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Abstract— With network coding, intermediate nodes between the source peer divides a file into some blocks and transmits
source and destination node(s) encode the incoming packetsthese blocks to other peers. At the same time, peers also
into new ones and forward them to their outgoing links. The  4qynjoad blocks from other non-source peers while uplagdin
onglnal_ content is decoded at the destlna_ltlon_ node(s)_. Reat their blocks. BitTorrent uses a combination @ndom and
theoretical results show that network coding is beneficial dr . - ‘
peer-to-peer(P2P) content distribution. To evaluate the bnefit local-rarest-firstschemes. With théocal-rarest-firstscheme,
of network coding, we implement a P2P content distribution a peer requests a missing block and this block is selected
system based on thesparse linear network codingnethod. In among the rarest blocks of the peer’s neighbors. This way, th
our system, we use theChord protocol to construct the system o gyailability and performance can be greatly improved.

topology. We determine the proper encoding density so as to g - .
reach a high probability of generating independent encoded C. Gkantsidiset al[4] indicated that theocal-rarest-first

blocks, and to reduce the computational complexity of encddg Scheme may ignore the global rarest blocks and may reduce
packets at each peer. To improve the system performance, wese the distributing speed in some cases. Based on random linear

the encoding intervalto reduce the probability of transmitting  network coding, they built a BitTorrent-like content dibtr-
linear dependent packets anddependency tedb avoid accepting  tjon gystem, Avalanche. Avalanche divides the file content,

linear dependent packets possibly from cyclic topology. Lstly, . .
we carry out extensive experiments to show in terms of averag creates connections, downloads and uploads blocks in the sa

downloading time at peers, total distribution time and sysem Way as the BitTorrent protocol, but also encodes the incgmin
throughput, the system with network coding slightly outpeforms  blocks before forwarding them to other peers. Authors in [4]

a BitTorrent-like non-coding system using thelocal-rarest-first  claimed that the throughput of the Avalanche system is two to
chunk selection policy. three times better than the non-coding system. However, the
claim is based on simulation rather than implementatioeat r
networks, in particular, one has to consider the high coding
computational complexity. M. Wanet al[5] implemented an
Network coding is originally proposed by R. Ahlswede experimental testbed based on sparse random linear coding.
al. in 2000[1]. Under the network coding paradigm, intern their system, a fixed percentage of total blocks are sedect
mediate nodes between the source and the receiver(s) enadodee encoded, and at least another fixed percentage of total
incoming messages and forward the coded ones to their dowtecks should be held by a non-source peer when it uploads
stream nodes, which is different from the traditional sevi blocks to other peers. The experimental results indicatethe
of relaying and replicating data messages only. T.atal[2] system using network coding performs even worse than naive
proposed random linear network coding, in which, the endodbroadcast, which in turn has a lower performance as compare
packets are the linear combinations of the incoming packetith the BitTorrent system. D.M. Chiet al[6] studied the
and the coefficients are randomly selected from a finite fielderformance of network coding for P2P content distribution
Random linear network coding can be easily implemented iim star networks. Their theoretical analysis shows that the
real networks and it greatly reduces the coding computatiorthroughput upper-bound of a system with network coding is
complexity. P. A. Chowet al[3] further showed that randomthe same as the system without using network coding.
linear network coding can closely reach the optimal thécaét  To address whether there is any benefit in using networking
performance of network coding. coding, we implemented a P2P content distribution system
Content distribution is one of the most important appliwith 50 nodes, based on sparse random linear coding
cations of the Internet. It is implemented mainly based astrategy, which is different from coding scheme used in [5].
Client/Server and/or P2P paradigm. P2P network has atttacin our system, we also use tlencoding intervalto reduce
a lot of attentions due to its scalability, decentralizedtool the probability of transmitting dependent blocks, as wall a
and the ease of management. A number of P2P contém dependency tesb avoid receiving dependent blocks. Our
distribution systems have been developed, such as BitTiprreexperimental results show that network coding slightlypent
eMule, KaZaA, and so on. For the past few years, BitTorrefdarms non-coding. Our conclusion is neither so optimissc a
has been highly regarded for its good performance and ittiee Avalanche[4], nor so pessimistic as [5].
considered as the most popular P2P content distributiolopro The outline of our paper is as follows. In Section Il and
col. Under the BitTorrent content content distributionsses, Section Ill, we describe the implementation of our systenh an

I. INTRODUCTION



[7] for random matrix over the Galois field. The following
theorem can be deduced from [7] and is the theoretical basis
of our sparse coding.

