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Abstract—Constructing effective and efﬁcient indexes for explosive growing multimedia data is a very challenging problem.
To solve the problem, Haghani et al. provide a distributed
similarity search method in high dimensions using Locality
Sensitive Hashing. However, their method needs to estimate
a global parameter on the whole dataset beforehand. It is
impractical for a large-scale dynamical dataset. This paper
proposes a novel constructing method of distributed LSH
which does not need any priori knowledge about the dataset.
Through generating the hash function with consistent output
distribution, we get a data independent predicting model in
theory which can guarantee a well load balance even if the
dataset dynamically changes. Furthermore, we modify the
query algorithm of the basic LSH to make the proposed model
more practical. The experimental results on two open largescale high-dimensional datasets show that the proposed method
is more robust, scalable and practical than state-of-the-art.
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The principle of Distributed LSH and our contribution.

I. I NTRODUCTION
Performing effective and efﬁcient similarity search in
large-scale high-dimensional feature sets is a common problem in many practical applications such as multimedia
retrieval and multimedia database. Developing indexes is an
effective solution. Locality Sensitive Hashing(LSH)[1][2] is
the most successful and popular one. LSH has a truly sublinear dependence on the data size even for high-dimensional
data. Euclidean LSH [3][4]is the most successful varition
of the basic LSH because it uses Eucliden distance as the
similarity metric.
A signiﬁcant drawback of LSH is the requirement for a
large number of hash tables in order to achieve a good search
quality. In [1] and [2], a large number of hash tables are used.
When the scale of the dataset is large, if the number of hash
tables is also large, the index structure can not be loaded in
the main memory to get the best performance. To reduce the
memory overhead of LSH, some variations [5][6][7] based
on multi-probe strategy are brought forward. Nevertheless,
when using centralized indexing framework, the size of the
index is limited by the physical resources of the center node.
978-0-7695-4749-7/12 $26.00 © 2012 IEEE
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For the ever larger feature sets, constructing indexes in a
distributed style is an effective way. In [8], an efﬁcient,
scalable and distributed index based on LSH is proposed.
The key idea is to map multi-dimensional LSH buckets to
the linearly ordered set of peers. Such mapping is locality
preserving so that the buckets likely to hold the similar data
are stored on the same or the neighbor peers and has a
predictable output distribution to ensure a fair load. Although
the framework of [8] is very successful, there are several
fatal weaknesses when it is used in practical applications.
To predict the output distribution, a global parameter of the
dataset must be estimated in advance. However, it is difﬁcult
to determine an appropriate global parameter for a dynamic
dataset beforehand in some actual applications. In this paper,
we propose a solution to overcome these drawbacks. As
shown in Fig.1, our main contributions include:
1.Propose a new hash function with a consistent output
distribution;
2.Deduce a data independent predicting model which does
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mapping them to the buckets in the range of {1, . . . , M }
using ψ. Here, M is the number of hash buckets.

not need any priori knowledge about the dataset;
3.Provide an improved query algorithm to make the
proposed model more practical.

value − (μsum − 2 ∗ σsum )
∗ M )modM
4 ∗ σsum
(5)
where μsum and σsum are the mean and the standard
deviation of the values generated by ξ. These r peers and
all the hash buckets are organized as a Chord style Peerto-Peer network[9] to maintain one hash table. It is called
”Local DHT” in [8]. By constructing multiple Local DHTs,
multiple hash tables can be distributed.
ψ(value) = (

