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ABSTRACT
Peer-to-peer (P2P) systems research has gained consider-
able attention recently with the increasing popularity of file
sharing applications. Since these applications are used for
sharing huge amounts of data, it is very important to effi-
ciently locate the data of interest in such systems. However,
these systems usually do not provide efficient search tech-
niques. Existing systems offer only keyword search function-
ality through a centralized index or by query flooding. In
this paper, we propose a scheme based on reference vectors
for sharing multi-dimensional data in P2P systems. This
scheme effectively supports a larger set of query operations
(such as k-NN queries and content-based similarity search)
than current systems, which generally support only exact
key lookups and keyword searches. The basic idea is to store
multiple replicas of an object’s index at different peers based
on the distances between the object’s feature vector and the
reference vectors. Later, when a query is posed, the system
identifies the peers that are likely to store the index infor-
mation about relevant objects using reference vectors. Thus
the system is able to return accurate results by contacting
a small fraction of the participating peers.

Categories and Subject Descriptors: H.3.3 [Informa-
tion Search and Retrieval]: Retrieval models C.2.4 [Dis-
tributed Systems]: Distributed applications

General Terms: Algorithms, Design, Experimentation

Keywords: Peer-to-Peer Systems, Similarity Search, Ref-
erence Vectors

1. INTRODUCTION
With the recent advances in storage and networking tech-

nologies, more data is being shared and circulated over the
Internet. One example of such an environment is the Web,
where people and organizations serve data through their web
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sites. Another example is the P2P file sharing systems that
have a large number of users scattered all around the world,
sharing their data with each other. It is a challenging task to
search and locate the data of interest in such systems. Exist-
ing models, which are usually centralized, are not scalable
enough to work in a large scale distributed setting. Ad-
ditionally, most of these models only offer keyword search
functionality, i.e., they return the objects that are associ-
ated with a given set of keywords. This might be reasonable
when searching for a particular term over the Internet or
looking for a file in a P2P file sharing system. However,
keyword search may be insufficient in other cases and more
powerful search mechanisms are needed.
A large fraction of the data shared in these systems is

text, image, or video, which can be represented with multi-
dimensional vectors. Using these feature vectors, a more
expressive set of query operations such as k Nearest Neigh-
bor (k-NN) queries and content-based similarity searches can
be supported. k-NN search is an important query operation
over high dimensional data as it finds the k objects from a
data set that are most similar to a given object in terms
of a distance function, such as the Euclidean or cosine dis-
tance. Some example k-NN queries are searching for the
documents that are similar to a query document in terms of
their content, or retrieving the images whose color features
are similar to those of a particular picture. In a distributed
environment with a large number of nodes sharing data, it
may not be feasible to access all nodes to answer a query
or to replicate the data at multiple places due to the high
communication and storage costs involved. An important
observation that can be made in such cases is that users are
usually willing to accept approximate answers given that the
retrieval cost is much less than computing the exact answers.
In this paper, we introduce and evaluate PRISM (which

stands for “P2P Reference-based Index for Sharing Multi-
Dimensional Data”), a novel method for sharing and locat-
ing multi-dimensional data in a large scale distributed sys-
tem. PRISM effectively supports a larger set of query op-
erations (such as k-NN queries and content-based similarity
search) than current systems, which generally support only
exact key lookups and keyword searches. It operates on
top of a Distributed Hash Table (DHT), a class of P2P sys-
tems that offers very efficient exact key lookups, and uses a
set of global reference vectors to identify the peers that are
likely to contain relevant data to a given query. Due to the
underlying DHT layer, the system harnesses the resources,
such as storage and CPU, available at the user machines
and operates in a decentralized manner without relying on
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a central component. In addition, it has valuable properties
such as scalability, dynamic node insertion and departure,
and self-organization.
The rest of the paper is organized as follows: Section 2

presents the related work. Section 3 gives an overview of
PRISM. The reference-based distribution scheme is described
in Section 4. Section 5 discusses some optimizations to the
basic design such as load balancing and using different di-
mensionality reduction techniques to reduce the index size
(which in turn translates to reduced communication cost).
The experimental setup and the results are presented in Sec-
tion 6, and the last section concludes the paper.

2. RELATED WORK
P2P systems, which allow the sharing of distributed re-

sources in a decentralized manner, has gained a lot of at-
tention with the popularity of file sharing applications such
as Napster [17] and Gnutella [10]. These applications al-
low their users to exchange data with each other over the
Internet. Locating the data of interest in these systems is
accomplished by either employing a central server that keeps
track of all the data in the system [17] or flooding the query
to the network [10]. In order to improve search efficiency,
researchers have proposed different techniques such as keep-
ing at each peer routing indices that contain information
about the documents stored at neighbors [4, 27], return-
ing the same answers for similar queries [13], maintaining a
replica of the global directory at each peer through gossiping
protocols [5], and assigning peers into topic-segments based
on the documents they are sharing [1].
Since the search mechanisms provided by the file shar-

ing P2P applications are not efficient and effective enough,
another group of P2P systems, called the structured P2P
systems, has appeared. These systems dynamically assign
each object to a peer in the system by hashing the object’s
key. They are also referred to as Distributed Hash Tables
(DHTs) because they implement hashtable-like functional-
ity in a distributed manner, such that it is possible to in-
sert and retrieve data efficiently using a key (Examples are
Chord [23], CAN [19], Tapestry [28], and Pastry [21]). DHTs
offer very efficient lookup performance (logarithmic or sub-
linear), however they only support exact key matching.
Several techniques provide keyword search capabilities over