Theorem 1: Let M = (m;;) be a randomn x n matrix

I / ﬁ ﬂ over the Galois field7F (¢) in which each matrix entryn,;
is identically and independently distributed, with
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Fig. 1. The architecture of our system, including seven rfesduChord According to Theorem 1, one can assure that all encoded
Service, Peer Update, Transmission Control, Seed Gener&parse Coding, blocks generated by the same peer are linearly independent
Dependence Detection and Decoding with high probability. Ifp = (log n+d) /n, ann xn matrix wil

be non-singular with high probability, e.g. greater tharb98

and 99.991% when = 28, d = 6 and 10 respectively, for
present the analysis and the experimental results. Seltionsufficiently largen. In this paper, we assume that the content

serves as the conclusion. is divided inton blocks and the encoding density is set to
p = (logn + d)/n at the source peer. So the source peer can
Il. A SPARSENETWORK CODING SYSTEM generaten independent blocks with high probability.

We implement a P2P content distribution system with 50 L&t @ non-source peed hold k blocks By, B, ..., By
nodes. In our system, we use thearse linear codingtrategy and generatd blocks By, B,,..., B,(l < k). Denote the
based on C.Cooper’s work[7] to reduce the encoding compufax 7 Coefficient matrix of By, By, ..., By as M, and the
tional complexity and keep a high ratio of successful dengdi ! X * local coefficient matrix of By, B,,..., B, at A as
Fig. 1 illustrates the architecture of our system. In thistise, 2V, then the coefficients matrix oB,, B;, ..., B, will be
we first outline the implementation of our system and discus X M- Because all peers accept only independent blocks
in detail some of the techniques used to improve the systéour system, thereforeank(M) = k. If rank(N) = 1,
performance. Experimental results will be discussed iarlatB1> Ba; - - -, B, are linearly independent. According to Theo-

section. rem 1, ifp = (logk +d)/k , the probability ofRank(N) =1
will be upper/bou/nded b}/z—zef [1;2, 1 -t~ for sufficient
A. Link Establishment largek and By, B,, ..., B, will be linearly independent with

Our system consists of 50 nodes, and contains an IP |'ﬂ§9h probability. Note that in pr.a.ctlcek may not be large

of all nodes joining the content distribution based on theénoth to approach the precondition of Theorgm 1. Therefore

Chord8] protocol. The maximum links (or degree) of a pee\{Ne setp = (.IOgn + d)/.k. at MON-SOUrce peers n our system

is set to 10. If a peer has less than five links, it will randoml keep a high probability of generating independent blocks
' ur experiments show that = (logn + d)/n at the source

choose another peer in the IP list, and the peer will active er andp — (1 J)/k at non-source peers are enouah
send a connection request and try to establish a link to t At = (logn +d)/ u P ug

peer. Otherwise, it will not send connection requests angl o practice. Too large a value gf will lead to a diminishing

. . . rgturn in the independence probability, but at a cost of high
passively wait for the connection requests from other peer . ) )
r%codmg computational complexity.

A link is successfully established as long as one peer haacs . . .
"interest in the other peer (e.g., the other peer has more thans'n.Ce the encodmg. processes a_mong_all peers are identical
20 blocks of the file). The upper bound on the transmittin d independently d|str|buted, Itis d|ﬁ|cqlt to ensurettha
rate is set to 100 KB/s for each link to match the avera coded blocks from different peers are linearly dependent
transmitting rate in the Internet. A link will be cut in thesea ome factors that influence the _Imear de_pengiency such as
of both peers having received a fixed percentage of IineaﬂgCIeS n the_ ne_two_rk topolqu will _als_o bring linear d_epen
dependent blocks from each other. ncy into distribution sessions. It is important to point o
that linear dependency from these factors cannot be rabolve
_ _ _ by increasing the encoding density.

B. Sparse Coding, Dependence Detection and Decoding \when a block arrives at a receiver peer, the coefficients

To select a proper encoding density for low encodingf the block are extracted and added as a new row to a
computational complexity and high ratio of successfudoefficient matrix in the the memory. Then, the receiver can
decoding, our system uses a sparse coding strategy basedewnide whether to accept this block or to discard it after



checking the linear dependency of the coefficient matrix (i. encoded. This results in fast information diffusion to eerr
via the Gaussian Elimination operation). In the evaluattbn sponding receivers. With sparse coding, all blocks at a peer
the system performance, we defid®p rate at a peer as the are with the same probability to be encoded. So some newly
fraction of dropped blocks to all received blocks. With theg-p incoming blocks at a peer may not be selected while encoding,
formance measure of drop rate, one can study the probabibityd the diffusions of these blocks in the network are slowed
of transmitting dependent blocks with sparse coding. Fos¢h down in some cases. Let us use an example to illustrate this
accepted blocks, one can add them as rows to a block matrixconcept. LetA and B be two end peers of a link. Assume
the peer’s secondary storage. This way, only the coeffigieht that A holds bIocksB’l, B;, ...,B, at timet, and receives

