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ABSTRACT

In this paper we introduce a simple yet experimentally con-
vincing approach in the research feld of source selection for
content-based similarity search in P2P networks or, more
concretely, in summary-based P2P systems. In these sys-
tems, summaries are used for data source selection when
performing k-NN queries on distributed collections of docu-
ments represented by feature vectors.

We introduce a new type of cluster-based summaries for
source selection that can eÿciently and cheaply be calcu-
lated and distributed in P2P networks. For the summaries
generation, a very large number of sample points is used.
Each peer in the network assigns its indexing data to their
corresponding closest sample points and publishes its con-
structed summary. We evaluate the quality of these sum-
maries when changing the number of sample points used in
experiments on real-world image feature data obtained from
a large crawl of the fickr web photo community and show
that for higher numbers of sample points we achieve a better
retrieval performance. Our experiments show that the pro-
posed summaries yield four times better performance with
respect to previous methods. Intuitively, there are some
disadvantages to this approach due to the large size of the
generated summaries. We show experimentally, that these
disadvantages can easily be overcome due to the sparse na-
ture of the generated summaries by simple compression tech-
niques.

Categories and Subject Descriptors

H.3.3 [Information Search and Retrieval]: Search pro-
cess, Selection process; H.3.5 [Online Information Ser-
vices]: Data sharing

This work is partially funded by the Deutsche Forschungs-
gemeinschaft DFG HE 2555/12-1

General Terms

Algorithms, Experimentation, Performance

Keywords

P2P, CBIR, Source selection

1. INTRODUCTION
User-generated data is at the center of the Web 2.0 rev-

olution. Some Web 2.0 community services such as You-

Tube.com or fickr.com are used by millions of people. Users
provide parts of their self-generated content by uploading
their data to servers and annotating it so that others can re-
trieve, browse, and/or download it. As this kind of service
is quite attractive for both users and companies (fickr.com
and YouTube.com recently have been bought by Yahoo! and
Google respectively), this motivates enabling similar services
in a peer-to-peer (P2P) environment [11]. Furthermore, cur-
rent shortcomings of Web 2.0 systems1 suggest that the col-
laborative annotation (“tagging”) of content items has to be
complemented with content-based search techniques.

Our vision is a large-scale P2P network that allows for
the sharing of user-generated data, and that provides both
tag-based and content-based search. Di®erent methods for
content-based search have been proposed [27] most of which
boil down to feature vector search. There are three main
classes of approaches that have been proposed in this regard
of similarity search on feature vectors:

1. DHT-based distributed indexing structures [10] seek to
specialize nodes on regions in feature space. Each node
“knows” only a small region in feature space. Joining
the network is expensive, but search is eÿcient.

2. Unstructured approaches such as super-peer networks2 

consist of super-peers, which act like servers, and nor-
mal peers. Such networks are fexible and powerful.
However, super-peers know very little about other
peers outside of their local super-peer network.

1According to a representative crawl of 666,909 fickr images
only about 60% of the images at fickr are tagged, and the
average number of tags of an image with one or more tags
is 4.0.
2Super-peer networks without summaries, we later propose
the use of super-peer networks with summaries.
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3. Summary-based methods such as [6, 19] seek to dis-
tribute data summaries to other peers. These sum-
maries are good for eÿcient retrieval and they are able
to provide an overview of the collection.
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All the above approaches have their merits and sometimes,
depending on the type of application in hand, a relatively
similar retrieval performance (see for example [8]). How-
ever, when we try to combine retrieval performance with
the knowledge about the properties of an entire network’s
data collection, for instance in the case of content-based
browsing applications, summary-based approaches are the
ones that are most suitable for such applications. Summary-
based approaches o®er an overview of the network’s global
data distribution, which is useful in browsing applications.
For example, porting PicHunter [5], which o®ers user feed-
back capability for content-based browsing of images, to P2P
systems becomes feasible given the large number of sample
points that represent the global state of the network’s data
collection.

In this paper we extend earlier work on how to build
summaries for eÿcient source selection in summary-based
P2P systems. We follow the approach of summary-based
source/peer selection in PlanetP-like networks [6]. In Plan-
etP every peer knows the summary of every other peer’s
data, enabling each peer to choose the most interesting peers
given a query. Scalable variants of this idea exist [29, 19].
A detailled description of our scenario can be found in Sec-
tion 2.