II. BACKGROUND
A. The framework of the distributed index based on LSH
and Chord
The principle of LSH [1] is to project similar data points
to the same bucket with a higher probability than dissimilar
points. In [3], a more practical LSH scheme based on the
p-Stable distribution is presented. For the l2 metric, the
typically used LSH function is deﬁned as:


a·x+b
(1)
h(x) =
w

B. The problem in practical applications
Using the framework reviewed above has two beneﬁts.
The ﬁrst one is that the index can adapt to the large-scale
datasets. The second one is that the load of the network
and every node can be well balanced. However, there are
two disadvantages when using the framework in practical
applications.
1) The predicting model deﬁned as (4) can only get an
approximate value even if we can get the value of
Σi qi 22
precisely. According to the expression (3), k
M
and w are constants, so the distribution is decided
by the norms of the points. Different point will have
Σ q 2
different output distribution. i Mi 2 is used as an
approximate representative value for all the points.
When the points’ norms change in a wide range, expression (4) may fail to predict the output distribution
of all the points. Therefore, the predicting model may
signiﬁcantly deviate from the actual load distribution.
2) When the dataset dynamically changes, i.e. incrementally grows, the predicting model may become invalid.
This is because the initial data may be very different
from the appended data.
These disadvantages make the framework impractical for
many applications. We propose a data independent method
to overcome the framework’s drawbacks.

where a is a d-dimensional random vector with entries
chosen independently from a Gaussian distribution and b
is a real number chosen uniformly from the range [0, w]
. E2LSH [4] is the more practical approach for the l2
norm. For a query point q, its hash bucket is deﬁned as
g(q) = (h1 (q), . . . , hk (q)). To distribute the hash buckets to
a Chord style Peer-to-Peer network[9], the mapping function
deﬁned as follows in [8].
ξ(g(q)) =

k


hi (q)

(2)

i=1

The theoretical proof given in [8] points out that l1 can
capture the distance between the buckets in terms of the
probability of holding the close data: Given the bucket labels
b1 , b2 and b3 which are integer vectors of dimension k, if
b1 − b2 1 < b1 − b3 1 , then b1 and b2 have a higher
probability to hold the similar data than b1 and b3 . As a
result, ξ can assign buckets likely to hold similar data to the
same peer. Furthermore, if the elements of a are chosen from
the Standard Normal Distribution N (0, 1), a·x is distributed
according to the Normal Distribution N (0, x22 ). For not
2
w x2
too large w, h(x) is distributed according to N ( 2w
, w2 ).
Therefore, ξ(g(q)) is distributed according to the following
Normal Distribution:
k kq22
ξ(g(q)) ∼ N ( ,
)
2 w2

III. T HE DATA INDEPENDENT METHOD
A perfect predicting model should be independent to
any point and keep consistent even if the dataset changes
dynamically.

(3)

A. The hash function with a consistent output distribution
In the traditional LSH, the hash functions are same for all
the points. However, this constraint makes the distribution of
the hash value vary for the different point. To get a consistent
distribution, a Normal Distribution N (0, δ 2 ) is selected as
the basic distribution ﬁrstly. Given a d-dimensional point p,
we generate ap = (ap1 , ap2 , . . . , apd ) through drawing the
values from the following Normal Distribution:

The global picture consisting of M data points q1 , · · · , qM
ﬁrst projected using p-Stable LSH and then mapped by ξ,
following the Normal Distribution:
k kΣi qi 22
ξ ∼ N( ,
)
2 w2 M

(4)

So far ξ has a predictable output distribution. After getting
ξ and its distribution, we can place r peers at the positions
known by all peers by sampling r values from (4) and

api ∼ N (0,
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δ2 k
)
p22

(6)

The hash function for the point p is deﬁned as:


ap · p + b
h(p) =
w

norm values use different hash functions. In theory, the
proposed method can predict the hash value’s distribution
perfectly. But in practice, it introduces additional computing
and storage complexity. In next section, an improved method
to resolve the problem is presented. It can make the proposed
method applicable in practical applications.

(7)

In the expression (7), every element of ap is drawn from the
δ2 k
Normal Distribution N (0, p
2 ). Normal Distribution is a 22
stable distribution according to [3]. Therefore, ap · p follows
the following Normal Distribution:
N (0,

δ2k
· p22 ) = N (0, δ 2 k)
p22

4

(8)

3

This distribution is independent from the point p. For not
w δ2 k
, w2 ).
too large w, h(p) is distributed according to N ( 2w
Therefore, ξ(g(p)) has the following Normal Distribution:
k k2 δ2
ξ(g(p)) ∼ N ( , 2 )
2 w
Let ξavg (g(p)) =
be get.

