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In recent years, the nearest neighbor search (NNS) problem has been widely used in various interesting applications.
Locality-sensitive hashing (LSH), a popular algorithm for the approximate nearest neighbor problem, is proved to be an
efficient method to solve the NNS problem in the high-dimensional and large-scale databases. Based on the scheme of
p-stable LSH, this paper introduces a novel improvement algorithm called randomness-based locality-sensitive hashing
(RLSH) based on p-stable LSH. Our proposed algorithm modifies the query strategy that it randomly selects a certain hash
table to project the query point instead of mapping the query point into all hash tables in the period of the nearest neighbor
query and reconstructs the candidate points for finding the nearest neighbors. This improvement strategy ensures that RLSH
spends less time searching for the nearest neighbors than the p-stable LSH algorithm to keep a high recall. Besides, this
strategy is proved to promote the diversity of the candidate points even with fewer hash tables. Experiments are executed
on the synthetic dataset and open dataset. The results show that our method can cost less time consumption and less space
requirements than the p-stable LSH while balancing the same recall.
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1. Introduction

The nearest neighbor search (NNS) problem seems like a
simple problem: given a dataset with n points P= {p1, . . . , pn}
in a metric space X with the distance function d, preprocess
P so as to efficiently answer queries for finding the point in
P closest to a query point q ∈ X , and then returns the iden-
tity of the closest point. This is an important issue in a vari-
ety of interesting domains, for instance, image retrieval, data
mining, data compression, privacy preserving, machine learn-
ing, pattern recognition, statistics and data analysis, and so on.
An ideal indexing scheme for the NNS problem should have
the following properties: accuracy, time efficiency, space effi-
ciency, and highly dimensional.[1] Furthermore, the construc-
tion of the indexing data structure should be rapid and it should
be convenient to handle the various sequences of insertions
and deletions. At present, there are two thoroughly researched
and distinct approaches to the NNS problem: the deterministic
search method and the probabilistic search method.

Deterministic search methods are usually implemented
on the basis of data structures using spatial partitions and
recursive hyperplane decomposition and tree-based search

structures, such as the kd-tree,[2] R-tree,[3] and the Voronoi
diagram.[4] Probabilistic search methods do not guarantee an
exact result but instead of providing a high probability guar-
antee for obtaining the correct outcome or one close to it,
have been proved to be effective solutions to allow fast queries
even for high-dimensional datasets while maintaining good
precision. Several approximate search algorithms have been
brought forward, such as K-means[5] and the NV Tree.[6]

Locality-sensitive hashing (LSH)[7,8] is one of the most pop-
ular techniques to find the nearest neighbor from a dataset in
an approximate manner, which will be described in detail in
Section 2. The principle of LSH is to use multiple hash func-
tions to project similar data to the same bucket with a higher
probability via quantization rather than dissimilar points, i.e.,
if two points are close together initially, after a “projection”
operation these two points will still be close together. In the
nearest neighbor search for a query, LSH efficiently reduces
the search range to the points stored in the same hash buckets
as the query point. By means of comparing the similarity be-
tween these points according to a certain metric, LSH success-
fully decreases the computational overhead with a complexity
sublinear in the amount of data.
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In the different kinds of variations of LSH, one of the
most popular algorithms is the p-stable LSH proposed by
Datar et al.[9] The authors present a novel locality-sensitive
hashing scheme for the approximate nearest neighbor prob-
lem under lp norm, based on p-stable distributions. They
proved that their algorithm can find the exact near neighbor in
O(logn) time for data satisfying a certain “bounded growth”
condition. The proposed p-stable LSH can directly work on
points in the Euclidean space without any embedding, which
is free of large factors and is easy to implement.