Usually content-based indexing is realized by indexing d-
dimensional feature vectors. In our PlanetP setting, every
peer knows a set of k centroids. In order to summarize
its local data, a peer assigns every feature vector of its lo-
cal collection to the closest centroid, i.e. the documents are
clustered using the centroids. A peer’s local data summary
will be represented by a count of documents belonging to
each cluster, constructing therefore what we refer to as a
cluster histogram of each peers indexing data. In previous
work Eisenhardt et al. [7] showed experimentally using real-
world data that a choice of centroids that are computed by
an elaborate clustering process brings only small retrieval
performance improvements when compared to a randomly
chosen set of centroids from the underlying collection. We
will refer from now on to this randomly selected set of cen-
troids by sample points. When performing cheap selection
and distribution of these sample points, we are able to choose
a very high number of globally known sample points to all
peers in the network. This makes the constructed summaries
very fne-grained and thus they perform much better than
the ones described in [7] when using a smaller number of
well-chosen centroids.

Intuitively, one would suppose that, given the large num-
ber of sample points used to generate the summaries, this
method has the following eÿciency problems. (i) We would
expect the summaries to be of large size. (ii) We would
expect that, given that the summaries are fne-grained and
precise, we have to adapt the sample points (and the sum-
maries) very often to changing collections.

In contrast to the above assumptions, according to the ex-
periments presented in this paper we show that (i) The sum-
maries are very sparse and can thus be compressed to very
small sizes. (ii) The set of sample points used for obtain-
ing the summaries depends only very weakly on the collec-
tion and can thus be hard-coded into the indexing software.

This makes shipping the sample points with the indexing
software a viable possibility. Consequently, the performance
costs that are induced by mechanisms that seek to cluster
the network’s data collection in order to determine the clus-
ter centroids are negligible in our case. In addition to these
aspects we show that query costs, i.e. the number of peers
to be contacted for processing a query, is reduced by a fac-
tor of four when compared to the previously used summaries
in [7].

The remainder of this paper is organized as follows: In
Section 2 we present the P2P architecture and the data
source selection approach used together with a detailled de-
scription of the peer summaries. Section 3 explains our
experimental setup, the data acquisition, the performance
measures, and the results obtained from our experiments. In
this Section we furthermore compare our results with results
from our previously used Gaussian Mixture Model based ap-
proach [9] as well as a distributed indexing structure based
on Content-Addressable Networks (CANs) [10]. Section 4
takes a closer look at related work and Section 5 fnalizes
our paper with a conclusion and an outlook on future work.

2. SUMMARY-BASED SIMILARITY

SEARCH

2.1 Summary-based P2P architecture
PlanetP and extensions: Our considerations are based

on PlanetP-like networks. As stated in the previous section,
in PlanetP [6] each peer knows the summary of every other
peer participating in the network. This makes routing sim-
ple and the network extremely robust. As a downside, this
approach does not scale. Depending on the churn rate (i.e.
the number of peers joining and leaving per minute related
to the total number of peers in the network) and the type of
summaries used, PlanetP starts to fail at a couple of thou-
sands of peers. When the number of nodes in the network
and the churn rate are too high, the peers are mainly busy
forwarding summaries and the network is not able to process
queries anymore.

However, Rumorama [19], a scalable variant of PlanetP
has been proposed. Rumorama builds hierarchies of net-
works that are accessible by an eÿcient multicast. Its leaf
networks behave like PlanetP. Therefore, while we examine
the summary-based ranking of peers in PlanetP-like middle-
sized networks, we can easily extend this to large-scale Ru-
morama-like networks.

On the other hand, while we are using the approach in
a PlanetP-like setting, we think that it can also be applied
to a super-peer network similar to [12] in order to enable
similarity search. In this case, each (normal) peer creates
a summary of its data and transfers it (i.e. the summary)
to the responsible super-peer. A query originating from a
(normal) peer can be processed by forwarding it to the cor-
responding super-peer, which sends the query to all remain-
ing super-peers in the network and afterwards collects and
merges the result sets obtained from the super-peers (i.e.
fooding at the super-peer level). Alternatively, the super-
peers themselves could summarize their data computing ag-
gregated summaries and perform PlanetP-like search at the
super-peer level. Every super-peer itself has to determine
which peers to contact in its sub-network in order to fnd
the most similar documents.



