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Abstract— Network tomography infers internal network char-  not only with multicast and unicast but also with network
acteristics by sending and collecting probe packets from t coding capabilities [7]-[9]. Our approach can be summarize
network edge. Traditional tomographic techniques for geneal o5 follows. Given a selected set of sources, an orientation
topologies typically use a mesh of multicast trees and/or ueast algorithm determines the paths to be foIIowed by probes, so
paths to cover the entire graph, which is suboptimal from the 9 . P . y P .
point of view of bandwidth ef ciency and estimation accuragy. @S to avoid cycles, and the nodes that will serve as receivers
In this paper, we investigate an active probing method for lnk Then, sources send appropriately chosen probe packets; in-
loss inference in a general topology, where multiple sourseand  termediate nodes linearly combine incoming probes (over an
receivers are used and intermediate nodes are equipped with appropriately chosen nite eld) and multicast the outpet t
network coding, in addition to unicast and multicast, capalilities. I ing links: I . th b d th
With our approach, each link is traversed by exactly one packt, all outgoing 'n, S, nally, rece.'vers use the number ar‘ e
which is in general a linear combination of the original probes. content of received probes to infer the loss rates of alkirte

The receivers infer the loss rate on all links by observing no links. The following example illustrates this operation.
only the number but also the contents of the received probesn

this paper: (i) we propose an orientation algorithm that creates

an acyclic graph with the maximum number of identi able edges

(ii) we de ne probe combining coding schemes and discuss s@m

of their properties and (iii) we present simulation results over

realistic topologies using Belief-Propagation (BP) algathms.

. INTRODUCTION

Network monitoring is a necessary component of the di-
agnosis and operation of any network. Monitoring link loss
rates, in particular, is a useful input to various controtl an
traf c engineering decisions at the network and applicatio
layers. Over the past decade a signi cant research effat ha
been devoted on a class of monitoring problems, known as
loss tomography, which aim at inferring link loss rates gsingg 1. Example of a general topology (based on Abilene). dfar source
activeend-to-endneasurements, i.e., probes sent and collectgdde 1), we show the orientation of edges, the resultingiver (node 9)
from/at the network edge [1]-[4]. One of the attractive afind the possible paths from the source to the receiver.
tributes of tomography is that it does not need the cooritinat
of internal nodes, which may be dif cult or impossible in der Example 1:Consider the con guration shown in Fig. 1: it
networks with distributed control. is based on the Abilene backbone topology [11] and consists

Although there is a very good understanding of this probleof 10 nodes andl5 edgesE;::E15; our purpose is to infer
for tree topologies [1], link loss tomography over generahe loss rates on each edge. If nddis used as a source, the
graphs with an arbitrary structure is a challenging problerarientation algorithm of Section Il selects nofleas receiver
The existing approaches for general graphs use multiple mahd 7 pathsPy;:::P7 from nodel to node9 so as to avoid
ticast trees and/or multiple unicast paths to cover the oitw cycles. Once the orientation is determined, several prabes
graph, and then combine the link loss rates estimated frem #ent from the source and collected at the receiver.
different paths/trees [2]-[4]. These approaches are gubap  In each experiment, the source sends prohex, andxs
with respect to the following optimality criteria: (i) howany to the outgoing edges, 2 and 3 respectively. Nodeg, 4, 6,
links of the network we can infer (identi ability), (i) howvell 10 simply forward their incoming packets to all their outgoing
we can infer them (estimation accuracy) and (iii) how manjnks. Node3 performs coding operations as follows: if within
probes we need to send (bandwidth ef ciency). a predetermined time-window it receives only probg it

