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Abstract
Peer-to-peer networks are becoming more and

more popular to share information such as, for ex-
ample, multimedia files. Since this information is
stored locally at the different peers, it is necessary
to facilitate the search in an intelligent way. Collab-
orative filtering is such a search technique that en-
ables to incorporate the preferences of a user that can
be learned from the download activities of the users.
To be effective collaborative filtering requires a large
database that captures these activities. Within a peer-
to-peer network this is, however, not readily available.
Here, we propose a collaborative filtering approach
that is self-organizing and operates in adistributed
way. Information about the similarity between mul-
timedia files (items) is stored locally at these items
in so calleditem-based buddy tables. We propose to
use the language model (popular within information
retrieval) to build recommendations for the different
users based on the buddy tables of those items a user
has downloaded previously (indicating the preference
of the user). We have tested and compared our dis-
tributed collaborative filtering approach to centralized
collaborative filtering and showed that it has similar
performance. It is therefore a promising technique
to facilitate the search for information in peer-to-peer
networks.

1 Introduction
The rapid progress in information processing,

communications, and storage technologies, peer-
to-peer (P2P) networks have become a new way
for people to exchange information that is stored
on their local storage devices (examples are:
Freenet1,Gnutella2, and BitTorrent3 ). Since P2P net-

1http://freenet.sourceforge.net
2http://www.gnutella.com
3http://bitconjurer.org/BitTorrent/

works are inherently distributed,unstructured and un-
reliable (e.g. peers are not always connected), mech-
anisms for searching the available information are
not straightforward. There have been some efforts to
organize the information in P2P networks, such as,
for example, unstructured approaches (i.e.Gnutella),
semantic-free structured approaches ([19, 22]) and se-
mantic structure approaches ([21, 24]). Most of these
efforts aim to make meta-data based content search
possible ([17]) by means of keyword search.

Alteratively, in this paper, we propose a self-
organizing distributed binary collaborative filtering
approach that enables to organize and recommend
content within the context of a P2P network. The
similarity between content (items) are derived from
the profiles of the different users and stored in a dis-
tributed way asitem based buddy tables. By us-
ing the item-buddy tables, items are organized in the
form of relevance links. Recommendation can then be
done according to the similarities stored in the item-
buddy tables. We show that our distributed approach
is statistically equivalent to a centralized item-based
collaborative filtering. We consider the application
where users share multimedia files with other users.

1.1 Related work on collaborative filtering

Generically, collaborative filtering is any algo-
rithm that filters information for a user based on a col-
lection of user profiles. In major collaborative filter-
ing literature, only a fraction of the formulations has
been studies in depth ([14]). One common charac-
teristic of these algorithms is that they require a cen-
tralized user-item rating matrix as the input source.
These approaches can be divided into two categories:
1) memory-based ([15, 2, 10]), and 2) model-based
methods ([8, 3, 14]).

Recently, a few early attempts towards decen-
tralized collaborative filtering have been introduced



([3, 16]). Canny ([3, 4]) proposed a distributed EM
(Expectation Maximization) update scheme. How-
ever, the update is partially distributed since a ”to-
taler” (server) is still required to connect with all the
peers. In addition, the assumption made about the
missing data makes it incapable for binary recommen-
dation problems. In [23], an unstructured routing al-
gorithm similar to Gnutella has been applied to for-
ward the query (rating) of the neighbors. In [16], a
DHTs based technique was proposed to store the user
rating data. A key lookup procedure was performed to
collect the rating data of users before making any rec-
ommendation. Those solutions aimed to aggregates a
portion of data in the P2P storage in order to make a
recommendation and they hold independently of any
semantic structure of the networks. This inevitably
increases the volume of traffic within the networks.

1.2 Related work on searching in P2P environ-
ments

For a recent comprehensive survey on P2P net-
works we refer to [17]. Different index techniques for
resources located at the different peers exists, such as:
a local index (the owner of the data is only able to in-
dex the data, like in early Gnutella, the central index
(a centralized server organizes indices to data resid-
ing at peers, like in Napster), and the distributed index
(other peers are also able to index the data residing at
a peer, like in Freenet).

