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Abstract— We consider the problem of distributing data millions of connected users online. Most of the solu-
to a large and dynamic network of nodes. We formalize tjons can be categorized based on their topology: Tree-
the next-step problem, which is intuitively the next action - 5564 solutions, which create a hierarchy of clusters, are

that each peer in the content distribution network should . .
take, where anaction is the transfer of one file part from proposed in [11], [S], [1]. Meshes of multiple trees are

a neighboring node. proposed in [21], [4]. Unstructured meshes are used in
We formulate the next-step problem as an integer BitTorrent [7].
programming problem and use a probabilistic graphical In most of the existing Peer-to-peer solutions, the file

model in order to find the most probable network state g givided into parts and the nodes exchange these parts

using inference. Each node takes the most probable ac- = .. .
tion calculated locally. For running inference, we use the until they re-assemble back to the complete file. The

max-product belief propagation algorithm, a decentralizel  Solutions can be divided roughly into two _sets: solution

message-passing algorithm. based on structured topology, and solutions based on
Our paper makes two novel contributi_ong: First, as fa_lr as unstructured topology.

we know, we are the first to propose a distributed algorithm In solutions based on structured topology, first the

to coordinate and to plan ahead the file parts replication . . .
across the network. Second, we propose to model the noole.topology is constructed and then the file parts are dissem-

selection and chunk selection problems using a probabilist  inated along the routing paths defined by the topology.
graphical model and to find a good approximations to A drawback of many solutions based on structured

these problems using a distributed inference algorithm. Te  topology is that they require constant maintenance of
initial assignment of probabilities to each action allows e topology and thus they are failure prone.

flexibility to support different dissemination policies, i.e. - . .
real-time streaming and bulk-data transfer. The other family of solutions is based on unstructured

Using extensive simulations we verify the performance of topologies. Usually those solutions optimize the local
our algorithm relative to state-of-the-art deployed solutons. ~ selection of each routing path used for dissemination of

file parts. For example, in the BitTorret system each node
optimizes its download bandwidth to a fixed set of nodes.
However, the nodes are not coordinated, a situation that
might lead to oscillations: many nodes select the node
The Content Distributionproblem, aimed at the con-with highest upload bandwidth, making it congested,
current distribution of bulk—data to a large and dynamiihen selecting the second highest upload bandwidth node
group of clients, is a problem that will need to be solvednd so on.
in the future of the Internet. The Content Distribution It is surprising that no current solution proposes to
problem is sometimes callexpplication level multicast run a distributed algorithm for optimizing the file’s
This is to differentiate the problem from an IP multicastparts replication ahead of the actual replication process.
which is commonly supported at the network levelOn the assumption the replicated files are large, the
This problem has received a large amount of researaplication might take several hours and even days until
attention in recent years. A naive solution to this problemompletion. It is clear that in the existing solutions the
involves unicasting the data to individual clients frontata transfer is not optimized globally, and there are still
the source node; However, this approach is not scalabfeany challenges to face in this direction and a significant
Another simple solution is server replication, a solutioroom for improvement.
that might not be cost effective for all users. We formalize thenext-stepproblem, which is intu-
A large fraction of the Internet bandwidth is usedtively the next action that each peer in the content
by P2P file sharing applications. File sharing networldistribution network should take, where antionis the
like KaZzaA, eMule [18] and BitTorrent [7], which havetransfer of one file part from a neighboring node. We for-
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mulate thenext-steproblem as an integer programmingpeer networks in Section V. A performance evaluation
problem and use a probabilistic graphical model in ordeif the algorithm, based on extensive simulations, appears
to find the most probable network state using inferencie. Section VI. An extension to support streaming media
Each node takes the most probable action calculatisdpresented in Section VII. In Section VIII we discuss
locally. For running inference, we use the max-produetgorithm performance when facing a simple failure
belief propagation algorithm, a completely decentralizedodel. Finally, we refer to related work in Section IX.
message-passing algorithm, suitable for a Peer-to-peer

environment. Il. STATEMENT OF PROBLEM

The novelties in our appro_ach are twof_old: first, as Informally, let's assume a source nodeobtains a
far as we know, we are the first work which proposegsmplete file that needs to be distributed to all target
to optimize the file part replication across the ”et""‘?fhodes. A group of: target nodes is connected through
before the actual download process. Second, we utilizg \ngirected graph topology. For the download to be ef-
algorithms from the domain of probabilistic graphicalicient, the source node partitions the file iktequally-
models for solving the content distribution problemyj;eq parts. Each edge in the communication graph is
distributively. This is done Dy first formalizing inference,gsociated with a non-negative link cost that defines the
problem, and then solving it using the belief propagatiogyst of transferring one part of the file via that edge.
inference algorithm. This approach has several appealifgy simplicity, we assume that the communication is
properties: the executed algorithm is very simple tQynchronous, meaning that the nodes operate in rounds.
implement, requires only local knowledge, does ng§ring each round, every node can send, at most, one
use any predefined network topology, is scalable igyt of the file and likewise receive at most one part from
very large networks, can operate in asynchronous apd neighbors. This model is calledsend/receive model
dynamic settings and handles failures well. Furthermorg, al-port modein the parallel computing literature. We

our solution is modular in the sense that any distributgdnore Jink latencies and assume that a file part, which
inference algorithm can be used instead of the beligl sent in round-, arrives at its destination at the same
propagation algorithm based on the topology settingg, nqd.