In this paper, we explore a different approach, originallgimply forwards this packet; similarly if it receives onlygbe
proposed in [5], [6], which uses multiple sources and res. If, however, it receives botk, andxs, it linearly combines
ceivers and assumes that intermediate nodes are equipihean to create packet; + x3 and sends it through outgoing



edgeEg. Nodes5, 7 and 8 follow a similar strategy: if all the network. Employing this mode of operation over a network
links are functioning, nod& sends packeBx, + x3, node7 with cycles may result in probes getting trapped inside degyc
sends packet; + X2, and node3 sends packe®x; + x,. In the in a positive feedback loop that consumes network resources
network coding terminology, nod&s7 use coding coef cients without aiding the estimation process. The following exénp
[1; 1] and nodes; 8 use coding coef cient$l; 2]; clearly, the illustrates such a situation.
choice of coef cients plays an important role. Example 2:Consider again the network shown in Fig. 1,
From the content of the received probes, n@dean infer but now assume that the orientation of eddes and Eg
the state of the paths and eventually the state of the linkgere reversed. Thus edggs, Es, E7, andEg create a cycle
E.g. if it receives onlyxs, it infers that all paths from the between nodeg, 4, 5, and3. The probe packets injected by
sourceS have failed except for pat?,; therefore, edges nodes3 and2 would not exit this loop.
Es, Es, Eo worked and all other edges failed. Similarly, the To address this problem, one could equip intermediate nodes
receiver can infer the state of the links from any combimatiayith additional functionalities, such as removal of paeket
of received probes, assuming that the paths and coding schehat have already visited the same node. This is not practica
are properly selected. This is the goal of this paper. because it requires keeping state at intermediate nodésefu
This paper builds on our prior work in [5] (where wemore, such operations would need to be repeated for every set
introduced the idea of using network coding to improvef probes, leading to increased processing and complexity.
network monitoring) and in [6] (where we studied link loss |n this paper, we take a different approach. We assume that
estimation in tree topologies) and extends it to general®p we have the freedom to select -a small number of- nodes that
gies. Our approach uses exactly one probe per link and avoig$ act as sources or receivers of probe packets. We then
suboptimal combination of observations from differeneie propose an algorithm that, starting from a small set of s®urc
which can have been weaknesses of traditional tomographynigdes, selects a graph orientation and a set of receivehs suc
general graphs [2].However, our approach also faces novehat the resulting graph does not contain any directed sycle
challenges in dealing with cycles and link identi ability. ~ Simulations showed that the resulting number of receivers
The paper is structured as follows. Section Il states th@&m the proposed algorithm tends to be quite small. We
problem and discuss the challenges in dealing with cyclés afiscuss this approach in Section II1.
identi ability in general graphs. Sections Il and IV preg&  Gjven the identi ed graph orientation, we can estimate the
rst attempt to address them. Section VI presents simutatiQoss rate of all links in one direction. We can then reverse
results over realistic topologies and using a messageAgasshe orientation of all links, and the role of the sources and
estimation algorithm. Section VII concludes the paper.  receivers, to create again an acyclic orientation thatallto
Il. PROBLEM STATEMENT AND CHALLENGES estimate the loss rates of the links in the opposite diractio

Consider an undiregted graph = (V;E) whereV _is B. Challenge II: Identi ability
the set of nodes anH is the set of edges corresponding to
logical links? connecting the nodes. Each lik2 E has a  Consider a grapke = (V;E), a setS V of sources and
loss probability (or rate) . associated with each direction,@ S€tR  V of receivers of probes. Assume that intermediate
which we are interested in estimating. We want to estimaf@des in the network are only allowed to perform linear
the link loss rate associated with both directions of alksin Operations over a nite alphabet.

We are allowed to use some nodes as sources and receiver®e nition 1: A link is said to beidenti able under a given

we assume that intermediate nodes are equipped with unica¥®nitoring scheme (choice of sources, receivers, interated
multicast and network coding capabilities; we want to infer node operations) if its associated loss rate can be reliably
loss rate on every edge based on observations on the receivgferred from the measurements observed at the receivers.

Link loss inference in general graphs faces several novsltree networks, we have derived identi ability criterianch
challenges. Here, we discuss two of them. proved that it is sufcient for intermediate nodes to simply
. erformxor operations [5]. However, in general graphs, even
A. Challenge I: Graphs with Cycles iﬁ:there are nopcyclesgor[ gperations are gno Iongegr sgf cient.