DHTs. One approach inserts the corresponding index infor-
mation for each keyword associated with an object into the
system. Each keyword is mapped to a peer in the system
through hashing and that peer is responsible for storing the
list of objects associated with this keyword. Reynolds et
al. [20] discusses three methods to facilitate this approach:
using Bloom filters, caching, and calculating the answer in-
crementally. Gnawali [9] proposes to hash a set of keywords
for efficient multiple keyword matching. eSearch [25] pub-
lishes the documents only for the top keywords that are de-
termined through information retrieval techniques. Another
approach is to split each keyword into n-grams, i.e., distinct
substrings of length n, and then to insert index information
for each of these n-grams into the system [12].
There have been other techniques that provide similar

functionality to PRISM. pSearch [26] uses some informa-
tion retrieval techniques for content-based text search. It
represents documents with feature vectors and then uses
these vectors as the coordinates to store the documents in
a CAN [19] system. Hence the documents that are seman-

tically similar also appear close to each other in the CAN
system. Each query is then routed towards its feature vector
within the system and flooded to a small number of neigh-
bors at the destination. As a result of the underlying CAN
layer, however, the amount of routing state maintained in-
creases with the number of dimensions and also it is very
hard to provide dynamic load balancing in pSearch. Sahin
et al. [22] use a set of reference vectors to map document in-
dices onto a Chord ring based on their feature vectors. The
proposed scheme maps each reference pair to a single point
on the ring, and thus runs into load balancing problems. If
a reference pair is selected for a large number of document
indices and queries, then the corresponding peer gets over-
loaded. Zhu et al. [29] propose using locality sensitive hash
functions to distribute the document indices based on their
feature vectors, thus allowing semantic based access to the
files. In [16], peers are advertised using their compact data
summaries for efficient content-based P2P image retrieval.
ODISSEA [24] investigates the issue of designing a P2P-
based search engine for the Web. Li et al. [15] analyze the
feasibility of P2P keyword search over the Web and conclude
that it is feasible with optimizations and compromises.

3. PRISM OVERVIEW
PRISM provides a framework for answering approximate

similarity search queries in a distributed environment, where
there can be a large number of nodes sharing data. In such
a setting, the naive solution of contacting each participating
node for a query is not feasible due to the high communica-
tion cost involved. Similarly, keeping a central index of all
shared data introduces scalability and robustness concerns.
Hence PRISM introduces a novel scheme that distributes the
index over participating peers and returns accurate answers
by contacting only a few peers. It also offers tunable system
parameters that enable users to trade search accuracy with
storage and communication cost.

Figure 1: PRISM Overview

Figure 1 depicts the general architecture of PRISM. The
participating peers are organized into a structured P2P over-
lay network, Chord [23] in particular1. Chord uses an m-bit
1Any other DHT can be used instead of Chord.
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identifier ring, [0, 2m − 1], for routing and locating objects.
Both the objects and the peers in the system are assignedm-
bit keys through a uniform hash function and mapped to the
identifier ring. An object is stored at the closest peer follow-
ing it on the ring. Every peer maintains a finger table with
pointers to other peers that are at exponentially increasing
distances from the peer on the identifier ring. Using these
finger tables, a lookup request is delivered to its destination
via O(logN) hops. Chord also allows dynamic peer joins
and departures.
For each shared object, PRISM stores the corresponding

index, which contains the feature vector of the object and
the IP address of the peer sharing it, at multiple locations
in the system. Indices are mapped onto the Chord ring and
stored at the peers responsible for these locations. Since the
indices are small compared to the original objects, this does
not create any significant storage overhead on the peers.
When a query is initiated, it is routed only to a few peers
that are most likely to contain the indices of relevant objects.
In Figure 1, the index of object O shared by peer A is stored
at 2 locations, peers C and F. Later, peer E queries the
system for an object Q which happens to be similar to O.
The query request is then forwarded to 2 peers in the system.
In this case, one of these requests reaches C and the index
of O is returned to E.
Due to the underlying DHT layer, PRISM supports effi-

cient routing and lookup operations, allows dynamic peer
insertion and departure, and is self-organizing. The map-
ping of object indices to peers and routing of queries are
accomplished through Chord. Chord requires each object
to have an m-bit key. Thus the object indices and query
lookups are mapped to IDs. To provide accurate answers to
approximate similarity search queries by contacting a small
number of peers, this mapping should satisfy the following
requirements in particular:

• Index distribution should be based on the same dis-
tance function as the retrieval.

• Indices of similar objects should be stored at the same
peer.

• It should be possible to identify the peers that are
likely to store the indices of objects that are similar to
a given query.

To meet these requirements, PRISM maps objects to IDs
based on their feature vectors. However it is challenging
to semantically map multi-dimensional feature vectors to a
flat ID space, i.e., the Chord ring. With the above require-
ments in mind, PRISM uses a set of Reference Vectors for
distributing object indices and querying an object. Basi-
cally, a set of reference vectors, R = {R0, R1, ..., Rn}, are
selected at the time of system startup and used by all peers
in the system. For a given object, the distance of the ob-
ject to the reference vectors is used when inserting indices
or querying2. The main idea behind the use of reference
vectors is that ‘if two objects are similar to each other, then
their distances to the reference vectors are also similar’. As
a result of reference-based distribution, similar objects are
mapped to the same locations in the system and queries are
routed to relevant locations.
2This scheme bears similarity to the landmark routing opti-
mization proposed in CAN [19], where peers measure their
RTTs to a set of landmarks to determine the region they
join in the virtual space.

