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ABSTRACT

Existing empirical studies of Internet structure and patipprties
indicate that the Internet is tree-like. This work quansifibe de-
gree to which at least two important Internet measures-régte
and bandwidth—approximate tree metrics. We evaluate dlityab
to model end-to-end measures using tree embeddings byllgctua
building tree representations. In addition to being singid in-
tuitive models, these trees provide a range of commonlyired
functionality beyond serving as an analytical tool.

The contributions of our study are twofold. First, we inigate
the ability to portray the inherent hierarchical structafé¢he Inter-
net using the most pure and compact topology, trees. Sewand,
evaluate the ability of our compact representation toitatd many
natural tasks, such as the selection of servers with sheridg or
high bandwidth from a client. Experiments show that thesksa
can be done with high degree of success and modest overhead.

Categories and Subject Descriptors

C.2.1 [Computer-Communication Networks]: Network Archi-
tecture and DesignNetwork topology, Internet

General Terms
Algorithms, Design, Experimentation, Measurement, Rerémce

Keywords
Sequoia, Internet topology, tree embedding, latency, watid

1. INTRODUCTION

Understanding the fundamental structure and propertitsgé
and complex networks such as the Internet can be a daunshg ta
The internal structure of the Internet is intentionally ded from
its users, providing full, seamless end-to-end connegtivFur-
thermore, internal routing decisions are affected by cemjind
dynamic policies and rules that are hard to predict and model

Previous work has looked at various features of the Inteyragth,
and proposed theoretical models to describe its evolverfaiut-
sos et al. [10] discovered that Internet router connegtiolieys a
scale-free distribution governed by a simple power law. aBasi
and Albert [4] then developed an evolutionary model of pefie
tial attachment, which can be used for generating toposogigh
power-law degree distributions.
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A fundamental property that stems from these works is the in-
herent tree-like structure of the Internet. Indeed, it waseoved
before that the core of the Internet is built essentiallyaiyeks [38,
40]. At the core, we find a densely connected set of high degree
routers. Since these routers are powerful computers oreected
with high-bandwidth links, at a coarse grain, they look kksingle
root node. Dangling from the core are other routers whos-int
connectivity is fairly sparse. At the endpoints, home userd
businesses connect locally to ISP gateways. Consequthdlget-
work is inherently hierarchical in structure. These treadseven
more pronounced when considering the metric of availabielba
widths. For any graph structure, it is well known that the nicet
of bottleneck-edge along shortest paths forms a hieraalthisep-
arated tree.

That said, it should be noted that the Internet is in no wayra pu
tree. Direct peering interconnects are common between &gk,
routes often do not optimize end-to-end latency or bandwidhis
often results in triangle inequality violations [44], andaatiori,
treeness violations. Nevertheless, our study ascerta@satskele-
ton tree prevails and dominates end-to-end measures taancer
degree of accuracy.

In addition to the above observations, we can rigorousiytifya
the treeness of Internet measures such as latency and latihdwi
We empirically study end-to-end measures from three dstase-
ing a rigorous measure of treeness we introduced in [1]. Th&m
sure, calleddPC-¢, gives a value in the range..1], where at one
end Q) is a perfect tree metric, and at the oth&) &n arbitrary
metric space. Our evaluation of these real-life measuré&men
veal encouraging closeness to tree metrics. More than 80%bds
quadruplets we test exhibit &PC-¢ value of.4 or less. For a san-
ity comparison, note that a random graph, a Euclidean spacka
scattering of nodes on a sphere all have more than 30% quetirup
with 4PC-¢ of .5 or higher.

Our interest goes much further than merely describing thés p
nomenon. Luckily, there is a strong provable relationstaween
the 4PC-¢ measure of a metric and the ability to embed it in a
tree [1]. By embedding, we refer to the mapping of nodes onto
leaves of a virtual tree, whose inner nodes are virtual pcamid
whose edge weights are carefully selected so as to represgiat
nal graph measurements. We take advantage of these resdilts a
produce in this work methods for approximate tree embedding
Note that we do not attempt to discover actual gateways andng
but rather strive to build a “virtual” model through lighteight,
end-to-end mechanisms.

Our construction techniques are an important part of outrcon
bution. They are rooted in a perfect tree-metric procedwiréch
starts with a full set of measurements of pairs of endpoirtsf
a tree metric space and constructs a tree that perfectlgsepts



d(w,x)+d(y,z) < d(w,y)+d(x,z)

d(w,z)+d(x,y)

Figure 1: Four-Points Condition: For any four nodes and the three
sums of distinct pairs of distances between them, the highiesum is
equal to the second highest iff the nodes and distances are beddable
in atree.

them [5]. Our tree construction protocols include seveuaktan-
tial modifications to that procedure. First, we work with Faure
tree metrics, and accordingly, develop strategies to eethe (in-
evitable) distortion error of the embedding. Second, werikgu
cally reduce the number of end-to-end measurements reljigre
the construction in order to accommodate partial measurenaad

reduce measurement overhead. Third, we employ some tree bal

ancing rules in order to enhance the efficiency of servicasdte
implemented on our trees, e.g., closest hode selectioniatathde
labeling. Fourth, we found it to be highly beneficial to mainta
small number of trees, tuned in different ways, and pick &t bne
as needed. These techniques adapt fundamental technigues f
graph theory for practical deployment.

The outcome of the above is an elegant and unified method for

representing both latency and bandwidth as trees. We bsilsa
tem called Sequoia that takes as input a set of pairwise@edd
network measurements, and quickly embeds them into a eollec
tion of trees. Sequoia trees provide a strikingly intuitispologi-

cal decomposition of the Internet, and facilitate a hostevfices
including distance approximation, closest neighbor sielecand
topologically-aware clustering, which can be readily iempknted
through easily-decentralized, light-weight mechanisms.

This paper presents a comprehensive evaluation of Sequeia o
three datasets. It demonstrates that Sequoia is resitielation
of the triangle inequality condition in network measuredertates
non-availability of some measurements, and shows goodlsiigl
with increasing number of hosts.

The rest of the paper has the following organization: SacZio
provides some background about tree metrics and makes &case
embedding network measures on trees. Section 3 then describ
the Sequoia system in detail while Section 4 evaluates S2quo
Finally, we discuss suitable applications and related vior&ec-
tions 5 and 6 and conclude in Section 7.

2. BACKGROUND AND INTUITION

The key intuition behind this work is that Internet path meas
such as bandwidth and latency are approximate tree methics.
this section, we provide some background about tree medrids
present intuitive and analytical arguments to back up titistion.

