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ABSTRACT

The retrieval facilities of most Peer-to-Peer (P2P) systems
are limited to queries based on a unique identifier or a small
set of keywords. The techniques used for this purpose are
hardly applicable for content-based image retrieval (CBIR)
in a P2P network. Furthermore, we will argue that the curse
of dimensionality and the high communication overhead pre-
vent the adaptation of multidimensional search trees or fast
sequential scan techniques for P2P CBIR. In the present pa-
per we will propose two compact data representations which
can be distributed in a P2P network and used as the basis
for a source selection. This allows to communicate only with
a small fraction of all peers during query processing without
deteriorating the result quality significantly. We will also
present experimental results confirming our approach.

Categories and Subject Descriptors

H.3.5 [Online Information Services|: Data sharing; H.3.3
[Information Storage and Retrieval|: Information Search
and Retrieval—Search processes

General Terms

Algorithms, Performance

1. INTRODUCTION

Peer-To-Peer networks (i.e. administration-free ad-hoc
overlay networks in which each node has the same func-
tionality) have gained popularity as a simple, low-overhead
means for the dissemination and sharing of information (cf.
section 2.2). In such networks users can search for items
using a number of keywords, or simply by searching for a
file name pattern, and then download them from the Peer-
to-Peer network. In the present paper we will address the
scenario where images are shared in a Peer-to-Peer (P2P)
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network. In this scenario each peer maintains its local image
collection contributing to a large overall image collection.

The challenge in this scenario is to realize an efficient
content-based image retrieval (CBIR) functionality. As usual,
we assume that the CBIR functionality is based on feature
vectors representing color, texture or shape properties of the
images and that a CBIR query is processed as a similarity
query on these feature vectors (cf. section 2.1). Two brute
force approaches are conceivable for this purpose:

A first approach would be to broadcast the query in the
whole P2P network. Then each peer has to perform the
similarity query on his local data and to return it’s best
matches to the query issuer. Such flooding queries cause an
unbearably high communication effort.

If we assume that queries are much more frequent than
updates, an extreme alternative would be to replicate all
index information (i.e. the feature vectors) for all images in
the P2P network on each peer. In this case, queries can be
processed locally and only updates have to be distributed
in the P2P network. However, this would obviously lead to
unacceptable storage requirements on each peer.

As a consequence, an intermediate approach balancing the
storage overhead and the network load is desirable.

A promising approach in this respect is based on a dis-
tributed cluster algorithm: We determine a certain num-
ber of clusters for the whole image collection distributed
over the P2P network. The centroids of these clusters are
known to each peer. Then each peer distributes the infor-
mation about the number of documents in each cluster to
all other peers. Whenever a peer wants to issue a query, it
will determine the most promising peers in advance based
on the centroid information, and on the information about
the frequency of documents in each cluster on each peer.
Thereafter it will communicate its query to all peers main-
taining images belonging to the respective clusters, starting
with the peers containing the largest number of documents
within the cluster. Fortunately, this approach is rather in-
sensitive with respect to the number of clusters and to the
accuracy of the cluster centroids. In other words, there is no
need to update the cluster centroids with each new image.
Instead, the need for a new calculation of the clusters arises
only after a significant number of updates.

In the present paper we will present this approach to-
gether with an alternative and discuss their advantages and
disadvantages based on experimental results. The paper is
a contribution to the rather new field of CBP2PIR (content-



based peer-to-peer image retrieval) and a contribution to the
more general field of distributed CBIR.

The remainder of the paper is organized as follows: Sec-
tion 2 describes related work. Section 3 describes our work,
speeding up CBP2PIR using compact representations of peer
data. Section 4 describes the experiments we did for evalu-
ating our approach, giving also some perspective for future
work. Finally, we conclude in section 5.

2. RELATED WORK

Our approach for CBP2PIR is obviously related to work
accomplished in two areas, namely content based image re-
trieval and retrieval in P2P networks.

2.1 Content-Based Image Retrieval

Content based image retrieval (CBIR) is about indexing
images by their visual content. For achieving this task one
usually extracts a multidimensional feature vector for each
image, and maintains a multi-dimensional index structure
on these feature vectors (cf. section 2.1.1). The index en-
ables similarity search on the vectors: for a given vector x
the k next neighbors can be found. The retrieval perfor-
mance of CBIR systems is determined by image processing
(see [24] for an overview), as well as computer learning as-
pects (like relevance feedback and browsing). Its time ef-
ficiency is largely determined by the dimensionality of the
feature vectors, by the distance measure chosen [28], and
the index structure used for indexing the feature vectors.