Reference

Vectors

Extractor

Feature Vector

Index Store

(Mapped Indices)

Location 

Reference−based

(Shared Objects)

Repository

Local

PRISM

DHT

Client

Figure 2: Components of a PRISM Node

Figure 2 shows the components of each PRISM peer. A
client uses PRISM to share local objects with other peers or
query the system. It specifies the number of index replicas
for shared objects that should be stored in the system and
the number of lookup requests to be sent out for queries.
Each PRISM peer has a local repository of the objects it
shares with other peers. It also stores in its index store the
object indices mapped to itself. Each peer uses a Feature
Vector Extractor component to extract the feature vectors
of objects. It is essential that all peers use the same ex-
tractor since both index distribution and lookup operations
are based on feature vectors. Peers also keep a set of Refer-
ence Vectors, which are used to determine the IDs associated
with object indices and query lookups. The reference set is
fixed at system startup and every peer uses the same set of
references. The dimensionality of the reference vectors are
of the same size as the object vectors. The details of how
the reference vectors are selected and used will be discussed
in Section 4.
Once the IDs associated with an operation are determined,

PRISM routes corresponding publish index or lookup request
messages through the underlying DHT layer using the IDs
as the destinations. A publish index message contains the
index of the corresponding object. Similarly, each lookup
request message has the feature vector of the query object
and the address of the querying peer. Upon receiving a pub-
lish index message from the DHT layer, the local PRISM
component stores the index in its index store. The index
entries expire after a timeout period and are deleted from
the index store. Thus the indices of shared objects are re-
freshed periodically. With this refresh scheme, stale index
entries (indices of the objects that are no longer shared) are
automatically deleted and an index is reinstalled at another
peer if the peer storing the index leaves the system.

4. REFERENCE BASED DISTRIBUTION
Reference vectors are the core of PRISM as they are used

to determine the locations on the Chord ring for storing
object indices and sending query requests. For a given ob-
ject, the associated Chord keys are computed based on the
distances between the object and the reference vectors.
Once the feature vector of an object is extracted, the dis-

tance of the object’s vector to each reference vector is com-
puted. Then the reference vectors are sorted based on their
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Figure 3: Reference pair key intervals for a system
with 4 reference vectors, R0 to R3

distances to the object such that the reference most similar
to the object comes first. At this point, pairs of reference
vectors from the top positions of the sorted reference list
are used to compute associated Chord keys for the object3.
For each selected reference pair, a Chord key is constructed
as follows: the high order bits of the key are constructed
by concatenating the binary representations of the selected
reference vectors’ id’s, and the remaining bits are set ran-
domly (random offset). This scheme assigns a key interval
on the Chord ring for every possible reference pair as shown
in Figure 3.
In order to fully utilize the Chord ID space, the number

of reference vectors should be a power of 2. Assuming that
there are 2k reference vectors, there will be 2k ∗ 2k = 22k

reference pair intervals on the ring and the upper 2k bits of
the Chord keys will be assigned from the reference id’s (k
bits for each reference vector). Figure 3 shows some of the
key intervals for a system with 4 reference vectors.
The top reference vectors are used when constructing the

IDs associated with an object because they are most sim-
ilar to the object and thus good candidates for identifying
it. The reason for using reference pairs is because it repre-
sents a good balance between distribution granularity and
retrieval accuracy. Note that using more reference vectors to
construct a Chord key results in more fine-grained key dis-
tribution (so less number of reference vectors are required
to get a certain number of key intervals, thus the size of the
global state is reduced), but it also results in reduced accu-
racy as the chances of a query and a similar object being
distributed on the same reference vector group is smaller.

4.1 Publishing an Object
When a peer wants to share an object, it sorts the refer-

ence vectors based on their similarity to the object. Then
it picks a set of reference pairs for which the object’s index
will be published in the system. For each selected pair, it
constructs an ID and sends a publish index message toward
that ID through the DHT layer. The peer that is responsi-
ble for ID receives the message and stores the index in its
index store. Algorithm 1 sketches the object insertion oper-
ation. Note that due to the random offset in the generated
ID, the index will be stored at a random peer within the
corresponding reference pair interval.
The number of index replicas to be published for an ob-

ject, indexPerm, is a system parameter, and poses a trade-

3The same reference vector may be selected twice for a pair.

Algorithm 1 Insert object’s index at indexPerm locations
in the system

1: Extract the feature vector of object
2: Calculate object’s distance to each reference vector
3: Sort reference vectors based on distance to object
4: for i = 1 to indexPerm do
5: Select the reference pair to publish index
6: Construct corresponding Chord key
7: Send publish message toward generated key
8: end for

off between the storage space and recall rate. Storing more
replicas of an object’s index, i.e., publishing the object for
more reference pairs, requires more storage but also provides
better chances of finding this object when it is in fact simi-
lar to a query. A peer can decide on the value of indexPerm
for an object depending on different criteria. For example
if the object is considered important, its index can be repli-
cated more. Note that the indices of shared objects should
be refreshed periodically.

4.2 Querying for an Object
The querying process is similar to index distribution. Again,

a set of reference pairs from the sorted reference list is se-
lected and a lookup request is sent for each pair (see Al-
gorithm 2). Once a lookup request reaches its destination,
that peer will forward it to other peers within the reference
pair interval, because the indices are distributed randomly
within an interval. Each lookup request contains the address
of the querying peer and the feature vector of the query ob-
ject. As a result, every peer that receives the lookup request
can compute the similarity between the query vector and the
object vectors in its index store, and returns the qualifying
entries to the querying peer. That peer then aggregates the
returned results and presents them to the user.