In spite of the above advantages of the p-stable LSH, it
still has some important restrictions. Like the basic LSH al-
gorithm, p-stable LSH needs large memory consumption for
storing the many hash tables to maintain both recall and high
precision. Besides, its speed of finding the nearest neigh-
bor can also be improved to some extent. In this paper, we
present an overview of the traditional p-stable LSH and pro-
pose a new LSH algorithm called randomness-based locality-
sensitive hashing (RLSH) based on the p-stable LSH. The
RLSH does not need the same number of hash tables as the
number of hash tables which the p-stable LSH needs to keep
the same precision and recall as the p-stable LSH. The query
point just needs to randomly select a certain hash table to
project. Points that collide with those points, which collide
with the query point in other hash tables, compose the can-
didate dataset including those points. The RLSH can im-
prove space efficiency and search quality with less query time.
Through experiments, we can verify the superiority of our al-
gorithm by comparing it with the traditional p-stable LSH.

The rest of this paper is organized as follows. Section 2
presents an overview of locality-sensitive hashing. In Sec-
tion 3, we introduce the basic p-stable locality-sensitive hash-
ing algorithm. Section 4 describes our proposed algorithm
RLSH. Experiments and discussion are depicted in Section 5.
Section 6 provides a summary and a discussion of some exten-
sions of the paper.

2. Related work
The locality-sensitive hashing algorithm, as the effec-

tive method to deal with the nearest neighbor search (NNS)
problem, is widely used in many applications, like image
retrieval,[10–13] classification,[14,15] copy detection,[16,17] as-
sociation rule mining,[18] and three-dimensional (3D) object
indexing.[19] The most significant feature of LSH is that the
construction of hash functions in LSH is dependent on di-
verse similarity metrics. This issue has been extensively dis-
cussed and many LSH methods are designed for various sim-
ilarity measures, such as the l1 distance,[7] the lp distance
(0 < p ≤ 2),[10] the EMD distance,[20] the χ2 distance,[21] the
Cosine similarity,[22] the Mahalanobis distance,[23] the Jac-
card coefficient and the Kernel functions,[11,24] and so on.

Although even LSH can obtain perfect theoretical results,
there are also some drawbacks when using LSH in practice.
The main restriction of the LSH scheme is its huge memory
consumption. This limitation seems to be inevitable as LSH
needs enough hash tables to maintain high recall and high pre-
cision. The hash tables increase with the growing data, and
the index structure may not be stored into the main memory.
Once the hash tables exhaust the main memory and overflow
into the slow disk, we must execute the I/O operation resulting
in an awfully slow execution speed. Facing this drawback, cur-
rently there are three strategies to reduce the storage space of
LSH: the multi-probe strategy, the binary code’s storage form,
and the distribute LSH. Some variations of LSH based on the
multi-probe strategy have been put forward. Entropy-based
LSH[25] is the first one to utilize this strategy. Through hashing
several random points which are chosen based on the entropy
of the hash value of the current random point in the neigh-
borhood of the query point, additional hash buckets will be
probed and probed results are merged. The author also proved
that at least one of the random points will be hashed into the
bucket including the nearest neighbor. As a result, the can-
didate dataset will contain more points and the recall will be
enhanced. In accordance with this scheme, fewer hash tables
are needed, thus, less storage space is needed. Another method
that takes advantage of the multi-probe strategy is the multi-
probe LSH.[1] It is desired in the light of theoretical work on
entropy-based LSH, which reduces the space requirement of
the basic LSH method, and the query adaptive method.[26]

Multi-probe LSH intelligently probes multiple buckets that are
likely to contain query results in a hash table. It is proved that
multi-probe LSH has a similar time complexity as the basic
LSH method while using fewer hash tables by an order of mag-
nitude. Gu et al.[27] proposed a novel probability model and a
query-adaptive algorithm to generate the optimal multi-probe
sequence for range queries. This method was proved to probe
fewer points than multi-probe LSH for gaining the same re-
call. Unlike multi-probe LSH which has an unknown possibil-
ity to get the best performance, posteriori multi-probe LSH[28]

brought forward a more reliable posteriori model taking some
a priori knowledge about the queries and the searched objects
into considerations. This a priori knowledge implements a
better quality control of the search and helps to exactly select
the most probable hash buckets. The above algorithms based
on the multi-probe strategy are all proved to achieve the goal
to reduce the memory consumption while keeping the compa-
rable query precision and recall.

