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Abstract

Optimizing and focusing search and results ranking in P2P networks becomes more and more important
with the increasing size of these networks. Even though a few approaches have already started to investigate
the computation of PageRank-like values in P2P environments, none so far has investigated how personalization
could be added to it. This paper tackles the problem of distributedly computing Personalized PageRank values
in such a distributed environment and presents an algorithm which uses them to optimize and focus search in the
P2P network. The paper also discusses how these algorithms improve current distributed search in power law
networks and gives some simulation results.

1 Introduction

P2P networks are powerful distributed infrastructures capable of handling enormous amounts of resources while
keeping an organized and balanced structure. As the amount of data data is continuously increasing, faster and
more focussed search algorithms for such environments and more personalized approaches to rank results are
needed. So far, however, only few distributed searching algorithms which also incorporate page or document
ranks have been developed [11], none of them addreg&rgpnalization Additionally, rank information can

also improve the search focus and the selection of peers to forward queries to, as well as computing / exploiting
reputation information. The algorithms discussed in this paper address these issues. Furthermore, they exploit the
power law distribution observable in many current P2P networks and scale well with increasing numbers of peers
in the network.

The contributions of this paper include (1) an algorithm for computing Personalized PageRank in a distributed
fashion, (2) new approaches to searching P2P networks using (personalized) page ranks, and (3) experimental
results of running these algorithms in a simulated "power law”-based P2P environment.

We start with a short introduction of the algorithms related to our research in section 2. Section 3 introduces the
distributed computation of personalized page ranks and section 4 explains how to use this algorithm to perform
focussed search in a P2P network. Experimental results are presented in section 5. Section 6 concludes with
discussion of further work.

2 Background and Previous Work
2.1 Web Graph and PageRank

In the paper we will use a notation similar to [7}. = (V, E) represents thé/eb graphwhereV is the set of all
Web pages and is the set of directed edgesp, ¢ >. E contains an edge p, g > iff a pagep links to page;.
I(p) denotes the set of in-neighbors (pages pointing)andO(p) the set of out-neighbors (pages pointed to by
p). For each in-neighbor we udg(p) (1 < ¢ < |I(p|), the same applies to each out-neighbor. We refg} to
denote thep-th component ofr. We will typeset vectors in boldface and scalars (e:@)) in normal font.



Let A be the adjacency matrix corresponding to the Web gi@ptith A4,; =
andA;; = 0 otherwise.

PageRank is an algorithm for computing a Web page score based on the graph inferred from the link structure
of the Web. It is based on the idea that “a page has high rank if the sum of the ranks of its backlinks is high”.
Given a page, the PageRank formula is:

= \0( ol if page; links to page

PRO)=(1-0 3 T+ cEr) &

The dumping factoe < 1 (usually 0.15) is necessary to guarantee convergence and to limit the effect of rank
sinks [2]. Intuitively, a random surfer will follow an outgoing link from the current page with probaljility c)
and will get bored and select a random page with probahility

2.2 Personalized PageRank

Description [7] is the most recent investigation towards personalized page ranks. One Personalized PageRank
Vector (PPV) is computed for each user. The personalization aspect of this algorithm stemssibof aubs
(H), each user having to select haeferred pagedrom it. PPVs can be expressed as a linear combination of
basis vectors (PPVs for preference vectors with a single non-zero entry corresponding to each of the pages from
P, the preference set), which could be selected from the precomputed basis hub vectors, one for each page from H.
To avoid the massive storage resources the basis hub vectors would use, they are decomposed into partial vectors
(which encode the part unique to each page, computed at run-time) and the hub skeleton (which captures the
interrelationships among hub vectors, stored off-line).

Algorithm In the first part of the paper, the authors present three different algorithms for computing basis
vectors: "Basic Dynamic Programming”, "Selective Expansion” and "Repeated Squaring”. In the second part,
specializations of these algorithms are combined into a general algorithm for computing PPVs, as depicted below.

Algorithm 1. Personalized PageRank in a centralized fashion.

Let D[p| be the approximation of a basis vector corresponding to page
andE[p] the error of its computation.