Algorithm 2 Query the system for qObject by sending
lookup requests to queryPerm locations

1: Extract the feature vector of qObject
2: Calculate qObject’s distance to each reference
3: Sort reference vectors based on distance to qObject
4: for i = 1 to queryPerm do
5: Select the reference pair to send lookup request
6: Construct corresponding Chord key
7: Send lookup message towards generated key
8: end for
9: Aggregate returned answers and return the result

The querying peer can also specify the similarity mea-
sure to be used, such as Euclidean or cosine similarity, for
its query. Since the peers receiving the request will have
the feature vectors for both the query and locally stored in-
dices, they can use the specified similarity measure when
calculating the local results.
The number of reference pairs to lookup a query, queryPerm,

is another system parameter and it poses a trade-off between
accuracy and communication cost. When queryPerm is in-
creased, the query is sent to more peers. This increases the
probability of finding correct answers, but also incurs com-
munication overhead in the system.
A peer can also choose to perform a progressive lookup

so that the query answer is incrementally refined at each
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Figure 4: A simple example for publishing and querying an object in a system with 8 references

step. In this case, the querying peer generates only one
lookup request for the query. If the results returned by
this lookup are not satisfactory, then another lookup request
corresponding to some other reference pair is generated and
the query answer is refined using the results of this lookup.
The querying peer continues the progressive lookup process
until the cumulative results returned are satisfactory.

Example. Figure 4 illustrates object publishing and query-
ing operations over a system with 8 reference vectors. When
publishing object O, the reference vectors are sorted and 3
reference pairs are selected for publishing the index. Then
three replicas of O’s index, i1,i2, and i3, are stored on the
Chord ring using the corresponding IDs. Later, a query for
object Q, which is similar to O, is issued. The lookup re-
quests are sent for two reference pairs that are selected from
the sorted reference list. Although the lookup request for
the first pair (R4, R5) cannot locate any of O’s indices, the
second one for pair (R4, R0) is received by the peer that
is storing i3 (possibly after the request has been forwarded
within the key interval), and thus the index is returned to
the querying peer. That peer can now obtain the address of
the peer P sharing O from the index and then contact P.

4.3 Selecting Reference Vectors
The reference vectors are selected at system startup and

then used by all peers in the system. Hence it is important
to decide the number and values of the reference vectors.
The peer that initiates the system picks the reference vec-
tors. Thereafter the new peers obtain them during the join
process from the existing peer they contacted. It is nec-
essary for each peer to use the same reference vectors and
reference id’s in order to have a consistent Chord key con-
struction. Two important decisions regarding the reference
vector selection are the number of reference vectors and the
actual vectors to be used. Below we discuss how these deci-
sions are made.

4.3.1 Number of Reference Vectors
Since the number of reference vectors determines the num-

ber of key intervals, it is a trade-off between accuracy and
query cost. With more references, the probability of finding
similar objects to queries reduces because there are more
intervals the objects can be distributed to. On the other
hand, it reduces the cost of querying because the reference
pair intervals will contain less number of peers to which the
lookup requests should be forwarded. It is a good idea to
keep the number of reference pair key intervals around or
more than the number of peers as discussed in Section 6.2.

4.3.2 Reference Vector Selection
The simplest approach is to pick random reference vec-

tors (Random Selection). For instance, the initiating peer
might select random objects among those that will be shared
within the system and use their feature vectors as references.
More educated selections can be made assuming that the ini-
tiating peer has access to a sample of objects to be shared
in the system. In this case, the peer samples the objects
and picks the references based on the sample set. Assuming
that the sample set is a good representative of the overall
system, this selection scheme is expected to perform better
than Random Selection. We will consider the following two
schemes for reference selection from a sample set.
Cluster Selection: The sample set is clustered and cluster
centroids are selected as reference vectors. The idea here is
that the references represent concept groups for shared ob-
jects and thus the reference based distribution will be more
accurate since the indices of the objects within a concept
will be stored at the same place.
Partition Selection: The sample set is partitioned using a
space partitioning algorithm and the center of each partition
is used as a reference. This scheme is expected to provide
a balanced distribution of the indices among the reference
pairs and thus result in more consistent querying cost (num-
ber of peers contacted).

4.4 Supported Query Operations
Since PRISM distributes object indices based on feature

vectors, it is able to support a larger set of query operations,
such as k-NN queries and content-based similarity search,
than current systems that generally support only exact key
lookups and keyword searches. We now describe how differ-
ent types of queries can be implemented using PRISM:
Exact Key Lookup: Note that DHTs are designed for
very efficient exact key lookups. Since PRISM uses an un-
derlying DHT layer, it benefits from this layer to support
exact key operations. When an object is shared, PRISM
stores replicas of its index in the system using the reference
vectors, and also inserts the object into the underlying DHT
layer using its key. The DHT layer then hashes the key to
an ID and stores the object’s index4 at the peer responsible
for that ID5. Given an exact key lookup request, PRISM
queries the underlying DHT for that key to get the results.