Apart from the multi-probe strategy, recently proposed
methods are implemented on the basis of converting each point
into a compact binary code, which are also proved to decrease
the query time with much less storage. Representative meth-
ods following this strategy contain spectral hashing[29] and
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semi-supervised hashing (SSH).[30] Spectral hashing performs
nonlinear dimensionality reduction using principal component
analysis to generate short binary codes. Semi-supervised hash-
ing which is formulated as minimizing empirical error is pro-
posed to learn efficient hash codes. This method can deal with
semantic similarity among the data points. Wang[30] proved
that semi-supervised hashing methods can solve the problem
of overfitting when labeled data are small or noisy.

In addition to these two methods mentioned above, there
are some other methods which depend on the same strategy
stated above.[31,32] In the near future, many researchers have
brought forward another novel technique to endure the LSH’s
space complexity. They combine the LSH scheme with the
distributed system or parallel computing.[33] Koga et al.[34]

introduced a simple and natural method to implement LSH in
the distributed environment, which made every node keep the
same number of hash tables. It successfully reduced remote
accesses while it brought about multiple hash buckets being
accessed in processing a query with a single remote access.

Another shortcoming which influences the LSH’s best
performance is the selection of parameters. Slaney et al.[35]

described an algorithm for optimizing the parameters and use
of LSH. The paper took advantage of two histograms to return
the LSH parameters which made the LSH index satisfy the per-
formance demand and have the minimum computational cost.
LSH forest[36] improved the basic LSH method by eliminating
the different data-dependent parameters for which LSH must
be constantly hand-tuned. Meanwhile, this method optimized
LSH’s performance for skewed data distributions while main-
taining the same storage space and query consumption. Au-
thors also proved this method could be implemented in parallel
systems and in peer-to-peer systems.

The limitations mentioned above have recently been thor-
oughly investigated. Gu et al.[37] detected a new flaw which
was neglected before. They proposed that when the dataset is
large-scale, the number of points to be filtered in the last step
of LSH becomes large, which may be the bottleneck of im-
proving the query speed when the amount of datasets becomes
larger and larger. The paper dramatically improved the filter-
ing speed using triangle inequality by overcoming the problem
that arises from a “non-uniform” phenomenon.

The last drawback is that most of the existing LSH varia-
tions randomly generates hash functions which may cut down
the performance. Choosing more appropriate hash functions
to better partition the vector space plays an important role in
the LSH’s performance.[38] Cao et al.[14] brought forward two
improved LSH algorithms based on a weakly supervised learn-
ing technique. The first one selected the most appropriate hash
functions based on sample pairs labeled with “similar” or “dis-
similar”. The second one generated hash functions with posi-

tive sample pairs. The authors proved that both methods dra-
matically reduced both space complexity and time complexity.

According to the above discussion, we can conclude that
the locality-sensitive hashing method is an effective index
structure for large-scale and high-dimensional datasets. Nev-
ertheless, the huge space requirements, the difficulty of select-
ing appropriate parameters, huge time consumption of candi-
date points, and the weakness of selecting apposite hash func-
tions have a big influence on the performance of the locality-
sensitive hashing method. In this paper, we bring about an im-
proved p-stable LSH algorithm called RLSH for the purpose
of reducing the space requirement and the time consumption.

3. Locality-sensitive hashing based on ppp-stable
distributions
In this section, we will describe the locality-sensitive

hashing based on p-stable distributions in detail. Firstly we
briefly present the p-stable distributions. Then we detail the
locality-sensitive hashing based on p-stable distributions for
the preparation for our proposed algorithm.

3.1. ppp-stable distributions

In probability, a random variable is considered to have
a stable distribution, if it has the property that a linear com-
bination of two independent copies of the variables has the
same distribution, up to location and scale parameters. The
stable distribution is sometimes referred to as the Lévy alpha-
stable distribution.[39] The normal distribution,[40] the Cauchy
distribution,[41] the Lévy distribution,[42] and the heavy-tailed
distribution[43] are all special cases of stable distributions.

Stable distribution[9]: a distribution 𝒟 over ℜ is called
p-stable, if there exists p ≥ 0 such that for any n real numbers
v1 . . .vn and independent and identically distributed variables
X1 . . .Xn with distribution 𝒟, the random variable ∑i viXi has
the same distribution as the variable (∑i |vi|p)1/pX , where X is
a random variable with distribution 𝒟.