PlanetP architecture for summary-based similar-
ity search on images: The original PlanetP implementa-
tion is designed for text documents. Extensions of PlanetP
proposed cluster-based summaries for image data using a
distributed k-Means clustering and an approach that ran-
domly selects sample points out of the data [7, 8]. Within
this paper we further develop the approach based on ran-
dom selection of sample points and show that this leads to
signifcantly better results.
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PlanetP-like networks hold the original data (i.e. the im-
ages) together with the indexing data (typically a high-di-
mensional feature vector representing di®erent properties of
an image, such as color distribution, texture, or shape) on
the same peer. As opposed to many distributed indexing
structures, no local indexing data resides on remote peers;
indexing data remains at the peer that contains the original
data. This brings several benefts to the network: At frst,
when a peer joins the network no indexing data needs to be
transferred to remote peers. Secondly, when a peer leaves
the network, it takes all its original and indexing data with
it. It is not possible that indexing data of a peer that has
already left the network is still present on a remote peer.
Only summaries remain in the network. Expiring them is
simpler and cheaper than expiring full indexing data. Sit-
uations in which peers leave the network, containing index-
ing data of images that are still present in the network and
therefore should still be searchable, are avoided. All these is-
sues become important as P2P networks are highly dynamic.
Therefore peers joining and leaving the network impose a
main cost factor to a P2P network.

In our P2P scenario peer data summaries are used in or-
der to compactly aggregate the documents of a single peer.
Only these short summaries are distributed within the net-
work. Queries are routed to peers potentially containing
interesting data. Each peer that is contacted during query
execution will process the query locally, contributing to the
query result. The query processing consists of identifying
peers that probably contain relevant data (i.e. ranking the
peers), forwarding the query to them, and afterwards col-
lecting and merging the results. The query performance is
determined by the quality of the summaries and the peer

selection method. We will strive to use summaries that are
i) simple to generate, ii) cheap to distribute and iii) selective.
As the creation of peer data summaries is based on a Large

number of Sample Points (see Section 2.2) and the peer se-
lection mechanism uses StableSortRanker (see Section 2.3),
we will refer to the method presented within this paper as
LSP-SSR. The issues of summary creation and peers selec-
tion are addressed next and solutions are presented in the
following.

2.2 Creation of summaries for effcient
peer selection

A set of centroids is usually used for computing the sum-
mary of a peer. We use in our approach a set of sample cen-
troids C = {ci|1 ≤ i ≤ k} that we refer to as sample points.
Each peer’s data is represented by a sample histogram s of
size k. A peer assigns every document oj , according to a
certain distance function, to the closest sample point ci ∈ C 
and afterwards increments the absolute frequency fi ∈ IN of
the specifc sample histogram bin i. The summary s® of a
peer p® is therefore represented by s® = {fi,®|1 ≤ i ≤ k} 
the set of absolute frequencies fi,® that indicate how many

documents of peer p® are closest to a certain sample point
ci. Let us quickly review the properties of the summaries
obtained:

Simple to generate: Eisenhardt et al. [7] investigated
the utilization of centroids that are computed using di®er-
ent methods, namely distributed k-Means and showed that
the use of randomly selected sample points as centroids has
little infuence on overall retrieval performance and can be
used instead of distributed k-Means for fnding centroids (al-
though there is small loss in performance). The only task
that a peer needs to perform for computing the summary
is to assign every single document to one of the k sample
points that have been provided to the peer in advance; no
other collection-wide information or distributed computa-
tion (e.g. clustering) is needed.

Cheap to distribute: On entering the P2P network,
each peer needs to know the k sample points. As these
sample points can be provided during software installation
or update, only sample histograms need to be exchanged.
There is no longer a need to distribute the sample points as
we are not using any distributed clustering. Another posi-
tive side e®ect is that the need for recomputing the cluster
centroids as new images are added to the peers’ collections
is eliminated. As new images are added to the peers’ image
collections they are simply assigned to their closest sample
points, which takes place only at indexing time. As a conse-
quence, this allows for high values of k. At frst glance, this
seems to induce a linear growth to the size of the peer data
summaries. However, we will show that higher values of
k result in more sparse peer data summaries, and therefore
applying data compression yields a highly sublinear increase
in the e®ective size of the peer data summaries.

Selective: As our results given in the following sections
show, the summaries can be a good basis for selecting the
most promising peers. By increasing k, the number of sam-
ple points, we gain more selective summaries and therefore
overall performance in query processing. How to rank peers
according to the information given by the summaries is de-
scribed in the following.