One dominant indexing approach is the Distributed
Hash Tables (DHTs). In a DHT each location (index)
is mapped to a unique key, and each peer maintains a
certain range of the keys. In this way each peer gener-
ates a well-defined structure that can be used for rout-
ing queries that is scalable to some extent. An exten-
sion, however, is necessary to perform a search based
on arbitrary queries rather than key lookups ([6]).

Recently, to capture relationships between re-
sources, semantic indexing and routing techniques
have been proposed ([6, 17]). Distinct semantic
groups of documents ([5]) or users ([21, 24]) are iden-
tified to create Semantic Overlay Networks (SONs).
A document request is then handled by the overlay to
which this document presumably belongs (based on
either clusters of documents or peers). However, to
match queries to documents a content description (in
the form of meta-data) is required. Identifying sim-
ilarities between peers or documents turns out to be
difficult to establish in the absence of meta-data (con-
tent description).

2 System Design

In section, we introduce our self-organizing dis-
tributed collaborative filtering.

2.1 Definitions

We first give some notations and definitions.

Peer: A peer is represented by:

Pi, i = {1, ..., M} (1)

whereM is the total number of peers within the P2P
network. Without loss of generality we assume that
there is only one user for one peer. Consequently, we
use the terms peer and user interchangeably through-
out the paper.

Item: For reasons of simplicity, here we assume
that there are no replicas of the content within the P2P
network (We will discuss the situation when there are
numbers of replicas later). Available content files (vi-
sual, audio, and textual data, etc.) are denoted as a
set ofitems. One item represents one file located at
a specific peer. The set of items is denoted by:

Rt = {Ik
i is available|i ∈ {1, ..., M}; k ∈ {1, ..., Ki}}

(2)
whereRt is the set of available multimedia files at
a certain moment in timet. ItemsIk

i are identified
by their location (i.e., thekth item in theith peer).
Ki denotes the number of items physically located at
peerPi. Since not all the peers may be online at a
certain moment in time, the availability of items will
vary over time which is indicated by the subscription
t.

For simplicity, the set of content files can be repre-
sented otherwise (by combining indexk andi into a
new indexj):

Rt = {Ij is available|j ∈ {1, ..., N =

M∑

i=1

Ki}}

(3)
whereN is the total number of items in the networks.
By using this, the unique identity of each item is es-
tablished by the location itself.

Shelf: A Shelf is a set of items belonging to one
peer, which that peer is willing to share with other
peers. Based on this definition, items can be orga-
nized byShelves. If we assume that all the items are
allowed to be shared, Equation (2) can be written oth-
erwise as follows:

Rt = {Si,t|i = {1, ..., M}}
Shelf: Si,t = {Ik

i is available|k = {1, ..., Ki}}
(4)

Transaction: When a user connects to another peer to
download a multimedia file of that peer, this creates a
transaction. A transaction is denoted as:

Trans: Tt = {Pi, Ij , t} (5)

where a userPi connects to the peer where itemIj is
located and download itemIj at timet.

Cart: A Cart is a list of items that a peer has once
downloaded in the past.

C = {Ci|i = {1, ..., M}}
Cart: Ci = {Ij |Pi has once downloaded item Ij}

(6)
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Figure 1: A schematic overview of different notations that
have been introduced for the sharing multimedia files within
a P2P network.

whereC is the set of carts of all users, andCi the cart
of userPi.

The cart, therefore, lists all items that a users once
has represented interest in, and consequently repre-
sents the preference of that user. However, the in-
terest of a user may evolve over time. Therefore, a
time window is applied to the cart to filter out the old
items. The filtered cart is denoted asCi,t. Further-
more, in a P2P network peers are frequently not avail-
able. Consequently, the items in the cart can be clas-
sified as eitheractive andnon-active items depend-
ing on whether the peer that possesses these items is
available or not available. The time-dependent cart
can thus be split accordingly:Ci,t = Cactive

i,t
+

Cnon−active
i,t

. Since the non-active items are not ac-
cessible these items within the cart they will not be
considered when a recommendation is being created.