Zolotarev[44] proved that the stable distributions exist for
any p ∈ (0,2]. The following two kinds of stable distributions
are often used in our computing vision.

1) A standard Cauchy distribution 𝒟c: it has the distribu-
tion of a random variable that is the ratio of two independent
standard normal random variables. It is designed by the den-
sity function f (x;0,1) = 1/(π(1+ x2)), is 1-stable.

2) A Gaussian (normal) distribution 𝒟G: it is defined by
the density function

f (x) =
1

σ
√

2π
exp
[
− (x−µ)2

2σ2

]
,

is a 2-stable. The parameter µ in this formula is the mean or
expectation of the distribution. The parameter σ is its standard
deviation, and therefore, its variance is σ2.
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The Gaussian (normal) distribution 𝒟G is used to gener-
ate the hash family in the p-stable locality-sensitive hashing.

3.2. ppp-stable locality-sensitive hashing

The principle of LSH is making use of multiple hash func-
tions from a certain hash family, which satisfies the following
locality-sensitive definition, to reduce the query range to the
points stored in the same hash buckets as the query point. Fi-
nally, LSH only needs to compute the similarity between these
points in the reduced query range and the query point. Hence,
LSH successfully reduces the computational overhead.

Locality-sensitive hash family: a family H = {h : S →U}
of functions over S is called (r1,r2, p1, p2)-sensitive if for any
two objects p, q in S:

if d(p,q)≤ r1 : Prh∈H [h(p) = h(q)]≥ p1, (1)

if d(p,q)≥ r2 : Prh∈H [h(p) = h(q)]≤ p2, (2)

where d(p,q) is the distance between objects p and q.
Prh∈H [h(p) = h(q)] = sim(p,q) ∈ [0,1] is the similarity func-
tion defined on the current dataset. h ∈ H is a hash function
which projects a vector to an integer.

For the locality-sensitive hashing scheme, two restrictions
should be satisfied: r2 > r1 and p2 < p1; (1+ε) = r2/r1 is the
approximation factor. Obviously, the definition with the re-
strictions shows that nearby points within distance r1 are more
likely to collide (p1 > p2) than points with a distance greater
than r2.

For the purpose of decreasing the probability of false de-
tection p2 or enlarging the difference between the probabili-
ties p1 and p2, multiple hash functions in a certain hash fam-
ily are concatenated in the LSH scheme. For a given integer
k, g(p) = (h1(p),h2(p), . . . ,hk(p)) is generated from a hash
family G = {g : S → Uk}, where hi ∈ H. For the hash family
G, probabilities in expressions (1) and (2) must be revised as:

if d(p,q)≤ r1 : Prg∈G[g(p) = g(q)]≥ p1
k, (3)

if d(p,q)≥ r2 : Prg∈G[g(p) = g(q)]≤ p2
k. (4)

Intuitively, the collision probability of two close points
p1

k also decreases, that is improper. To compensate for the
decrease in this probability, several functions g are used. For
a given parameter L, the LSH scheme independently and uni-
formly chooses g1, . . . ,gL from G randomly. Each function gi

represents a new hash table, so we gain L hash tables.
Datar[10] proposed the locality-sensitive hashing scheme

based on p-stable distributions which is suitable for the lp

(p ∈ (0,2]) norm. In this scheme, each hash function works
on tuples of random projections of this form

ha,b(v) =
⌊

a · v+b
W

⌋
,

where W means the quantization bucket width, a is a random
vector whose entry is chosen independently from a p-stable
distribution (say, p = 2, it is a Gaussian distribution), b is a
real number selected uniformly in the range [0,W ] represent-
ing an offset.