2.1 Tree metrics

Consider a seD of pair-wise measurements of some network
path measure, say latency or bandwidth, between & s&ft net-
worked hosts. This set of measurgsis a tree metric if there
exists a tre€l” with non-negative weights such that C 7' and

d(B,C) > d(AB) = d(A,C)
d(A,B) > d(A,D) = d(B,D)
d(C,B) > d(C,D) = d(B,D)

Figure 2: Tree Showing an Ultra-Metric: Hosts B and C with a com-
mon ancestor to A have the same distance to A. Similarly for Aad B
with respect to D.

dv(u,v) = dr(u,v) forallu,v € V, whered(u, v) anddr(u, v)
represent the pair-wise path property. In other words, afseea-
sures is a tree metric if it can be derived from distances oee t
that is, it can be embedded on a tree. Note that in the above defi
nition, the treel” may have additional nodes not present in the set
V.

There is a convenient condition called ffaur Points Condition
(4PC) to verify whether a set of measures is a tree metric fdiure
points condition states that for any four hosts w, x, y, anddered
such thatd(w, z) + d(y, z) < d(w,y) + d(z,z) < d(w,z) +
d(z,y), d(w,y) +d(z, z) = d(w, z) + d(z,y). A set of measures
is a tree metric if and only if every set of four hosts satisfles
4PC. Figure 1 illustrates the four points condition graphyc

Another form of tree metric that is useful for modeling netkwo
path measures is thétra metric. An ultra metric embeds network
hosts into a hierarchically separated tree, where disthat@een
a pair of nodes depends on the closest common ancestor of the
nodes. That is, all pairs of hosts with the same closest cammo
ancestor have the same distance. Note that, once agairrethe t
might include additional hosts not present in the set of mness
An ultra metric is a stricter form of tree metric in that everyra
metric is a tree metric while the converse is not always true.

Similar to tree metrics, there is a convenient conditionenfy
whether a set of measures is an ultra metric. This conditialted
the Three Points Condition (3PC), states that for any three hosts X,
y, and z ordered such thdty, z) < d(z,z) < d(z,y), d(z,y) =
d(z, z). A set of measures is an ultra metric if and only if every set
of three hosts satisfies the 3PC. Figure 2 illustrates aa mitrtric
and the three points condition graphically.

Note that the above definition of the three point condition ap
plies to measures such as latency where smaller values aee mo
desirable than larger values. The corresponding 3PC fahvaaith
would state the converse, that is, in any triplet, the twolena
bandwidths are equal.

2.2 Bandwidth and latency as tree metrics

We first argue why tree metric is a fitting representation tord
width. We do this by presenting two hypothetical network eled
in which bandwidth measures turn out to be exact tree metrics
Best-bandwidth networks: Consider a network of hosts connected
by routers and gateways where the path used to route paakets b
tween two hosts is the best-bandwidth path, that is, the with
the highest bottleneck bandwidth, where the bottleneckiwaith
of a path is the minimum of the bandwidths of each link in thiapa
We can trivially show that the set of bandwidths between the
end hosts in the above network is an ultra metric. Assume, for
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Figure 3: CDF of 4PC-s: The 4PC«s are mostly small indicating that
the datasets closely resemble tree metrics, whereas latéeg between
nodes distributed on the surface of a sphere have much biggdPC-s.

instance, that there is a set of hosts, x, y, and z v, z) >
d(z,z) > d(z,y) that violate the 3PC for bandwidth; that is,
d(z,z) # d(z,y). Then the patwu — z — y would have a
higher bandwidth than the current path, indicating thanigtsvork

is not using the best-bandwidth paths—a contradiction.
Edge-bandwidth networks: Consider a network of hosts con-
nected by routers and gateways where the last-mile acadss li
have lower bandwidths than the links at the inner core. T$ahe
bottleneck bandwidth between two end hosts only dependben t
bandwidths of the access links connecting the two end hogteet
network and is totally independent of what routing polices used
for finding the paths. Then, this is a special case of besthiith
networks (all routes from A to B have the best bottleneck band
width since the bottleneck occurs at the access link), ai@it&ds

a fortiori here.

The Internet, of course, does not always satisfy the abowd mo
els. In fact, the first scenario of best-bandwidth networky arise
only in rare instances: for example, when a CDN such as Akamai
uses the best-provisioned paths in an overlay netvofle sec-
ond scenario, where the path bandwidth depends on the lkst-m
access links, is more common. Hu et al. [16] report that, & th
Wide-Area Internet, 60% of paths between random end hosts ha
the bottleneck in the first or second hop. This property ineve
more prevalent in broadband networks as shown by a recent mea
surement study by Dischinger et al. [9].

If these simple models hold globally we could model bandiwidt
in trivial ways—for example, by just keeping track of the Han
width of the access link. In practice, however, networks/ aat-
isfy them approximately, motivating the need for more sophisti-
cated models explored in this paper.

A different intuition is required to understand the treenefend-
to-end latency, which depends on all the components in the pa
Here, it is useful to look at the graph structure of the nekwadhe
hierarchical organization of the Internet, with differéiets of ISPs
(Tier 1, Tier 2, etc.), is well known and has been empiricadyi-
fied by several studies [38, 40]. These studies show tha¢reat
the core are densely connected—as Tier 1 ISPs have manygeeri
relationships with each other. Whereas, routers in the edge

! Akamai have their own proprietary detour routing servickech
SureRoute [46]. However, we are not aware if the routes atie op
mized for bandwidth.

works can be picturized as dangling away from the core sig€ss |

in other tiers mostly have hierarchical, provider-consure&ation-
ships between them. The result is a jelly-fish-like strueti40],
where most Internet routes start at the edge, go up the tigtdra-
verse the core, and descend down, leading to a phenomenam kno
asvalley-free routing [38].

In practice, the evident hierarchical organization of in& routers
does not translate to a strict tree since the peering raktiips be-
tween ISPs are quite complicated; the core has many shat cut
peer-to-peer relationships exist even outside the corm,sanon.
Further, a variety of sub-optimal routing policies contités to the
violation of symmetry and the triangle inequality conditisequi-
site properties of a tree (or any) metric.

Hence, we performed an empirical study to quantify how close
Internet measures actually are to tree metrics, which weepite
next.