q
a block, instead of the whole block, are stored in the memogyblock B, , at time ¢;. With sparse encoding, candidates

for dependence checking, and the receiving process islgregf encoded blocks atd range from B, to B; before t,

sped up. Also, the coefficient matrix stored in the memory4 extend toB'H afterwards HoweverB’H may not be
. q

can be converted to a triangular matrix (since it is possible,acted while qencoding, because it only has a probability

that some diagonal elements become zero after eliminati%@,(logn +d)/(q + 1) to be selected. To deal with this
we use column permutation to get a triangular matrix), whichohiem, a so-calle@ncoding intervaltechnique is used in
will speed up the elimination when a new block arrives. Thg, system. In the following period after timte B will firstly
original content can be successfully decoded at a peer wr}gauesm for new blocks fromBi B; B_., except for the

. . . 3 ) R q’
the peer has received independent blocks. We implemeni,|owing three cases: (1B receives two dependent blocks
most of our modules with Python except for the encoding a%ntinuously fromA. (2) B has received no less than 3%

decoding modules. Since this script language is likely @eio jinearly dependent blocks from A. (3} has already received
the encoding and decoding efficiency, we resor€tand use  jngependent blocks from A. In the above three cases if

their compileddll files as extended modules of Python so as {g,4s more thary blocks Bi B; B B'+1 B’+
reduce the computational overheads of encoding and degod; ,,, > (5 — log n + 10), encoding intervaht A is shifted

operations. t0 By 1, B, s,..., By, i.€., the encoding candidates At
range fromB,,, to B, ,,, at the instant. Ifm < s, B will

C. Transmission Control : .
stop requestingd for new blocks for 30 seconds. Notice that

Transmission and reception of dependent blocks will gyeatk the encoding intervals used in the system, the probability
reduce the performance of content distribution via netwog¢ 5 piock being encoded is = (logn + d)/k’, instead of

coding. We. i_ntroduce the following three techniques to mﬂup = (logn+d)/k, wherek’ is the length ofncoding interval.
the probability of block dependency.

Neighbor selectionOnce a link is established, its two end IIl. EXPERIMENTAL EVALUATION
peers start inquiring each other about the number of blocks . . .
the other holds. If a peer holds too few blocks, it will trarism _In this sectl_on, we pfe?er?t the experlmental_ results and
dependent blocks with high probability. Thus, except at thdéSCUSS some interesting findings from the experiments.
beginning or at the end of a content distribution session, no ) i
peer will request its neighbors containing less thaalogn+ A Encoding and Decoding Rate
d blocks. However, considering that peers have few blocks atWhen it comes to sparse linear coding, one may mostly
the beginning and need only a few new blocks to completare about its encoding and decoding rate, versus complete
its receiving process at the end, these peers keep recgiediimear coding. We carry out the tests of encoding and decod-
all their neighbors for new blocks, regardless of how marigg rate on a single PC machine (Intel Celeron Northwood
blocks the neighbors hold. Although it is possible to pragludrocessor 2.0GHz, 512M memory) with a 100MB file as the
more dependent blocks, our experimental results showhisat toriginal content. In the tests, the encoding density is set t
strategy can significantly speed up the distribution preces p = (logn + 10)/k for sparse coding, and the block size

Circle elimination Because of bidirectional links, circlesvaries from 64KB to 2048KB, where: is the number of
may exist in a P2P system and are time-consuming to detect@®l blocks andk is the number of blocks held at a peer.
discover. Circles in a network will incur a high dependetibra Fig. 2 illustrates the comparison of encoding rates between
and poor decoding performance. During the transmission, wparse coding and complete linear coding with differentklo
adopt a blockdependency tedb reduce the impact of circlessizes. Experimental results show that sparse coding greatl
in a network topology. Lel and B be the two end peers of aincreases the encoding rate and can reach 4MB/s in some
link. If no less tharB% of blocks fromA to B are dependent, cases. Furthermore, one can achieve such a high encodéing rat
B will stop requestingA for blocks for 30 seconds, and thewithout loading the whole 100MB file into the memory during
encoding interval(describe in the following paragraph) willthe encoding process. It is clear that sparse encoding rate
be shifted. If the dependency ratio remains no less 8fan can meet the common transmission bandwidth requirement
when B requestsA for new blocks 30 seconds later, this linkfor content distribution even without code optimizationn O
keeps idle for another 30 seconds. However, if the deperydetite other hand, complete linear coding reaches encodieg rat
ratio is greater than%, the system will tear down this logical of only 300KB/s for block size 256KB, less thar0% of
link. sparse coding. In a content distribution session, the tensi

Encoding interval In systems with complete random lineaof the coefficient matrix is very likely to increase since the
network coding (e.g., Avalanche), all blocks at a peer areceived blocks at a peer are possibly multiple encodedhdn t
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data from others.