2.3 Retrieval using compact peer descriptions
Retrieval in our P2P scenario works as follows: First of

all, a user states a query (in our case an example query
document) locally. Afterwards the peers are ranked w.r.t.
the query based on their summaries and C, the set of sample
points. The querying peer can easily determine which of the
k sample points is the closest to the query according to a
certain distance function. Since the querying peer knows all
the summaries, it can determine which peers are most likely
to contain documents relevant to the query and rank the
peers by their likelihood to hold relevant documents. Stable-
SortRanker [7] determines a ranking (i.e. an ordered list) of
peers in order to answer a certain query. The rank of a peer
in this ordered list is called peer rank. The querying peer
will afterwards contact the remote peers in ranked order up
to a certain point and obtain lists of relevant documents it
can merge.

StableSortRanker is a ranking mechanism that makes
its decision based on Lsamples, a list representation order-
ing all ci ∈ C in ascending order w.r.t. their distance to the
query. The frst element of this list therefore always cor-
responds to the sample point that is closest to the query.
Lsamples is processed starting with the frst element, i.e. the



sample point closest to the query, until it is either possible
to make a decision or the end of Lsamples has been reached.
Peer p® is ranked higher than peer p¯ if fi,® > fi,¯ . If peer
p® and peer p¯ both have the same amount of documents
assigned to a certain sample point (fi,® = fi,¯), StableSort-
Ranker chooses the next element cj out of Lsamples and
recursively compares peer p® and peer p¯ according to fj,®

and fj,¯ . This process consumes more processor time for
higher values of k. However, the source selection process is
performed only once per query. In large networks, the pro-
cessing power spent for source selection will vanish against
the processing load incurred by handling queries from other
peers.
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3. EXPERIMENTS
In the following we describe the data that we use in our

experiments as well as the method that is used for measuring
retrieval performance before we present our results. At the
end of this experimental section we compare our results to
other methods.

3.1 Data acquisition & distribution
In our experimental setting we use a real world data set.

The data obtained is a subset from a crawl of fickr.com,
a web-based community portal to store, share and search
images. Each user can store an arbitrary number of pho-
tographs and other pictures in his/her account. We take a
randomly chosen subset of 10,961 user accounts so that the
total number of images in these accounts is 250,000. We as-
sign each user account to one peer to simulate fickr.com in a
P2P setting, which results in |P | = 10, 961 peers for our sce-
nario where P is the set of all peers. The feature set used to
index the images is a 36-dimensional color histogram based
on the HSV color model as used in [8]. Obviously there ex-
ists other feature sets for describing an image, but within
the scope of this paper we are showing experimentally the
eÿciency of our summary-based query technique and we will
address the issue of quality of retrieved images by using more
elaborate features in our future work.

3.2 Defning a performance measure
In our experiments we always search for the top-20 images

matching a certain query. We are interested in how many
peers are to be contacted in order to retrieve a fraction of
the 20 most relevant (i.e. closest) documents w.r.t. Euclidean
distance. We measure the Average Peer Rank AP R20(n). It
describes how many peers need to be contacted on average

to fnd at least n of the top-20 matches for a given query,
where the query is the feature vector of a randomly selected
image from the data collection. In our experiments the AP R 
is averaged over 1,000 queries in order to minimize the in-
fuence of outliers on the results. We calculate the AP R as
a percentage of the total number of peers |P | in the network
(|P | = 10, 961 in our case) to make results more comparable.
We choose this measure since contacting other peers during
query processing, sending the query and receiving the result
sets of the other peers are the main query cost factors in our
P2P information retrieval scheme.

The top-20 matches are computed based on the global
document collection. This is done prior to executing the
query in the P2P network and can be seen as a baseline
against which to compare the P2P retrieval system.

3.3 Random selection of sample points
As we plan to distribute C, the set of sample points, a pri-

ori together with the installation software of our P2P sys-
tem, we frst examine if this strategy is applicable as the
peers’ image collections change over time. In the follow-
ing we therefore investigate three di®erent strategies. At
frst we select the sample points out of the underlying data
collection and therefore use sample points that refect the
current data collection. Secondly, we use a disjoint collec-
tion of fickr images. Lastly, we choose an image collection
with images being independent of fickr.com as a worst case
collection being independent of the application domain of
our P2P scenario.