While issues of useful feature sets are clearly out of scope
for this publication (we refer to [24]), in this paper we are
concerned with indexing in a distributed environment.

2.1.1 Indexing of high-dimensional data

Indexing becomes hard in the context of CBIR, because
— in contrast to text retrieval, where queries with one or
two words are common — both documents and queries are
represented by high-dimensional feature vectors. Typical
image retrieval feature sets represent documents using fea-
ture vectors of ©O(100), if not O(1000), dimensions. Indexing
of such vectors is very hard, due to the curse of dimensional-
ity. The curse of dimensionality refers to the fact that even
the closest data point within a collection is expected to be
far away from a given query point, and one can rule out
only little data on the way to finding it when increasing the
dimensionality [1]. This fact makes a search with sublinear
complexity a goal that is hard to attain.

Typical spatial index structures (e.g. [3,5]) are conceived
for low-dimensional spaces, and yield logarithmic complex-
ity in the number of data items that have to be visited for
dimensions up to ~ 10. Weber et al. [29] report experiments
comparing a sequential scan to X-trees and R*-trees [3, 5]
showing that for feature vectors of 10 or more dimensions,
these spatial index structures yield very little advantage over
a full sequential scan of the indexing data. Weber et al. sug-
gest the VA-file, a structure performing such a scan in an
optimized fashion. Using intelligent prefiltering of data a
performance is achieved that is faster than both a simple
sequential scan and spatial index structures. However, for
the prefiltering, a short representation for each data point
in the collection has to be analyzed, leading to linear com-
plexity with a low constant. Hafner et al. [15] also suggest
an approach that uses prefiltering, yet in a much more re-
stricted setting.

80

Applying the lessons learned for high dimensional index
structures to our scenario, it becomes obvious that tree-
structured approaches are not well suited for a distributed
setting in the high-dimensional case due to the curse of di-
mensionality. Also, approaches that involve a full scan of
indexing data — such as the VA-file — are not desirable,
because this would involve contacting all peers within the
network.

2.1.2 Probabilistic Retrieval

The probabilistic view of retrieval and similarity has been
shown to be very flexible and successful (e.g. in [28] ).
The peer content representation that we will describe be-
low (cf. section 3.3) will make use of this probabilistic view
of content-based image retrieval, as derived in [28].

Vasconcelos [28] describes image retrieval systems as maps
from images to image classes. Let x € X denote an image
feature vector and let y € Y, with Y = {1,..., M} be the
label of an image class. X, Y are the corresponding random
variables. An image retrieval system is thus a mapping g
from images to image classes:

g: X — {l,...,M} (1)
X - Y

The model assumes that for a query x the retrieval system
should return all images falling into the class y with g(x) =
y. An image retrieval system now tries to minimize the
retrieval error, i.e. the probability of retrieving images from
a class different than that to which the query x belongs.

It is well-known that the retrieval error is minimized using
the Bayes classifier

(2)
®3)

9" (x) = argmax P(Y =i|X=x)

argmax P(X=x|Y =)P(Y =1)

Here arg max P(...) stands for the ¢ maximizing the prob-

ability P(...). P(Y = i|X =x) stands for the probability
that 4 is the correct class for a given query x. P(Y = 1)
stands for the (prior) probability that any vector falls into
class ¢ and P(X=x|Y =4) denotes the probability that the
query x is an element of the given class .

We will use this Bayesian view to select peers that prob-
ably contain searched result items. The details will be de-
scribed in section 3.3.

2.2 Looking up Data in P2P Systems

Balakrishnan et al. define the lookup problem in P2P sys-
tems as follows [2]: “How do you find any given data item
in a large P2P system in a scalable manner, without any
centralized servers or hierarchy?” Unfortunately most ap-
proaches in this field address the search based on a unique
key or a small set of keywords. We will summarize these
approaches and first approaches towards content based re-
trieval in P2P systems in the following.