1.(Selective ExpansionfCompute the partial vectors using

Qo(p) =V andQx(p) =V \ H, for k > 0, in the formulas below:

Dy+1[p] = Dk[p] + quQk(p) ¢ Eylpl(q)xq

o(

Bici1[p] = Blpl — 30, () Brlpl(@%a + Zgeqn ) o Lio” Eelpl(@)xo,)
Under this choiceDy[p] + ¢ = Ex[p] will converge tor, —r
the partial vector corresponding o

P’

2.(Repeated squaringHaving the results from the first step as input, one can now
compute the hubs skeleton,(H)). This is represented by the finBi[p] vectors
calculated usin@) (p) = H into:

D2x[p] = Dx[p] + quQk(p) Ey.[pl(q) * Dilq]

E2k[p] = Ex[P] — X e, (p) ErlPl(@)%Xa + 20, () Erlp)(0) Ex[d]

3.Letu =ayp1 + -+ + a,p, be a preferenced vector,

wherep; are from H and i is between 1 and z, and let:
ru(h) = Y0 ailry, (h) = cx ap, (h)), h€ H

which can be computed from the hubs skeleton.

The PPV v for u can then be constructed as:

v=3 iy, — 7“15{) + % >hen 74 (h)>0 ru(h) = [(I'h — ) —cx xh]

For a more in-depth view of this process, we refer the reader to [7].



2.3 Distributed PageRank

There have been several recent approaches to computing distributedly the PageRank scores. Their motivation
arises from the continuously increasing size of the Web graph [11, 12] and from the need of reputation models
in P2P networks [15, 8]. Faster updates through incremental computation of ranks are also described. However,
there is no algorithm which computpsrsonalizegage ranks in a distributed fashion.

In a P2P environment, each peer is computing the ranks of its documents, sending the intermediate results to
all documents to which its documents are linked (out-links) [11]. The overall performance can be increased as in
[12], where selected peers handle the computation for bigger groups of documents. High overall speed is obtained
reducing the communication between peers to the minimum, provided that they are not overloaded by their local
computations.

3 Computing Personalized PageRank in P2P Networks

In the distributed algorithm for computing PPR (Personalized PageRank), we will use the same set of hubs for
all peers, but each peer will have its own preferencefset H. Interaction will be allowed only with direct
neighbors and with peers frofd.

We present a simplified version of the distributed algorithm first, and then discuss its extension for a real P2P
network. In the initial version, each peer will covamedocument to be ranked. We divide the algorithm in three
parts, as presented in section 2.2: one focused mostly on peerd/fipfi (Algorithms 3.1.1 and 3.1.2), one on
peers fromH (Algorithm 3.2) and the final one putting everything together (Algorithm 3.3).

3.1 Partial Vectors

This part of the algorithm has one special initialization step and several succeding steps. Even though its focus
is on peers fromV/ \ H, peersp € H will also gather their components &f andE. In the first step, each peer

q € V will compute E[p](q). As peerp € H are known, each peere V can set its initial value®,[p](¢) and

Ey[p](q) by itself, as below:

Dolpl(q) = { (C) :gtiefwise (2)
Eolpl(q) = Tolpl(q) = { (1) :gtifwz‘se (3)

Non-hub peers. After this initialization, the following operations will be executed in parallel by each peer
g€V \ H foreachp € H:

Algorithm 3.1.1. Distributed computation of partial vectors by peerdif H.

1 Send‘ol(;qc)‘ - Ty [p](¢) to all out-going neighbors (peers from which
q has downloaded files), including those frdihn
2: Wait from all in-going neighbors (peers which have downloaded files ffpm
their Ty, [p] (+) at this stepk)
3. After all Ty [p](x) values have been received, compiite 1 [p](¢) as:
Titalpl(a) = X ye1(q) Trlpl(v)
4: Compute:
Dy 41[pl(q) = Di[pl(q) + ¢ - Tk[pl(q)
N being the number of steps we apply the Selective Expansion algorithm.
If there are more iterations left, goto 1
Each peey € V' \ H computes(r, —r}")(q) = Dn|[p)(q) + ¢ - T [p)(a),
its component of the partial vector corresponding.to

o a




Theorem 3.1. In the distributed version of the Selective Expansion algorithmp ferH each peeyy € V' \ H
has to compute:

1—c¢
Ti+1[pl(q) = vEIZ(q) 0()] - Ex[pl(v) (4)
Proof.
Epialpl(q) = (Ek[p} - Y Epl) x) (9)+
veV\H
1_c 19
= Ex[pl(q) — (Ex[pl(q) - 74) (9)+
1 oW
+ Ug(:q) o) ; Ex[pl(v) w0, | (@) =
= ( > ﬁEk[p](v) %q) (q) =
vel(q)
= ¥ By EBIE)
vel(q)
O
Hub peers. In the special first step, a pegre H will send ‘01(;(;)‘ - Tr[p](p) to its all out-going neighbors

(peers from whichp has downloaded files), including those frah After that, it will execute the following
operations:

Algorithm 3.1.2. Distributed computation of partial vectors by peergfin

1. Wait from all in-going neighbors (peers which have downloaded files ffibm
their Ty, [p] (x) at this stepk)

2. After all T [p](*) values have been received, compiite ; [p](p) as
Ti41[pl(p) = - per(q) Trp)(v)

3. Ifthere are more iterations left, goto 1

4. Compute:

Elpl(p) = 331, Talpl(v)
SetDy|[p](p) toc

6: Each peep € H computegr, — rf )(p), its component of its partial vector.

a

Algorithms 3.1.1 and 3.1.2 could be reduced to PageRank, and they would therefore converge also in the
presence of loops in G (see [7, 9] for details).

3.2 Hub Skeleton

In the second phase of the algorithm, each peer H has to calculate its hub skeletar,(H)) using as input
the results from the previous stage. The result is stored in the VBIaigl®| obtained after the last iteration of the
following operations, performed by eaphe H:

Algorithm 3.2. Distributed computation of hub skeleton (onlyif).




1. CalculateDoy[p] andEqk[p], using the same formulas
as the centralized version.

2: Multicast the results to all other peers H, possibly using a minimum
spanning tree for that.

3. If there are more iterations left, go to 1.

4: Every hub peer broadcasts By [p] sub-vector (only the components
regarding pages fror).

As this step refers to hub-peers only, the computatidd £f[p] andE-y [p] can consideonlythe components
regarding pages frorl.

3.3 PPV

As theDon[p] sub-vectorsgf € H) have been broadcastny peerv € V' can now determine its, (P) locally,
using the original formula (see section 2.2).

Anypeerv € V can also calculate its partial PPV containing its rank and the ranks of its neighbors from its
own point of view. If we denoteéV B the set of neighbors af, it must do the following:

Algorithm 3.3. Computation of the Personalized PageRank Vector.

1. Request the componentsigf — rE for all p € H from all neighbors
(peers fromV B).
2: Compute the components of the PPV using the original formula (see section 2.2).

3.4 Discussion

In the algorithm described above, one peer deals only with one value, i.e. with the rank of one document. Usually
a peer would manage several documents, in which case it would only have to perform the same computations for
each of these documents (i.e. act as being a set of peers, each peer handling one document). Considering that
most of the links are intra-domain links, the overall performance will be much higher, because there will be less
network traffic and more local computations.

A second issue is about what should a peer compute. Rather than computing its rank and the ranks of its
neighbors, it could compute only its rank or the ranks of all the other peers (from its own point of view). However,
in a P2P environment it is less useful and more complicated to put together the ranks of all peers in the network.

4 Using Personalized PageRanks for P2P Search

4.1 Description

One can introduce page ranks into several of the existing P2P searching techniques. We present an approach
similar to [1], and focus the forwarding of queries by using rank values we have computed in a distributed fashion:

Algorithm 4. Searching P2P Networks using Distributed Personalized PageRanks.

1. Upon issuing a query, a peewill send it to its neighbor having the highest
rank from its perspective (or the neighbor containing the highest ranked page).
It will attach to the query its own ID (or IP address), the number of results
desired and a TTL (time to live).

2: Upon initial receiving of a query, a pegmwill:
2.1 Add its own ID (or IP address) to the query and decrease the TTL.
2.2 Check if the local page matches the query. If yes, then sencgiatw

decrease the number of results desired.



2.3 If the number of results desired is more than zero, select the neighbor
with the highest rank whose ID is not already added to the query
(highest ranked unvisited neighbor) and forward the query to it.