We allow multiple initialization policies for the infereac e can optimize the download according to various
algorithm, supporting for real-time streaming or bulk—

; ; 3 performance measures. One such measure could be the
data transfer and demonstrate using simulations that ¥wnioad time until the last part arrives at the last

proposed algorithm achieves good performance resyli§ge. Another measure could be tremmunication cost
relative to the existing greedy algorithms. which is defined as the product of the number of file parts
We use several simplifying assumptions about theaversing each link, by that link’s cost, summed up over
network model, as do most of the recent works oall links. This measure is also callegsource usag¢o].
content distribution modeling [17], [19]: We assume that
the network is synchronous and we assume that nod&s
receive one file part and send one file part on each round.
However, it is important to note that these assumptionsGiven a communication grapty = (V, E) where
simplify only the explanation of the algorithm and thdV| = n, a weight functionW" : VxV' — R which
implementation of the simulation: in practice these a§ives each graph edge a real non-negative weight, a file
sumptions can be relaxed. Specifically, there is no neédthat is divided intok parts, and amxFk binary matrix
for synchronization of the nodes. In Section V we discus$:
how to adapt our theoretical algorithm to actual Peer-to-
peer networks which do not have these constraints.

The remainder of this paper is organized accordinghe next-stepproblem involves the calculation of the
to the following format. In Section Il we present theactions of each node, represented byaation matrix R
content distribution problem in general and thext-step Of size nxk,

Next-step Problem

A 1 if node i has file part j
| 0 otherwise.

problem in particular. The use of probabilistic graphical k if node i takes part k
models for modeling content distribution networks is R — from node |

. . . . 1] —
discussed in Section lll. In section IV we propose an 0 otherwise,

algorithm for solving the next-step problem, based onthe _ _
probabilistic graphical model. We discuss the algorithm’s subjected to the following constraints:
properties and their applications to real world Peer-to- 1) if R;; =k thenA;; =0A Ajp =1Ae;; € E;



2) if Ryj =kthenVt #4,l#j Ry =0A Ry =0; The selected sequence ofn action matrices,
3) C(R) = minger C(R) RMW R® . R should satisfy the following condi-
Constraint (1) implies that if a node takes a paftom tiONs:
nodej, than three conditions must be met: Ngdeas to 1) m is the minimal round number for which all
have part;, nodei must be missing paft and node and nodes have finished the download of all file parts;
j must share a common edgg. Constraint (2) means 2) RZ(.;) : A§§) — Ag“), is a solution of the next-step
that each node can send, at most, one part and each node problem; and
can receive, at most, one part in each communication3) The total costy_;", C(R®), is minimal.
round. We would like to find the minimal cost solution,
where C() is some nOﬂ'negative cost function which 11l. GRAPHICAL MODELS FORCONTENT
evaluates the solution (Constraint 3). Next, we define DISTRIBUTION

h f i in thi : . . .
the cost function we use in this paper An undirected graphical model G consists of a set

Given a solution to theext-stepproblem, the cost of vertices V and a set of edges E connecting them.

function assigns it a real non-negative cost. Intuitivelyéach vertexv: is associated with a random variable
3

we would Ilke_to minimize Fhls_ cost. In this paper Wexi. We assume that the probability distributigrix)
use the following cost function:

factorizes into a product of terms involving node pairs
1 and single nodes. These factors are called edge potentials
ClR) =< D bt Y wiyt Zw i (x5, 2;) and local (or self) potentialg;; (x:;).
Y ’ The max-product belief propagation algorithm [20]
WhereJ;; is defined to be: is a distributed inference algorithm that enables us to
] ] calculate the MAP (maximum a postriory) assignment
1 If nodes i and j take a common part  of the nodes, otherwise known as the “beliefs.” It is a
bij = from the same neighboring node k distributed message-passing algorithm and is therefore
0 otherwise. suitable for communication networks [8], [14], [22].
{The Belief Propagation (BP) algorithm gives exact re-
sults on trees. We have no guarantee for the algorithm
performance on graphs with cycles. The input to the
BP algorithm is a graphical model with self potentials

is the sum of node and parts costs; is composed of ii(%:) and edge potentialg;; (z;, ;). The output of
the cost of using the nodeand the cost of transferring ath® algorithm is the vector of node beliefs (posteriori
specific file part. In the next subsection we give a detaildfoPabilities). The algorithm is an iterative distributed
example how those costs are calculated. message passing algorithm where messages sent between

The action matrix reflects a possible exchange of paffQdes are determined by the following update rule:

among the nodes in a given round. It is important to note

that the action matrix is defined in such a way that ongg, . (; )(t+1) — amax ¥y (2, ;)i () H m" (x;)

we reach thdinal statein which Vi, j A;; = 1, the only Ti enEN(21)—a,

possible action matrix is the “0” matrix. Q)
wherem;;(z;) is a message sent from nogdgto node

xj, a is a normalization factor andV(z;) is the set of

neighbors of node;;. We initialize the messages at the
Given a graphG = (V,E), a source node < V first round uniformly. Finally each node calculates the

and a cost functiorC(-) which assigns a non-negativepelief:

cost to each action matrik, cost, the Content Distri-

bution Problem seeks to determine a sequence of action bel(z;) = aty; () H myi(x;) (2)

matrices which reach the final state, while minimizing ;€N (z2)

the accumulated cost. Thus, the initial matrmgjl.),

(representative of the state where the single source n

s has the complete file), is

R;;>0

Note that if 6;; is one, we assign an infinite cost to i
using the term% Zij d;;. The second term of the cost
function is the sum of edge cosis;: this is the cost for
transferring a part via the graph edgg. The third term

B. Content Distribution Problem

OdJhe algorithm converges when the node receives iden-
tical messages from all neighbors for two consecutive
rounds. In networks containing cycles the algorithm
AW _{ 1 i=s might not converge. However, in practice, there are
i 0 otherwise. several applications where the algorithm produces very



good results even for graphs with cycles, for examplerobability of each possible action out of the possible
in the case of Turbo codes. action matrixB(v;).