It is important to keep in mind the life cycle of a Peer in
a P2P network:

Initial introduction: The initial introduction is the pro-
cess of connecting to the P2P network for the first time. For
connecting to the P2P network, one needs to know at least
one peer to connect to. Classic ways of initial introduc-
tion are address lists that are either diffused in newsgroups,
mailing lists, or on web pages.



Joining the network: On connecting to an already ac-
tive peer (either initially or after an absence from the net-
work), the new peer has to find its place within the net-
work. On some networks (such as the initial Gnutella [8])
this phase is trivial, on others some work has to be done
up front to maintain some structure invariant within the
network. A compromise is to optimize the network during
operation (see e.g. [17]).

Operation: During operation, the peer can issue and for-
ward requests to other peers, and will process some requests
locally. It typically performs some administrative work for
optimizing the network or keeping up the structure invariant
of the network.

Leaving the network: Typically it is not safe in P2P
networks to rely on nodes to quit the network gracefully.

One of the challenges in creating P2P networks is to pro-
vide the right tradeoff between administrative overhead and
query performance for a given purpose.

2.2.1 Looking up documents by their identifiers

Early P2P systems mainly performed search operations
based on identifiers rather than content based information
retrieval or even content based media retrieval. To this
end, systems such as Gnutella performed so-called flooding
queries. This means, a given peer issuing a query distributes
the query to all its neighbours within the overlay (P2P) net-
work [8]. Each neighbour processes the query and forwards
it to all its neighbours (one such sending of a query is called
a hop). When receiving the results from its neighbours it
returns query results to the issuer of the query. Infinite
loops of queries within the graph are avoided by giving each
query a unique ID (peers never answer twice to queries with
the same ID) and by defining a maximum number of hops,
the time to live (TTL). This method has numerous disad-
vantages: it wastes resources [22], and it cannot guarantee
that all matches to a query present in the P2P network can
be found within a query. The advantages of Gnutella are
its simplicity, and the practically inexistent administration
overhead. Some of Gnutellas problems are being solved us-
ing different classes of peers (super peers) which are out of
scope of this paper.

FreeNet [7] (whose goal is efficient, anonymity-preserv-
ing publication) avoids wasting of resources by aggressive
caching, and by a gradient ascent search algorithm with
backtracking. Information about the gradient is provided
using a routing table present in each peer. While this is al-
ready a considerable advance, FreeNet is not able to find out
in a guaranteed number of hops, if a given item is present
in the P2P network or not. Distributed hash tables (DHTS)
such as CAN, Chord, and Pastry [21,23,26] provide guaran-
teed searches for items in the P2P networks, and are used
as building blocks throughout the literature (a controversial
example is [16]).

2.2.2 Content-addressable networks

CANs are concerned with similarity search on vectors.
CANSs were originally intended to provide simple DHT func-
tionality, looking up objects by their multi-dimensional iden-
tifiers. In the original work, the identifiers were not required
to carry any semantics. For space reasons we have to omit
a full discussion which can be found in [21].

While CANSs efficiently verify the exact presence or ab-
sence of a given data vector within a collection, due to the
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curse of dimensionality they fail if we want to find the near-
est neighbours to a given data item in a vector space with
high dimensionality.

Another weak point from our point of view is that CANs
require sending a substantial amount of feature vectors (pos-
sibly all of them) to other peers when entering the net-
work ( [27], described in section 2.2.4, takes exactly this ap-
proach). In this publication, we seek for solutions in which
the fact that a node enters the network causes only little
administrative network traffic.

2.2.3 Information Retrieval

While most DHT's deal with one-dimensional IDs (CANs,
as an exception use low-dimensional vector spaces for rout-
ing), there is now more and more research concerning infor-
mation retrieval queries in P2P networks.

Joseph [17] proposes NeuroGrid, which (like some other
current P2P approaches, e.g. [13]) permits keyword-based
search for annotated items. NeuroGrid exploits the fact
that each item is described by just a few keywords. As in
FreeNet, routing tables are maintained in each peer. After a
successful query the query issuing peer is connected directly
to the provider of the match. Furthermore, the routing ta-
bles are updated, creating a link between the keyword and
the provider of the match.

