLSH index construction algorithm is shown in
Algorithm 1. Before we construct the index, we first employ
a clustering algorithm to group the feature points into
clusters as Figure 1 demonstrated. In this paper, we adopt
k-means, one of the most popular clustering algorithms, in
our CLSH framework for further investigation. After the
clusters are generated, the cluster center is the guideline
for automatically delivering the feature points to different
computing nodes, each cluster corresponds to one computing
node.
Next, we apply an LSH algorithm to hash each feature
point in these clusters. In CLSH framework, we employ
p-stable distribution based LSH [3] which is based on the
lp norm metric and is one of the most popular variations of
above-mentioned generic LSH scheme. The hashing function
of p-stable distribution based LSH families is defined as:
h(p) = ⌊

a·p+b
⌋ ,
w

(1)

where a is a d-dimensional vector with elements independently randomized from a p-stable distribution and b is a real
number bias uniformly randomized from [0, w]. In this LSH
scheme, the collision probability of any two feature points
p1 and p2 is:
Pr(h(p1 ) = h(p2 )) = p(x) =

Z

0

w

1
t 1−t
fp ( )
dt ,
x
x
x

(2)

where x = kp1 − p2 kp , fp (·) is the absolute value of the
p-stable distribution’s probability density function (PDF).

Algorithm 1: CLSH Index Construction Algorithm
Input : The number of clusters nc,
The set of feature points {pi },
Random vectors {ai },
Random bias {bi }, Quantization width w,
Concatenate number k, Group number L
Output: Indexing files {gil }
1 begin
2
repeat
3
Dividing {pi } into nc clusters {ci };
4
until convergence or exceeding max iter.;
5
for ∀p ∈ ci do
6
Utilizing LSH to construct index in each cluster
(computing node);
// {gil } means ci ’s index
7
Writing index to {gil };
8
end
9 end
In particular, for l2 norm (Euclidean distance metric) which
is used in this paper, elements of a are randomized from
a Gaussian distribution because Gaussian distribution
is a
−x2
2-stable distribution and its PDF is √12π e 2 .
The built index consists of hashing keys and feature point
identities. Before searching, the feature points and the index
are loaded to memory locally.

3.2 Nearest Neighbor Searching
In the search phase, we first find which cluster the
query point q belongs to. In the elected cluster(s), we
search colliding buckets g1 (q), · · · , gL (q) and get all points
p1 , · · · , pn in these buckets for further detailed distance
evaluation. For each pi (i = 0, · · · , n), if D(q, pi ) ≤ r, we
treat pi as the final ANN to the query q.
Nevertheless, when the query locates near the cluster border, it is insufficient to search only one cluster. Conversely, if
we engage LSH in searching the feature points in all clusters,
it is very time-consuming to merge the results from different
computing nodes. Generally speaking, the nearest several
clusters often contain almost all ANN results. Consequently,
considering the search efficiency, we search in a few clusters’
LSH buckets instead of all. We provide two methods to
choose some clusters for further search.
1. Search fixed number s clusters (such as, s = 2 clusters)
for simplicity;
2. Search the clusters where the distances between their
di
centers and the query satisfy min{d
≤ T (i = 1, · · · , k)
i}
(T is a customizable threshold).
Instinctively, the nearest cluster may contain almost all
similar results according to clustering properties and in
LSH scheme, the smaller D(pi , pj ), the larger colliding
probability. Therefore, search a few clusters may meet the
search quality requirements. The dissimilar feature points
which collided in LSH scheme are filtered by clustering. As
a result, the detailed distance evaluation times are reduced
a lot in the refine phase (i.e. less search time in practice).
We should mention that the clustering approach and
indexing technique are not limited to k-means and p-stable
distribution based LSH. Any other clustering algorithms and
hashing methods, such as AP [4], AKM [15], Query-adaptive
LSH [6] and KLSH [9], can be adopted in our framework.

4.1 Experiment Settings
We validate the proposed approach on INRIA’s BIGANN dataset1 (10 thousand and 1 million 128-dimensional
SIFT[10] feature datasets, 1 million 960-dimensional GIST[13]
feature dataset), which aims to evaluate the search quality
of ANN search algorithm. Our experiments are organized
on seven PCs (one master and six slaves as computing
nodes connected by a gigabit LAN) with four 64-bit 2.00GHz
CPUs and 8GB RAM each. The operating system is Linux
with kernel 2.6.32. E2LSH (Exact Euclidean LSH)2 which
is a popular implementation of p-stable distribution based
LSH, is rewritten for our distributed settings in C++. The
number of cluster nc is set to 6 (one slave handles one
cluster) and the parameters k and L in LSH scheme are
determined by E2LSH, while the successful probability δ is
set to 0.9 and w is 4 throughout our experiments.
As we all know, precision and recall are two key criteria for
search quality. Since our method is a kind of filter-and-refine
framework, the distances between returned results pi and
query q are all less than r (i.e. D(q, pi ) ≤ r). Consequently,
we only put our focus on the recall in our experiments.
Besides, we will compare the average number of the detailed
distance evaluation over 100 queries and present the average
search time. As LSH functions are randomly selected, we
repeat our experiment 10 times and the average results are
recorded.