In our approach, intermediate nodes simply combine theirExample 3:Consider the network and edge orientation
incoming packets and forward them towards all their outgoirshown in Fig. 1, but now assume that intermediate nodes are
|inkS, in a distributed manner, and without a glObal view Oén'y allowed to doxor Operations_ Notice that pat[‘R‘g and

1Comparison to traditional tomography is out of the scopehig short Pl oyerlap twice: on edgEg, and later Or? edgEg. It all
paper. Here, we assume that the network under study is esgliipigh unicast, INks in both paths function, theor operations cancel each
multicast and network coding capabilities, and we look fue best way to other out, resulting in the same observation with the caak th

exploit these capabilities for link loss tomography. Clgaretwork coding ; ; ;
does not come for free and is not implemented in the routetaytoneither both paths are dlsrUpted' More speci Ca”y’ the fO||0WIW[Zpt

is multicast. However, network coding is gaining momentunwireless and €VENts become indistinguishable:

overlay networks and we expect it to be part of these netwirkke future. (I) all edges functionnnode 5 receives packekg through

2Logical links result from combining several physical linkscascade into
a single link, and thus lead to a graghwhere no vertices have degree two. edgeE7 and packek; + x3 through edgég, and sends

It is well-known that only logical links are identi able. packetxs through edgeEg to the receiver



Algorithm 1 Orientation Algorithm:  Given graphG = sources contain links to other sources. In this case, onleeof t
(ViE) and sendersS ~ V, nd receiversR  V and sources will also need to act as a receiver, i.e., we allow the
orientation8 e 2 E, s.t. there are no cycles and all edgesetS of sources and the set of receivésto overlap. In the

are identi able. main part of the algorithm nodes are divided in three sets:
1 for all edgese=(s;v2) 2 S do SetV; contains nodes that have been already visited and
2. Set outgoing orientation ! v, have orientation already assigned to all their attached
3: end for _ _ _ edges. InitiallyV; = S.
4: R =1s2 S that have incoming oriented edggs SetV, contains nodes that are one edge away fi\m
5 Vi=S; These are the next candidates to be added; to
6: V2= fv2 2V Vp:sit: Qedge(vi;vz) from vy 2 Vig The remaining nodes are either receiveRs, or nodes
7 while V> 6 ; do _ _ that have not been visited yo6 = V. Vi \, R.
8: Identify and exclud§ receivers: nd 2 V, without

In each step of the algorithm, one node2 V; is selected, all
its edges that do not havg an orientation are set to outgoing,
ber of edges with unset orientation andv isaddedtd/; Vi fv g. Notice that the orientation
_ ) - . of edges going fronv; to V; is already set. However, a node
10: Find nodesU,  U; that have the minimum d|stanceV 2\l mav h dditional does- if it d h
from the source$. Choose one of thenv. 2 U,. 2 y have additiona unset edges; it § does not have
1. LetE =f(v:w)2E stw2V \ig unset _edges, then it be_co_mes_ a_reqeﬂer R _fvg.
1 for all edges(\'/ ‘W) 2 E do _ We include two heu_rlstlc criteria in the choice vf 2 Vs:
13: set direction t'w L w (|) we look at nodes with the smallest number of unset edges;
14 end for (||) if there are sevgral such nodes, then we _select the node
1. UpdateVi V; fv g W|_th the shortest d|stancg from the sourc@sif there are
16 UpdateVo f v,2V Vi: 9edge(viiva); vi 2 Vig still _sever_al _node_s,_we p|ck_ one at_ random. The rat!onale
17- end while e behind _cr|ter|0n (Q is tq a\{0|d <_:_re_at|ng too many receivers
: The rationale behind criterion (ii) is to create a set of path
with roughly the same path leng®iThe algorithm continues
until all nodes are assigned to eitheror V;.
) N L Lemma 3.1:Algorithm 1 produces an acyclic orientation.
5 or_wly receives packexs from its incoming Imks,_ and Proof: In each step, a node is selected and all its edges
again sends packgt; through ed-geEg to the rec.elver which do not already have a direction are set as outgoing. Thi
On the other hand, if we do as in Example 1, i.e. allowequence of selected nodes is a topological ordering. At any
coding operations over a larger alphabet and carefullycselgoint of the algorithm, there are directed paths from nodes
coding coef cients[1; 1] at nodes3; 7 and[1; 2] at nodes5;8, considered earlier to nodes considered later. A cycle would
then the above two events result in observing the distingfist if and only if for some nodeg andy; : v; is selected at
packets3x, + x3 and x3 at the receiver. This is a feasiblestepsj > i and the direction on the undirected edge;V;)