It is known that if we use the max-product algorithm For constraining the node’s actions, we use the fol-
we can find an optimak * that maximizes the probabil- lowing graph construction. We add a constraint edge
ity P(z), if the topology has no cycles, and we can find a;; between any two nodes which can take a part from
strong local maximum in case the graph has cycles [2&]. common neighboring node. We call this constraint
In other words, our algorithm solves the problem opan edge potential noted v;;(x;,z;). This is a table
timally on trees and gives a good approximation afomposed of the Cartesian product of two nodgesand
a graph containing cycles. Based on equation 1, we actions. It is a pairwise probability distribution which
calculate the self potentialg;; (x;) and edge potentials gives a certain probability for each intersection of the
i;(x;,x;) for a given cost function. A future work two matching actions. In this table, we will assign a
might be to replace the belief propagation algorithm witkiery small valueg, to any intersection of the two nodes
other inference algorithms and to test their optimality on;, v; actions that involves taking a part from the same

different topologies. third nodev,. We set the local potentiah;;(x;) to be
e~ @) whereC(z;) is the cost of the action taken by
IV. PROPOSED ALGORITHM nodev;.

We use a graphical model to represent the contentAfter constructing the self potentials and edge po-

distribution network. In our model, the nodes partict—emials’ we are able to run the inference algorithm to
ipating in the download are represented by Verticé:al_culate_nodes’ beliefs. The algorithm dem_des locally
and the communication links to direct neighbors arg ich actlon_each node should take l_Jy choosing the most
represented by the graph edges. In this section \%ob.able action ba_sed on those beliefs. .

explain how to translate the next-hop problem into a Itis kn_own that 'f we l:se the r_na_x-product algo_rl_thm
graphical model formulation, solve the problem using € can find an optimak™ to maximize the probability

the BP max-product inference algorithm, and use t ;f(;?r;)r:n f:csz; ;{ngi?]:iﬁ? igofassgiL:avrz (;]ycdlizs' ha;;,i
MAP assignment results as a solution to the next-h 9 grap

o] ;
problem, cglcles [28]. In other words, our algorithm solves the

Each node has only local knowledge: a bitmap of thréext-step problem optimally on trees and gives a good

parts which it presently holds, and the list of its direcfflpprOXImatlon for a graph containing loops.

nighbos and e pars ey o For each s L 18 STPICY o xelnaton vl el ssne
construct an action matrig(vy) of size nxk P P

round the inference algorithm is re-run (we relax this

1 if node k can potentially assumption later on). In each round every node can send
Bij(zy) = take part j from node i and receive one file part. We assume at the beginning
0 otherwise, of the download that one graph node is Smrcenode

that contains all the file parts and that the other graph
of node k. Our goal is to decide which action out oandeS. have no parts of the file. In p_ract.lce, however,
there is no need for synchronous settings; recent works

B(vy) is the most profitable action to take. For solvin . :
this problem, we assign each nodea hidden random 12‘36(Eﬁi]))nizgvlégi&::gtgzg?vj:gomhm performs well in

i 5 whi ich i ign ne of th ibl . .
variablex; which which is assigned one of the possible It is clear that the source node is able to serve only

actions inB(v;). ! ) i
: . .one other node on the first round, since we assume that
The goal of running the max-product BP algorithm ISeach node can send only one part in a round. On the
to find a MAP assignment of values for the hidden vari= y P '

S . second round, at most two parts can be propagated in
ablesz; that will minimize the cost of a the solution for he network: one from the source nodei. and another
the next-step problem. The output of the BP algorith ' '

is the assignment of each random variabjewith one rom the node that received the part in round one. We_
. . ! continue to propagate parts along the graph edges, until
possible action of nodé

For running the BP algorithm we need to assign fof%II nodes receive all file parts.

each node theelf potentials noted;;(z;), the initial

The action matrixB(vy) lists all the possible actions

A. Calculating Self Potentials

INote that for simplicity we translate the matti(v; ) into a vector In th . ti derived th If potential
of possible matching actions, where actions that are nogilplesare n the previous section, we aerive € sell potenuals

ignored. ;i(z;) from the cost function. We now provide a



detailed example to demonstrate the method in whidtvo possible policies: Uniform and Rarest part first. The
these values are calculated. For simplicity of explanatiooolumn headers are the 4 possible actions for node B,
we use rational numbers (such as 1/2,1/3,1/4) in tlead the rows show the different policies. For example
assignment of the probabilities. (In the general case We from A’ means that node B can take part 1 from A

usee ¢(®))) with probability 1/4.

We define a node’actionas the possible transfer of a
part to the node from a neighboring node. A special caS@ss(Xp) | 3from A 1from C | 3from C | 3from D |
is a sourcenode, which has no actions to take: since jtUniform policy | 1/4 1/4 1/4 1/4
holds all parts at the outset. For example, consider th&arest part first] 1/6 172 1/6 1/6

network in Figure 1: It hag = 4 nodes, and the numberTable 2. Possible actions for the node B in the example gréokva
of file parts isk = 3. Under each node, the bitmap of" Figure 1

its file parts is shown. Node C is a source node since

it has all three partsl; the other nodes have some parts

of the file missing. Node B, for example, has 4 possible

actions to take (i.e. parts to receive): part 3 from A, B. Graph construction of edge potentials

from C, 3 from C and 3 from D. In the send/receive model, each node can send one

f\/t\:]e now as_sbllgn at_probav?llllt)r/] dlstrlbutlo_n fort (ejacjﬂgrt and receive one part per round. Thus, no two nodes
of these possible actions. Ve have experimented With, g 5 part from their mutual neighbor in the same
several existing policies for assigning there distriby-

. . . _ ) Yound. For example, in Figure 2, nodes D and B are both
tions. The first such policy is a uniform assignment Or{:aighbors of C, and can potentially take a part from
values. In our example, this would beizp(zp) = |

. C. We would like to minimize the possibility of this
(1/4,1/4,1/4,1/4) - or, in other words, node B can tak P Y

e .