After introducing the definition of p-stable LSH, we can
conclude that there are three main parameters that influence
the performance of p-stable LSH: the number of projections
per hash value (k), the number of hash tables (L), and the width
of the projection (W ). Increasing W will increase the proba-
bility of collision for any two points. The parameter W rep-
resents a trade-off between a bigger table with a smaller final
linear search or a more compact table with more points to con-
sider in the final search. Varying k affects a trade-off between
the time spent in computing hash values and the time spent in
pruning false positives, i.e., computing distances between the
query and the candidates. A bigger k will increase the num-
ber of hash computations, although the arithmetic operations
are cheap compared with memory lookups. To fulfil that the
probability of LSH failing to find the true nearest neighbor is
less than ε , for a given value k, L is required to be at least
L = | logε|/(log(1− p1

k)).[45]

The procedure to find the nearest point to the query q from
S involves the next two steps.

Step 1: Generation of hash tables
S1-1) Selecting tuples of the random vector (a,b): ran-

domly select k vector a with the same dimensionality as the
point in the dataset, where each coordinate is a Gaussian ran-
dom variable N(0,1), and an offset b generated from a uniform
random distribution between 0 and W .

S1-2) One-line projection: select a point p ∈ S, compute
its hash value with the hash function

ha,b(v) =
⌊

a · v+b
W

⌋
.

S1-3) Multi-line projection: as we independently select
k tuples of the random vector (a,b), we can obtain a list of k
integers by executing k one-line projections. The LSH scheme
holds the completion that points which project to the same k
integers are members of the same hash bucket. Usually at this
stage, a conventional hash function is used to convert the k-
dimensional hash value to a one-dimensional integer. After
this stage, part of the certain hash table is generated.

S1-4) Project the current point into L hash tables, and re-
peat S1-2) and S1-3) until the whole dataset has been scanned.
Then L hash tables are completely constructed.

Step 2: Nearest neighbor search for the query q.
S2-1) Compute the L hash values for the query q taking

advantage of the same tuples of the random vector, which is
the same as Step 1.

S2-2) Let Pi be the set of points in S stored in the
same bucket as in the hash table gi. Then the points in
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P1
⋃

P2
⋃
. . .
⋃

PL become the candidates in the query range for
the nearest point to q. Compute the distance between the query
q and these candidates, and return the one which is closest to
q.

3.3. Complexity analysis

After introducing the process of the p-stable LSH, we can
conclude a simple computational model. Tprojection is denoted
as the cost for a single projection of points in the dataset, Thash

is denoted as an upper bound of the cost for computing the
hash value corresponding to the query point, while Tdistance

shows the cost of computing the distance between a candidate
point and a query point. Thus, the time complexity of p-stable
LSH is nkLTprojection+kLThash+NcTdistance and the space com-
plexity is nL, where n is the number of objects in the current
dataset, L is the number of hash tables, k is the number of pro-
jections per hash value and Nc is the amount of the candidate
points after the first step of the p-stable LSH algorithm.

The p-stable LSH is one of the most popular species of
LSH, so limitations of the basic LSH scheme equally exist
in it. Our proposed algorithm-RLSH effectively reduces the
space consumption and improves the query speed while main-
taining the same precision and recall.

4. Improved locality-sensitive hashing
According to the discussion in Section 2, the tradi-

tional p-stable LSH algorithm has the following disadvan-
tages. Firstly, it needs huge space requirements for storing
sufficient hash tables aiming to keep high recall and high pre-
cision. Secondly, it requests users to specify three main param-
eters: the number of projections per hash value (k), the number
of hash tables (L), and the width of the projection (W ). How-
ever, there is no commonly applicable method for this algo-
rithm of selecting appropriate parameters. A lot of researchers
determine these parameters on the basis of the a priori knowl-
edge about the dataset or recommended value by other liter-
atures. Finally, the traditional p-stable LSH algorithm also
has the potential bottleneck, that the candidate points become
large with the increasing of data, which influences the perfor-
mance of this algorithm.