unset edgesR R frg; V., Vo f rg
9: Find nodesU; V., that have the smallest num-

(i) edgesE4 and E- fail and all other edges functiomode

solution but not necessarily unique. . is set tov;  v;. This is impossible: if there were an edge
We dIS.CUSS identi §b|llty anq codmg sche.me selection (ah,i;vj) it would have been set at the earlier ste@t the
phabet size and coding coef cients) in Section IV. opposite directionv; ! v;; therefore, the resulting directed
. REMOVING CYCLES graph has no cycle. However, there may be nodes without any

, i outgoing edges, which become the receivers. ]

Assume that we are given an undirected gréph (V;E), The key point that enables us to create an acyclic oriemtatio
where the degree of each node is either one or at least thige: 5 \ndirected graph is that the receivers are one of the
this is indeed the case when we consider only logical linkgy,iuts of the algorithm. Notice that a similar algorithrmca
Our goalis, starting from a set of nodes that act as serlers g formylated for the symmetric problem, when the receivers
V, to select an orientation of the graph and a set of receiVegsure given and the orientation algorithm produces a (reyerse
so that (i) the resulting graph is acyclic, (i) the oriefat qrjeniation and a set of sourcs so that there are no cycles.
allows the maximum number of links to be identi able, anqﬂowever, if bothS andR are xed, there is no orientation
also (iii) attempts to minimize the number of receivers.  gigorithm that guarantees the lack of cycles for all graphs,

We propose Algorithm 1, which achieves these goals Ryiihoyt introducing additional sources or receivers.
sequentially visiting the_vert|ces _of the_ graph, startimgnf Regarding identi ability, it is easy to see through expigi
the sources, and selecting an orientation for all edges®f {,sirycted examples that in a general undirected graph con
visited vertex. This orientation can be thought as IMposingsisting of logical links, and a xed given choice of sources,
partial order on the vertices of the graph: no vertex is @thit

before all its parent vertices in the nal directed graph. 30ne could use different criteria to rank the candidate so as to enforce

We now describe Algorithm 1. Linet 3 attempt to set additional desirable properties on top of identi abilitye used shortest path
from the sources to impose a breath- rst progression of tigerahm and

all I_|nks attaChe_d to the sources as outgom_g. If we allow %ths with roughly the same length. We could also optimizettfe alphabet
arbitrary selection of sources we may fall into cases whesie and/or the complexity and performance of the estimatigorithms.



there might not always exist a choice of receivers and ori-

entations such that all links are identi able. To maximize

the number of identi able edges, Algorithm 1 selects an

orientation such that each vertex that is not a source or a

receiver, has at least one incoming and at least one outgoing

edge. The proof that such an orientation achieves the cthime

goal is omitted here for lack of space. We further discusseiss Fi9: 2. Factor graph corresponding to the graph of Fig.1 asetior the
. L . belief propagation estimation algorithm.

related to identi ability in the next section.