ξ(g(p))
,
k

3
3

3

KQRUP

(9)

3

KQRUP

then the following distribution can

1 δ2
ξavg (g(p)) ∼ N ( , 2 )
(10)
2 w
If we use the hash function (7) to construct the hash tables
and use ξavg (g(p)) to map the k-dimensional hash value to
the linear peer space, the distribution will be same for all the
points, i.e., we can precisely predict the output distribution
for the whole dataset.
However, it is obvious that if two similar points’ norms
are different, their hash functions will be different. In this
case, two similar points may be hashed to the very different
values, and two dissimilar points may be hashed to the same
value. Therefore, the index structure will fail to answer
the similarity queries. This problem can be seen in Fig.
2. Similar points, P 2 and P 3, are hashed to the different
values. Dissimilar points, P 2 and P 5 are hashed to the same
value. To overcome the problem, the query process must be
modiﬁed.
When constructing the indexes, all appeared norm values
should be recorded. Corresponding to every norm value, a
group of hash functions generated according to the formulas
(6) and (7) are also recorded. Let all the points with the
same norm value use the same hash functions to compute
their hash values. The norm values and their corresponding
hash functions are organized into a search table. Suppose
the search table has M records. Given a query point, every
record of the search table is used to compute the query
point’s hash value. To ﬁnd the similar points, all of M
hash buckets need be searched. An example is shown in
Fig. 2. In spite of some searches can be eliminated using
the triangle inequality, the computation complexity is higher
than the traditional LSH. Besides, the additional storage is
required to maintain the search table. The root cause of
the problem is that the proposed hash function is related
to the norm of the point. The points with the equal norm
values use the same hash functions. The points with different

+DVK9DOXH

Figure 2. If we use different hash functions for the points with different
norms, two similar points may be hashed to the very different values, and
two dissimilar points may be hashed to the same value. P 1 and P 2 use
hnorm1 , P 3, P 4 and P 5 use hnorm2 . Similar points, P 2 and P 3, are
hashed to the different values. Dissimilar points, P 2 and P 5 are hashed to
the same value. To resolve this problem, the query point Q must use both
hnorm1 and hnorm2 to search its similar points

B. The improved method for practical applications
In theory, the hash functions for different norm values
should be generated independently. However, this constraint
makes the hash values not reﬂect the similarity of the
points when these points have different norm values. In the
expression (6), we use the Normal Distribution N (0, δ 2 )
as the basic distribution to generate all the hash functions.
Using the same strategy, we generate a group of basic
random values beforehand, all ap are generated from this
basic random value set.
Suppose the points to be indexed is d-dimensional. d
values are randomly drawn from N (0, δ 2 ). Repeat this
process k times. Then a k × d basic random value matrix
is generated. After doing that, the hash functions for every
norm value can be easily generated. Let abi (i from 1 to
k) represent a d-dimensional row vector. It corresponds to
a row of the basic random value matrix. Given an arbitrary
d-dimensional point, e.g., p, we redeﬁne the hash function
(7) as follows:


cp abi · p + b
hi (p) =
(11)
w
√
where cp = k/p2 . When k × d is big enough, the
elements in the basic random value matrix will follow the
distribution N (0, δ 2 ) well. Based on this precondition, the
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elements of cp abi will follow the distribution described in
(6). Therefore, the hash function (11) can be regarded as an
approximation of the hash function (7). Specially, it does not
need to be recorded because it can be computed at anytime.
As a result, the additional storage space is saved. Next, we
will detail how to optimize the query performance.
In section III-A, we point out that a query point must be
computed M times to get M hash values and correspondingly M buckets will be searched. It is designed to avoid
missing the similar points which have the different norm
values. When M is big, although we can use the triangle
inequality to reduce the computation, the computing cost is
still much higher than the traditional LSH. Additionally, it
can cause random access to multiple peers of the distributed
index. Every random access to a peer in the Chord style
Peer-to-Peer network needs log2 N network hops. N is the
number of peers. In this case, the query efﬁciency may
heavily decline. Using the hash function (11), the problem
can be solved.
Given a query point q and its similar point p, according
to the principle of LSH, abi · q and abi · p should be same
or slightly different with a high probability. We record their
relationship as follows.
abi · q  abi · p