2.3 Analysis of the tree-ness of the Internet

We quantify the fit of a set of measures to a tree metric by mea-
suring how well it satisfies the four points condition. We @se
parameter called théPC-¢ originally introduced in [1] to quan-
tify the deviations from 4PC. The 4PCfor a set of four nodes
w, X, ¥, and z ordered such thdfw, z) + d(y,z) < d(w,y) +
d(z,z) < d(w,z) + d(z,y) is the one that satisfies the equation
d(w7 Z)_‘_d(xv y) = d(w7 y)-l—d(l‘, Z)+2€m1n{d(w7 l’), d(y7 Z)}

The paper [1] provides more intuition about this definition.

The distribution of 4PGs show how close a network measure
is to a tree metric. The 4P& are zero for a perfect tree metric
and at most one for an arbitrary metric. When the distancgatei
the triangle inequality condition, the 4PCzan even be larger than
one.

We compute the distributions of 4P&Gfor three realworld datasets:
1) a UC-PlanetLab Latency dataset of round-trip times between
PlanetLab nodes measured at University of Cincinnati [23]a
Cornell-King Latency dataset of latencies measured between DNS
servers using the King technique [14] at Cornell Univer§ty],
and 3) aHP-PlanetLab Bandwidth dataset of available bandwidth
measurements between PlanetLab nodes collected at HP3Hbs [
using the pathChirp tool [33]. Table 1 summarizes the detdbut
these datasets.

Figure 3 shows the CDF 4P&- for each dataset. The 4PC-
e values are sometime greater than one because the datagets ha
many violations of the triangle inequality condition, rdnyg 15 to
40 % of the triplets as shown in Table 1. We restrict the x-axis
between zero and one for clarity. Overall, the 48Care small,
over 80% of values are less than 0.2 for UC-Planetlab and HP-
PlanetLan datasets and less than 0.4 for the Cornell-Kitasda
The tail, however, is quite heavy, especially for the CdrKahg
dataset. We found that the larger 4le@alues mostly come from
triangle inequality violations.

To put these numbers in perspective, we also show the distrib
tion of 4PCes for a metric of latencies on the surface of the earth
(approximated as a sphere), as would be the case if the iesenc
between Internet hosts were based on their geographid¢ahdes
This curve in Figure 3 was computed by sampling the shortsst g
graphic distances betwe&n00 random points on the surface of a
sphere. Not surprisingly, the distribution of 4R€for geographic
routing shows much less resemblance to a tree metric themcias
on the Internet.

2.4 Assumptions

Overall, the above intuition and analysis indicates thatrep-
imating Internet path measures as tree metrics is a prognégn



proach. Certainly, this approach makes a few assumptiang éte
path measures. Similar to prior coordinates-based apipesd@, 8,
27] for modeling latency, this approach also assumes tleanéit-
work measure is a metric. The metric assumption impliesagtle
two properties: 1) the measures are symmetric and 2) the-tria
gle inequality holds. However, these properties do not ydweld

in the Internet. Policy-based routing (such as hot potatbcaotd
potato) that does not select shortest or bandwidth-opfpails and
transient overheads such as queuing delay lead to viotabisym-
metry and the triangle inequality condition.

Our approach, described in the next section, does not dlyren
address asymmetric network measures. However, it iseatild
triangle inequality violations and works well in their peese as
will be evident from our evaluation.

Finally, we are aware that the tetsandwidth often refers to re-
lated yet different measuresapacity, the theoretical maximum
bandwidth of a path in the absence of cross trafigjlable band-
width, the actual unused bandwidth at a given instant, antiile
transfer throughput achievable by a TCP connection [30]. The in-
tuition provided above as well as our approach and techaidee
scribed below apply well to any of these bandwidth measurbs.
dataset we use to evaluate our approach, however, measaied a
able bandwidth.

3. SEQUOIA

We next present Sequoia, a system that applies the abogatsisi
for embedding network measures such as latency and bardwidt
into trees. Sequoia strives to minimize distortion of eoethd
measures despite the fact that Internet latency and batidaie
not perfect tree metrics. Part of the effort is dedicatedatols pro-
viding network-aware functionalities such as path quatiyima-
tion, server selection, and hierarchical clustering toliappions.
The rest of this section provides an overview of Sequoiaildats
design, and describes how it supports the above functitsli

3.1 Overview

Sequoia constructs “virtuafrediction trees for a system of net-
worked hosts through end-to-end measurements. The poedict

pair is encoded in their labels. Each host hastance |abel

that encodes the path of the host to the lever and the corre-
sponding link weights. Two hosts can then infer their tree
distance (which in turn, estimates their true distance @ th
original metric). Note that this computation need not réder
other parts of the tree. For example, in Figure 4, hastéad

B have the distance labe)t andC the labelt. Two nodes,
say A andC, can estimate their distance by computing the
pathA,s,t,C from their distance labels.

Closest node discoveryA participating end-host can use the pre-
diction tree to discover a closest or best-provisioned peer
node by merely looking at its immediate vicinity in the tree.
For example, in Figure 4, host can find its closest peer host
B through a localized search. Alternatively, an externatend
host can use the tree to guide its search to find the best server
Such a search can start at the lever and direct itself in ége tr
along the path from the lever to the chosen server at the leaf.

Topological decomposition The prediction tree itself provides a
topologically-aware hierarchical clustering of hostsr Ex-
ample, in Figure 4, hostd and B being closer to each other
than hostC form a lower-level cluster.

3.2 Design

Given a full set of measurements of pairs of endpoints from a
tree metric space, the mathematical procedure for recanitg a
tree that perfectly represents them is well understoodvih that
procedure, if we start with a tree metric, we get a zero-disto
prediction tree. Sequoia’s algorithms for constructingdiction
trees are based on components of this perfect reconstydtic
differ in substantial ways. We first explain the principlésager-
fect tree metric embedding.

The algorithm starts with a fixed levét and adds nodes to form
a tree one by one. A host's position in the tree is determined b
the lever and one other node called #rehor. A host, sayB,

tree for a set of networked end hosts looks as follows: The end tries to maintain exact distances to the lefand its ancho; it

hosts form the leaf nodes and are connected via a network-of vi
tual inner nodes. The links in this virtual topology have gies
that model a network measure, that is, latency or bandwidth.

The inner nodes are virtual in the sense that they are intextiu
purely for modeling purposes and are not expected to haveealy
world associations. The tree topology also does not impy tie
end hosts organize into a tree-based distributed systenvirttual
trees could merely be an abstraction in the memory of a fewl or a
hosts in the system.