: . . happening at the same round. In order to force such a

any Of the fogr act|0_ns with eql_JaI probability. .ThHESt constraint, we add an edge to the graph from node B to
part first policy assigns the highest probability to th

Shode D; In the pairwise probability table by assigning an

part that has the lowest frequency in the network. In our, every intersection of actions of B and D, in which

example, such a policy would assign the probabilities; h take f h | | | |
V(o) — (1/6,1/2,1/6,1/6) - the highest probabil- Both take from the node C (table 3). In general, we apply

Lo . . this constraint for every two nodes, which might possible
ity is 1/2, since part 2 has only one occurrence in th

; N Meske a part from some common neighbor.
network, when the other parts occur 3 times. Intuitively,

it is better for a node to take a part needed by many other
nodes need than to take a part which occurs frequently;

A
such an approach is also taken in [7], [3]. Lastly, the @
work policy takes a part from the closest node, where
distance is defined as being inversely proportional to ® ‘

O
(b)

the edge cost. Note that the number of actions could
be different for each node, depending on the states of ¢ b) ¢
the node and its neighboring nodes. In the table below, @

Fig. 2. (a) Example network topology (b) same topology after adding
constraint edges and removing original edges. In the takiéou,
the edge potentials)pp is shown for the edge B-D. The table is
a Cartesian product of the possible actions of nodes B and lrev
there is an negligible probabilityepsilon) for both nodes B and D
of taking a part from a common node (node C in the example).

[ ¥v6p(Xp,Xp) [ 3fromA [ 2fromC [ 3from C | 3fromD |

) ) o 1 from B 1/8 1/8 1/8 1/8
Fig. 1. Example network of four nodes with some initial state. Under 2 from C 1/2 € € 1/2
each node, the obtained parts is shown. 3 from C 1/2 € € 1/2

Table 3. Example of the edge potentials for the edge BD fogthph
the self potential of node B, (the initial probability toshown in Figure 2. The matrix rows are then normalized.
take a part from another node); 5 is calculated using



C. Running the Loopy BP algorithm and processing theven with weaker computing platforms such as sensor
results networks [8], [22].

After constructing the self and edge potentials, we are With respect to théime overheadwe assume is that
ready to run the Loopy BP algorithm. Since we mighf€ algorithm computations are done in the background,
have loops in the graph, the algorithm may not converg&hile the content IS_belng dow_nloaded_ anyway. Recent
and so we have to limit the number of algorithm iterperformance analysis of P2P file sharing networks like
ations? The output of the BP algorithm is the node’$itTorrent, KaZaA and eMule [15], [23], [10], [13]
beliefs A node belief is a vector with length equal toShow thqt download sessions may take several .days until
that of the self potential vector, with each entry equal tgompletion. For example a study [2] of the the BitTorrent
the probability of the matching action. The node selecRetwork reported that the median file size is 600Mb and
the action with the highest probability from this beliefh® mean session length is 13 hours. Another fact is
vector; in case there are several equal probabilities in tHEt users experience idle time while waiting for their
vector, the node randomly chooses from among themn€ighbors to be ready for uploading. Given this, one can

Table 4 describes the results of running the Loopy B#iart downloading using the greedy approach (as done in
algorithm on the example network. The upper two rowBitTorrent), while calculating better future actions ireth
show the self potentials of the nodes B and D befof@ckground. 3 o
the running of the algorithm; the lower two rows show Without filtering out low probability actions in the
the beliefs of nodes B and D . In this run, both B an8P algorithm, the communication overhead can be expo-
D initially wanted to take part 2 - the rarest part - fropnential. The communication overhead depends on many
C. However, because of the constraint edge BD, nodel@rameters: among them are the node degree, the number

gave up taking a part from C and decided to take a p& algorithm iterations, the number of possible actions
from B instead. for each node (which depends on the number of file

parts), and the network diameter. A realistic example
¥pp | 0.166 (3A) | 0.500(2C) | 0.166 (3C) | 0.166 (3D) |  setting of 20 neighbors and 100 file parts would require
Ypp | 0.200 (1A) | 0.200 (1B)| 0.600(2C) . : )

the sending of messages of size 20x100 to the neighbors
bel(B) | 0.162 (3A) | 0.488(2C) | 0.174 (3C)] 0.174 (3D) : i ; .
bel(D) | 0.080 (1A) | 0.677(1B) | 0.244 (2C) and further require 100 BP algorithm iterations. Thus, we
Table 4. Running the Loopy BP algorithm on the example ndxtworcoum easily geta Commumc.atlon cost ov_erhead of 4Mb
shows the results for nodes B and D. Notice that the initiabpbility P€r file part per node. Luckily, we can filter out most
of taking part 2 from C was 0.500 and 0.600 in B and D, sincethés of a node’s actions and keep only a constant number of

rarest part in the network. However, since we have added atcaint ; i ; ; ity — i
edge B-D, node D gave up the action of taking 2 from C, and eecid actions, specifically, those with high probability - with

to take 1 from B. The highest probability actions are showhotd. @ Very minimal effect on the algorithm performance.
One can explain this since we are keeping the most

probable actions out of all possible actions, and ignoring

V. ALGORITHM PROPERTIES those actions that have negligible probability. In table V,

An immediate result of the construction described i\ﬁve demonstrate the protocol overhead per chunk of

equation??, is that our algorithm solves theext-step Information after applying the filtering: as the chunk size

problem optimally on tree topologies, while also givin{rows the overhead is reduced. For a part size of 256Kb,

a good approximation of an optimal solution on graphauﬁti]l:sblejlf) ?’S '12 /B'::Tgr”eg:t[z]i’zéhgfpgolt(,i/ft? ! gzei.:zdir:s
containing loops. 0. p . ,