Fig. 4 illustrates the experimental results withranging
from 0 to 10. One can observe that the system performance
is the worst (i.e., with the longest average downloadingej}im
and has the largest drop date wheén= 0, compared with
d > 4. As d increases, the system performance improves, till
FPEN NP DEFI PPCTS SIS P | d = 4. For those cases thdt> 4, the average downloading

Hlocksize time and average drop rate are almost the same for different
values ofd. we conclude that largetwill lead to lower rate of
linear dependency (according to Cooper’s theorem). Howyeve
systems using sparse linear codidg= 10 and complete
coding (one can regard it as a sort of sparse coding with
test of decoding rate, we execute the decoding after engod{;éry larged) achieve almost the same performance, where
the original blocks with 1, 4 and 8 times with sparse Codinlg1rop rate remains only 2% due to some specific topologies
respectively. Fig. 3 illustrates the comparison of decgdates gych as circles. Table | shows the average downloading times
between multiple sparse encodings and complete lineangodi(averDownTime), total distribution times (TotalDisTimehd
Decoding rates are very low compared with encoding ratggop rates of sparse coding with= 10 and complete coding.

as shown in Fig. 2. From Fig. 3, one can observe that spaf$gnce, we conservatively use= 10 for sparse coding in our
coding and complete coding achieve almost the same decodigjgtem.

rate for various block sizes. Although the coefficient matri
tends to be dense after multiple encodings, the decodieg rat TABLE |

are almost the same for different times that the blocks are 32MBFILE DISTRIBUTION USING DIFFERENT CODING SCHEMES
encoded. This is because if a matrix is sparse, its inverse is

_
Y]
=

decoding rate
o
=

Fig. 3. Decoding rates(B/s) of multiply sparse coding anthgiete coding

. . . AverDownTime | TotalDisTime | DropRate
usually not a sparse matrix. Another point to note is thatspa —sparse Codinge10) 302.65 367.85 > 087%
coding helps very little in the decoding process with Gaaurssi — Complete Coding 293.8s 369.4s 1.802%

Elimination. From Fig. 2 and 3, coding and decoding rates

increase as the block size grows. For a content of fixed ige, t From Table |, one may doubt about the advantage of using
number of blocks and the order of coefficient matrix decreasparse coding, as compared to complete coding. In fact, the
as the block size increases. So the decoding computatioegberiments in Table | are executed for a file with 32MB in
complexity decreases as the block size increases. Howewgtte. We also execute another file distribution of a 128MB
decoding rates decrease for both sparse coding and compliéewith complete coding. Experimental results show that
coding in the case of block size varying from 256KB t@omplete coding of a 128MB content is extremely time-
512KB. We believe that this phenomenon is due to the casinsuming that the total bandwidth of all links at the source

of memory access and cache size. peer is less than 100KB/s. This implies that complete linear
coding has high overhead and reduces the system performance
B. Encoding Density So we use a 32MB file as the content for distribution in the

To study the effect of encoding density on system pen‘o‘?—Xperlments in Table 1.

mance, we carry out experiments for content distribution of )

a 128MB file on a system with 50 PC machines and the fife Encoding Intervals

block size is set to 256KB. We uge= (logn + d)/n as the ~ We use encoding intervalto speed up blocks diffusion
encoding density at the source peer ane: (logn + d)/k/ and execute some experiments to study the performance with
at non-source ones, where = 512 for a 128MB file with encoding interval. The experimental results are shown gn Fi
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5. When there are at least 24 peers participating in the dﬁg 9. SNC vs LRE in network with different scales
tributing session, the system usiagcoding intervaperforms
much better than the system withaurtcoding intervain terms

of average downloading time and drop date. content distribution. With the same architecture of theays