Sequoia designates an end host kever R for each virtual tree;
the lever could be any of the end hosts or a specially pravesip
landmark server. The lever acts as a reference for the tiaeist,
link weights are assigned such that the tree path from ther kev
an end host has the same distance as the real Internet patebet
the lever and the end host. Other distances on the tree nmigjattd
original end-to-end measures; our construction aims tamiae
such distortion. Figure 4 illustrates a virtual tree foetend hosts
and a lever.

Besides the benefit of obtaining a compact representatitimeof
given network, prediction trees provide a variety of use€uc-
tions.

Distance labels The prediction tree provides a convenient way to
label participating hosts so that the distance betweeryever

preserves the three distanesA, R), d(B, R), andd(A, B), by
introducing a virtual nodes in the existing tree path betweef
and R. Note that computing the distances frano R, A, andB
while preserving the real distances is straight forwardi(fstance,
d(s,R) =0.5-(d(A,R) + d(B, R) — d(A, B))).

In order to preserve zero-distortion for tree metrics, thehar
needs to satisfy the following condition: maximize the alite
d(s,R) on the tree [5]. This distandés, R) = 0.5 - (d(A, R) +
d(B, R) — d(A, B)) is called theGromov product and will be de-
noted ag§ A|B) r in the rest of the paper. This basic join algorithm
is illustrated in Figure 6.

While this algorithm works perfectly for a pure tree metffiar,
approximate tree metrics this algorithm has the followingiybem.
Every time a nodeB is added to the tree, the anchor points
positioned so as to preserve the joiner’s distances totiee ad to
its anchor. However, distances to all other nodes may bertist.
That distortion may be further intensified for a new nadehat
usesB as its anchor. Generally, distortion between a pair of nodes
will depend on the number of anchor points along the path &éetw
them. In order to guarantee lowest worst-case distortioa,needs
to form a particular joining order of the nodes so as to célsefu
choose the anchor points [1]. The theoretical bounds gin€t]i
were a good starting point for our algorithm, on which we tiert
refine in a variety of ways described below.
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Figure 4: Prediction Tree: An example prediction tree between three

end hosts and a lever. The link weights model path qualitiesush as
latency.

3.2.1 Anchor tree

Even though the above algorithm provides an elegant canstru
tion for prediction trees, it does not help in shaping thacttire of
the tree. Consequently, the resulting prediction tree nuayave a
nice balanced structure. For instance, if we start withadisés on
a linear chain of hosts, then the resulting prediction trdkalso
be a chain. This has profound impact on the scalability ofagir
proach because the cost of basic primitives such as distabeks
and server selection depends on the tree structure.

We propose an alternative, scalable abstraction calleahtier
tree. An anchor tree is simply a tree showing anchor relatiorship
of end hosts in the prediction tree. Figure 5 shows an example
anchor tree for the prediction tree in Figure 4. Unlike thedic-
tion tree, an anchor tree provides more opportunities tpeslits
structure. When choosing anchor points some priority cdgd
given to ensure that the resulting anchor tree will have saeably
balanced shape. Even in the adverse case where the distarces
induced by a linear chain, we can construct a well-balanoetia
tree.

The anchor tree and its corresponding prediction tree areagnt—
the former is just a more scalable representation of therlatt
provides the exact same distance estimates as the predictio
although computing distance is a bit more tedious. Just & in
prediction tree, the path from an end host to the lever sesges
the distance label in an anchor tree. Two end hosts can dstima
the distance between them based on their distance labelsn-A s
ple distance computation algorithm is to construct a pteatidree
(in memory) based on the anchor relationships encoded itwihe
distance labels and then use the prediction tree to estitmais-
tance.

A reasonably balanced anchor tree provides the followingiad
tages: First, it provides short distance labels that sdagesithmi-
cally with system size. Second, the paths from the lever &isho
are also short enabling efficient searches for best seriémnally,
unlike the prediction tree, an anchor tree is composed dntgal
hosts and can be directly used to construct a distributaersys

3.2.2 Best host discovery

The anchor tree representation also helps to reduce measuire
overhead during the construction of prediction trees. Nuig the
tree construction algorithm outlined earlier involved kieg step of
finding an anchor that maximizes the Gromov product. Thip ste
might involve searching through all hosts in the system aed-m
suring their distance to the joining host, @(.V) probing effort.

((&y4
R =©

Figure 5: Anchor Tree: An example anchor tree corresponding to
the prediction tree in Figure 4.

Sequoia instead uses the anchor tree to prune this searoh spa
and find a suitable anchor with fewer measurements. We fitst ou
line a general search algorithm on the anchor tree for findinhgst
that meets a general search criterion with respect to atthos
B. The search starts with the lever as tiaedidate host. It looks
at all the hosts within a certasearch_depth D from the lever and
measures their distance to the target host. The best hostthis
set is chosen as the new candidate and the search is repaéted u
no progress can be made. Finally, the search returns thadmsnh
the path from the lever to the last candidate. This seardrittign
is illustrated in Figure 7.

The search criterion in the above algorithm can be set argprd
to requirements. A simple criterion based on smallest tem
largest bandwidth enables server selection. Tree cotistnure-
quires the more complex criterion of maximum Gromov product
This criterion can reduced as maximutt, R) — d(A, B), where
B is the joining node because the third term in the Gromov pegd
d(B, R) is a constant during the anchor search.

The above search algorithm is a heuristic and is not guagdmnte
find the correct anchor or the closest or the best-provisiceever.

It is a practical trade-off to keep measurement cost lowitlbe
shown in Section 4, an effective one. The number of measursme
required by the search algorithm is also not bounded althouey
expect it to scale logarithmically on average if we boundrthm-
ber of hosts a node can anchor.

3.3 Practical issues

In this section, we discuss how Sequoia handles other major
practical issues.

3.3.1 Bandwidth representation

The previous discussion primarily talked about buildingdic-
tion and anchor trees for a distance (latency) measure. eTdrer
two choices for representing bandwidth on a prediction. tieee
first is to use prediction trees as a black-box for modeling e
proximate tree metric and represent bandwidth by treatirasi
a distance metric. The second is to build a bandwidth-sgecifi
prediction tree where the prediction tree will resemble &rau
metric tree, similar to Figure 2. One well-known way to build
bandwidth-specific prediction tree is to build a maximumigied
spanning tree (MST) between the hosts using bandwidthsilas li
weights and then define the distance between two hosts in 81 M
as the weight of the smallest weighted-link in the path [5].