In Section VI we present experimental results whicﬁ'vIUIe [18], the overhead is less then 0.02 percent.
show that our algorithm improves both running time and

[ Chunk size| Protocol Overhead

c_ommunication costs, in com_pa_rison to the gree_dy glgo— >56Kb 0.93%
rithm. However, we pay for this in extra communication, 512Kb 0.46%
computation and time overhead. Next, we analyze the %mg 8?%’

. . . (]
above costs and propose practical ways to adapt it to 9.1Mb 0.02%

real world applications.
Regarding computation, note that the BP algorith

is_cqmposed onIy_of linear vector ar_ud matrix multi- thare are some open questions that need to be ad-
plications. Performing these computations can be dofg.gseq further. The belief propagation algorithm is exact

2see next session for a discussion on the feasibility of such :9_” trees and pthreeS_ and the running time Is the
approach diameter of the tree, but is not guaranteed to converge on

r'}']able 5. Protocol overhead per chunk size per node



graphs which contain cycles. In practice, however, it has initialize the self potentials required to run the BP
nevertheless demonstrated very impressive performaratgorithm. This adds flexibility for supporting numerous
in problems that contain cycles [8]. In communicatiopolicies in maximizing different utility functions. We
graphs containing cycles, we limit the algorithm to @ompared several different policies using - as before - a
fixed number of iterations. As shown in the next sectio8T-ITM network of 600 nodes, with one node randomly
- this improves results - even when there is no conveselected to be the source node. We experimented with
gence; however, the BP algorithm may fluctuate befoseveral policies: a uniform policy, in which each node
converging into some local minima. A possible solutioselects a possible action at random; a rarest part first
is to replace the BP algorithm with another algorithnpolicy, in which the rarest parts have a higher initial
that is known to converge [26]: our scheme, allows therobability; and a work policy, in which links with lower
use of any inference algorithm. Deciding on the besbmmunication costs have a higher probability. All of
inference algorithm for a given network topology andhe above three policies are known and widely used
cost function, is an area for future research. in content distribution networks. However, our scheme
allows the combination of policies. Since the policies
are probability vectors, one can pick any subset of
) ] ~ policies, multiply them using dot product multiplication
To test our algorithm, we implemented a simplgng then normalize the result. This discussion about
packet-level discrete event simulator in Java, consistifige combination of policies is not only of theoretical
of 3000 I_ines of code. All _nodes in this simulator argnterest. As shown in Figure 3, a combined policy of the
synchronized and operate in rounds. In each round, West part+work policy achieved the best finishing time.
run our next step algorithm to decide which action shoulg, explanation to this might be that rarest part policy

be taken by each node. As a reference we use thgsroves the hetrogenicity of parts in the network while
greedy algorithm, which for each node takes the actiGRe work improves the link utilization.

with the highest probability, without any communication
between the neighbors. We used two kinds of graphs,F'gure4 plots the average progress of nodes per round

both generated by the Georgia Tech topology generafgf the above experiment, where progress is defined as
(GT-ITM) [9]. These two graphs included a randonine ratio of the number of nodes that were satisfied in
graph, and a transit-stub graph of up to 600 node@.e indicated round and the total number of unfinished
We used the routing policy weights, also generated Wdes. The greedy algorithm is infer_ior to our algorith_m
the Georgia Tech topology generator, for assigning ed term.s of progress per round._An interesting question
weights used for calculating the communication cogf)at arises is how to characterize of the trade-off be-
Each simulation was repeated at least 10 times and fij¢¢en download speed and download cost. Intuitively,
results were averaged. both goals are contradictory: On the one hand, if we
At the beginning of each simulation, a random grapff@nt to minimize the download time we are able to
node is chosen to be the source node. All other nodi&® Nigh cost links to increase the network throughput.
are initialized to have no parts. The source node sta 4 the other_ hand, minimizing Comm“”'.c?‘“"” costs
to disseminate the file parts such that, in each round,5puld cause time delays incurred while waiting for low
sends one part to one of its neighbors. The decision 8¢St inks to become available. Surprisingly, by using
which action to take on each part is done distributivelﬁ combined policy of work+rarest, we show that it is

using our next-step algorithm: thus, our algorithm run0Ssible to minimize both the download time and the
at every round. communication cost, as shown in Figure 5 (where the x-

An important question is how the ability to com-2Xis represents round numbers and the y-axis represents

municate and to load-balance neighboring nodes ir{h—e cumulative communication cost).

proves the total network performance. In Figure 3 we In another experiment, we studied the effect of file
see the improvement in running time of our algorithmsize on the download performance; the results are shown
relative to the greedy algorithm: The x-axis represents Figure 6. In this experiment, we assume that all file
the finished machines (sorted by finish times) and thparts are of the same size - in other words, more parts
y-axis represents the finishing time in terms of thandicate larger files. We experimented using file sizes of
number of simulation rounds. We can clearly see th@0, 40 and 80 parts. The worst download time in rounds
the performance improvement in running time is aboutf a file of 20 parts was approximately 200 rounds. If
20%. One of the advantages of our algorithm is thate were to assume a linear increase in performance,
we do not define what inceptive policies should be usede could assume that the worst finish time for 80 parts

VI. EXPERIMENTAL RESULTS
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Fig. 3. Finish times for 600 nodes for a GT-ITM network. The policiesig. 5. Cumulative communication cost for the four policies. The
used are uniform, rarest part first, work combined with raneart first  combined policy of work+rarest part first achieves both letwf@nishing
vs. the greedy algorithm. time and lowest communication cost relative to the othercjesl.