Table I
D ATASETS S UMMARIZING
Type
SIFT
GIST

Dim
128
960

Base Vectors
1,000,000
1,000,000

Query Vectors
10,000
1,000



Σi qi 2
2
M

508
3

In the experiments, two open large-scale high-dimensional
feature sets are used. They are provided by TEXMEX
Research Team[11]. The detail is summarized in Table I.
We only simulate one local DHT of 100 peers to maintain
a single LSH table. This is because the local DHTs are
independent of each other. For both datasets, the Euclidean
distance is used to measure the distances between the points,
all the dimensions are treated equally and without being
preprocessed.
For the LSH parameters, the default values are k = 32
and w = 4 for the SIFT set and k = 128 and w = 0.1 for
GIST set.
B. Evaluation criterion
In [8], three evaluation criterions are used. They are Gini
Coefﬁcient, Number of Network Hops and Relative Recall.
In our experiments, we continue to adopt them to validate
our method.
Gini Coefﬁcient: The Gini Coefﬁcient is a measure of
the inequality of a distribution, a value of 0 expressing total
equality and a value of 1 maximal inequality. Pitoura et
al[12] show that the Gini Coefﬁcient is the most appropriate
statistical metric for measuring load distribution fairness. If
the Lorenz curve is represented by the function Y = L(X),
Gini Coefﬁcient can be computed as follows:
 1
G=1−2
L(X)dX
(13)

(12)

Consequently, cp and cq decide whether q and p can be
hashed to the same value according to (11). If p and q have
the equal norm values, they can be hashed to the same value,
and vice versa. However, because q and p are similar points,
their norm values can not have a large difference. Otherwise,
according to the triangle inequality, their distance will be
larger than the difference of their norm values. Therefore,
the hash value of p should be close to the hash value of
q. If we linearly probe the adjacent buckets of q, its similar
points can be found in acceptable steps. So far the computing
cost of getting M hash values for every norm value and
the random network lookup for probing M buckets can be
avoided. After mapping the hash buckets to the linear peer
space by ξavg , the above property can be reserved. That is
to say, the query point and its similar points will be mapped
to the same or the adjacent peers with a high probability.
Taking the peer to which the query point is mapped as the
start, we can sequentially search its adjacent peers on both
the left and the right directions to ﬁnd the similar points.
So far we can use the same algorithm as provided in [10]
and [8] to construct a distributed index and execute a KNN
query. For a more detailed description see [10] and [8].

0

Number of Network Hops: The number of the network
hops is one of the most critical criterion for distributed
algorithms applicable in the large-scale wide-area networks.
Because we only construct one local DHT, the global DHT
lookups can be ignored. Besides, only one local DHT lookup
is needed to locate the peer to which the query point is
mapped. It can also be ignored because it is a constant.
Hence, only the network hops for linear search in the local
DHT are counted in the experiments.
Relative Recall: Relative Recall is the number of real
KNN points among the returned KNN points. Since we rank
all the candidate points and returning only the top K in KNN
queries, the precision is equal to the relative recall and we
do not report it separately. Real KNN points are determined
by a full-scan over the entire dataset. The datasets used in
our experiments provide the groundtruth sets for the Top-100
queries.

IV. E XPERIMENTS
A. Experiment setup
We implement the proposed method and a simulation
system using standard C++. The simulation runs on a 2.27
GHz Quad-Core Intel Xeon E5520 CPU with 24G RAM
and Redhat CentOS 5.0.