4.2 Experimental Results and Discussions
Table 1 shows the recall of ANN search. The presented
results only comprise the s ≤ 3 and T ≤ 1.3 results. When
s > 3 or T > 1.3, the result is almost the same as s = 3 or
T = 1.3 (also in Table 2). Table 2 represents the detailed
distance evaluation times in the refine phase. Experimental
results demonstrate that CLSH can get comparable recall to
E2LSH, but the detailed distance evaluation times decrease
a lot. Due to the randomly selected LSH functions, the
CLSH’s recall is slightly larger than E2LSH’s when s = 3
and T = 1.3 on SIFT10K dataset. This phenomenon also
occurs in Table 2 when s = 3 and T = 1.3 on SIFT1M
dataset.
Table 1: Comparison on Recall
Dataset
SIFT10K SIFT1M GIST1M
E2LSH
0.9647
0.9494
0.9680
s=1
0.8704
0.8926
0.7732
s=2
0.9667
0.9494
0.9514
s=3
0.9741
0.9494
0.9647
CLSH
T = 1.1
0.9518
0.9319
0.8953
T = 1.2
0.9741
0.9494
0.9640
T = 1.3
0.9741
0.9494
0.9647
Table 2: Comparison on the detailed distance
evaluation times
Dataset
SIFT10K SIFT1M GIST1M
E2LSH
142.6
13,435.3
121,871
s=1
95.03
9,854.27 53,021.7
s=2
124.64
13,318.5 91,421.2
s=3
134.5
14,639.4
106,805
CLSH
T = 1.1
108.17
11,078.8 75,891.2
T = 1.2
119.32
12,753.2
93,990
T = 1.3
128.46
13,467
107,738
The influence of s over recall and the detailed distance
1
2

4.

EXPERIMENTS
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Table 3: Comparison on total search time (s)
CLSH
s=1
s=2
s=3
T = 1.1 T = 1.2 T = 1.3
0.00021 0.00022 0.00024 0.00022 0.00024 0.00025
0.00813 0.00907 0.00994 0.00915 0.00983 0.01011
0.25116 0.25832 0.26014 0.25883 0.26001 0.26797
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Figure 2: Recall and the detailed distance evaluation
times vs. s. Figure 2(a): Influence of s on recall.
Figure 2(b): Influence of s on the detailed distance
evaluation times.
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Figure 3: Recall and the detailed distance evaluation
times vs. T . Figure 3(a): Influence of T on recall.
Figure 3(b): Influence of T on the detailed distance
evaluation times.
evaluation times (normalized by E2LSH’s, same in Figure
3 ) is demonstrated in Figure 2. Figure 3 illustrates the
influence of T .
Table 3 shows the average total search time in our
distributed settings. Total search time consists of search
time Ts , network transmission time Tt , and results merging
time Tm . The last column Tci is maximum total search time
of searching each cluster. We can infer from Table 3 that
although Ts remains almost the same because of parallel
searching different computing nodes, Tt and Tm are not
negligible to total search time. When CLSH gets access
to several clusters, total search time is much larger than
Tci especially in SIFT1M and GIST1M as the larger dataset
and higher dimensionality. Therefore, searching within a
few clusters could be much more effective, and the total
search time is significantly reduced eventually as the Table
3 indicates.

5.

CONCLUSIONS

In this paper, we present a distributed scalable framework,
cluster-based locality-sensitive hashing, for large scale highdimensional datasets indexing and searching. The clusters
are treated as a guideline to automatically deliver the feature
dataset to different computing nodes. Besides, in the search
phase, two criteria are applied to choose pick several clusters
for further retrieval instead of all. Experimental results
indicate that CLSH reduces the detailed distance evaluation
times a lot while preserving the search quality, and the
query search time is significantly reduced. The proposed

0.00022
0.00813
0.25271

framework is more efficient, scalable and practical, and
the clustering approaches and indexing techniques can be
extended to other methods besides k-means and LSH (as
aforementioned in Section 3). Future work includes investigating data-adaptive hashing functions in each cluster and
extending the proposed approach to further applications,
such as image retrieval and object recognition.
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