FASD [18] uses the same query routing scheme as FreeNet,
however, to make the routing decisions it uses term vectors
(i.e. the vector of words present/absent in a document)
of full documents and the vector space model instead of
document IDs. This approach is particularly effective in
situations where the queries consist of only a few keywords.
On multi-keyword queries, however, this scheme is likely to
suffer from the curse of dimensionality.

Cuenca-Acuna and Nguyen [9] provide full-text informa-
tion retrieval in their system PlanetP, which is inspired by
GIOSS, and CORI [6,14]. In PlanetP, the content of each
peer is summarized using a bloom filter. A bloom filter is a
bit array that represents a set A with fewer bits than |A|. In
this case, the set represented by the bloom filter is the set of
terms (words) present in the peer. Each peer distributes its
bloom filter using a rumor spreading algorithm, and receives
the bloom filters from other peers using the same mecha-
nism. Query processing is done by choosing peers likely to
contain matches, and then visiting peers starting with the
most probable provider of a match.

PlanetP motivated our research, in that it is a viable so-
lution for CBP2PIR, if a suitable peer data representation
similar to the bloom filters used for the text scenario in
PlanetP can be found for peers containing multimedia data.

2.2.4 Multimedia Information Retrieval in Peers

Tang et al. [27] present two approaches for text retrieval in
P2P systems and suggest that these approaches can be ex-
tended to image retrieval as well. One of them (pVSM, peer
vector space model) stores (term, document id) pairs in a
DHT, and then retrieves such pairs to perform text informa-
tion retrieval. According to the authors this approach can
be handled due to the fact that terms are Zipf distributed,
and one can thus limit the index for each document to a
few strongly weighted terms. This approach seems to be
hard to translate to image data, since [25] reports the need
for a large number of features when using text information
retrieval methods on image data.



The other approach suggested in [27], pLSI, is based on
LSI [10]: Singular Value Decomposition is used to decrease
the dimensionality of the feature vectors, and the reduced
feature vectors are stored in a hierarchical version of the
content-addressable network (eCAN). For each document of
the collection, (feature vector, document id) pairs are stored
in the eCAN. The curse of dimensionality is addressed by
partitioning each feature vector into several, lower dimen-
sional feature vectors, ((z1,...,zn) will become (z1,...,Zn, ),
(Tnqgdts-e s @ng)y «ovs (Tnpy_14+1s+-+sTnm)). Each of these
vectors is said to be in a plane. The first of these lower-
dimensional partial vectors is stored in a CAN;, the second
in CANs and so on through CAN,,. A given query is then
split into several queries of lower dimensionality. Together
with aggressive pruning, Tang et al. manage to achieve im-
pressive results on textual data: few nodes need to be ac-
cessed for achieving a high precision. The future will have
to show if these results can be achieved also on image data.

While these results are impressive, they come at a price:
To introduce a collection of N, feature vectors of dimen-
sionality n to a network of Np peers, N, - Y Np messages
have to be sent to the network. In the case of m planes,

m

this becomes m - N - Ng'. As a consequence, new peers
with a collection of 10000 images will have to ship multiple
megabyte to other peers when entering the network.

Ng and Sia [19] present the Firework Query Model for
information retrieval and CBIR in P2P networks. In the
Firework Query Model, there are two classes of links, normal
random links, and privileged attractive links. A query starts
off as a Gnutella-like flooding query. If a peer deems the
query too far away from the peer’s local cluster centroid,
it will forward the query via a random link, decreasing the
TTL of the query. Otherwise, it will process the query, and
forward it via all its attractive links without decreasing the
TTL.

One weakness of the DisCoVIR system presented in [19]
is the limitation to one data cluster per node to check if a
query is interesting for a server. This appears to have been
solved recently [20].While DisCoVIR is similar to our work
in some aspects, there are important differences: For one,
Ng and Sia do not optimize the total number of messages
sent, they rather optimize the number of times a peer has
to actually process the query. Secondly, in their evaluation
they use a scenario with a large amount of replication within
the network and with very many peers. In our intuition, this
makes some parts of the work simpler, as there is a larger
chance of coming across a replication of an item by sheer
luck. In any case, the work about peer data representation
that we are presenting here would also be beneficial in a
setting like the Firework Query Model.