2.4 If there is no unvisited neighbor, send a special message back to the peer
from which the query was obtained. Put in the message the latest instance
of the query (i.e. with latest list of visited peers and most recent
number of desired results).

3: Upon receiving a query back from a neighboring peer, go to step (2.3).

4.2 Analysis of Other Search Algorithms

Searching P2P networks depends on the architecture used (e.g. super-peer based or pure P2P networks), on the
expected availability, etc. Although techniques as those of Chord [13] or CAN [10] guarantee location of content
within a limited number of hops, they exhibit a tight control over the network (e.g. topology, placement, etc.).
Similar to [16] our work is focused on file-sharing systems with less tight constraints, such as Gnutella [6] or
Freenet [5].

[16] explores three techniques, called "Iterative Deepening”, "Directed BFS” and "Local Indices”. The first
one is about initiating multiple breadth-first searches with succesively larger depth limits until either enough
answers to the query have been obtained or the maximum depth limit has been reached. It does not necessarily
visit the best peers which can answer the query, but it generates lower network traffic than the other approaches.
"Directed BFS” sends the query only to the "best” neighbors of a peer, which are computed by judging the
previous experiences achieved when querying. In this paper, we use PPR values, which do not include only the
local experience, but also the experiences of all other peers. The "Local Indices” technique deals with building
descriptions of the content of all neighboring peers, thus allowing fast identification of peers able to answer the
query. This is orthogonal to our method, but we intend to investigate how they could be combined to provide
better results.

Two other search techniques are discussed in [1], namely one in which queried neighbors are randomly se-
lected, and another in which the unvisited neighbor with the highest degree is queried. Although eventually the
former method gravitates around high-degree nodes, the latter one reaches them faster. However, using PageR-
ank scores as criterion for determining the queried node should provide even better results than simply using the
node-degree.

5 Experiments

5.1 Distributed Personalized PageRank

We tested our algorithms on simulated P2P networks which exhibit a power-law degree distribution. For the
distributed ranking computation, we generated a graph with 215,000 nodes, an out-going link structure with the
power law exponeny = 2.7 and an in-going link structure with = 2.1. The set of hubs contained 150 (hub)
peers, while the preference set of each ordinary peer contained 30 hub peers (out of the 150 from above) randomly
selected. Results are summaried in tables 1 and 2.

Max. Size | Avg. Size Max. Size | Avg. Size
Hub Peers, All Data | 33089622 | 32996141 Non Hub Peers, All Data | 2905500 | 48093
Hub Peers,# 0 Data | 14372218 | 6273058 Non Hub Peers,## 0 Data 82824 103

Table 1: Data transfered by hub peers (nb. of real fable 2: Data transfered by non-hub peers (nb. of real
ues sent) values sent)

We distinguish in our statistics between ordinary peers and hub peers, especially because they are doing
different operations and the amount of data sent differs quite a lot from one category to the other. During the
simulation, we discovered many peers often send the value "0” through the network (as a correct intermediate
value). We decided also to count these "special’ 0 values in order to verify whether a further modification of the
algorithm which would avoid sending them is indeed useful or not. The current experimental results indicate a
positive answer.
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Figure 3: Precision of random walk search, with and without visiting same peers again

The hub peers generate significantly more traffic because of the second phase of the computation (algorithm
3.2), in which they need to multicast their intermediate results to all other hubs in the network. However, there is
usually a small number of hub peers compared to the size of the network, and they also control more resources (e.g.
bigger bandwidth or processing power). Finally, we distinguish the reduced communications of ordinary peers,
which means that for the majority of the network, the computation of PPRs would need only small bandwidth.

Figures 1 and 2 present the traffic generated by each peer in the network. As we are dealing with a power-law
network, one can observe the power-law distribution of data size among the ordinary peers. This is because the
more neighbors a peer has, the more data it needs to exchange. Bigger (and therefore better) versions of all our
figures can be found in the extended version of this paper [3].