Avg. progress per round
100

and the y-axis is the completion time, in seconds.
The two node-selection policies used were the uniform
policy and the rarest-part first policy. Interestingly, the
graph demonstrates that the curve behavior using 200
heterogeneous machines in the WAN is very similar
to that of the simulation, even though the simulation
used a simplified model which assumed synchronous
1 rounds and homogeneous machines. Additionally, in the
— BP Rarest Poly Planetlab experiment, the clients could connect to any

Progress in %
o
g
7

10+ ‘ o — BP Work+Rarest Policy H
, ) ) ‘ ‘ | G other client, whereas our simulations used a fixed graph
° * W it 0 0 topology. In conclusion, despite the simplified model, we

_ ' believe the simulation results are encouraging, since thei
Fig. 4. = Average progress per round for the same experiment igimilarity to the Planetlab results indicate that theyl stil
Figure 3. The progress is defined as the percentage of norcsoondes . .
that were serviced. capture the essence of real life behavior of a planetary

scale network.

should be around 800 rounds. In practice, however, thé!l: EXTENSION FOR ONLINE STREAMING SUPPORT

download was completed in about 750 rounds: this canQOnline streaming audio and video pose a different
be explained because, in the case of more file parts, thefillenge for content distribution networks, since their
is a greater flexibility in choosing which part to takestream segments must arrive in order. This is because
However, this run-time advantage is somewhat mitigatelle audio/video players consume the audio/video stream
by an increase in the size of the messages. while simultaneously downloading the next segments of
In order to compare the simulation results to a re#the stream. Another requirement is the in-time delivery
content distribution network, we used experimental ref the stream segments. In bulk data transfer, by contrast,
sults collected by our team last year, using the planetatere is no significance to the order at which the parts
scale Planetlab testbed [6]. In this experiment, we usadrive, since the data is consumed only after the full file
one source node, which had a full-size file of 130Mbas been received at the destination. To support online
divided into 130 parts of size of 1Mb. This experimenstreaming, we only need to add sireaming policy
involved 200 clients spread over 100 worldwide sitesyhich initializes the self potentials. The probability of
who simultaneously started to download the full filetaking a part decreases exponentially, based on the part’s
The experiment’s results are shown in Figure 7. The ¥mportance - its relative offset from the current stream
axis represents the number of finished machines (sortedfset. When consuming the real time stream, the part
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are necessary in order to support online streaming. How-
| = ) ever, the efficiency measures for online streaming differ
| from those of bulk data. In the following paragraphs,
f* we briefly outline the metrics used in the evaluation of
| our algorithm performance for streaming, and give some
s experimental results.
g i To evaluate streaming, we use several different met-
rics. The first is the Relative Delay Penalty (RDP),
as defined in [5]; the RDP is the streaming delay we
experience by using the overlay, relative to the optimal
delay that can be achieved by IP multicast (optimal delay
is calculated by taking the minimal spanning tree from
e 00 the source). Two more important metrics are link load
and node stress. Link load is the number of segments
Fig. 6. Effect of file size on the system download performance. that traveled via a particular lifrk Node stress is the

500~

Round number
N w IS
S 5} 3
3 3 3
T

.
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200 300 400
Number of finished machines (sorted)

30— e e number of forwarded segments, relative to the number
/ of segments received, for each node. (In IP multicast,
mer ] the maximal node stress is 1, since an intermediate node
ool P | sends each segment once to all its neighbors). Lastly, we
- also consider the metrics of finishing time and of work,
ool ] as we did for the content distribution problem.

To evaluate the streaming performance, we used a
network of 100 nodes, with a stream of 100 segments.
The topologies tested were transit stub and random.
Each simulation was run 10 times and the results were
averaged. Each simulation round began with one source
node having the full stream, and finished after all nodes
N ach.nif‘im}““’ 0 w0 20 received the full stream. The latencies of the link were

taken from the GT-ITM link weights. Only the GT-ITM
Fig. 7. Finishing times for 200 nodes on the Planetiab WAN testbedesults are presented here , since the random topology

Both policies used are greedy policies. The upper policyrifotm  yegylts were similar. The reference algorithms we used
and the lower is rarest part first. We give this graph as a

to show that the simulation curves are almost identical el life  WEr€ _appllcatlon layer multicast tree and a minimal
behavior of heterogeneous and unsynchronized machines. spanning tree.

Figure 8 compares the finishing times of the streaming
policy, the combined work+rarest policy and the greedy

that we need to play next is the most important. Th@/gorithm. When using the streaming policy, nodes pay
next part is less important and so on. In general, tii@ their average download time - since we loose some

Time (seconds)

800

probability for taking a part with offset x is: of the flexibility in the part selection. Interestingly, the
worst download time results remains constant using both
Pii(Fy) = 277 of the policies.