Figure 6: ConstructTree Algorithm: Basic prediction tree construc-
tion algorithm that preserves tree metrics for a setV” of hosts.

: return tre€l” := constructTree(V \ {R}, R);

1

2:

3: function ConstructTree(V,R):

4: if |[V| > 1then

5: choose next hods € V

6 choose anchad that maximizeg A|B) r

7 add virtual node between A and R at distan€él| B) r

from R;
8: add nodeB at distancg A|R) g from s
9: T := constructTree(V \ {B}, R);
10: fi;
11: returnT,

12: end ConstructTree

Figure 7: SearchTree Algorithm: Basic search algorithm to find a
candidate host meeting some search criterion with respecbta target
host B using the anchor tree.

1: return candidat€' := SearchTree(R, B);
2:

3: function SearchTregC, B):

4: S :=all hosts at depttD from C' in the anchor tree;
5: (' :=best hostS that meets the search criterion;
6: if C # C'then

7: C := SearchTree(C’, B);

8 fi;

9. returnC;

10: end SearchTree

Sequoia chooses the first, black-box approach. We found it to ways may block the probes. We designed Sequoia to use mea-

have better accuracy than the second approach and easi@fyto u
the methodology for representing latency and bandwidtiwéver,
bandwidth has converse semantics compared to latency-etigh
better as opposed to smaller is better for latency. Henaguda
reverses the order of bandwidth measures by subtractifgreea-
sure from a high constant before tree construction and activig
predicted values from the same constant before providit@the
application. Note that, the choice of this constant doesaffett
the outcome of the prediction in any way. It just needs to lgh hi
enough to avoid negative values in the prediction tree.

3.3.2 Multipletrees

It turns out that the accuracy of the prediction tree depamds
the choice of the lever and its location in the network. ltasqble
that the chosen lever is not well-suited to demarcate ttegivel
positions of some hosts in the network, or the lever may netibe
to measure its distance to some hosts. To mitigate the imgfact
bad levers and network problems, Sequoia uses multipléqica
trees referenced at distinct levers. Choosing the meditardies
estimated from the trees then helps in removing the outhecs
improving the accuracy of prediction and server selection.

3.3.3 Triangleinequality violations

It is crucial for Sequoia to be resilient to triangle ineqtyaVi-
olations. First, observe that violations of triangle inaligy has
a simple effect on Sequoia’s prediction trees; they prochega-
tive weights on the links. This is because the Gromov prodant
be negative if the triangle inequality does not hold. Negalink
weights are not particularly a problem for computing dis&sion
trees since trees are acyclic (there are no negative-weygies).
Nevertheless, they might make a few distance estimatesrn co
out negative.

Sequoia corrects the above aberration and avoids negatkse |
weights by fixing the triangle inequality. It adds a large stamt
to each measured value before building the prediction mdesab-
tracts it back before presenting estimated distances tacappns.
Adding a large constant (similar to bandwidth represeomatdoes
not change the accuracy of prediction tree in any way. It Bimp
results in the Gromov product being higher by that constandt a
consequently avoids any negative link weights.

3.3.4 Non-availability of measurements

surements opportunistically wherever possible and to &ikawnt to
measurement failures whenever it occurs. Sequoia simplyrés
unavailable measurements; it sets the Gromov product tativeg
infinity if one of the component measurements is not avaslabi
the case that a host cannot measure itself to a lever, Segsesa
the other prediction trees referenced at different levers.

3.3.5 Changing measures

Finally, latency and bandwidth are dynamic measures ambeha
with time. At a high-level, Internet measures change at twwlé-
mentally different time scales. Inherent properties of #npsuch
as the minimum latency and maximum capacity, change onlyzwwhe
the path alters. Measurement studies show that Internks paé
typically stable for long periods (hours) and consequepittyide
ample window to adjust the models to these changes [24, 28, 43
On the other hand, instantaneous latency and bandwidtindepe
on unpredictable traffic patterns making it expensive tcstamtly
adapt to their changes.

Sequoia adapts to dynamic changes through periodic adgustm
Instead of modifying the prediction trees to reflect eacmgeait
maintains a sliding window of trees constructed at diffeténes.
Periodically, it constructs a new tree based on the oldexlipr
tion tree (at the same lever) but with new, updated measursme
Naturally, the periodicity of tree construction deternsew well
Sequoia can adjust to changes. Similar to other system2f4,
we think it is practical to reconstruct trees every few haatder
than minutes and capture the inherent properties of Interahs
well, rather than instantaneous values.

3.4 Architecture

Sequoia is conducive to be deployed in many ways. In this sec-
tion, we make a few remarks about the choices for Sequoiefs-ar
tecture.

Centralized service: Sequoia could be a centralized Web service
like iPlane [25], exporting a query interface to externaéerms.
Clients could query Sequoia to estimate a network property t
targeted host or choose the best server from a set of targist [&e-
quoia in turn could take advantage of opportunistic measants
reported by the clients or explicitly instruct clients tafoem mea-
surements to target hosts. This architecture might recads-
tional effort to keep the central servers responsive anitcdola.

Network measurements sometimes fail; a few hosts may not re- Partially centralized system: A better architecture for Sequoia is

spond to measurement probes, or firewalls and intermedéée g

to keep the participating hosts actively informed abouir therrent



Dataset Measure Technique | Hosts| Measurements A <> Violations
UC-PlanetLab| Latency Ping 125 15625 15%
Cornell-King Latency King [14] 2500 3123750 22 %
HP-PlanetLab| Bandwidth [ pathChirp [33]| 396 65077 40 %

Table 1: Summary of Datasets

“coordinates”, that is, distance labels. A centralized/setever-
ages measurements observed by the hosts, builds predfatidn
anchor) trees efficiently, computes the distance labetsjrdforms
the hosts. Hosts, in turn, can use the distance labels torperf
latency/bandwidth prediction and server selection inddpatly
without consulting the centralized server.

Fully decentralized system:Finally, Sequoia could be a distributed
system with no centralized server. The anchor trees pravictn-
venient distributed organization for such a deployment. o&th
could maintain neighbor relationships with other hoststsrpath
to the lever. The SeachTree algorithm in Figure 7 can be ctetre
into a network protocol for finding the anchors and best ssrve
through the above neighbor relationships (similar to pegreer
systems such as Gnutella [50]). Levers would serve as laptst
hosts that new hosts can contact to join Sequoia with levierés
compensated by other levers in the system. Finally, if anbbsts
fail then their parents in the anchor tree can take over ttodér
naturally.