Selecting sample points from the underlying Flickr
collection (fickr250k): The strategy that is the easiest to
simulate is simply choosing the sample points from the un-
derlying data collection. This strategy is useful, as regions
out of the feature space that contain many feature vectors
will be represented by many sample points. The strategy
can be implemented in the protocol that is used for commu-
nication between super-peers. One simple way could be that
super-peers, when executing queries of (normal) peers, sim-
ply track the query documents (and maybe additionally the
result sets they obtain from remote peers) that constitute
C.

Selecting sample points from a disjoint fickr col-
lection (fickr50k): In another strategy we pick the sam-
ple points from a second, disjoint collection of fickr images
and apply these sample points on the collection that has
been described in Section 3.1. Therefore we used a second
crawl of 50,000 fickr images from which we picked the sam-
ple points. It is important that there is no overlap between
these two collections. With this, we test if large samples
within photo communities are so much alike that they de-
scribe any large randomly-picked subset of images in such a
photo community.

Selecting sample points from a collection of non-
fickr images (www9908): To show the robustness of our
approach we use a third strategy. If it is not possible to
track query documents and there is no chance to crawl im-
ages from the collection indexed in order to use their features
as sample points, one has to think of an alternative way, i.e.
a worst case strategy of how to obtain the sample points
anyway. We therefore used random images out of a collec-
tion made up of 9,908 images [16, 28] representing a web
crawl.

The application of the three presented strategies is shown
in Figure 1 for k = 4096, where the performance of fickr250k
and fickr50k nearly coincides. The performance of the third
strategy, where the sample points are chosen independently
of fickr.com performs not as well as the other strategies but
still leads to much better results than described in earlier
work [7, 8] (see Table 1 for k = 256). Note that we can
easily exploit the fact that the performance of the other
strategies only marginally di®ers: We can deduce that the
sample points have to be replaced by better-adapted sample
points only very rarely, so we can handle them as one would
handle a P2P software update.

The performance of all these strategies can be further im-
proved by increasing k, which is comparatively low in Fig-
ure 1 (k = 4096), as we describe in the following. In our
experiments, unless stated otherwise, we apply the fickr50k

strategy.

https://flickr.com
https://flickr.com
https://flickr.com
https://flickr.com
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k 60% top-20 80% top-20 100% top-20

256 3.7% 7.4% 16.6%
1, 024 2.2% 4.2% 10.7%
4, 096 1.2% 2.4% 6.5%
16, 384 0.7% 1.4% 4.2%
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Figure 1: Di®erent sources for sample points

Table 1: Peers contacted for top-20 [in %]
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Figure 3: Di®erent APRs with increasing k 

decreases more smoothly, still indicating that a bigger k al-
ways leads to an increase in overall performance while the
cost of creating the bigger summaries is not hindering this
performance since (i) every peer builds his summary indi-
vidually and (ii) as new images are added to the peer’s col-
lection only the peer summary’s a®ected bins are changed
once per added image.

3.4 Boosting performance by increasing k 
Obviously one important parameter in our approach is k,

the number of sample points used for computing the sum-
maries. Higher values of k increase the size of the sum-
maries and therefore the amount of data that needs to be
transferred throughout the network but they promise more
fne-grained peer selection decisions. Figure 2 shows that
we obtain better results the higher we choose k. If we use
16,384 sample points, it is possible to retrieve, on average,
all of the top-20 images by contacting approximately 4% of
the peers, a 4 times improvement with respect to using 256
sample points. We show later that the size of the summaries
can be reduced by compression (see Section 3.5).

Typically a user is satisfed when retrieving not all of the
top-20 documents. Table 1 shows that if a user is interested
in e.g. 16 out of the top-20 documents only 1.4% of the peers
need to be contacted with k = 16, 384. This is less than 1/5
of the peers that are to be contacted when choosing k equal
to 256.

Figure 3 visualizes di®erent APRs w.r.t. k. It shows that
the decision to increase k is much more important if k is
not too big (k < 4, 000 in this case), especially if the per-
son who states the query is interested in high precision (e.g.
AP R20(20) or AP R20(18)). For bigger values of k the APR

3.5 Compressing the summaries
When k ≫ Np® , where Np® is the total number of doc-

uments of a peer p®, this results in sparse (many summary
bins without any assigned documents) histograms/summar-
ies with a high potential for applying compression tech-
niques. Even if k is comparatively small, compression is
still benefcial, as peers/users usually tend to store similar
images according to the features (because people have e.g.
taken a picture of the same location under the same lighting
conditions from the same or a similar point of view several
times).