4The index used at the DHT layer is different from the in-
dex used by PRISM. The DHT index does not contain the
feature vector of the object. In addition to the object’s key,
it may contain the object itself or the address of the peer
sharing the object, depending on the DHT implementation.
5DHTs usually replicate the index at multiple locations for
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Keyword Lookup: PRISM can use any of the techniques
described in Section 2 to implement keyword search func-
tionality at the DHT layer. For example, for a given set
of keywords associated with a shared object, it can insert
the corresponding index information into the DHT layer for
each keyword using the keyword as key. A query with a list
of keywords can be answered by querying the DHT layer for
each keyword to retrieve the list of associated objects and
then taking the intersection of returned results.
k-NN and Similarity Range Queries: For a given query
object O, a k-NN query searches for k objects shared in the
system that are most similar to O, whereas a similarity range
query is interested in all objects that are within distance r
from O (The values for k and r are to be specified by the
query). PRISM can return accurate approximate answers
for both types of queries using the querying scheme given in
Section 4.2, however the result set returned by a peer that
receives the lookup request changes depending on the query
type. For a k-NN query, the peer searches its index store
and returns k indices that are most similar to the query.
For a similarity range query, it returns all indices that are
within distance r from the query.

4.5 Discussion
When generating the ID of a reference pair, the least sig-

nificant bits are set randomly (random offset). This is par-
ticularly useful for load balancing purposes, since it provides
a better distribution of indices over the ID space. Without
random offset, a reference pair would always map to the
same ID causing load imbalance in the system, and load
balancing would be very hard in this case [22, 25]. As a
result of this scheme, however, the lookup requests have to
be disseminated within a key interval thus increasing query
latency. One possible way to reduce query latency is to repli-
cate object indices at every peer within an interval [11]. In
this case, publish index messages will be forwarded within
the key interval and stored at every peer, while the lookup
request will go to a single peer and retrieve all results with-
out any forwarding.
PRISM requires the feature vectors of all objects and ref-

erence vectors to have the same dimensionality. This re-
quirement is reasonable if all objects are of the same type,
such as images, text documents or mp3 files, since the fea-
ture vectors will be extracted using the same method. If the
system should support objects of different types, the fea-
ture vectors will probably be of different sizes. In this case,
PRISM needs to maintain a different pair of Feature Vector
Extractor and Reference Vector set for each different object
type. However, it can still use the same underlying DHT
structure to store indices for all types because the DHT layer
is only presented with IDs and is unaware of PRISM-level
properties such as object types and feature vectors.
A limitation of the current PRISM design is that the ref-

erence vectors should be set initially and cannot be changed
later. Here we propose a method for dynamically changing
the references vectors without disrupting the normal oper-
ation. Assume that a well-known node (the peer that initi-
ated the system or an external monitor) periodically samples
the objects shared in the system and computes a new set of
reference vectors. If the difference between the currently
used reference set and the new one is significant (greater
than a certain threshold), then a ReferenceUpdate operation

fault tolerance and efficiency purposes.

is initiated by broadcasting the new reference set to all peers
in the system6. Each peer receiving this message enters a
transition period that lasts for a duration of δ. During the
transition period the peer keeps both the current and the
new reference sets for inserting indices and querying (The
number of index replicas and query lookup requests double).
When the transition period ends, the peer removes the cur-
rent reference set and starts using only the new reference
set. The transition interval, δ, should be selected based on
the estimated broadcast time, i.e., the time for the broad-
cast message to reach all peers. Selecting a large enough
value for δ ensures that no results are missed during the
transition to the new reference set. Since the index replicas
distributed with the old reference set are not refreshed any
more, they will disappear after a while.

5. OPTIMIZATIONS
In this section, we discuss two optimizations to the basic

design discussed in the previous sections.

5.1 Load Balancing
Original DHT designs use uniform hashing to assign IDs

to objects, thus providing a uniform distribution of IDs over
the ID space. However PRISM uses the semantics of the
objects, i.e., the feature vectors, to distribute the indices.
As a result, the distribution of the IDs is not uniform and
can be very skewed. Since the peer IDs are still uniform,
some peers might end up storing most of the indices and
getting a lot of lookup requests. Therefore PRISM employs
explicit load balancing techniques to address this problem.
It implements two schemes for load balancing.
Static Load Balancing: When joining the system, a peer
contacts k random peers and then joins at the peer with the
highest load. It splits the interval of that peer at the median
point, thus halving its load.
Dynamic Load Balancing: The static scheme does not
provide dynamic balancing as it can only be executed at peer
joins. Thus PRISM also has a dynamic scheme that provides
periodic load balancing based on the algorithm proposed
by Karger et al. [14]. Each peer Pi periodically contacts
another peer Pj at random to see if they should perform a
load exchange operation. The operation is initiated if the
load ratio of the two peers is below a certain threshold ε (if
L1
L2

≤ ε, where L1 and L2 denotes the smaller and larger of

the loads of the involved peers, respectively). The load of
a peer is measured as the number of indices stored in this
case. To exchange load, the peer with less load leaves its
current location in the DHT and joins at the peer with the
higher load.

5.2 Reducing Index Size
The feature vectors can have a very high dimension, as

in the case of text documents where a document can con-
tain a large number of keywords. Then the object indices
stored and the messages exchanged in the system will be
large since they contain the feature vectors of the objects.
One way of reducing storage and bandwidth requirements
in such a case is to reduce the feature vectors of the objects.
For this purpose, the Feature Vector Extractor can apply a
dimensionality reduction technique on the original vectors to

6An efficient broadcast algorithm for DHTs is presented by
El-Ansary et al. [7].