Figure 10 shows the relative delay penalty when the
T . streaming policy is used. The average RDP is about 20%;
the cost function is the same as defined for the Nofiq 1eans that nodes using the streaming policy experi-

str't:aarmlr)l(g r(r:]afe' m vid laver is now ol inence (on average) a 20% delay receiving the segments,
or examp’e, assume a video player 1S Now playing compared to the optimal solution.

part 0, while it can take parts 1 to 4 from its neighbors. Link stress is shown in Figure 11. In the MST

We assign a probability 1/2 to the first part, 1/4 t%lgorithm, the minimal spanning tree edges have the

the second_ part, 1/8 to the_ _th|rd and so on. Fmal.l}{haximal link stress (100 parts), while the other edges
we normalize these probabilities to get a probability

distribution, which then becomes the self potential for ,_ , - , ,
This is a slightly different definition than the link stre$st is used

node 0. _in [5]. We are using a different model where node links aresptat
As we have shown above, no changes to the algorithiiks. Therefore, we are not building an overlay network.

Where p is the current stream offset, > p. And
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Fig. 11. Link stress of streaming policy vs. minimal spanning tree

have a link stress of zero. The flooding algorithm has
better link stress since random edges are selected in
each round for flooding the information. The streaming-
BP algorithm has the best overall link stress, since the
link stress distribution is much more uniform. The same
results apply to the node stress, shown in Figure 12.
Using the MST algorithm, nodes that are higher in the
tree have higher node stress and the tree leaves have
zero stress (since they are only receiving file parts and
not forwarding them).

As expected, using the BP algorithm, the node stress
is more uniformly distributed among the participating
nodes.

Finishing times of 100 nodes using streaming policy vs. 10 conclude, we have seen that the streaming policy
minimal spanning tree

CDF of RDP

. .
115 12
Relative Delay Penalty

L L L
1.25 13 1.35 14

Fig. 10. Streaming policy Relative Delay Penalty (RDP)
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works best in terms of running time and load balancing
of nodes’ work and network load. However, a disadvan-
tage is the communication work, relative to the MST
algorithm.

VIIl. A LGORITHM PERFORMANCE UNDERFAILURES

Until now, we have assumed that nodes and com-
munication links are reliable. However, we would also
like to examine how our algorithm performs when faced
with network failures. Initially, we choose a very simple
failure model, where each node might fail i.i.d. with
probability p in each round. We tested the BP algorithm
under this failure model, and took a tree based topology
as a reference. Intuitively, a failure of upper nodes in
the tree might cause higher delay experiences in their
descendants. The estimation, due to the fact that our
solution is less structured, is that the failures will have a
decreased effect on the download time. The simulation
results are shown in Figure 13. The failure of 20% of
the nodes resulted in an increase of less then 10% in the



CDF of Node Stress

7 T one source node has the complete file and all the other
"~ Sreaming 5P ‘ nodes download the complete file. The formulation of
e the FOCD problem is more general: it allows for the
algorithm to start from an arbitrary network state, and
also supports that each node might download only a
subset of the file parts. We believe that these differences
should not affect a significant difference in the overall
complexity of the problems - meaning that our problem
is similar enough to FOCD to also be NP-Complete.
Currently, however, we are not able to prove this.
There have been many proposed solutions to the
| content distribution problem. Tree or hierarchy based
% 0 2w ?SUMGO % e s 1o solutions are usually used for streaming [5], [25], [27].
Forests of trees are proposed in [21], [4]. Unstructured
Fig. 12. Node stress of streaming policy vs. minimal spanning treemeshes provide enhanced fault tolerance [7], [18]. Tra-
ditionally, the solutions for streaming media are not used
8P ve. MST with falures for bulk-data transfer, and vice versa.
= T Many of the proposed solutions for the content dis-
asofl — boaoe P tribution problem use greedy or heuristic algorithms to
s decide which node to contact next or which part to take
| next. In BitTorrent [7], nodes select which part to take
e ] using the rarest-part policy. The download is performed
/ from the set of neighbors with maximal available band-
width. In Slurpie [24], nodes use a probabilistic backoff
algorithm for balancing the load at the source node.
In CoolStreaming [29] segments are selected, firstly,
according to their rarity in the network, and secondly, by
the node’s available bandwidth. The drawback of all of
L the greedy solutions is that the nodes are not coordinated.
ST et mishedmachines Goned) One interesting solution involves network coding [12]
in which nodes are allowed to encode linear combina-
Fig. 13. BP algorithm vs. application layer multicast under nodetjnng of file parts and, in turn, achieve more flexible data
failures. Each node has a probabilify to fail i.i.d. in each round. .
flows. Decoding is performed after enough encoded parts
are obtained. The drawback to this is that, normally, the

decoding can be done only after a certain mass of file

total running time of the BP algorithm. Failure of 60%,, ¢ has been received - making the solution unsuitable
of the nodes resulted in an increase of only 20% in U}Sr streaming.

BP running time. By contrast, with the application layer

Round number
N
S
3

multicast tree, the running time increased linearly with X. CONCLUSION AND FUTURE WORK
the failure probability. In this paper, we considered the problem of large-
scale content distribution and demonstrated that, through
IX. RELATED WORK the use of a probabilistic graphical model, we can

Recently, another form of the content distributiommprove download performance in terms of time and
problem was defined by Snoeren et. al. in [16], [17]. Theommunication cost, relative to the greedy solutions.
problem was entitled the Fast Overlay Content Distribu- One possible area of improvement would be to replace
tion (FOCD) and was proven to be NP-Complete. Thethe BP algorithm with gradient-descent algorithms that
are small differences between our models and the FOG@Doid the fluctuations towards a local optimum [26].
models: We assume the send/receive model, in whiémother possible enhancement could be to create a list
each node can send and receive one part on each rowfduture actions for a node, instead of deciding only on
whereas the FOCD assumes that each communicattbe next immediate action. Such a solution would reduce
link can transfer several file parts in each round. Addrunning time and with communication overhead costs, as
tionally, our problem assumes an initial state in whickvell.
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Another open question is how to derive an optimgk2] M. Paskin and C. Guestrin. Robust probabilistic infer in
algorithm for the content distribution problem.