As compression algorithm we applied run-length encod-
ing (RLE) and then zipped the resulting RLE compressed
summaries. RLE is easy to implement and quick to use and
can be seen as a baseline for more elaborated compression
techniques. Figure 4 shows the gain when compressing the
summaries. The size of the summaries grows only logarith-
mically with increasing k. Even if we think of more than
16, 000 sample points/summary bins, the average size of a
summary in our scenario is approximately 110 bytes. This
is for example much less than the amount of data that is
transferred using Bloom flters [3] for text data as described
in [6] and the size of uncompressed summaries with k being
equal to 256 as used in [7, 8].
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Figure 4: Compressing the summaries

3.6 Comparisons
In the next two sections we compare the previously de-

scribed results with a Gaussian Mixture Model approach [9]
for summary-based P2P image retrieval and a CAN [21]
based approach, an alternative for multidimensional index-
ing in P2P networks.

3.6.1 Comparison with Gaussian Mixture Models 
approach 

In our previous work [9] a probabilistic view was used as
an approach for retrieval and similarity search in summary-
based P2P systems. This approach treats the image retrieval
problem as a vector classifcation problem. We can defne a
mapping from images to image classes. It has been shown
that this view is fexible and successful [26]. In our case we
tried to fnd the best mapping between query images and
peers in the network. This mapping maps a query image
feature vector x to the peer p® that is most likely to contain
similar feature vectors to x. In other words we choose the
peer that maximizes the probability p(p®|x)

3 . Using Bayes
rule this can be defned as follows:

g ∗ (x) argmax
p®

p(p®|x)

argmax
p®

p(x|p®)p(p®)

p(x)

argmax
p®

p(x|p®)p(p®) since p(x) is constant

where g is a mapping from indexing data x ∈ X to the
peers. p(x|p®) is the probability that x is found in peer p®,
and p(p®) is the prior probability of drawing the result for
x from p® without any prior knowledge other than p®’s size.
p(p®) is proportional to the number of documents contained
in peer p®.

The goal in this case is to fnd a representation for every
peer in the network that enables the estimation of the prob-
ability to fnd a given data vector x within a given peer p®.
In order to achieve this, every peer generates its own model

3 p(p®|x) in itself means only maximizing the probability of
fnding x in p®. However, if we assume that the probability
distribution over peers is smooth, p(p®|x) also means fnding
the peers that most probably contain similar documents to
the query x.
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Figure 5: Retrieval performance using GMM ap-
proach vs. random points selection approach

that we refer to as peer model, this model is then shared
with other peers. Once a query is issued, the querying peer
makes a ranking of peers to contact based on their models.

The peer model is a Gaussian Mixture Model (GMM )
that represents the indexing data that a peer holds. The
GMM parameters set£ is computed using the Expectation-
Maximization algorithm. Once the GMM parameter sets
£ are generated by the peers they are distributed in the
PlanetP network in order for every peer p® to be able to
reconstruct peer p¯ ’s GMM given £p¯

. This distribution
process is taken care of by the PlanetP setup.

When a peer requests a query for q, all it needs to do
is fgure out which other peer’s distribution in the network
produces the maximum likelihood for q. Hence, a ranking R 
of the peers is produced based on this likelihood such that:

p(p®|q) ≥ p(p¯ |q) ⇒ R(p®) ≥ R(p¯) ∀α β 

where p(p®|q) is the probability of a peer p® given a query
q such that:

p(p®|q) p(q|p®)p(p®) p (q|£p®) p(p®).
£p® is the GMM parameters set corresponding to p®.
p (q|£p®) is the probability of q given a model’s parameter
set £p® .
Therewith, we rank p® higher than p¯ given a query q 

if the query has higher likelihood to come from p®’s model
than from p¯ ’s one.

We compare our new method results with the results of
the GMM approach in Figure 5 where we use a second col-
lection (50k) that consists of 50,000 images distributed over
|P | 2, 623 peers due to simulation computational limita-
tions resulting from the GMM computational complexity.
From the fgure we see that the LSP-SSR approach, where
th sample points are chosen out of the 250k collection, out-
performs the GMM approach. It is approximately 5 times
better on average to retrieve all of the top-20 documents for
a given query.

We compare in the next section our similarity search ap-
proach based on random sample points to a CAN extension
approach allowing similarity queries in P2P networks.