5.2 Search in P2P Networks

We analyzed our algorithm against several similar approaches:
1. Best-neighbor search (as in [1]: at each step, the query is forwarded to the unvisited neighbor having the
biggest number of neighbors).
2. PageRank search: forward the query to the neighbor with the highest PageRank (i.e. without personaliza-
tion).
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Figure 4: Recall of random walk search, with and without visiting same peers again

The latter solution is new. Even though there are several articles building PageRank in a distributed manner,
they do not use our search approach.

We use a simulated power-law network with the same exponents as in the previous sub-section, but with
10,000 peers. Each of them has one document with a size varying from 100 to 5000 again after a power-law
distribution. The random words we used also exhibit a probability of appearence in a document which follows a
power-law.
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Figure 5: Precision of Best Neighbor and PageRank-based search

In order to evaluate the results, we used precision and recall with respect to the top PageRank results (see
equation 5), as well as an estimation of the necessary TTL to get some specific results. When not specified, all
our graphs contain the TTL on the x-axis.

Nb. of Top 200 matches fOUﬂdReca” _ Nb. of Top 200 matches found

Total nb. of matches found Nb. of Top 200 matches (5)

We started with some experiments inspired from the walk of a random surfer [9], i.e. in which a peer forwards
a query using some algorithm to determine the next target with probabilityl, and to any randomly selected
peer with probabilityl — ¢. Note that jumping to a peer in a P2P network is not straightforward, but we included
these initial searches for comparison purposes.

Precision =
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Figure 6: Recall of Best Neighbor and PageRank-based search

In the first two experiments (figures 3 and 4), the peer randomly selects one of his neighbors with probability
¢ = 0.85 and jumps to any peer with probability 0.15. The difference in precision and recall is given by the fact
that in RW.VC we ensured that the query will not visit the same peer again unless absolutely necessary (there is
no other neighbor to visit). The small irregularities in the graphs are given by the random jumps which sometimes
lead to "poor” peers.

We continued in the same manner, testing a neighbor-based and a PageRank-based search (figures 5 and 6).
As predicted, the latter approach performs slightly better. Although selecting the neighbor with the largest number
of neighbors finds best peers relatively fast, it usually cannot find them faster then when the actual best neighbor
is selected.

We also tested these last two experiments without random jumps. We found both better precision and better
recall when using PageRank to select the neighbor where to forward the query, especially/@With & 150.

Again we observed some small irregularities, but they are normal considering the fact that all documents were
randomly generated at the beginning of each run (in order not to have them stored in a file).
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Figure 7: Precision of Best Neighbor and PageRank-based search

Finally, we wanted to simulate the PPR search. As all our documents are randomly generated, we were forced
to use the following heuristic: in PPR the documents from my preference set will contain the keywords of my
interest with a higher probabilitypfob’ = « - prob) than in PageRank, because top PPR documents will be on
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the same topic as my topic of interest. However, we cannot estimate how much higher this will be (considering
our experience from [4]x varies from one preference set/topic to another). Therefore, we decided to test using
a = {2,3}, being sure thatr > 1. The results are depicted in figures 9 and 10. Even though PPR/(PR,
PRVC_3) performed better than PageRank, increasimyer 2 does not seem to bring much improvements.

0.8 H
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Figure 9: Precision of simulations of the PPR

In the last experiment we measured the TTL needed to get the top 30 (figure 11) and top 50 (figure 11)
PageRank documents using different algorithms: neighbor-based search (AD), PageRank, Personalized PageRank
a = 2 (PR2) and Personalized PageRank= 3 (PR.3). On the x-axis there are different words, "10000” being
the most popular of them and "0” the least popular. We can see that especially for unpopular words, PPR-based
search finds the best results much faster (e.g. getting the top 30 results querying for the most popular word needs
TTL 38 for both AD and PPR, while for say word 6000, we need TTL 200 for AD, but only 100 for PPR).

6 Conclusions and Further Work

In this paper we have presented the first algorithm which computes personalized rank values in a P2P network.
We used this algorithm to perform neighbor-based searches which improves selection of neighbors simply based

10
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Figure 11: TTL needed to get top 30 PageRank pages

on their node-degree (as done in [1]).

In the future we want to extend this work by investigating a directed BFS approach, in which the query is sent
to the top-N neighbors rather than only to the best one. Additionally, we are thinking about further improvements
to our ranking algorithm and about integrating it into a top-k P2P search [14].
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