567

C. Comparison of load balance

Balance

We compare the load distribution of the proposed method
against that of Haghani[8] on both the static and dynamic
datasets. For both the proposed method and the reference
method, the best results of ﬁve repeated experiments are
selected for comparison.
The experimental results on the static datasets: In this
experiment, we use the whole test dataset as the initial
dataset to construct the distributed indexes. That is to say, the
initial dataset is same as the whole test dataset. Therefore,
the dataset keep static in the experiment. In this case,
the reference method can precisely compute the value of


80
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20
10
0
0

on the whole dataset beforehand. The values
are listed in Table I. For the proposed method, δ can be
arbitrarily selected. In this experiment, we let it equal to
508 for the SIFT dataset and 3 for the GIST dataset.
Fig.3 shows two groups of Lorenz curves which reﬂect
the data distribution on 100 peers for the SIFT and GIST
datasets. The curve is more close to the balance line, the
distribution is more balanced. It means the load of every
peer is more fair. The corresponding Gini coefﬁcients are
summarized in Table II. In Fig.3(a), both methods have very
similar distribution. Their Gini coefﬁcients are all 0.32. In
Fig.3(b), the proposed method gets a better load balance than
the reference method. The Gini coefﬁcient of the proposed
method is 0.48 which is signiﬁcantly smaller than the value
of the reference method which is 0.66. In fact, the norms of
the points in the SIFT dataset are almost same, but the norms
of the points in the GIST dataset change in a wide range.
As a result, the reference method can precisely predict the
distribution of the SIFT dataset to get the same good load
balance as the proposed method, but it can not get a good
load balance on the GIST dataset. The experimental results
prove that the proposed method has a better adaptability than
the reference method.
The experimental results on the dynamic datasets: To simulate the dynamic case, we generate two simulated datasets.
Each 
dataset has 10000 points. One is 128-dimensional
Σi qi 22
with
= 1000, the other is 960-dimensional with
M

Σi qi 22
= 6. The points in the simulated datasets are
M
generated from random values. For example, we generate
a 128-dimensional random point at ﬁrst, and then we normalize it. Finally, we let its norm become 1000 though
producing 1000 on every dimension of it. We take these
two simulated datasets as the initial datasets and construct
the distributed indexes on them using both methods. Then
we insert the SIFT dataset and the GIST dataset into the
constructed indexes. Therefore, the initial dataset is every
different from the ﬁnal dataset. For the reference method,
the predicting model estimated on the initial dataset will
fail to predict the actual distribution.

Σi qi 22
M

Proposed_508

90

Σi qi 22
M

For the reference method,
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(b) GIST
Figure 3. The Lorenz curves of both methods on the static SIFT and GIST
datasets. The horizontal axis is the cumulative share of the peers and the
vertical axis is the cumulative share of the points distributed to those peers.
(a)Both methods have very similar load balance. This is because the norms
of the points in the SIFT dataset are almost same.(b)The proposed method
gets a better load balance than the reference method. This is because the
norms of the points in the GIST dataset change in a wide range.

for the SIFT dataset and 6 for the GIST dataset. For the
proposed method, we let δ equal to 1000 for the SIFT datset
and 6 for the GIST dataset. Fig.4 shows two groups of
Lorenz curves which reﬂect the data distribution on 100
peers for the SIFT and GIST datasets. The curve is more
close to the balance line, the distribution is more balanced. It
means the load of every peer is more fair. The corresponding
Gini coefﬁcients are summarized in Table II. Fig.4(a) shows
the results on the dynamic SIFT dataset. Fig.4(b) shows the
results on the dynamic GIST dataset. The distributions of the
reference method in both ﬁgures become very imbalanced.
In contrast, the distributions of the proposed method keep
well balanced in both ﬁgures. Specially, its Gini coefﬁcients
are almost same as the values on the static datasets. From
the experimental results, we can conclude that the proposed
method can get a better load balance even if the dataset

is equal to 1000
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changes signiﬁcantly.
Reference_1000