3. CBP2PIRUSING COMPACT PEER DATA

REPRESENTATIONS

3.1 The Basic Scenario

In our scenario, we assume a P2P network in which users
share their image data when they want to, that is, they
cannot (and do not want to) guarantee high availability of
their data. A user who wants to share her image data will
first extract image feature vectors and index these vectors
locally. She will then connect to the P2P network.

When connecting to the network, there are two possibili-
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ties: Fither she is using a peer data representation that can
be derived entirely locally. In this case her peer will send
out the representation of the local peer data immediately
after connecting to the P2P network. The network will dif-
fuse this information using rumor spreading algorithms. Or
the peer data representation needs some information about
the P2P network’s state. In this case, the peer will first
request that information and then use it to derive its local
representation before sending it out.

In any case, when connecting to the network the new peer
will receive information about the peers present in the net-
work, and will be able to query the network. Queries in
our scenario are queries by pictorial example: the query is
a feature vector, next neighbors to the feature vector are
searched within the network. For processing a query, the
peer will scan the peer data representations known to it,
and will then contact directly the peers that are most likely
to contain matches to the query, according to the peer data
representations. The query processing efficiency is deter-
mined by the number of peers that have to be contacted in
order to obtain the result, because the amount of data to be
shipped (the query results) is small.

In this paper we focus on compact peer data representa-
tions, so that they can be easily transferred from peer to
peer, representations that reduce the number of peers that
have to be contacted for performing a query.

3.2 Distribution of Data over the Peers

When seeking to represent peer content, we have to make
simplifying assumptions about the data present in each peer.
This might become clear if we assume the data of each peer
to be an independent identically distributed sample of the
data within the full collection, and if we assume each peer
collection to be large. In this case, we would expect the
feature vectors within each peer to be distributed like the
feature vectors within all other peers. It would be impossible
to find a peer that is most likely to contain the best match
without knowing the full indexing data present in the peer.

Fortunately there is some evidence that the distribution
of the data over the peers will be non-uniform in many in-
teresting application scenarios. In our scenario, we assume
that people mainly share documents they have generated
by themselves, e.g. scientific documents containing text and
graphics, or photos from their last holidays. Furthermore,
we assume that the data provided in one peer is provided
by one person, or a small group of persons.

In such a scenario, we can assume that each peer contains

data that can be partitioned into a small number (Npeerciusters )
of clusters.
For example, research documents provided by a research
group usually can be partitioned into sets of documents,
each belonging to one of a small number of research inter-
ests. In particular, we assume the number of nodes in the
P2P network to be large compared to the number of clusters
within a node: NPeev‘s > NPea'rCluste'rs-

As mentioned before, optimizing P2P queries means lim-
iting the number of network connections and the amount
of data sent over the network for processing a query. To
summarize the above assumptions, they mean that data in
peers is sufficiently diverse among the peers, avoiding the
worst case scenario, in which each and every peer has to be
contacted to process a single query.



3.3 Compact Descriptions of Peer Content

As described in section 2.1.2, probabilistic image retrieval
views the retrieval problem as a classification problem (equa-
tion 2). In our case, we are looking to find the peer (or
peers) which are most likely to contain the feature vector
x of the query document we are looking for. Let A be the
random variable representing the peer containing a given
feature vector. Then, equation 3 becomes:

(4)

In this equation P(X = x|A = a) is the probability that
x is to be found in a given peer a, and P(A = a) is the
prior probability, which is proportional to the number of
documents contained in peer a in our case.

Now, the goal of the peer content representation below
must be to enable the estimation of the probability to find a
given data vector x within a given peer A = a. So, we need
a function f and a representation r, of the data in peer a,
such that: f(x,r,) ~ P(X=x|A=a).

g (x) = argmgxP(X:x|A:a)P(A:a)

3.4 Statistical Independence and
Maximum Likelihood

In this first approach we assume statistical independence
of the dimensions of the feature space. For a query vector
x = (x1,...,%,) this leads to:

P(X=x|A=a) = HP(Xj:mj|A:a) (5)

One way to represent P(X;=x;|A=a), is to fit the prob-
ability density to a model, e.g. to the well-known Gaus-
sian Mixture Model, used for example in [28]. For rea-
sons of simplicity we limit ourselves to the approximation
of P(X; =z;|A=a) by a piecewise constant function, i.e.
we generate a histogram of x; for each peer. For each vec-
tor component z;, we take a fixed number nyins of bins with
a variable width, such that min(z;), max(x;) are borders of
bins. It is reasonable to encode each bin using a 16-bit word.