3.6.2 Comparison with CANs 
CANs [21] have been the frst multidimensional indexing
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structures for P2P networks. They allow for the storage of
key/value-pairs. Every key is represented as a d-dimensional
vector v ∈ [0; 1]d out of a d-dimensional unit cube.

In a CAN every peer is responsible for an axis-aligned
box within the unit cube. All key/value-pairs (v, x) that
are indexed in the CAN are administered by the node/peer
that is responsible for the region containing v. Every peer
pi holds connections to the peers that are responsible for
regions in the neighborhood of the responsibility region of
pi. In their original form CANs allow eÿcient (exact) mem-
bership queries. In a d-dimensional CAN with |P | nodes
O(d d

p

|P |) routing steps need to be undertaken in order to
answer membership queries4 .

Similar to [25, 10] we use the extensions to CANs that al-
low for similarity queries. Therefore we need to make design
decisions, that basically a®ect the so called split strategy and
the query execution.

In standard versions of CANs new peers incorporate into
the network immediately. In our experiments we assume
(for comparison issues) that new peers queue before enter-
ing the network. During insertion of a new key/value-pair
the responsible peer pvn of a new vector vn is chosen. If
it contains more than nsplit key/value-pairs, the region for
which pvn is responsible is split. Therefore a new peer p is
drawn from the queue and is incorporated into the network.
The performance of the CAN is mainly depending on the
split strategy, i.e. the selection of the dimension based on
which the responsibility region of pvn is split into two new
responsibility regions.

When performing an exact query it is sure that the de-
sired key q is located in a single peer, i.e. the peer that is
responsible for q. In contrast to that, when applying similar-
ity queries, it is not even sure that the most similar vector
w.r.t. the query vector q can be found at peer pq, that is
responsible for q. One therefore has to fnd peers, starting
with pq, that contain the k-nearest neighbors (k-NNs) of q.
We choose both the split strategy and the mechanism used
for query execution in a way, so that the approach based
on CANs performs as good as possible w.r.t. the properties
that are measured in our experiments:

Split strategy: In contrast to [10] we use a split strategy
that depends on the data that is used. For the node ps

that is to be split, mean and variance are computed along
each dimension of the data that is contained in ps [13]. As
split dimension is the dimension with the highest variance is
chosen and the data collection is split along this dimension,
so that the points v, whose is-th component vis is smaller
than the mean, stay inside ps. The remaining key/value-
pairs are migrated into the new peer.

Query execution: Query execution consists of two steps.
Firstly, the peer pq that is responsible for the query vector
needs to be found and contacted; pq will then own the query
process. When needed, it will contact neighbors (i.e. can-
didate peers pc) that could possibly contain one or more of
the k-NNs of q.

Therefore pq administers a priority queue, which contains
points and regions ordered w.r.t. their distance to q [14]. If
a point is chosen from the priority queue, it is a k-NN of
q. If a region is chosen, it could possibly contain a k-NN.

4Small-world variants of CANs that o®er logarithmic com-
plexity exist (e.g. [10]). Nevertheless, for the high dimen-
sional spaces that we are looking at, the saving that is ex-
pected hereby is not relevant.
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Figure 6: Growing number of peers

Therefore the responsible peer is contacted. It sends a list
of points and regions to pq. Afterwards peer pq inserts them
into the priority queue. This is continued until all of the
k-NNs are found or the queue is empty.

Figures 6 and 7 explained in detail below show that
LSP-SSR performs better than our CAN implementation.
Besides the fact that network traÿc under churn can be re-
duced with the use of our system (compared to the CAN
implementation), there are more benefts. Firstly, the rel-
ative performance of the CAN implementation signifcantly
drops when the total number of peers/documents that are
simulated is increased. On the other hand, the performance
of LSP-SSR is not infuenced by the increase in the number
of peers. This issue is shown in Figure 6, where we use a
second collection (50k) that consists of 50,000 images dis-
tributed to |P | 2, 623 peers in addition to distributing
250,000 images (250k) to |P | 10, 961 peers in the same
manner as described earlier (see Section 3.1).

The second factor that negatively infuences the relative
performance of the CAN implementation more than it in-
fuences the approach based on cluster summaries is the di-
mensionality of the feature space. The e®ects are shown in
Figure 7 using the 50k collection with |P | 2, 623 peers,
where the sample points are chosen out of the 250k collec-
tion. We additionally applied a 166-dimensional feature set
uniformly quantizing the HSV color space [7]. Whilst LSP-

SSR only needs to contact less than 10% of the peers, the
CAN implementation fnds the top-20 after contacting ap-
proximately 40% of the peers for this feature set.