4. EVALUATION

We next present an evaluation of Sequoia. First, we measwe h
accurately Sequoia represents the underlying datasetsn&ewve
examine Sequoia’s practical benefits for selecting theesloand
best-provisioned server. Finally, we discuss a few stratiprop-
erties of Sequoia trees and highlight their topologicatelations
with the real world.

The evaluation is driven by the three real-world datasets-(U
PlanetLab, Cornell-King, and HP-PlanetLab) mentioned ét-S
tion 2. Table 1 summarizes the properties of these data3éis.
datasets represent different network properties (twotatand one
available bandwidth) measured on geographically spreadiasts
in the wide-area Internet (two between PlanetLab [48] hasts
one, Cornell-King, between infrastructure (DNS) serverShey
are also of widely-different scales (125, 396, and 2500)astd
sometimes highly incomplete (only 40% of measurements in HP
PlanetLab). Finally, none of them is a strict metric as thaslets
have a significant amount of triangle inequality violatidog to
40% in HP-PlanetLab).

Our evaluations were performed on an implementation of Se-
quoia’s tree construction algorithms in C#. We construffedént
numbers of Sequoia trees with randomly chosen levers fdn eac
dataset and keep track and report the number of measurersents
quired to construct the trees. All numbers reported in thidisn
are based on the ConstructTree and SearchTree algorithmth) w
use selected, partial measurements from the datasets.

4.1 Accuracy of tree embedding

We first examine the accuracy of using Sequoia to model net-
work latency and bandwidth. We measaeeuracy as a distribu-
tion of the relative error: the ratio of the absolute differe be-
tween the predicted value from Sequoia trees and the true val
from the dataset, over the true value, thatdss(tree_value —
graph_value) /graph_value . In the presence of multiple Se-

2Keong Lua et al. [23] argue for the need to employ other messur
such agelative-rank loss to assess utility of a network positioning

quoia trees, the predicted tree value was taken as the meidiaa
values estimated from all the trees.

We validate the accuracy of Sequoia using Vivaldi [8], thélwe
known coordinates-based approach to model network lasnas
a benchmark. We used the Vivaldi simulator [49] built at Headv
University to embed the datasets into a three-dimensiomaddi-
nate system (2 Euclidean coordinates + height). For Viyaldiset
the number of neighbors to include all hosts for the two catgpl
datasets and 50% of hosts for the third, incomplete datasethe
number of iterations to match the size of the dataset so thtat b
Vivaldi and Sequoia would use a similar number of measurésnen
in the best case

Figure 8 shows the CDF of relative errors for Sequoia in refer
ence to Vivaldi for the two latency datasets: UC-PlanetLiig-
ure 8(a)) and Cornell-King (Figure 8(b)).

For both latency datasets, Sequoia’s accuracy is comgatabl
Vivaldi. Of course, Sequoia’s accuracy depends on the nuwhbe
trees used and, in general, improves with more trees. Théaum
of trees required to achieve a satisfactory level of acqudapends
on the size of the dataset; Sequoia 5 does well for the UCeRlab
dataset while Sequoia 15 works for the Cornell-King dataSat-
thermore, the presence of triangle inequality violatioosidt seem
to deter the effectiveness of Sequoia (or Vivaldi). Finglgquoia
and Vivaldi tend to have a heavy tail of high errors. In pragtihe
heavy-tail does not affect the usefulness of either sysesmaost
applications can tolerate the occasional errors. In theforyu-
nately, treating network properties as approximate treteicsgro-
vides a good handle in characterizing the worst-case pedoce
of tree embedding algorithms as shown in [1].

For the bandwidth dataset (Figure 8(c)), Sequoia is clesblg
to provide a reasonably accurate representation whilddfifails.
The inability of Vivaldi to model bandwidth is not surprigiras
Vivaldi was not designed to model bandwidth in the first pjace
bandwidth measurements cannot be intuitively tied to adioate
space with Euclidean distances whereas it fits well into tneg¢
rics as explained in Section 2. Sequoia’s accuracy for baittw
however, seems to be lesser than for latency. Despite reduoe-
racy, Sequoia can still make practically useful bandwiditineates
as shown in the next section.

4.2 Accuracy of server selection

Next, we demonstrate some practical benefits of Sequoiadwy-sh
ing how well it enables selection of closest and best-proned
(highest bandwidth) hosts.

A target host trying to find the best server can be both an existing
participant of the system or an external entity. In the farosse,
if the system employs Sequoia, the target is already paheoSe-
quoia trees; it can then find the best server through the éaels

system from the point of view of applications. In this worke w
stick with more traditional measures such as relative arsdlate
error, which are more commonly used in the evaluation oteela
systems [8, 11, 27].

3In general, Vivaldi can provide reasonable accuracy for eanb
ding latency with a much smaller number of measurements. Our
intention here is to show that embedding Internet latentytiees

has the same level of accuracy as a state-of-the-art ¢ qys-
tem. The fact that our approach can also embed bandwidth accu
rately while Vivaldi cannot makes the two systems incombplera
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Figure 9: Error in Server Selection: Sequoia finds closest and best-pwisioned servers within reasonable error most of the time.

algorithm described in Section 3 without requiring additibmea-
surements. In the latter case, where the target is an ektntity,

it might need to perform active measurements to guide itechea
This results in a trade-off between the number of measuremen
performed and the quality of the best server found.

4.3 Cost-benefit analysis

A natural inquiry next is to understand the trade off betwaen
curacy and measurement overhead.

We first show the distribution of the number of measurements
used for finding the anchors while each new host tried to jo@ t

Here we show that with Sequoia, an external target can find a yrees, We plot a distribution because the number of measumsm

good quality server with a modest overhead. We show thisigiro
simulations where we set each host in the dataset to be amalxte
entity seeking to find the closest or the best-provisionedesdor
one of the latency or bandwidth datasets respectively. Hop&a
trees built for the remainder of the dataset were then uséiddo

varies for each host. We plot the measurement overheadffer-di
ent datasets as a CDF in Figure 10. Since each dataset hésra dif
ent number of hosts, we plot the measurements as a fractite of
total number of hosts measured when a new host joins (x-axis)
Figure 10 shows that tree construction only consumes a small

the best server. The search algorithm on the Sequoia trees wa fraction of the measurements. Moreover, the curves ar ftgep

restricted to only search at depth zero at each step, thas ithe
anchor tree is descended from the lever only the childreraci e

indicating that most hosts use a similar number of measureme
Occasionally, however, a host might perform a large nhumiber o

candidate are used to guide the search. At the end, we chese th measurements (as shown by the ta”) The most importan‘r.obse

best host out of the respective candidates found by eaclasrée
selected server.