Profile: The profile of a user represents the current
interest of a user. This is represented by the set of
active items. Thus, the profile for peerPi at a give
time t is given by:

Profile: Pi,t = Cactive
i,t , i = {1, ..., M} (7)

Individual items in the profile (Pi,t) of peer (Pi) are
denoted ascq

i indicating theqth item of peerPi, with:

cq
i ∈ {Ij |j = {1, ..., N}}, q = {1, ..., Qi} (8)

Fig. 1 gives a schematic overview on how multime-
dia files are shared within the P2P network. The items
in the shelves of the individual peers (Si,t) together
represent all the multimedia files that can be down-
loaded. Users download those multimedia files based
on their current interest that is represented by their
profiles (Pi,t). The figure also shows that both the
multimedia files, the user profiles as well as the lists
of previously downloaded items (Ci,t) are distributed
throughout the entire network.

2.2 Collaborative filtering by language modelling

In the information retrieval field, a relevance
model [11, 1, 18] is used to formulate the relevance
of documents with respect to the query. Here, we too
adopt this relevance model. We introduce a binary
random variableR to denote the relevance of an item
based on the profile of a user. This random variable
takes on two values:r (“relevant”), andr̄ “not rele-
vant”). In probabilistic terms, the relevance between
a target itemIT and a user’s profilePi,t can be ex-
pressed as:

P (R = r|IT ,Pi,t) = 1 − P (R = r̄|IT ,Pi,t) (9)

whereIT ∈ Ss,t, s ∈ {1, ..., i − 1, i + 1, ..., M},
i.e. item IT is an item that is not within the shelf
of peer Pi. For reasons of clarity we abbreviate
P (R = r|IT ,Pi,t) with P (r|IT ,Pi,t).

When these probabilities are known for any item,
they can be used to rank the items that are not in the
cart of the user. A recommendation can then be estab-
lished by taking thetop-N items of the ranked list.

The relevance rank of the target itemIT for a peer
Pi can be formulated as:

RIT ,Pi
= log

P (r|IT ,Pi)

P (r̄|IT ,Pi)
(10)

where the relevance rankRIT ,Pi,t
of item IT for peer

Pi is calculated by the conditional probability in the
log form. Since the user profilePi equals the active
items in the cart (equation (7)) we can rewrite equa-
tion (10). For reasons of clarity we substituteCactive

i,t

by Ci.

RIT ,Pi
= log

P (r|IT , Ci)

P (r̄|IT , Ci)
(11)

By factorizingP (r|IT , Ci) with P (Ci|IT ,r)P (r)
P (Ci|IT ) , the

following log-odds ratio can be obtained:

RIT ,Pi
= log

P (Ci|IT , r)

P (Ci|IT , r̄)
+ log

P (r|IT )

P (r̄|IT )
(12)

Following the language model ([11]), we now assume
that 1) the irrelevance of all the target items is equal,
and, 2) that cartCi is independent of itemIk when
eventr̄ is given, i.e.:

P (Ci, |IT , r̄) = P (Ci|r̄)

Then the relevance rank becomes:

RIT ,Pi
∝ log

P (Ci|IT , r)

P (Ci|r̄)
+ log P (r|IT )

RIT ,Pi
∝ log P (Ci|IT , r) + log P (r|IT )

(13)

We further assume that given that itemIT is relevant,
the items in the cartCi are conditionally independent
from each other. This leads to:

RIT ,Pi
∝

Qi∑

q=1

log P (cq
i |IT , r) + log P (r|IT ) (14)



The relevance rankRIT ,Pi
according to equation (14)

is build from two components, a term involving the
likelihoodsP (cq

i |IT , r), and a bias term that involves
the prior probability of the relevance of itemIT . This
expression for the relevance rank is equivalent to the
language modelling ranking expression in informa-
tion retrieval ([11, 1, 18]). CartCi acts as a query
in information retrieval and itemIT resembles a doc-
ument that needs to be scored. Hence, each item in
the cart acts as separate query terms.