IV. IDENTIFIABILITY AND CODING The alphabet size affects the bandwidth ef ciency, and is

For a given edgee of a graph, whether it is identi able desired to be kept as small as possible. The upper bound
or not, depends on two factors, the rst being the topologicdepends on the topology as well as on the choice of coding
structure and orientation of the network links, and the sdcocoef cients and is part of ongoing workin practice, we have
being the coding scheme (probe packet combining) employedticed through simulation that a random choice of the agdin
Given the set of sources, receivers and link orientation, weef cients over a eld with size larger than the maximum
can identify the set of path#® g that connect the sources tonumber of paths sharing an edge leads with high probability
all receivers. LeP (e) denote the set of paths that are routetb the maximum number of identi able links.
from a source to a receiver, and employ edgé&he receivers
can infer which of these paths were operating during a given V. LOSSESTIMATION ALGORITHM

experiment and which did not, by observing the received For our approach to be useful in practice, we need to
probes. This is the information that they can use to inféet linemploy a low complexity algorithm that allows to quickly
loss rates, together with the knowledge of the topology ar@timate the loss rate on every link from all the observation
the way these paths overlap. It is obvious that two edges at the receiver. Maximum Likelihood Estimator (MLE) is
ande, are not identi able ifP(e;) = P(ez). We conjecture optimal but an ef cient implementation is currently known
that the inverse is also true. Notice that this is a conditon only for multicast trees [1]. Because MLE is quite involved
the structural properties of the graph itself. for general graphs, especially, large ones, we use a sutalpti
We additionally require intermediate nodes to employ & suiiigorithm instead; in particular, we use a Belief Propamati
able probe packet combining scheme. We call such schenBp) approach, building on the work in [10]. We briey
probe codingschemes, and we say that a probe coding scheg@nmarize this approach in this section and we evaluate its
is valid, if it leads to the maximum possible number Oberformance through simulations in Section VI.
identi able links, which is determined by the structure of Following the approach in [10], the rst step is to create
the graph. Unlike tree con gurations, the probe coding ovehe factor graph from the original graph. Fig. 2 shows the
a general topology may need to perform operations usingetor graph for the example network shown in Fig. 1. This
larger alphabet, as we discussed in Example 3. In this papera bipartite graph: on one side there are the links (vagiabl
we restrict our attention to linear operations over nitdds, nodes), whose loss rates we want to estimate; on the otter sid
i.e., additions and multiplications. We will say that a awgli there are the paths (function nodes) that are observed oy eac
scheme over a nite eldFq employs analphabet of siz&l.  received probe. An edge exists in the factor graph between a
Assume that receiver nodes only have incoming edges, antk and a path if the link belongs to this path in the original
let ex be an edge adjacent to a receirer ThenP(er) is graph. Note that, unlike tree topologies considered in,[k0]
the set of paths that connect sources to recévemnd have general topologies there might exist multiple paths fomgve
er as their last edge. We say that a probe coding schemesifurce-receiver pair.
valid if, by observing the received probes from edgeat a  The second step is belief propagation. Each received probe
given experimentR can determine which of the (er) paths triggers message passing in the factor graph and results in a
were functioning during this experiment and which were nogstimate of link loss probabilities. The estimates fronfiedént
For valid coding schemes we can derive the following loogstobes are then combined, using standard methods [10], to
lower bound on the required alphabet size. provide an estimate”¢) for the actual loss probability ¢)
Lemma 4.1:Let G = (V;E) be acyclic and leP, denote of every linke2 E.
the maximum number of paths sharing an incoming edge ofThjs is essentially a parameter estimation problem, and the
any receiver, i.e., Pm =maxe, P(€r). Then the alphabet quality of the estimation for a singge link is captured by
sizeq is greater than or equal @, . the mean-square errMSEe = 5 (i %), over
Proof: Assume that one of thBn, paths is functioning k realizations. To summarize the quality of the estimation
while all the others are not. Since two paths cannot overlap
in all edges, there exists a set of edge failures such that thi*Using the Sparse Zero Lemma we can show that there existsdavith
event occurs. For the receiver to determine which of Rhe sizeq > L m Wh_ich guarantees identi ability, where _is the ma_x_imum
paths is functioning it needs to differentiate between aste number of links in the set of patiB(er) for every receiverR. Intuitively

> this means that we need to distinguish amang such possible events. We
P distinct values. B are currently working on tighter bounds and randomized rapdichemes.
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across all linkse 2 E, we use an entropy measueNT (b) All possible placements of two sources
at captures the residual uncertainty across all llBKST =

wE |Og MSE, [6] These are the metrics we report in ou Fig. 4. Running the Orientation Algorithm on the Exodus topg.