[1] S. Banerjee, B. B., and C. Kommareddy. Scalable apjdioat [24]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

El

[10]

[11]
[12]

[13]

[14]

[15]

[16]

[17]

(18]

[29]

[20]

[21]

[23]

REFERENCES

layer multicast. IrProceedings of SIGCOMM 2002 August, 2002
A. Bellissimo, P. Shenoy, and B. N. Levine. Exploring thee
of bittorrent as the basis for a large trace repositoryTdohnical
report 04-41. June 2004

D. Bickson and D. Malkhi. The julia content distributioretwork.

In the 2nd Usenix of Real World Distributed Systems (WORLDS
05’).

M. Castro, P. Druschel, A.-M. Kermarrec, A. Nandi, A. Row [27]

stron, and A. Singh. Splitstream: High-bandwidth multicasa
cooperative environment. ISOSP’03 October 2003.
Y. Chu, S. G. Rao, and H. Zhang. A case for end system

multicast. InProceedings of ACM SIGMETRICS, Santa Clara[28]

CA, pp 1-12 June 2000.

B. Chun, D. Culler, T. Roscoe, A. Bavier, L. Peterson, Mawy-
zoniak, and M. Bowman. Planetlab: an overlay testbed foado
coverage servicesSIGCOMM Comput. Commun. Re$3(3):3—
12, 2003.

B. Cohen. Incentives build robustness in bittorrent.Pimceed-
ings of P2P Economics Workshap003.

C. Crick and A. Pfeffer. Loopy belief propagation as aibdsr
communication networks. Iproceedings of the 19th Conference
on Uncertainty in Al, 2003

K. C. Ellen W. Zegura and S. Bhattacharjee. How to model
an internetwork. InProceedings of IEEE INFOCOM 1996, San
Francisco, CA

F. L. Fessant, S. Handurukande, A. M. Kermarrec, and BsM
soulie. Clustering in peer-to-peer file sharing workloddsproc.

of IPTPS 2004

P. Francis. Yoid: Extending the internet multicasthatecture.

In Unpublished paper, April 2000

C. Gkantsidis and P. Rodriguez. Network coding for éasgale
content distribution. Irproc. of INFOCOM 20052005.

K. P. Gummadi, R. J. Dunn, S. Saroiu, S. D. Gribble, H. M.
Levy, and J. Zahorjan. Measurement, modeling and analyss o
peer-to-peer file sharing workload. proc. of ACM SOSP 2003
Ihler, Fisher, Moses, and Willsky. Nonparametric bElprop-
agation for self-calibration in sensor networks. Ihformation
Processing in Sensor Networks 2004

M. lzal, G. Urvoy-Keller, E. Biersack, P. Felber, A. A.arhra,
and L. Garces-Erice. "dissecting bittorrent: Five monthsai
torrent’s lifetime”. In Passive and Active Measurements 2004,
April 2004

C. Killian, M. Vrable, A. C. Snoeren, A. Vahdat, and JsBaale.
Brief announcement: The overlay network content distidiut
problem. InProceedings of the ACM Symposium on Principles
of Distributed Computing (PODC) Las Vegas, NV, July 2005

C. Killian, M. Vrable, A. C. Snoeren, A. Vahdat, and JsBaale.
The overlay network content distribution problem. Tachnical
Report CS2005-0824, UCSD, May 2005

Y. Kulbak and D. Bickson. The emule protocol specifica-
tion. Technical report TR-2005-03, the Hebrew Universify o
Jerusalem, 2005.

Massoulie and M. Vojnovic.
Sigmetrics 2005, June 2005.
K. P. Murphy, Y. Weiss, and M. I. Jordan. Loopy belief
propagation for approximate inference: An empirical studly
proc. of Uncertainty in Al, 1999pages 467—-475.

V. Padmanabhan, H. Wang, P. Chou, and K. Sripanidkuldbia-
tributing streaming media content using cooperative neking.

In Proceesings Proc. of NOSSDAMay 2002.

Coupon replication systemis

12

[25]

[26]

[29]

distributed systems. Ithe Twentieth Conference on Uncertainty
in Art ficial Intelligence (UAI 2004), Banff, Canada, July @D

J. Pouwelse, P. Garbacki, D. Epema, and H. Sips. Theriatit
p2p file-sharing system: Measurements and analysis. 4tfn
International Workshop on Peer-to-Peer Systems (IPTPSRHh
2005

R. Sherwood, R. Braud, and B. Bhattacharjee. Slurpie: A
cooperative bulk data transfer protocol.droc. of IEEE Infocom
04', March 2004.

D. A. Tran, K. A. Hua, and T. T. Do. A peer-to-peer architge

for media streaming. 2003.

M. J. Wainwright, T. Jaakkola, and A. S. Willsky. Exactam
estimates by (hyper)tree agreement. Advances in Neural
Processing Systems (NIPS). MIT Pre2803.

W. Wang, D. Helder, S. Jamin, and L. Zhang. Overlay op-
timizations for end-host multicast. IRroceedings of Fourth
International Workshop on Networked Group Communication
(NGC), Obtober 2002.

Y. Weiss and W. T. Freeman. On the optimiality of solagoof
the max-product belief propagation algorithm in arbitrgrgphs.

In IEEE Transactions on Information Theory 47:2 pages 723-
735 2001.

X. Zhang, J. Liu, B. Li, and T.-S. P. Yum. Donet/coolstneng:

A data-driven overlay network for live media streaming.IEEE
INFOCOM'05, Miami, FL, USA, March 2005