By applying the Bayes rule once more we can
rewrite the relevance rank into:

RIT ,Pi
∝

Qi∑

q=1

log
P (r|IT , cq

i )

P (r|IT )
+ log P (r|IT ) (15)

This definition shows that, in order to make a recom-
mendation, we need to estimate the prior relevance
probability of the target item as well as the relevance
probability of the target item when the target item is
combined with another item. For reasons of clarity
these probabilities are, from now on, denoted as:

P (r|Ia, Ib)

P (r|Ia)
(16)

wherea, b ∈ {1, ...N}.
A naive way to get these estimates is to broadcast

the user profilesPi,t throughout the P2P network like
[23] or using DHTs to map keys to profiles like [16].
Clearly, this is not efficient. In the following, we pro-
pose to build the relevance links in a dynamic way,
minimizing the communication overhead between the
peers.

2.3 Self-organizing Item-buddy tables

Users profiles provide the necessary information
about the relevance between items ([13, 20, 9]). First,
we propose a dynamic approach to update the rele-
vance probabilities. Then, we introducebuddy tables
that store these relevance links in a distributed way.

2.3.1 Dynamically updating relevance probabili-
ties

If a user likes two itemsIa andIb, then this increases
the relevance of itemIa with respect to itemIb (and
vice versa). Consequently, the relevance of itemIa

given itemIb can thus be calculated from the profiles
of all users (see also, [9]):

Pt(r|Ia, Ib) =
|cart(Ia ∩ Ib)|

M
(17)

where|cart(Ia∩Ib)| is the number of times that items
Ia andIb appear in the same cart.

In a P2P network, it is not desirable to calculate
the relevance between two items using equation (17)
since the carts are distributed throughout the entire

network. We have found the solution in dynamically
updating these relevances.

At a given time, the relevance between two items
is updated according to:

Pt(r|Ia, Ib)

= Pt−∆t(r|Ia, Ib) + ∆Pt(r|Ia, Ib)
(18)

where∆Pt(r|Ia, Ib) is the update of the relevance be-
tween two items from timet − ∆t to t. The update
is only non-zero when there is a user that downloads
one of the itemsIa or Ib while that user in the past al-
ready expressed interest in the opposite item. Hence,
relevance updates only occur when multimedia files
are downloaded. The relevance update can thus be
expressed in terms of the transactions that take place
within t − ∆t to t:

∆Pt(r|Ia, Ib) =
∑

∀Tk:t−∆t<k<t

∆Pk(r, Tk|Ia, Ib) (19)

where Tk is the transaction at timek, and
∆Pk(r, Tk|Ia, Ib) represents the relevance update be-
tween itemsIa andIb when considering transaction
Tk at timek.

Since the relevance betweenIa and Ib is not
changed when considering a transaction that does not
involve the downloading of either two items, the rele-
vance update can be simplified to:

∆Pt(r|Ia, Ib) =
X

∀Tk:t−∆t<k<t

∆Pk(r, Ia = item(Tk), Ib ∈ Cpeer(Tk)|Ia, Ib) +

X

∀Tk :t−∆t<k<t

∆Pk(r, Ib = item(Tk), Ia ∈ Cpeer(Tk)|Ia, Ib)

(20)

whereitem(Tk) indicates the item being downloaded
in transactionTk andpeer(Tk) indicates the peer that
performs the download.

Equation (20) shows that the relevance between
two items can be updated using only the information
about the item that is being downloaded and the cart
of the peer that is downloading the item. Now we
show how to store the relevance information between
two itemsIa andIb in a distributed way.