951



output lower dimensional feature vectors. Such a reduction
might also improve retrieval accuracy by removing noise or
discovering hidden semantic associations among the objects
as in the case of Latent Semantic Indexing of documents [6].
We implemented 4 different dimensionality reduction tech-
niques: Singular Value Decomposition [2], FastMap [8], Ran-
dom Projection [3], and Fourier Transformation. The effect
of these reduction techniques on the retrieval accuracy is
explored in Section 6.4.
In order for PRISM to function properly, all peers should

use the same reduction technique and map feature vectors
to the same reduced space. Some of the reduction methods
might require global knowledge about the object set, such
as SVD and FastMap. In this case, a certain node (the
initiating peer or an external monitor) samples the objects
shared in the system and applies the reduction on the sample
set. It then distributes the global information to other peers.
For example, in the case of FastMap, a set of pivots are
selected from the sample and then distributed to all peers,
so that they can map the feature vectors to the same space
using the pivots. Note that this is a one time operation and
performed at initiation time. However the quality of the
reduction might decrease as a result of the changes in the
object set. Thus the monitor node might keep sampling the
objects and updating the global information periodically.

6. EXPERIMENTS
We have evaluated the performance of PRISM using a

simulator implemented in Java. All experiments presented
here were run on a machine with 2GHz CPU and 1.5GB
memory running Linux RedHat 8.0.
Data Set
We have used an image data set for our experiments. The
data set consists of 80 dimensional Edge Histogram Descrip-
tor (EHD) features, as proposed by MPEG-7 standard, for
more than 3 million JPEG images collected from the Web
as part of the Cortina project [18]. Every 100th image vec-
tor from the first 10000 vectors is selected as a query, thus
giving a set of 100 queries.
Evaluation Metrics
In the experiments, we measured the retrieval accuracy, the
number of peers contacted for a query, and the distribution
of indices among the peers. Our main focus was to deter-
mine the performance of PRISM for k-NN queries, i.e., ef-
ficiency in terms of retrieving a fixed number, k, of objects
that are most similar to given queries. We compared the
performance of PRISM against a centralized setting, where
all the objects are examined to compute the answer. For
each query, the top k similar objects obtained by scanning
the whole data set were considered as the actual results (set
A). Then the objects are distributed using PRISM and k
objects are retrieved (set B). The recall rate for a query is
the percentage of the actual results included in B and com-

puted as: Recall = |A∩B|
|A| × 100%. We set k to 10, which

is a reasonable value since most users only view the top 10
results when searching the Web [26]. Thus each lookup re-
quest for a query returned the top 10 local results from the
receiving peers and these results were merged at the query-
ing peer to compute the final result. Note that in this case,
since we are interested in the top k objects and |A| = |B|,
precision and recall values are the same. The effect of k on
the recall rate is measured in Section 6.1.

Selecting Reference Pairs
The reference pairs for publishing indices and looking up
queries were selected from the top 5 reference vectors of
the sorted reference list. We experimentally determined
the following ordered list of 21 possible reference pairs for
publishing objects7: {1,1}, {1,2}, {2,3}, {3,2}, {2,1}, {4,3},
{5,2}, {1,3}, {1,4}, {1,5}, {2,4}, {2,5}, {3,4}, {3,5}, {3,1}, {4,2},
{4,5}, {4,1}, {5,3}, {5,4}, {5,1}. Thus the reference pairs for
publishing an object are determined according to this order
based on the value of indexPerm. For example, if indexPerm
was 3 for object O from Figure 4, it would be published for
the reference pairs (R6, R6), (R6, R4), and (R4, R0). The
identity pair, {1,1}, is used in order to utilize the whole
Chord ring, however it is used only once to avoid the over-
loading of the peers responsible for these pairs.
Setting indexPerm to a big value is usually affordable be-

cause it only requires limited additional storage for storing
the replicas of the index. However, increasing queryPerm is
more costly as it increases the number of visited peers and
the bandwidth consumed for processing a query. To reduce
the number of query reference pairs, if the pair {i,j} is used,
then its inverse, {j,i}, is ignored. Note that since the object
indices are likely to be published for both pairs, this will
not have any significant impact on the results. Hence the 21
possible pairs reduce to 11: {1,1}, {1,2}, {2,3}, {1,3}, {1,4},
{2,5}, {2,4}, {3,4}, {1,5}, {4,5}, {3,5}.
Experimental Settings
For a run with a certain number of objects and peers, the
objects were evenly assigned to peers and the peers joined
an initially empty system. The queries were issued after
all peers joined the system and initiated at randomly cho-
sen peers. The reported results are the average values over
all the queries. The values of indexPerm and queryPerm
remained the same for all objects and queries respectively
during a run. The Euclidean distance is used as the sim-
ilarity measure. Both load balancing schemes discussed in
Section 5.1 were implemented. For static load balancing,
a new peer contacted 6 peers while joining the system and
then joined the one with the highest load in terms of the
number of indices stored. For dynamic load balancing, peers
exchanged load if the ratio of their load was less than 1/4.
The dynamic algorithm was executed 8 times by each peer
after all the peers joined. Unless stated otherwise, a system
with 1000 peers, 100000 objects, and 32 randomly selected
reference vectors were used as the default scenario.