Figure 9 presents the results for closest and best-prosdio
server selection. It plots the quality of server selectiertte er-
ror in the latency or bandwidth of the best host found by Sequo
versus the network measure to the best server in the datéet.
plot the absolute error for closest-server selection arddhative
error for best-provisioned-server selection since badtiwtends to
have orders of magnitude variation.

Figure 9 shows that server selection through Sequoia woeks w
in practice. Using a reasonable number of trees (5 for the UC-
PlanetLab and HP-PlanetLab datasets and 15 for the Cdfirg]l-
dataset), Sequoia finds a closest server within 10 ms abdat 80
of the time and a best-provisioned server with less than 5066 e
80% of the time. This quality of selection of the best-pravied
host is adequate in practice. Server bandwidths vary inrsroe
magnitude and the challenge often is in selecting a 10 Mhpese
over a 1 Mbps server, which is within the ability of Sequoia.

vation is that the fraction of measurements required deeewith

the number of hosts in the datasets; it is much lower (about 5%
median) for the largest dataset (Cornell-King) compareghbmut
20% median) the smallest dataset (UC-PlanetLab). The gwera
number of measurements per host3gdor UC-PlanetLab76 for
HP-PlanetLab, andi49 for Cornell-King. This trend indicates that
the measurement overhead scales sub-linearly with the euaib
hosts. In general, we expect the scaling to be logarithmicesthe
search is typically a walk down the tree.

Another crucial parameter that affects the tradeoff betwae
curacy and overhead is tinember of trees. Figure 11 captures this
tradeoff empirically by comparing the accuracy of servéec#on
and the corresponding measurement overhead for diffetenbar
of trees. In this figure, the accuracy is shown as the pergerab
times a close or well provisioned server was selected wihier-
ror threshold. We picked 10ms as the error threshold fontate
and 50% relative error for bandwidth.
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The accuracy of server selection—and correspondinglyabee
increases as more number of trees are used. The increasydrpw
is not linear but shows a tapering effect. There is “dimimmigtre-
turns” for accuracy, and some measurements may be duplasate
hence reused, when additional trees are included in thetsetnis
tradeoff is clearly illustrated in the case of Cornell-Kidgtaset:
the percentile of servers selected within 10ms of the ctasser
increases fron6 for 5 trees, td5 for 10 trees, and7 for 15 trees
while the corresponding measurement cost increasesTedior 5
trees, tol 76 for 10 trees, an®38 for 15 trees. An application can
pick the right number of trees according to its requirements

4.4 Topological properties

Finally, we discuss the properties of the tree topology Bext
quoia constructs. We first show the path lengths of each bdket
lever in the anchor tree; recall that this path represemtslistance
label associated with each host. Short path lengths areatisi
as they reduce the memory footprint for storing distancelabf
hosts.

Figure 12 shows the distribution of the host-lever path tlesign
the anchor trees for each dataset. As expected, the pati$esg
variable since Sequoia’s tree-construction algorithnrstdparan-
tee a perfectly-balanced tree. Yet, they are typically samal show
low variance. For instance, in the largest Cornell-Kingadat of
2500 hosts, the label lengths are all under 16 with the modeeof
distribution being a reasonable 9 per tree. Even thougtethes-
bers are much higher than the typical number of coordinat®s i
valdi or GNP, they are still small enough for the memory cétsc
of modern systems.

While we presented aggregate statistics so far, the tre¢ St
quoia constructs also provide surprising revelationsui€id.3 shows
a portion of the Sequoia tree constructed for the UC-Plateth-
tency dataset. At a high level, we found that the Sequoiaviee
able to isolate hosts in different continents in the worla iwell-
defined regions in the tree (sub-trees). This figure showEtie-
pean portion. The hosts are shaded by countries for clarity.

The Sequoia tree isolates hosts in different regions of B®iro
into well-defined clusters. For instance, there is a cluatehe
top-right consisting of hosts in UK and Ireland (ie) and eot
at at the bottom-left with hosts in Poland (pl) and Germarg).(d
Hosts in larger regions, Spain (es) and Portugal (pt) andvisipr
(no), Sweden (se), and Finland (fi) are also well separatédte T

Performance Overhead
(percentile underl (number of hosts
error threshold) measured)

Trees 5 10 15 5 10 15
UC-PlanetLabl 84 92 99 35 59 79
HP-PlanetLab| 84 89 91 60 87 115
Cornell-King | 86 95 97 79 176 238

Figure 11: Cost-Performance Tradeoff for Server Selection: Using
more trees gives better accuracy but also increases measuorent over-
head. Accuracy here is shown as the percentile under an errghresh-
old of 10ms for latency and 50% for bandwidth.

clustering is not perfectly geographic, however; a cougl&id
nodes seem to be wrongly clustered.

We believe that this result strongly supports our intuitfon
treating network properties as tree metrics. It indicatext the
Internet is largely hierarchical, more hierarchical in goragions
(Europe) than others (USA), and the observed latenciesvidte
hierarchy. This result also opens Sequoia to be valuabkevoder-
class of applications that benefit from building topologyage over-
lays or hierarchical distributed systems.

4.5 Summary

Overall, the evaluation substantiates three key contdbsatof
Sequoia. First, Sequoia provides the ability to constracinéu-
itive model for bandwidth using a small set of measurementts a
enable practical applications to perform effective bamithvbased
server selection. Second, Sequoia extends the same anttiti
model latency while providing the same ease-of-use andracgu
as a state-of-the-art, coordinates-based latency modglllf; Se-
quoia’s tree models are well-correlated with the Interngbtogy,
making it a promising tool to build topology-aware systeffisese
observations were drawn using datasets with the usual $isten-
cies and vagaries representative of the real world.

5. APPLICATIONS

Sequoia promises unique abilities to networked systemthign
section, we discuss how Sequoia could benefit different orétw
applications.

Server selection:Several applications often have the need to select
a “best” host from a set of other hosts based on some quality cr
terion such as distance, bandwidth, load, or a combinafiGuch
criteria. Typical scenarios where this need arises inclaj@eer-
to-peer structured DHTs such as Chord [37] and Pastry [3ilw
try to connect peers with other closer peers as neighborsedr)
to-peer file sharing services and content distribution petg/such

as BitTorrent, in which, a peer host likes to download taisérom
another closer, well-provisioned peer, and c) clients d@ihervideo
streaming services that like to enrich their experiencednnect-
ing to a closer server with high bandwidth. We already shoamd
Sequoia enables selection of closest and best-provisioostd.