. . . . Topolo Srcs-Recvs Codin Links / | Paths /| Edge Disj.
simulations in the next section. pology pointsg Path Link pa?hs )
Abilene f 1g-f 9g 4 3.85 18 3
VI. SIMULATION RESULTS T5g-T 69 ) 3.71 1.73 3
. 7997 2 a 428 2.0 2
A. Network Topologies fl?%_f%g 5 355 173 7
We used two realistic topologies, namely the backbones [351% > 4 213 1 4
) 9Ies : _ : 60 4g 5 3.25 173 Z
of Abilene and Exodus shown in Fig. 3. Abilene is a high- 1597 7g 5 32 2.13 5
speed research network operating in the US and informatiop___ Ié§4hl§}f3?§4@ o S 1o
about its backbone is available at [11]. Exodus is a large ' : TABLET '
commercial ISP, whose backbone map was inferred by th@roperTiES OF THE ORIENTATION GRAPHS PRODUCED BALG.1FOR
Rocketfuel project [12]. Both topologies were pre-proeelss DIFFERENT TOPOLOGIES AND CHOICES OF SOURCES

to create logical topologies that have degree at least 3. For

Exodus, nodes with degréewere merged to create a logicalpaths/receiver. The following observations can be madst,Fi
link between the neighbors while nodes with degree 1 wetige number of receivers produced by our orientation algorit
ltered; the resulting logical topology contairg8 nodes and is indeed very small, as desired. Second the number of
105links. For the Abilene topology, due to its small size, itinks per path is almost constant, because by construction
addition to some links in tandem merged, more links wete orientation algorithm tries to balance the paths lemgth
added; the modi ed topology comprises &0 nodes andl5 Third, the paths/receiver and paths/link metrics, whidecf
links, and is the one shown in Fig.and used as an examplethe alphabet size and the quality of the estimation, can be
throughout this paper. high; however, they decrease by orders of magnitude for
con gurations with a few receivers; these should be chosen
in practice. Finally, Table | considers different choicels o

In Fig. 4, we consider the Exodus topology and we rugyrces in the two topologies and shows some properties of
the orientation algorithm for all possible placements o€ ony,e produced orientation.

and two sources; we call each placement an “instance”. We
are interested in the following properties of the oriemati C. Results on Belief-Propagation (BP) Inference

produced by Alg.1: This section presents results on the quality of the link loss
the number of receivers: a small number allows for localstimation for different assignments of loss rates to thksli
collection of probes and easier coordination. of the two considered topologies. The BP algorithm is used
the number of distinct paths per receiver: this affects thgr estimation in all cases. For our simulations the linkskess
alphabet size and it is desired to be small. on different links are assumed independent, and may take
the number of paths per link and links per path: these afrge values as they re ect losses on logical links, conipgis
fect the performance of the belief propagation algorithnaf cascades of physical links, as well as events related to

Fig. 4 shows the above four metrics, sorting the instancesngestion control within the network.

rst in increasing number of receivers and then in incregsin In Fig. 5, we consider the modi ed Abilene topology with