6.1 Recall Rates
Figure 5 shows the corresponding recall rates for differ-

ent values of indexPerm (1 to 21) and queryPerm (1 to
11) for the default scenario. The recall rate starts out at
55.0% for indexPerm=1 and queryPerm=1, and improves
as indexPerm and queryPerm increases, going up to 99.4%
for the case with indexPerm=21 and queryPerm=11. Thus
PRISM can retrieve almost all answers when it is configured
for high accuracy. The recall improvements gained by in-
creasing the values of queryPerm and indexPerm diminish
as their values increase. Most of the correct results are re-
turned by the first few query lookups and the improvement
in the recall rates becomes smaller as queryPerm further in-
creases. A similar observation can be made for indexPerm

7We ran a set of queries over a randomly selected data set
of 10K objects, and sorted the reference pairs based on the
number of correct top-10 results they returned.
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too. Setting the value of queryPerm between 4-8 results in
good recall. When queryPerm=8 and indexPerm=15, for
example, the recall rate is 97.0%.
When queryPerm is 1 in Figure 5, the recall rate remains

almost the same as indexPerm increases. That is because
the query only goes to the peer corresponding to the identity
pair, and thus increasing indexPerm, i.e., publishing object
indices for reference pairs other than the identity pair, does
not improve the result. The reason for the slight increase
in recall is that some of the peers that are queried might
have matching indices if they are responsible for Chord keys
falling in more than one key interval.
Number of Peers
Figure 6 shows the recall rates as the number of peers changes.
The recall rates degrade as the number of peers in the sys-
tem increases, however the amount of degradation is rela-
tively small and the system is able provide over 90% accu-
racy even with very large number of peers. The recall rates
are very high for 100 peers because in this case a peer usu-
ally spans over multiple key intervals (since the number of
peers is much less than the number of key intervals) and so
it also scans over the indices mapped to those intervals when
it answers a query destined for one of its intervals.
Number of Objects
Figure 7 shows that the recall rates increase slightly as the
number of objects shared in the system increases. When
there are more objects in the system, the chance of having
objects that are very similar to the query increases, and
thus PRISM is able to locate these similar objects using its
reference based index location scheme, resulting in higher
retrieval accuracy. The above results suggest that PRISM
can sustain high levels of recall even when there are big
increases in system and data set size.
Number of Reference Vectors
We measured the effect of the number of reference vectors
on the recall performance. As shown in Figure 8, the recall
rates are very dependent on the number of reference vectors.
A larger set of reference vectors distributes the objects into
a larger set of possible intervals, thus making it harder to
retrieve the results. The results are still good as the recall
rates quickly go over 60% and reaches 85% even for the worse
case where there are 128 references. Although these results
suggest that having a smaller set of references is desirable,
it results in higher querying cost due to larger reference pair
intervals as will be shown in Section 6.2.
Reference Vector Selection
We evaluated the effect of the reference vector selection
method on the recall performance. For reference vector se-
lection, we used three methods as described in Section 4.3.2:
1) Selecting randomly, 2) Clustering the sample set and

using the cluster representatives as references (we used k-
Means clustering), and 3) Partitioning the sample space and
using the partition centers as references (we used kd-Tree al-
gorithm). Figure 9 shows the results. The partition selection
is less accurate than the others because it selects more ref-
erence vectors from the clustered regions and so it is harder
to distinguish those objects using reference vectors. On the
other hand, the cluster selection picks one reference from
each clustered region thus increasing the effectiveness of the
reference-based distribution.
Number of Results
Figure 10 depicts the effect of the number of returned re-
sults, k, on the retrieval accuracy. The recall rates drop as
k increases because some of the results might not be very
similar to the query and can be missed. However, even for
k=500, the recall rates are high and go up to 86%. Also,
the number of hops visited for a query is independent of k,
and remained almost the same in all cases.

6.2 Number of Peers Visited
Table 1 shows the average number of peers contacted to

answer a query for different values of queryPerm for 100,
1000, and 10000 peers. The routing path length is the num-
ber of peers visited during the routing of lookup requests
from the querying peer to the destination peers, whereas
the forwarding path length is the number of peers that are
forwarded the requests within corresponding key intervals.
Both path lengths increase linearly with queryPerm as ex-
pected. The routing scales well in terms of the number of
peers. A single lookup is routed via 4.69 peers (0.47%) in
a 1000 peer system, whereas it visits 6.42 peers (0.064%)
when the peer number is increased to 10000. However, the
forwarding cost might increase quickly if the number of ref-
erence vectors is not set properly with respect to the number
of peers. In the case of 10000 peers for example, the num-
ber of key intervals is 32×32 = 1024, which is much smaller
than the number of peers. Hence there are multiple peers
in each key interval to which the lookup requests should be
forwarded, causing an excessive number of peer visits. It
is a good practice to set the number of reference vectors in
such a way that the number of reference pair key intervals is
around or more than the number of peers. So, if the maxi-
mum number of peers that can be in the system (call itMax)
can be estimated, then the number of reference vectors can
be set to a value approximately

√
Max. Since the key inter-

vals will have a single peer on the average, this ensures that
the requests are not forwarded to many peers and the for-
warding cost remains reasonable. In this case, the number
of peers visited is expected to increase logarithmically with
the number of peers.

953



 40

 50

 60

 70

 80

 90

 100

 0  5  10  15  20

R
ec

al
l R

at
e

indexPerm

1000 Peers, 105 Images, queryPerm=4

16 References
32 References
64 References

128 References

Figure 8: Recall vs. Ref. No

 40

 50

 60

 70

 80

 90

 100

 0  5  10  15  20

R
ec

al
l R

at
e

indexPerm

1000 Peers, 105 Images, queryPerm=4

Random Selection (32)
Random Selection (64)

Cluster Selection (32)
Cluster Selection (64)

Partition Selection (32)
Partition Selection (64)