In this representation, the number of bits that describe a
peer is given by Npits = N Bins * MDimensions - 16 + size(peerid).

3.5 Clustering

While in the previous model the compact representation
of each node can be obtained independent from other nodes,
in the following we will describe a method in which the nodes
need to communicate in order to obtain the compact repre-
sentation. We will analyze the communication cost at the
end of this section.

We propose to divide the feature space into Ngiobaiciusters
partitions, using a distributed clustering algorithm [11]. We
will call these clusters “global” in order to distinguish them
from the “local” clusters within each peer. We then use the
frequency of documents belonging to a cluster as follows:

Let C with |C| = Ngiobaiciusters be a set of global clusters.
Let ¢ € C be a concrete cluster out of C and let C' be the
random variable denoting the cluster containing a given fea-
ture vector. Then we can write (given independence of X
from A given C):

PX=x|A=a) = Z P(X=x|C=c)P(C=c|A=a)(6)

ceC
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Here P(X =x|C =c¢) stands for the probability of mem-
bership of = to cluster ¢ and P(C =c|A=a) stands for the
probability of documents in cluster ¢ on peer a.

The P(C'=c|A=a) can be approximated by the share of
documents on peer a falling into cluster c¢. For the P(X =
x|C = ¢) various different approximations are conceivable.
At present we simply find the cluster whose centroid is clos-
est to x and set P(X=x|C=c) to 1 for this cluster and to
0 for all other clusters, i.e. we assume that an x is strictly
absent in all clusters except for the cluster cx € C whose
centroid is closest to x. Applying this to equation 6 we get:

PX=x|A=a) = PX=x|C=cx)P(C=cx|A=0a)(7)

1-P(C=cx|]A=a) (8)

As a consequence, peers with high values for P(C'=cx|A=
a)-P(A=a) will be contacted first, when processing a query
x. Technically, this can be realized efficiently by distribut-
ing the absolute numbers of documents per cluster for each
peer. When a peer enters the network, it requests the cluster
centroids and uses them to calculate for each document of its
local collection to which global cluster it belongs. Each peer
can then calculate a histogram over the global cluster labels
¢ € C. These histograms are the P(C'=cx|A=a) - P(A=a).

Given reasonable precision (e.g. 16 bits), each peer is rep-
resented by Npits = NaiobaiClusters © 16 + size(peerid).

Since the approach described above is based on the exis-
tence of global clusters, i.e. on data aggregated over the
whole network, we have to show that the calculation of
global clusters is not too expensive. This we regard im-
probable for two reasons: Firstly, because there are dis-
tributed variants of the k-means clustering where each peer
has to communicate only its local means for each cluster
centroid during each clustering run. Thus, the communica-
tion load of distributed clustering per peer is of the order
O(NGloba,lC'lu,sters ‘M Dimensions * nlte'rutwns)7 i.e. for a large num-
ber of documents per peer, the price of distributed clustering
is still low compared to methods that would require sending
over the network a large sample of all data stored within the
peers [12].

The second argument is that there is no need to perform
the clustering very often. As experiments (cf. secton 4.2)
show, the performance found depends only weakly on the
number of clusters, so we can assume that slightly outdated
cluster centroids do not significantly affect the process.

4. EVALUATION

In our evaluation we assess the feasibility of our method
for feature vectors derived from images. We measure if we
can reduce the number of peers that have to be visited com-
pared to a Gnutella flooding query, i.e. without the use of
a peer content representation.

Experiments on CBP2PIR are hard: as there are no sys-
tems shipped to a wide public yet, there is no experience nor
a snapshot about the data distribution over a whole P2P
network. As a consequence, we had to create a synthetic
data distribution over the peers that reflects our assump-
tions concerning the data distribution, namely that peers
contain data concerning a small number of areas of inter-
ests. With respect to all other aspects we tried to make the
experiments as hard as possible for the system, to obtain
results that are rather low bounds on the performance given



Algorithm 1: Assigning images to peers

Data :Z // all images in the collection
Data : Z* // all images not yet assigned to a peer
Data : A // a set containing all peers
Result : M : A — 27 // mapping peers to image sets
I «—1T;
for a € A /* each peer */ do

M(a] — &;

for 1 < b < Npeerclusters /* each peer cluster */ do
i — random element from Z*;
Mla] = MlaJU{i}; Z° — I" \ {i};

M Docs [ Peer
fOI‘ XES v F——
Npeerciusters

L Mla] = Mla]U{x}; T" —T"\ {x};

do

— 1 best matches to i

the said assumption and the use of synthetic data.