In this paper, we improve the traditional p-stable LSH al-
gorithm in terms of the huge space requirements and high time
consumption. Currently, lots of researchers have put forward
several improvement strategies in this aspect. These improve-
ment strategies can be classified into two categories. The first
one is selecting hash buckets with high success probabilities
of containing the nearest neighbor instead of blindly searching
enough hash buckets. Entropy-based LSH[25] and multi-probe
LSH[1] are the most typical methods taking advantage of this
strategy. Entropy-based LSH orders hash buckets depending

on the nearest neighbor distance, that ensures all hash buck-
ets with high probabilities are probed. Unlike entropy-based
LSH, multi-probe LSH uses a carefully derived probing se-
quence to examine multiple buckets that are likely to contain
the nearest neighbors of the query point. The other way to im-
prove this problem of the traditional p-stable LSH algorithm is
promoting the computing ability. Distributed system and par-
allel computing are the optimal choices to be integrated into
the traditional p-stable scheme.[33,34]

So far, these improvements of the traditional p-stable al-
gorithm have not taken accelerating the algorithm by reducing
the number of projections for the query point into considera-
tion. However, the probability of finding the nearest neighbors
may be cut down in this way because there are fewer hash
buckets to be searched. To solve this contradiction, a novel
method of selecting the candidate points is brought forward.
This method achieves the goal of containing more candidates
which may include the nearest neighbors of the query point
and simultaneously reducing the number of projections for the
query point. More details about our proposed algorithm will
be described in the following section.

4.1. Randomness-based locality-sensitive hashing scheme

This novel algorithm is similar to the traditional p-stable
LSH except that it randomly selects a hash table to project
the query point q while the traditional p-stable LSH algorithm
projects the query point q to all the hash tables. The selection
of candidates for these two methods is different too. RLSH
works in the same way in the first step, i.e., the generation of
hash tables as the p-stable LSH, so we describe the second
step in detail.

Step 1: Generation of hash tables.
Step 2: Nearest neighbor search for the query point q.
1) Randomly select a hash table gr from all the L hash

tables, compute the hash value for the query point q taking ad-
vantage of the same tuples of the random vector in this selected
hash table, which is the same as Step 1.

2) Let Sr be the set of points stored in the same bucket
as q in the hash table gr, scan points which are stored in the
same hash bucket as points in Sr in the remaining hash tables
gi (i ̸= r).

3) Let Pi be the set of points in S stored in the same bucket
as the points in Sr in the hash table gi (i ̸= r). Then the points
in P1

⋃
P2
⋃
· · ·
⋃

PL
⋃

Sr (i ̸= r) become the candidates in the
query range for the nearest point to q. Compute the distance
between the query point q and these candidates, and return the
one which is closest to q.

4.2. Complexity analysis

After comprehending the process of the RLSH algorithm,
conclusions can be made that the time consumption is the main
cost in the following three aspects: the projection of objects in
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the dataset, the projection of the query point, and the com-
puting of distances between the query point and the candidate
points.

Considering the above notations, Tprojection is denoted as
the cost for a single projection of points in the dataset, Thash is
denoted as an upper bound of the cost for computing the hash
value corresponding to the query point, while Tdistance shows
the cost of computing the distance between a candidate point
and a query point.

In the first step of the RLSH algorithm, each object in the
dataset needs to carry out the one-line projection for k times to
obtain k integers making use of k hash functions

ha,b(v) =
⌊

a · v+b
W

⌋
with different tuples of the random vector (a,b). Then a con-
ventional hash function is used to convert the k-dimensional
hash value to a one-dimensional integer. In this paper, we as-
sume that a projection with these two kinds of hash functions
has the same time consumption Tprojection. The time complex-
ity of this process is

Tone hashtable = nkTprojection, (5)

where k is the number of projections per hash value, and n is
the amount of points in the dataset. To increase the points that
collide with the query point, L hash tables are used. Generally
speaking, the whole time complexity of the first step is

Tmultiple hashtable = nkLTprojection, (6)

where L is the number of hash tables.
In the second step for searching the nearest neighbors of

the query point, a certain hash table is chosen for mapping the
query point. As mentioned above, Thash is denoted as the cost
for computing the hash value of the query point. So the time
complexity is

Tquery hash = kThash, (7)

where k is the number of projections per hash value.
After obtaining the candidate points, what we need to

conduct is computing the real distance between the query point
and the points in the candidate set. Hence, the time complexity
of this procedure is

Tcandidate = NcTdistance, (8)

where Nc is the number of candidate points. Thus, the time
complexity of RLSH is

Ttotal = nkLTprojection + kThash +NcTdistance. (9)

In the procedure of the RLSH algorithm, the space con-
sumption is used for storing hash tables and the dataset. So the
space complexity is

S = nL, (10)

where n is the size of the data set, and L is the number of hash
tables.