Proposed_1000
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Figure 5. δ has only a slight impact on the load balance. (a)The proposed
method can get the very similar Gini coefﬁcients on the SIFT dataset when
δ = 100, 508and1000 (b)The proposed method can get the very similar
Gini coefﬁcients on the GIST dataset when δ = 1, 3and6
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conditions[8] are used for both methods. The relative recall
and the number of network hops are computed and compared. Both the SIFT and the GIST datasets provide a query
set and the corresponding groundtruth set. It is convenient
for computing relative recall. All measures are averaged over
1000 queries which are randomly selected from the query
set.
As shown in Fig.6, on the static SIFT dataset, the proposed method can get the relative recall of 21.3% with 46
network hops. The reference method gets the relative recall
of 18.9% with 40 network hops. They have comparable
query performance. In Fig.8, the proposed method can
get the relative recall of 20.8% with 46 network hops on
the dynamic SIFT dataset. The reference method gets the
relative recall of 20.5% with 37 network hops. They also
have comparable query performance. The same phenomenon
can also be seen in Fig.7 and Fig.9.
In Fig.6 - 9, the number of the network hops of the
proposed method is more than that of the reference method.
This is because the load distribution of the proposed method
is more balanced. The similar points of the query may be
distributed to more peers than the reference method. It leads

Figure 4. The Lorenz curves of both methods on the dynamic SIFT and
GIST datasets. The horizontal axis is the cumulative share of the peers and
the vertical axis is the cumulative share of the points distributed to those
peers. (a)The proposed method gets a better load balance than the reference
method on the dynamic SIFT dataset(b)The proposed method gets a better
load balance than the reference method on the dynamic GIST dataset

Table II
G INI C OEFFICIENTS . T HE SMALLER THE BETTER .

Reference
Proposed

static
0.32
0.32

SIFT
dynamic
0.54
0.30

static
0.66
0.48

GIST
dynamic
0.76
0.46

The impact of δ for the proposed method: The only
parameter of the proposed method is δ. In fact, the selection
of δ has only a slight impact on the load distribution. As
shown in Fig.5, the proposed method can get the very similar
Gini coefﬁcients on the SIFT and GIST datasets even if δ
varies in a wide range. Therefore, we can select δ freely.
D. Performance for KNN
We do Top-100 queries on the indexes constructed in
section IV-C. The exactly same search algorithm and stop
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to more network hops. In fact, it proves that the proposed
method can get a better trade-off between the load balance
and the query performance in practical applications. From
the experimental results, we can conclude that the query
performance of the proposed method is comparable to that
of the reference method while keeping a better load balance
on both the static and the dynamic datasets.
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V. C ONCLUSIONS
In this paper, we propose a data independent method
of constructing distributed LSH for the large-scale highdimensional multimedia feature sets. The proposed method
is inspired by the framework ﬁrstly provided in [8] which
combines LSH and Chord style Peer-to-Peer network for the
distributed similarity search problem. Through generating
the hash function with a consistent output distribution and
modifying the query algorithm of the basic LSH, we get
three advantages. Firstly, it is avoided to compute the global
parameter on the whole dataset beforehand as done in
[8]. Secondly, there is no any estimated parameter in the
expression. That is to say, the proposed model is more
precise. Thirdly, the proposed model does not need to know
any priori knowledge about the dataset. Consequently, even
if the dataset dynamically changes, the proposed model
can keep a well balanced load and a stable performance.
The experiments conducted on two open large-scale highdimensional datasets show that the proposed method is more
robust, scalable and practical than state-of-the-art.

The proposed method
Network Hops

Figure 6. The KNN performance on the static SIFT dataset. Both methods
have the comparable query performance.
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Figure 7. The KNN performance on the static GIST dataset.Both methods
have the comparable query performance.

50
45
40
35
30
25
20
15
10
5
0

Network Hops

Figure 9. The KNN performance on the dynamic GIST dataset.Both
methods have the comparable query performance.
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