2.3.2 Item buddy table

Equations (19) and (20) show that the relevance prob-
abilities between two itemsIa andIb can be calcu-
lated incrementally. We can store these probabilities
locally at the location of both items. This is realized
by attaching to each item a so calledbuddy table. This
buddy table stores the information (including an index
to their location) about thetop-N relevant items ac-
cording to their relevancies with the buddy table item.

Updating strategy: The table is updated each time
when the item is being downloaded by a peer. Then
for all items in the cart of that peer the relevancies



with item being downloaded are updated. The rele-
vancy between a cart item and the buddy table item
are calculated based on equation (20).

Careful, investigation of equation (20) shows that
when the two itemsIa andIb will appear in one cart
(which automatically happens when a peer that has
one of the items in the cart downloads the other), that
the relevancy between both items needs to be updated.
Or, in other words, that the relevancy between the two
items need to be updated for both the buddy table of
item Ia as well as the buddy table of itemIb.

Since the buddy tables store the relevance between
two itemsIa andIb locally at both the items, and we
would like to updateonly the relevancies within the
buddy table of that item that is being downloaded (to
minimize the communication), the updating strategy
needs some adaptation.

To enable that weonly need to update the buddy
table of the item that is being downloaded, we make
the assumption that theorder in which items are being
downloaded is arbitrary. This implies that for the in-
crease in the relevance between the two itemsIa and
Ib, it does not matter whetherIa is downloaded by a
peer withIb in the cart, or vice versa:

∆Pk(r, Ib = item(Tk), Ia ∈ Cpeer(Tk)|Ia, Ib) =

∆Pk(r, Ia = item(Tk), Ib ∈ Cpeer(Tk)|Ia, Ib)
(21)

It can be easily proved that both two terms in the
above equation are equal to(1/2) · (1/M).

∆Pt(r|Ia, Ib) in equation (20) can then be rewrit-
ten as:

∆Pt(r|Ia, Ib) =
∑

∀Tk

2 ∗ ∆Pk(r, Ia = item(Tk), Ib ∈ Cpeer(Tk)|Ia, Ib)

(22)
In other words, the relevance between itemsIa andIb

can be stored locally at itemIa(denoted asRIb,Ia
).

Similarly, this relevance between the two items is
also stored locally at the buddy table ofIb(denoted
asRIa,Ib

). Then the relevance is updated each time a
peer withIa in the cart is downloadingIb:

∆Pt(r|Ia, Ib) =
∑

∀Tk

2 ∗ ∆Pk(r, Ib = item(Tk), Ia ∈ Cpeer(Tk)|Ia, Ib)

(23)
Caching: For efficiency reasons during the rec-
ommendation, only thetop-N highest ranked items
are used to generate a recommendation based on the
buddy table item. In practise, a longer list of items are
stored to improve the recommendation accuracy.

Item availability: One of the characteristics of
P2P networks is that peers are frequently not online.
Consequently, the items stored at these peers are then
also not accessible. Thetop−N highest ranked items

in the buddy table can be periodically screened for
item availability so that no unavailable items will be
recommended.

Replicas: One of the characteristics of P2P net-
works is that peers are frequently not online. Conse-
quently, the items stored at these peers are then also
not accessible. Thetop − N highest ranked items in
the buddy table can be periodically screened for item
availability so that no unavailable items will be rec-
ommended.

2.3.3 Recommendation

Using the relevance rank of equation (15), a recom-
mendation can be generated as follows:

RIT ,Pi
∝

∑

q∈{1,..Qi}∩IT ∈c
q

i
.BT

log
RIT ,c

q

i

RIT

+
∑

p∈{1,..Qi}∩p6=q

log
∂

RIT

+ log RIT

(24)

where∂ is the default ranking for the target item that
does not present in the buddy tables andcq

i .BT de-
notes the buddy table of the itemcq

i . Since this is
much smaller than the other relevance ranks it can
be ignored.RIT

denotes the overall relevance of the
item IT (P (r|IT )). It is easily obtained by counting
the downloading times (RIT

= |cart(IT )|
M

). The final
ranking for recommendation then becomes:

RankIT ,Pi
=

∑

q

log RIT ,c
q

i
− (|q| − 1) log RIT (25)

whereq ∈ {1, ..Qi} ∩ IT ∈ cq
i .BT and|q| is number

of the elements belonging toq.