We notice that the cost for computing the hash value of
the query point is decreased to kThash and the space cost does
not change at all. What we have to claim is that Nc of this algo-
rithm is uncertain, which results in the difficulty of comparing
with the time complexity of the traditional p-stable LSH algo-
rithm. So this improvement theoretically is not dramatically
obvious. However, in practice, the following experiments have
shown that RLSH is more time-efficient than p-stable LSH.

In the aspect of recall and precision, the strategy of
choosing the candidate points ensures that many points with
high success probabilities are included in the candidate set of
RLSH. Not only are the points in the same hash bucket as
the query point in a randomly selected hash table contained in
the candidate set, but also the points which collide with these
above points in other hash tables are considered in the can-
didate set. The diversity of the candidate set is improved by
this method. Overall, RLSH prevents the loss of the nearest
neighbors of the query point as much as possible to guarantee
the high recall and high precision. An additional superiority
of this strategy is that RLSH may provide a higher probability
of finding the nearest neighbor even with fewer hash tables for
the purpose of reducing the space requirement because of the
diversity of the candidate set.

5. Experiments and discussion

In this section, we describe the detailed information of
our experiments, which consists of the evaluation datasets,
evaluation benchmarks, evaluation metrics, and experimental
results. The Java programming language is used. The evalu-
ation is done on a PC with one Intel dual-processor 2.8 GHz
CPU and 2 GB of DRAM.

5.1. Evaluation datasets

To evaluate the performance of our proposed algorithm,
we utilize two different datasets. The synthetic dataset is de-
signed by the random values satisfying the Gaussian distribu-
tion. The second dataset is an open dataset provided by the
TEXMEX Research Team.[46] The TEXMEX Research Team
provides several evaluation sets for us to evaluate the quality of
the approximate nearest neighbors search algorithm on differ-
ent kinds of data and varying database sizes. Both two datasets
are summarized in Table 1.

Table 1. Test datasets summarizing.

Dataset Objects Dimensions Total size/M

Synthetic dataset 65536 9 2.4

ANN SIFT1M 106 128 316
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5.2. Evaluation benchmarks

For each dataset, we randomly select 15 objects as the
query points to become an evaluation benchmark. With regard
to each query point, the ideal answer is defined as the query’s
K nearest neighbors (not including the query point itself de-
fault), based on the Euclidean distance. In our experiment, K
is fixed as 10.

5.3. Evaluation metrics

According to the performance metrics mentioned in Sec-
tion 2, the performance of the nearest neighbor problem can be
evaluated in two aspects: the search speed and space require-
ment.

Search quality is usually measured by recall. Given a
query point q, I(q) is the result set of points obtained by the
algorithm (i.e. the K nearest neighbors of q), while A(q) is the
set of actual answers, then

recall =
|A(q)

⋂
I(q)|

|I(q)|
. (11)

Of course, the ideal recall is 1.0, that means all the K
nearest neighbors are precisely returned.

When we refer to the search speed, the query time cost
spent on a query is considered both by our algorithm and the
traditional p-stable LSH under the same configuration, like the
parameters K, L, and W mentioned above and the recall. In our
experiment, the space requirement is equal to the memory to
store the hash tables (i.e. the number of hash tables) and the
memory required to store the data points.

5.4. Experimental results

The main result of our experiment is that our proposed al-
gorithm RLSH is much more time-efficient and space-efficient
than the traditional p-stable LSH while achieving the same re-
call. What we have to declare is that the query time consists of
the time spent on the process of the locality-sensitive hashing
method and the time spent on the procedure of computing the
Euclidean distance between the query point and the candidate
points. So when the dimension is larger, the time spent on the
computing process is larger.