Figure 9: Recall vs. Ref. Selection

 30

 40

 50

 60

 70

 80

 90

 100

 0  5  10  15  20

R
ec

al
l R

at
e

indexPerm

1000 Peers, 105 Images, 32 References, queryPerm=4

5-NN
10-NN
50-NN

100-NN
200-NN
500-NN

Figure 10: Recall vs. Result No

Table 1: Average number of peers visited to answer a query (32 References, indexPerm=21)
query 100 peers 1000 peers 10000 peers
Perm Routing Forwarding Routing Forwarding Routing Forwarding
1 3.02 0.45 4.69 2.45 6.42 25.18
2 6.31 0.97 9.64 6.76 13.14 67.61
4 12.88 1.73 19.70 14.35 26.32 144.20
8 25.87 2.95 39.17 27.30 51.97 270.61
11 35.21 3.78 53.95 35.54 71.61 354.19

6.3 Load Balancing
In this section, the effectiveness of the load balancing

schemes implemented by PRISM are investigated. Figure 11
shows the index distribution for different cases. The peers in
the system are sorted in decreasing order of the number of
indices they are assigned. The X axis shows the percentage
of peers, and the corresponding values are the percentage
of indices assigned to these peers. Without load balanc-
ing, the index distribution is very skewed and 20% of the
peers store around 60% of the indices. Both load balancing
schemes greatly improves the index distribution. The dy-
namic scheme appears to be more effective, but the static
scheme can help reduce the number of load exchange opera-
tions performed by the dynamic scheme. The load exchange
threshold, ε, of the dynamic scheme provides great flexibil-
ity as it can be adjusted to obtain the desired level of index
distribution balance.
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6.4 Accuracy of Reduction Techniques
We evaluated the recall performance after implementing

the dimensionality reduction techniques discussed in Sec-
tion 5.2. The original 80 dimensional feature vectors were
reduced to 32 dimensions using each technique and then the
reduced vectors were used in PRISM. Figure 12 shows the
percentage of the original results that were retrieved. We

also measured how many of the original 10 nearest neigh-
bors were included within the 100 nearest neighbors in the
reduced space. The results were 88.8%, 86.5%, 51.0%, and
38.6% for Single Value Decomposition (SVD), FastMap (FM),
Random Projections (RP), and Fourier Transformation (DFT)
respectively. In comparison to information loss due to re-
duction, the loss due to distribution (PRISM) is significantly
small. The results suggest that as long as the reduction step
is accurate, PRISM will continue to return accurate answers.
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6.5 Discussion
The PRISM architecture demonstrated efficient and scal-

able retrieval performance in the experiments. The results
suggest that setting the value of queryPerm between 4-8
and indexPerm between 10-21 returns high recall rates. For
example, in a system with 1000 peers with queryPerm=4
and indexPerm=12, 90.1% recall can be achieved by vis-
iting only 34.05 peers (3.4%). The recall rate goes up to
98.8% by visiting 66.47 peers (6.7%) when indexPerm=21
and queryPerm=8. Thus PRISM can be configured for high
recall if storage and communication overheads are tolerable.
The storage and bandwidth requirements of PRISM are

reasonable. Assume that an object index contains a 100-
dimensional vector (4x100B) and some additional informa-
tion (∼ 100B). Then the size of an index is around 0.5KB.
The amount of storage needed to store 10000 indices is
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only 5MB. Thus it is usually affordable to have a greater
indexPerm. Publishing an object with indexPerm=21 takes
a total of 10.5KB storage. The data transferred to process a
single query lookup, L, can be computed as: L = p ·Q+k ·I ,
where p is the average number of peers visited for the lookup,
Q is the query message size, k is the number of results re-
turned, and I is the size of an index. The total amount of
data transferred to process a query, B, is:

B = queryPerm · L = queryPerm · (p ·Q+ k · I).
Both Q and I are 0.5KB. p is independent of the number
of objects, query size, and object size, and increases loga-
rithmically with the number of peers. Using the data from
Table 1 for the 10000 peer system, the total amount of data
D transferred to answer a query with queryPerm=11 is:

D = 11 · [(6.42 + 25.18) · 0.5 + 15 · 0.5] ≈ 256KB.
The number of peers visited and thus the data trans-

ferred for processing a query are independent of the num-
ber of objects, query size, and object size, and depend only
on the number of peers, number of reference vectors and
queryPerm. The increase in the number of visited peers is
logarithmic in terms of the number of peers (given that the
number of reference vectors is selected properly), and linear
in terms of queryPerm.
PRISM returns the k most similar documents to a query.

In this setting of top-k document retrieval, recall and pre-
cision correspond to the same value. In the experiments,
we compared the results returned by PRISM with those of
a centralized setting to determine the accuracy of the sys-
tem. Experimental results show that PRISM is accurate and
scalable. It delivers high recall by visiting a small number
of peers. In a 1000 peer system with 100000 objects and 32
reference vectors, 87.2% and 98.8% recall can be achieved by
visiting 16.40 peers (1.64%) and 66.47 peers (6.7%), respec-
tively when indexPerm=21. By carefully tuning the pa-
rameters, PRISM can be configured for very high accuracy
at the expense of storage and communication overhead.

7. CONCLUSION
In this work, we introduced PRISM, a novel scheme based

on reference vectors for distributing and querying high di-
mensional data in P2P networks. PRISM is able to support
a larger set of query operations than current systems as it
distributes the index information of objects based on their
feature vectors. In addition to supporting exact key lookups
and keyword searches, it can return accurate approximate
answers to similarity search queries by visiting only a few
number of participating peers. It also allows users to tune
system parameters for higher accuracy at the expense of
storage and communication overhead. Due to the under-
lying DHT architecture, PRISM is scalable, dynamic, and
fault tolerant.
As future work, we plan to investigate efficient ways of

dynamically adjusting the reference vectors and evaluate the
system with various other data sets. We also plan to analyze
how PRISM compares to other schemes.
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