3 Experiments
To validate our proposed self-organizing dis-

tributed collaborative filtering approach, we simu-
lated a situation in which users exchange music files
on a P2P network. This artificial data is generated
from a centralized music playlist data set from the
Audioscrobbler4 community. This data set is continu-
ously updated and at the time that we captured it con-
tained 1,862,766 transactions from 6,359 user IDs and
857,020 item IDs.

Pre-processing: The data set is strongly polluted
and needs to be processed first:

• 385 redundant item IDs and 2903 inactive user IDs
(users that once registered but never played any song)
are removed.

• Items that were played by less than 20 users are re-
moved. This was done since: 1) many titles of the
songs are incorrect (since most of the time the title
of the song is extracted from the name of the file-
name), and 2) 77.9% of the songs were only played by

4www.audioscrobbler.com



one user. When randomly selecting 100 songs played
by only one user, 80% titles are wrong or odd. The
percentage of the incorrect titles is extremely reduced
when items played by more than 5 users are consid-
ered.

• Users that have played less than 2 items have been
removed since their profiles do not add relevancies
within the network (they have only one item in their
cart).

After the pre-processing we are left with 475531
transactions from 3854 userIDs and 10869 itemIDs.
The sparsity is 98.86%.

We randomly divided the data set into a training set
(80% of the users) and a test set (20% of the users).
We have used the training set to calculate the buddy
tables, the relevance links and build the recommenda-
tions. The test set is used for evaluating the accuracy
of the recommendations.

In the training set, there are 3067 users and 374530
transactions. To simulate the P2P network, each item
is uniformly distributed across the different peers.
Each transaction (play action in the data set) is labeled
with a time index. As before, each transaction then
represents a user (userID) that downloads an item
(itemID) from another peer at the attached time (t).

In the test data set there are 767 users. The play
actions of these users are used to test the accuracy of
the recommendations. For each test user, 50% of the
items of a test user were put into the cart of that user
(the user profile). The other 50% of the items are used
to test the recommendations. By doing so, the number
of items in the carts of the users reflect the distribution
in the overall data set.

3.1 Self Organizing Relevance Links

Each time a transaction takes place (i.e. when a
multimedia file is downloaded) the relevance links in
the buddy table of the item that is being downloaded
are updated. The dynamic behavior of the relevancy
between items can thus be studied. Figure 2(a) to (f)
illustrate the links that are being created after: (a) 0,
(b) 74.906, (c) 149.812, (d) 224.718, (e) 299.624, and,
(f) 374.530 transactions.

The figure shows the songs (items) of nine artists
that are selected such that they reflect different music
genre and that they have a different amount of songs
within the database. For each item (song) links to the
top-5 relevant items (according to their buddy table)
are displayed as directed arrows (pointing outwards
the buddy table item). For reasons of clarity, only the
links between the displayed items are shown.

From the figure, we observed that:

• The number of relevance links increases when the
number of transactions increases.

• The relevance links converge and cluster between
songs (items) of the same artists, which can be seen

from the large number of links between songs of the
same artist that arise when the number of transactions
increase.
To further measure this, we plot the percentage of
links created among songs from the same artist as
a function of the number of relevant links con-
sidered (top-N) and the number of of transactions.
Figure 3 shows these dependencies for two artists:
Avril Lavigne and theBeatles.
This figure strengthens the observation that with the
increase of transactions, the percentage of the links
between songs of the same artist increases. It further
shows that songs from the same artists are more rel-
evant (have a better ranking position) than songs of
other artists. This can be noted from the increase in
the percentage of songs of the same artists in the top-
N of the buddy tables of the songs of that artists when
N is decreased.