One aspect of making experiments hard for the system
was to assume no replication. In many current file-sharing
systems identical data items are present on a large number of
peers. We assumed each data item to be present in exactly
one peer.

4.1 Test environment

Our experiments were performed in four steps: (1) The
feature data has been extracted from a set of images. (2)
The images together with their feature vectors have been
distributed to the peers in the network. (3) For each peer
the peer data representation has been created. (4) A number
of test queries have been performed, yielding statistics about
the efficiency of the peer data representations. Each of these
steps is described in more detail in the following.

4.1.1 Feature extraction

For our evaluation we used 162-dimensional color features
derived from the HSV color space. We used color histograms
and partitioned the color space into 18 intervals in the hue
dimension, into 3 intervals in the saturation dimension and
into 3 intervals in the value dimension.

4.1.2 Peer data distribution

As said above, we distributed the data over the peers ac-
cording to our model that each peer contains data that be-
longs to a small number (Npee,clusters) Of areas of interest,
the peer clusters or local clusters (as opposed to global clus-
ters). As one of our peer data representation methods in-
volves clustering, we tried to assure that we do not produce
artifacts by finding local clusters and peer clusters by the
same method.

The box named Algorithm 1 presents the algorithm used
to distribute the data over the peers. mnpges/peer denotes
the number of documents assigned to each peer. We kept
this number constant for all peers as intuitively this should
be harder than varying npecs;peer, as peers with very little
data would have a very accurate peer data representation,
and peers with a large data collection would have a large
prior probability to contain searched items. To each peer
cluster we assigned -Docs/Peer_ images.

NpeerClusters
Obviously, the peers considered early in the described dis-
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Figure 1: Top: The average peer ranks for the peers
containing the M;o images for varying numbers of
Npeerciusters. Bottom: Varying Naiopaiciusters from 25 to
400.

tribution procedure will have rather coherent peer clusters
whereas the peers considered later will have more inhomo-
geneous peer clusters.

4.1.3 Create peer data representation

We used the peer data representations described in sec-
tion 3.4 and 3.5. For the calculation of the global clustering
needed for the latter representation we used k-means clus-
tering.

4.1.4 Performing and evaluating test queries

We performed test queries in a simulation analogously to
the PlanetP scenario. Since PlanetP assumes peer data rep-
resentations to be present in every peer of the network and
all queries to be transported directly from the query issuer
to the query processor, PlanetP is simple to simulate using
a single-threaded program on a single-processor machine, if
we assume that the rumor spreading processes to distribute
the administration information have been finished.

To assess our approach we considered the question: Does
a consideration of the peers in decreasing order of P(X =
x|A=a)P(A=a) yield a better performance than random
techniques and which of the proposed peer data representa-
tions performs better?

To this end, we chose the results of a centralized query
engine as ground truth and asked ourselves questions such
as: How many peers do we have to visit on average to find
the top 20 results? or On which peers do we find how many
of the top 20 results with respect to the ordering according
to our approzimation of P(X = x|A=a)P(A=a)?
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Figure 2: Number of images out of My, found per
peer rank over 1000 experiments

We evaluated our peer content representation schemes us-
ing 162-bin HSV color histogram data extracted from 10000
images provided by the Benchathlon CBIR benchmarking
initiative [4]. In these experiments, each peer contained 100
images (nDocs/Peer = 100)

We proceeded as follows: (1) We randomly chose a query
image i from the image collection. (2) We did a centralized
query for i on the collection, obtaining the 20 best matches
M. (3) We queried the peers one peer after the other start-
ing with the peers most likely to contain result images ac-
cording to the peer content representations. This access or-
der of the peers gave us a ranked list R = (r1,7r2,...,"Np..,.)
of all Npeers peers. (4) We did some statistics on the number
of the images out of Mao found on the peers with rank r;.