4. RELATEDWORK
The work on P2P Information Retrieval is diverse. A

broader state-of-the-art is given in [20] and [19]. We only
list some selected approaches that try to enable similarity
search in distributed scenarios.

It is possible to implement similarity search in structured
P2P networks like PRISM [22] based on distributed hash ta-
bles (DHTs). Several extensions of CANs (i.e. [25, 10]) also
allow for similarity search. Minerva [2] administers summa-
rizations of local indexes in a DHT applying peer selection
and query routing strategies for answering mainly textual
queries.

Purely routing-based P2P networks have been proposed as
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Figure 7: Analyzing the dimensionality

alternatives to the approaches relying on distributed index-
ing structures. DISCOVIR [15] supports similarity queries
based on images by routing queries to clusters of peers with
similar summaries. The use of summaries for distributed
similarity search is common. Successful uses of summaries
have been described for text data [6, 2] and image data [19].
Chang et. al [4] were the frst to present a histogram-based
summarization technique based on image templates and a
resource selection algorithm for distributed image databases.

Other approaches allowing for similarity search in P2P
networks are based on replication [23] or super-peer architec-
tures (e.g. [24, 29, 17]).

In [1], SWAM, a family of distributed access methods is
presented. One of these makes use of the small-world model
and partitions the key space into a Voronoi diagram. The
authors claim that the query cost is independent of the di-
mensionality of the feature whereas their maximum dimen-
sionality used is limited to 20. Without proof but by qual-
itative arguments that are out of scope here, we would ex-
pect that SWAM networks perform similarly, but by a linear
factor better than our summary-based approach. However,
there are some advantages to our method. Joining the net-
work is much cheaper in our scenario, and (for future appli-
cations more important) peers in SWAM know only a very
small part of the network and do not have a general view on
the data distribution in feature space.

Considering usage scenarios (at a level of detail similar
to [18]) one realizes that given the conceptual di®erences,
the diverse approaches perform surprisingly similar. How-
ever, there are two important advantages of summary-based
methods. Firstly, peers participating in the network do not
have to divulge their complete indexing data. This poten-
tially lowers network joining cost and improves the publish-
ers’ privacy. Secondly, peers participating in the network
have the occasion to know the characteristics of many other
peers. This opens the way towards systems that go beyond
query by visual example to interactive browsing, i.e. explo-
rative search using overviews, such as [5].

5. CONCLUSION & OUTLOOK
We have presented a pragmatic approach to query rout-

ing in P2P networks that uses sample points for creating
peer data summaries allowing for eÿcient similarity search.

With high numbers of sample points and applying a com-
pression algorithm we can produce compact summarizations
of a peer’s data in order to make good routing decisions. The
approach we propose is robust w.r.t. the images we use for
selecting the sample points.

In addition to lower costs under churn, our system shows
an increase in performance w.r.t. to an implementation of a
distributed indexing structure when it comes to growing net-

works (with more documents and more peers) and when the
dimensionality of the feature is increased. We also showed
an increase in performance when comparing our system to a
probabilistic approach for P2P-CBIR using GMM represen-
tations of peers. The overall performance of the approach
presented in this paper is extremely promising (top-20 can
be found on average when contacting approximately 4% of
the peers) with potential for further improvements by in-
creasing the value of k, i.e. the number of sample points.

One interesting result of our work is that large subsets
of fickr are very similar, to the extent that sample points
derived from one subset describe well another disjoint col-
lection. It would be interesting to undertake measurement
studies if fickr samples also describe well other community
consumer photo collections, eventually characterizing what
makes such collections special.

Obviously a direction of future research is investigating
the use of our summaries for more/other features and media
types such as audio or video.

Another line of research is investigating the impact of our
methods on the usability of P2P-CBIR systems, an often ne-
glected part of P2P-CBIR and P2P-IR. We already have de-
veloped a prototype using our summaries. We are extending
this prototype into the direction of a summary-based super-
peer network in order to apply our scenario under real-world
conditions in large networks. Details of this prototype are
the topic of a future publication. The next step is to put to
use the collection overview provided by our summary-based
approach in order to bring distributed image browsing with
relevance feedback to P2P networks.
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