Figure 1 shows the distribution of the time consumption
with a different number of projections per hash value (K). The
other parameters are specified, L = 45, and W = 4. From
this experiment, what we can conclude is that the parameter
K plays a role as the tradeoff between the time spent in com-
puting the hash values and the time spent in computing the
distances between the query point and the candidate points in
these two algorithms. A bigger K will result in a longer time
consumption of hash computations. Different values of K will
be set with different data sets. Currently, there is no better way
to select the appropriate K. In the following experiments, the
value of K is fixed as 10 in default, according to Ref. [9].
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Tprojection of RLSH
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Fig. 1. (color online) The distribution of time consumption with
different K.

Figure 2 reveals that RLSH is more time-efficient than the
p-stable LSH with the increasing of the dataset when the size
of the dataset reaches to 3.6× 104. We randomly select ten
datasets from the synthetic dataset. These datasets respectively
contain 6 × 103, 1.2 × 104, 1.8 × 104, 2.4 × 104, 3.0 × 104,
3.6×104, 4.2×104, 4.8×104, 5.4×104, and 6.0×104 points.
We can see that when the amount of points in the dataset is
less than 3.6×104, our method spends a little more time than
the p-stable LSH method. However, our method is better than
the p-stable LSH method in terms of the query time when the
number of points in the dataset is larger than 3.6× 104. We
conclude that our algorithm needs a shorter query time than
the p-stable LSH under the circumstances of a larger size of
databases. If the size of datasets is not very large, the superi-
ority of our algorithm is not obvious. However, we find that
the advantage of RLSH will become more and more apparent
with the increase of the database size.
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Fig. 2. (color online) Query time comparison with different data sizes.

Figure 3 shows that the speedup comparison between the
p-stable LSH method and RLSH. The speedup is defined as
the ratio of the query time of the p-stable LSH method and
RLSH. According to Fig. 2, the speedup becomes larger than
1, that means RLSH is more time-effective than RLSH, when
the size of the dataset reaches a certain level. As the sizes of
the database increase, the speedup also improves.
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Fig. 3. (color online) Speedup comparison with different data sizes.

Table 2 represents the relations between the various
search quality levels (i.e. recall) and the query time of both
RLSH and the p-stable LSH. The query time is the aver-
age result of the p-stable LSH and RLSH using ten ran-
dom queries with the synthetic dataset and the ANN SIFT1M
dataset. What we can obtain from this table is that RLSH is
also superior to the p-stable LSH method with respect to dif-
ferent sizes of datasets.

Table 2. Query time comparison of different datasets.

Synthetic Dataset ANN SIFT1M
Recall p-stable LSH RLSH p-stable LSH RLSH
98% 3.544 3.350 67.863 61.876
95% 3.388 3.001 51.627 41.52
92% 2.431 2.267 47.522 29.596

At the end of our experiment, we also compare the space
requirement of both these two algorithms. On the basis of the
information shown in Fig. 4, these two points can be verified.
On the one hand, the recall becomes higher when the number
of hash tables increases. On the other hand, RLSH can achieve
higher recall than the p-stable LSH method when they use the
same number of hash tables, i.e., if we want to reach the same
recall, RLSH is more space-efficient than the p-stable LSH
method.
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Fig. 4. (color online) Recall comparison with different number of hash tables.

6. Conclusion and future research
In our paper, we have completely described the theory of

the popular locality-sensitive hashing, which is widely used in
the approximate nearest neighbor problem. The LSH scheme
is proved to be effective to deal with high-dimensional and
large-scale datasets. However, it still has some limitations that
are restrictions to obtaining the best performance, i.e., time
efficiency and space efficiency. For the purpose of improv-
ing the performance of LSH, we propose a novel improve-
ment algorithm, called RLSH, based on the traditional p-stable
LSH. The experiments prove that our algorithm is more time-
efficient than the latter while keeping the same recall. More-
over, RLSH reduces the number of hash tables also while
maintaining the same recall. In the future, we will research
these two issues: the selection of appropriate parameters and
how to obtain more accurate candidate points. Although our
algorithm has better performance, we did not consider how to
select the best parameters for our algorithm. Another uncer-
tainty about RLSH surrounds how to select candidates if there
are no points in the same hash bucket as the query point when
one randomly chooses a certain hash table. We plan to study
these issues in the near future.
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