• Figure 2 also shows that, besides relevance links be-
tween songs of the same artists, relevance links have
been created between songs that have the same genre
(reflecting the interest of a group of users). For in-
stance, relevance links have been created betweenU2,
Radiohead andNirvana, groups that belong to the
rock genre. Links betweenAvril Lavigne, Pink

andShakira may indicate a group of young female
pop music artists.Norah Jones is somehow isolated
since she belongs to the jazz genre, a different style
compared to the other eight artists.

3.2 Recommendation performance

The recommendation performance is measured for
the users in the test set. For each user, 50% of their
items are put in their cart. Then for the other 50%
of the items, the ground truth, a recommendation is
performed. These recommended items are then com-
pared to the ground truth items.

The performance is then measured using thecov-
erage andprecision (which are widely used informa-
tion retrieval). The coverage measures the proportion
of the ground truth items (known by the play-lists)
that are recommended. The precision measures the
proportion of the recommended items that are ground
truth items. Note that the items in the cart of the test
user represent only a fraction of the the items that the
usertruely likes. Therefore, the resulting precision
is smaller than the true precision.

The coverage and precision of the recommenda-
tion in the five iterations are shown in Fig. 4 (a) and
(b). The results indicate that as the number of transac-
tions increases, the recommendation results become
better.

We compared our distributed collaborative filter-
ing approach with theTop-N suggest recommen-
dation engine, a well-known centralized collaborative
filtering approach ([9])5. Both the item-based version
as well the a user-based version were compared. The
parameters were set according to the user manual.

5http://www-users.cs.umn.edu/˜ karypis/suggest/
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(d) 2148 links (e) 2270 links (f) 2358 links
Figure 2: Illustration of dynamically created relevance links between the songs of nine artists. Each song is represented by
a blue rectangle. Songs from the same artist are clustered within a grid, resulting in the nine rectangle regions. For clarity,
the links to songs of other (than the nine showed) artists areremoved. The panels show the relevance links after (a) 0, (b)
74.906 (iteration 1), (c) 149.812 (iteration 2), (d) 224.718 (iteration 3), (e) 299.624 (iteration 4), and, (f) 374.530(iteration 5)
transactions.

Additionally, we compared the three recom-
menders to a non-personalized recommendation ap-
proach. Here, for each item, its overall relevance
P (r|IT ) is calculated. The items are then ranked and
recommended accordingly.

For our distributed approach, we show the results
of two different settings: one with an item prior (sec-
ond term of equation (15)) and one without the item
prior.

For computational reasons, we randomly sampled
the pre-processed data set to limit the number of users
to 1300 users and the number of items to 4807.

We then randomly divided the sampled data set
into 80% (1040) users in the training set and, the re-
maining, 20% (260) users in the test set. In the train-
ing set there are 159036 transactions. For our ap-
proach these are transactions are labeled with a time
index and used to build up the relevance links stored
in the distributed item buddy tables. For the central-
ized approaches these transactions are used to build a
user-item rating matrix. For the test users (from the
test set), 50% of the items are put into the cart of the
user and the other 50% items act as the ground-truth.

Since the precision and coverage vary according
the number of recommended items, we adopt a nor-
malized precision to compare the methods. Hereto,
the precision is normalized according to the precision
of a random recommendation of the same number of
elements.

The normalized precision of the five methods are
shown in Fig. 4 (c). It shows that the performance of

our distributed recommendation is comparable with
the centralized methods. Our approach with the item
prior outperforms even the centralized top-N user-
based recommendation method and approximates the
best top-N item-based method.

4 Conclusion
In this paper, we have proposed a self-organizing

distributed collaborative filtering approach. This has
been realized by introducing the concept of buddy
tables that are attached to items that are distributed
throughout a P2P network. Simulation experiments
with music play-list data showed that our approach is
a promising technique for searching songs by recom-
mendation in a P2P network.

Other issues that need to be addressed in the fu-
ture are cheating attacks ([12]), piracy ([3]), and trust
([7]).
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