4.2 Experimental Results

For each peer data representation method, 1000 test queries
were performed and evaluated.

First we scanned the ranked list of peers R, and noted
the peer ranks of the peers that contained each of the Mazg
images, obtaining a list L. For example, when the query
image x itself was found in the 4th-ranked peer the pair
(x,4) was added to L. Then the mean over the peer ranks in
L was calculated. Obviously, in the case of a random ranking
of the peers, the average peer rank for peers containing an
image out of Mz would be NP%

These measurements were done for varying Npeerciusters
and varying peer content representations. Figure 1 (top)
shows the achieved average peer ranks for the peer data
representation described in section 3.4 (ML 8 bins/color)
and for the peer data representation described in section 3.5
(100 global clusters).

The figure depicts that the piecewise constant approxi-
mation of maximum likelihood under the assumption of sta-
tistical independence yields a worse performance than the
approach based on 100 global clusters. The advantages over
a random access order for the peers (which would yield a
value of 0.5) are higher for small numbers of Npeerciusiers -
The reason for this effect is that a peer with a small number
of clusters has a more coherent image collection which can
be better represented by the peer data representation.

The storage space requirements for both representations
differ significantly. For the approach based on 100 global
clusters we yield a representation of 2-100+ 16 = 216 bytes
per peer, an order of magnitude less than the 162-8-24+16 =
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2608 bytes used for the ML representation.

As mentioned in section 3.5, with the use of global clus-
ters, an issue of concern is how often the centroids of the
global clusters have to be updated i.e. how sensitive this
method is with respect to changes of the clustering. In
our experiments we evaluated this sensitivity by varying
NaiobaiClusters from 25 to 400.  Figure 1 (bottom) clearly
shows that the number of clusters does matter, however,
even with the extremely small number of 25 global clusters
a rather good result can be achieved.

To gain deeper insights into the considered techniques,
we have counted how many images out of Msg were found
on each peer rank. To this end, we fixed Npeerciusters t0 5
and plotted the number of found M2 images per peer rank.
Since, we performed 1000 test runs, a total of 20000 images
was to be found and a random strategy would have values

of % = 200 for all ranks.

Figure 2 shows that the peer data representation based on
a global clustering gets more result images on the peer ranks
up to rank 20. Thus, this experiment also suggests that the
cluster based representation outperforms the representation
based on the assumption of statistical independence of the
features.

The above results suggest that especially the cluster based
peer representation can be used during query processing in
a P2P network in the following way: Given a query x we de-
termine the peers with the highest probability of containing
good matches based on the compact peer data representa-
tions stored locally in the querying peer. Then only the most
promising peers are queried to yield a result which will not
be the optimal result but a good approximation obtained
with a small fraction of the communication cost. Here the
number of peers to be contacted can be chosen depending
on the desired result quality and the communication cost
one is willing to pay.

5. CONCLUSION

Doing efficient query routing for CBIR applications in
P2P networks requires knowledge about the data in each
peer. This problem becomes hard because of the high di-
mensionality of the data represented. Within this paper we
have presented two methods for peer data representation,
that permit to reduce the number of peers that have to
be visited when processing a content-based image retrieval
query. This is both motivating the work and giving room for
improvement. We see the following directions of research:
Usage scenarios and evaluation: As in the whole area of

P2P research, there is the question if the usage patterns will
change, or if what we see is already the final usage pattern:
people sharing much data they have not generated by them-
selves, and a high degree of replication of each item being a
realistic scenario.

However, we see the necessity for algorithms supporting
different scenarios, otherwise, P2P IR will be only usable for
people looking for mainstream data, as non-replicated data
will be found only by chance.

Research will have to find interesting usage scenarios, al-
gorithms to cater for the needs of users in those scenarios,
and ways to evaluate them in order to advance the field.

Peer data representations wvs. distributed indexes:
Deeper, real-world testing needs to be done to compare dis-
tributed indexes to source selection techniques based on peer



data representations. Fault resilience will be an important
issue in this respect.

Peer data representations and distributed algo-
rithms: The work presented in this paper motivates fur-

ther research on useful peer data representations.

Obvi-

ously, mixture models are an interesting topic in this re-
spect. Other classification algorithms have to be evaluated
for the possibility to learn the classifiers in a distributed
(P2P) environment with bearable communication overhead.
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