However, the system witkencoding intervalperforms al- with sparse coding, we implement a P2P content distribution

most the same with the system W!thOUt using mo‘?"”g system without coding, in which, thiecal-rarest-firstchunk
mteryal when only 8 peers participate in the dIStrIbutm%election policy is used (which is the block-selection sche
session, and even worse in the case of 16 peers. The MAMhe BitTorrent protocol). We carry out experiments and

reasons are: (1jncoding intervalis mainly to reduce the_compare the performance between the system with sparse

probability.of. generating dependgnt blO.CkS.at a peer dur”&%ding and the one without coding in terms of throughput,
the dynamic increase of blocks. Witmcoding intervala peer verage downloading time and total distribution time. We do

wlrl] genelratfe less depen;j_e_nt lti)lqcks (\;\{h:a_rl]) |tt_rece|ve§ blotc Bt include the decoding time in the total distribution time
en only few peers participate in a distributing sessio, t | . <o ~ontent can be decoded offline.

adjacent peers may have many dependent blocks with eac hroughput Fig. 6 shows the throughputs of these two

other.Encoding intervaldoes not help in this case. (2) In the 2
case of peerd receiving two dependent blocks Continuousl§ystems for distributing a 128MB content among 50 peers. One

from peer B, the link betweend and B will be idle for 30 can observe that the throughput with sparse coding reaches a
seconds if tr’1e nex@éncoding intervaln B is not long enough. higher maximum throughput gnd also faster to the_maxim_ur_n
If only few peers participate in the distributing sessidnisi throughput than the non-coding one. The reason is that it is

possible that two adjacent peers have many dependent blocRE <" for all peers to get the information of rare blocks in

with each other. This will lead to many idle links in the syste encoded blocks than in non-co_ded ones. Rare blocks are not
and further reduce the system performance. However itt‘%e bottlenecks for throughput in coded system any more. So

worthwhile to note that for realistic networks, there areally network coding speeds up the process of distributing centen
many peers participating in the file distribution. blocks. ) o
The effect of block sizd=or a 128MB content distribution
within 40 peers, we vary the block size from 64KB to 1024KB
to study the effect of block size on the performance. From
One important question we need to address is whethég. 7, both of the downloading time and the distributiondim
network coding can really improve the performance of P2Rith sparse coding vary very little as the block size incesas

D. Performance versus non-coding system



from 64KB to 256KB, but the downloading time i$ — 20% IV. CONCLUSION

and the distribution time i90 — 15% less than the system \ye jmplemented a P2P content distribution system based
without coding. Smaller blocks for a content of fixed sizeuﬁc on sparse network coding. The sparse network coding tech-
larger number of blocks and larger order of the coefficieRjgue in the system decreases the linear dependency between
matrix. The overheads of coding and transmitting the blocks,coded blocks, reduces encoding computational complexit
will be high for sparse coding with small blocks because @f,q keeps a high probability of successful decodirgroding

the following two reasons: (1) Larger order of the coeffitiennteryval is adopted in the system to reduce the probability
matrix implies higher encoding computational complexi8).  of transmitting dependent blocks. To prevent high dependen
Transmitting the coefficient matrix is more time-consumingyte that cyclic topology brings, we test the block drop rate
for_large order matrix. For example, thg coefficient matsX ifor each link, and pause / terminate "useless” links vatap

a file of 16MB for a 128MB content with block size 32KB,yate reaching3% / 5%. Experimental results show that the
but only 4MB with 64KB and 1MB with 128KB. However, performance of content distribution with sparse coding is a
as the block size continues to grow, the downloading tingie petter than non-coding system usitugal-rarest-first

and the distribution time of sparse coding increase. Comgar  The decoding time is not included in either the downloading
with non-coding system, both the downloading time and thgne or the distribution time with sparse coding in this pape
distribution time of sparse coding with block size 512KB argecause decoding can be implemented offline and the decoding
less, but with block size 1024KB are more. Wh|le_ en_codmgme would be greatly decreased by code optimization or
the block number will be small when the block size is |ar9§ssembly programming. Therop rate in this paper can be

for a fixed size content. Small block number will lead Qedyced to zero by sending the coefficients of a block first, an
high probability of receiving dependent blocks and highpdronen delivering its body only if its coefficients indicateatfit is

rate. So system using network coding with too large blogknovative. However, this strategy needs one more hanéshak
size performs worse than non-coding system. Moreovereif tfor delivering every block. Its benefit may be counteracted i
drop rate reache8%, it is very likely that system performs ihe case of londrop rate e.g. less thai3% in our system.
worse as links are paused more frequently, which incurs poor, the future, we will research the effect of separating
transmitting efficiency among peers. Therefore, 256KB Maje coefficients and data in our system, the benefit of sparse

be an appropriate block size for our system. On the contraphding for robustness versus non-coding system, and the
the change of block size has little influence on the perfoma"‘performance of our system in the PlanetLab.

of the non-coding system.
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