Constraint satisfaction: A few applications require host selection
based on more complex constraints compared to the simpée cri
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labels computed based on the path to the lever are typicallynsall and
scales sub-linearly with the number of hosts.

rion above. For instance, Voice-over-IP (VolP) servicaghsas
Skype, often try to locate an intermediate relay node witbhdyo
quality paths to two end hosts, while online gaming systeritls w
multiple players, such as XBox LIVE, benefit from a well-ptdc
coordination server with good paths to all the client hosts.

Locating a server with good connections to multiple targeit$
often requires extensive search among the set of hosts aystem.
Sequoia can serve as an efficient data structure for regobeinh
constraint satisfaction queries. For instance, the comammestor
in the distance labels of the target hosts might be a goodrsgar
point for doing such searches.

Hierarchical organization: Finally, several distributed systems
build a topology-aware hierarchy between the particigatiosts:
Examples include application-level multicast and videeamning
protocols such as End System Multicast [6] and Bayeux [4S}, d
tributed network monitoring systems such as Astrolabe B8]
SDIMS [42], peer-to-peer overlays such as Meridian [41] @odal
[13]. Sequoia provides an inherent, topology-aware hitwafor
such distributed systems.

6. RELATED WORK

Efforts for representing Internet path measures broadilyrfio
two categories: 1) approaches that fit end-to-end measutsrte
abstract models and 2) approaches that construct detapetbgy
maps by probing routers and gateways in the core.

6.1 End-to-end approaches

IDMaps [11] pioneered the approach of distance approxonati

Figure 13: Prediction Tree for PlanetLab Hosts in Europe: The pre-
diction tree seem to separate hosts in different countriesni Europe
into well-defined regions.

space. Itintroduces an extended coordinate scheme witkighti
element that distorts the usual definition of Euclideanagisé but
provides more accurate embedding. Similarly, Lee et al.if#€o-
duce another extended, non-Euclidean coordinate schemedel
Internet latency. Shavitt and Tankel [36] observe that hypic
spaces are more suitable than Euclidean space to modehdhter
latency and propose a system to embed latency into a hyjperbol
poincaré disk. In other related work, Key et al. [17] expltiie
idea of embedding latency into a non-metric space thatmresim-
metry but accommodates triangle inequality violationsl Eiao et

al. [26] embed latency in a non-metric space that supports bo
asymmetry and triangle inequality violations.

Sequoia is similar to the above systems in creating modéls of
ternet path measures based on end-to-end measurementbeti®
latency and bandwidth onto trees assuming that these nessaag
approximate tree metrics. Itis comparable to coordinbtesed ap-
proaches in terms of ease of use by providing distance lalmsikr
to coordinates, which can be used to locally estimate distanit
can also be easily decentralized although we have not eplar
decentralized architecture in this paper. It assumes syrjmé
distance values but can accommodate triangle inequabtations
to some extent through the use of multiple trees.

Sequoia trumps prior work in its unique ability to model band
width in addition to latency with the same approach. Thiditgbi
enables Sequoia to support a richer set of criteria for seeiec-
tion. Moreover, Sequoia’s approach is intuitive and maschih
the topological properties of the Internet as presenteckti®@ 2
and confirmed in Figure 13.

In addition to the above related work on approximate disganc

based on end-to-end measurements. Hosts in |DMapS measur%stimation’ a few Systems have been proposed for |atermdba

their latency to a few well-placed “tracer” nodes and tréangu-
lation to approximately estimate the latency to other hosts withou
direct measurements.

GNP [27] then introduced the popular technique of embedding
distances into a low-dimensional coordinate system. In Gi&ts
measure their latency to well-placed servers cdiéedmarks and
then compute best-fit coordinates for themselves, reptiegeim-
ternet latency as Euclidean distances. ICS [22], Virtualdraarks
[39], and BBS [35] are similar to GNP but vary in their techugg
to compute the coordinates. While, Lighthouses [29], PliCdid
PCoord [21] compute coordinates in a fully decentralizedhmes,
obviating the necessity of centralized landmark servers.

Vivaldi [8] is another fully decentralized coordinatesskd net-
work positioning system that embeds latency into a noniBeah

server selection. Meridian [41] organizes hosts into amlayeet-
work and performs a multi-hop search, exponentially reaiyithe
set of closest-host candidates at each hop. Tiers [3] ingaiésn
a similar multi-hop protocol in a hierarchically organizegstem.
At a high-level, Sequoia’s SearchTree algorithm to narrawrm
best-host candidates on its anchor trees is also similaotHer
work, Beaconing [18] proposes a simpler approach where af set
hosts called “beacons” track their distances to all hosthénsys-
tem and use this information to find hosts closest to a tavgste
Oasis [12] finds closest hosts geographically, that is, findphys-
ically closest host, using off-the-shelf techniques fainaating the
geographic position of Internet hosts.



6.2 Topology-aware approaches availability of measurements, triangle inequality vi@as, and the

In contrast to the above end-to-end approaches, iPlaneajzs]  Nneed to scale. ) -
its more recent variant, iPlane Nano [24], have taken up fiogte ' In that process, we introduced a unified approach for model-
to measure the core of the Internet. They probe a large numbering bandwidth and latency. Our tree models represent Iatand
of known routers and gateways (available in public sourcefs ~ bandwidth with good accuracy and enable the selection ofldew
as Route Views [52]) with a wide-range of tools that can measu tency or high bandwidth servers with high fidelity, while gy
or estimate inter-link latency, loss-rate, and bandwictimg Plan- capturing the relative positions of hosts in the Internétisoaper
etLab hosts as vantage points. Through extensive measutme quantified the treeness of Internet latency and bandwidésgmted
and clever inference mechanisms, they build a topologiegi that ~ the design and implementation of a system to represent them c
serves as a useful information service for the Internet.Plarie cisely, and evaluated its benefits.
Nano, they compress the total size of the map to a size smalbgn
to distribute to the end hosts and facilitate a decentrald=ploy- Acknowledgments
ment. The final compressed map is a a graph connecting router
(more accurately, PoPs) with annotations to representdinger-
ties (capacity, latency, and loss rate) and routing pdicie

Clearly, such a detailed model of the Internet would servi we
for the purposes of distance estimation and server setedtow- 8. REFERENCES
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