B. Results on the Orientation Algorithm
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g 71,99 7g 189.3 | 1739 | -1665 | -180.3 | -171.7 | -156.2
Y 100 3,60-f 99 -186.2 | -176.2 | -171.3 | -177.8 | -166.7 | -151.4
9,60-f 49 -186.9 | -174.1 | -169.5 | -178.7 | -173.2 | -165.4
120 15979 -199.8 | -190.6 | -180.9 | -184.4 | -172.3 | -166.9
140 f1,4,1@-f 99 -186.4 | -183.9 | -178.3 | -1823 | -177.3 | -173.2
I —— TABLE TT
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(b) Estimation for the entire graph: ENT )

metric vs. number of probes
Fig. 5. Estimation of loss rates for the Abilene topology atifferent loss
rates ('s) across links: loss rates have been assumed inversepogional VIl. SUMMARY AND FUTURE WORK

to the link bandwidth, as reported in [1117% average loss rate on average). | this paper, we studied the problem of link loss to-
mography in general graphs that are equipped with unicast,
multicast and network coding capabilities. We investidate
several aspects including: identi ability as a function thie
topology and of the code design, orientation algorithms to
avoid cycles, suboptimal estimation using belief-propiaga
Future work will (i) further investigate code design to impe
identi ability and estimation and (ii) compare our methaal t
traditional tree/path-packing approaches in generallggap

Entropy

REFERENCES
-180
O s B [1] R. Caceres, N. G. Duf eld, J. Horowitz and D. Towsley, “Muoast-based
) . . . inference of network-internal loss characteristias’JEEE Trans. on Inf.
Fig. 6. Abilene topology with same on all links and one source (at 1). Theory vol. 45, pp. 2462—2480, 1999

[2] T. Bu, N. Dufeld, F. Presti, and D. Towsley, “Network toography on
general topologies,in Proc. ACM Sigmetrics, 2002

; ; ; [3] M. Rabbat, R. Nowak and M. Coates, “Multiple source, riplét desti-
loss rates inversely proportional to the bandwidth of thieac nation network tomography'n Proc. of IEEE Infocom 2004

links. We see that the estimation error for each link (MSH) an4) m. Coates and R. Nowak, “Network loss inference usingcast end-
for all links (ENT) decreases quickly with increasing numbe to-end measurementsTTC Seminar on IP trafc, Measurements and

; ; ; ; Modeling Monterey, CA, Sept. 2004.
of probes. In Fig. 6 the same topology is considered but wi C. Fragouli, A. Markopouloui, “A network coding approash overlay

the same on all links. As expected, ENT decreases with the" network monitoring”,in Proc.of 43rd Allerton Sept. 2005.
number of probes, and convergence is faster for lardger [6] C. Fragouli, A. Markopoulou, R. Srinivasan, S. Diggaletwork Mon-

However. the estimation error is |arger for IargB which is itoring:‘ It Depends on your Points of Viewih Proc. of ITA Workshop
! ! San Diego, CA, Jan. 2007.

due to the behavior of the belief propagation algorithm.  [7] . Fragouli. J. Widmer and J.Y. LeBoudec, “Network caglimn instant
A . . . primer”, in ACM SIGCOMM CCRvol. 36(1), Jan. 2006.
Similarly, Fig. 7 _ShOWS. the estmauon error ENT for th?B] R. Ahlswede, N. Cai, S-Y. R. Li, and R. W. Yeung, “Networormation
Exodus topology with uniformly assigned loss rates. ow,” IEEE Trans. on Inf. Theorywol. 46, pp. 1204-1216, July 2000.
. . 9] S-Y. R. Li, R.W. Yeung, and N. Cai, “Linear network codihdEEE
Finally, Table Il shows the results for a different numbe[r] Trans. on Inf. TheorwogL 49, 2003, hd
and different placements of sources in the Abilene topalodyo] Y. Mao, F. R. Kschischang, B. Li and S. Pasupathy, “A dacgraph

i approach to link loss monitoring in wireless sensor net&grin IEEE
The case of one source placeq o, d|scu_ssed as an example JgpAC vol. 23, pp. 620,820, Apr?l 2005,
throughput the entire paper, is shown in the rst row of th@ 1) The Abilene Research Networkitp:/abilene.internet2.edisf
table. One can observe that using more sources decrease$1#ieN.Spring, R.Mahajan, D.Wetherall, “Measuring ISP @mies with
total estimation erroENT . Rocketfuel,”in Proc. of ACM SIGCOMM 2002



