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Abstract

Theexponential data growth rate of the Internet makes it
increasindy dif cult for pegleto nd desired information
in atimelyfashion Information Itering and disemination
sysemsallow usesto registerpersistent queriescalleduser
pro les, and notify users whenrelevant les bemme avail -
able. Existing suct systems however, either are not scd-
able, or donat support matching of unstructured docunerts
(e.g., text, HTML, image, audio or video les) that account
for a signi c ant percentage of Internd contents.

We propose pFilter, a global-scale, decentralized infor-
mation Itering and diseminaion systenfor unstructured
documents To handle patentially billions of documerts for
millions of subscribe's, pFilter conneds a large numter of
computers into a structured peer-to-pee overlay network.
Computers in the overlay collectively publish or callect
documents build indices,register pro les, lter anddissem-
inate documents. Pro les and documents are distri buted
through the netwak acoording to ther semantics sud that
they can be mached ef c iently and accurately without ex-
cessve o oding. pFlter enploys scdable application-level
muticast to deliver matding documentsto a large numter
of interestedparties ef c iently.

1. Introduction

The Internd has become the single mostimportant in-
formationsoucethat affectsour everyday lives.With huge
amount of informationat our ngertipsis certainly an ad-
vantage but it also poses a big challerge with respet to
getting desiredinformation in atimdy fashtion.

Seach enginessuch asGoaqgle partially solve this prob-
lem by crawling documentsand usinginformation retrieval
(IR) algorithms([5] to rank them Searchengines,however,
cannot guarartee timely accessto relevant information. Be-
causeof the size of the Interret, it usually takessearchen-
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ginesmonthsto crawl the weband updateindices,and they
index only a smdl fraction of Internd contents[1]. Fur-
thermore, use's who concern albout latestinformation have
to frequently revisit searchengnes for possble updaes.

Insteal of requiring users to frequertly chedk for
new contents, information Itering and disseminaion sys-
tems|[16] take over this responsibility by alowing users to
register persistent queries called userpro les. They detect
new contents, match them against registeredpro les, ard
notify users when relevant documents becomes available.
We illustrate the use of such a systemusing a scienti ¢
project asanexamge.

At the beginning of the project, scientists useseach en-
ginesto n d relatedwork and select out the most relevant
papers. They register prole s to have the sysem notify
them whendocumerts similar to thase papers show up. As
aresult, they areconstantly informed about relevant papers
discuissiors in hews groups, etc., always staying at the cut-
ting edge of the eld. After completing a reseach peper,
they register anather pro le to have the sysem notify them
whentheir paper getscited.

The above scerario, unfortunately, is still far from the
redity. The mgority of existing event-noti ¢ ation systems
support only subject- or schemabasal publish/sulscribe
modd. They camoat ler unstuctured documents(e.qg. text,
HTML, image, audio or video les) that acoourt for a sig-
ni cant percertageof Internet conterts. A few systemghat

Iter unstructured documerts (e.g., SIFT [16]) run at cen-
tralized site, and are unable to Iter or disseninate docu-
mentsat alarge scde.

To addessthese limitations, we are developing agloba-
scde, decentralized information It ering and disemination
sysem pFilter, with agod to proaesspatentially billions of
documentsfor millions of users We idertify severd major
challerges for pFilter: (1) scdability—to keep up with the
exponertial datagrowth rate of thelnternet; (2) maching—
to matchdocumentswith pro lesaccurately without exces-
sive oading; and (3) diseminaion—to dissemiratepopu-
lar documerts to alarge number of subscribes ef ciertly.



To achieve good scdability, pFlter connects a large
number of compuersinto a structuredpeer-to-pee (P2P)
overlaynetwork [8]. Nodesin the overlay collectively pub-
lish or collect documerts, build indices, registerpro le s,
Iter and dissemin& documents The advartage of adopt-
ing theP2Pmodd isthatthecapahlity of thesystemscales
auomdically with the user population

pFilter distributes pro les and documerts through the
overlaynetwork accordingto their semanticssuc tha sim-
ilar pro lesand documentsareco-locatal. As aresult, they
can be matched ef ciertly ard accurately without ood-
ing either of them to every computerin the overlay. The
document semartics are derived from IR algarithms sud
as vector space mocel (VSM) ard latert semartic index-
ing (LSI) [2]. Thesealgaithms represent the semantics of
documentsas vedorsin a Cartesan spae Vedor represen-
tationof objectsis not sped ¢ to text. It isusedin virtually
all current multimedia retrieval sysems[10].

To ef c iently ddiver popular documertsto alarge num-
ber of interested parties, pFilter enploys application-level
multicast with the following novel feaures. First, we gen-
erae an accurateglobal proximity mapof nodesin the sys-
temin adecentralized fashion to guide the constuction and
mantenance of multicasttrees. Secand, similar subscip-
tionsare fused to reducethe numbe of individual multicast
trees.Last to support alarge number multicast treesfor dis-
similar subscriptiors, resources devoted to atree is tunalde
depending on theimportarce of that tree

Theremainder of the paperis organized as follows. Sec-
tion 2 provides background information about P2P network
ard IR. We describepro le maching and documert dis-
seminaion in Sedion 3 and 4, respetively. Relaed workis
discissedin Section 5. Sedion 6 concludesthe paper.

2. Background

pFilter uses eCAN [15] (a hierarchicd versbn of
CAN [11]) to organize a larger numbe of nodesinto a
P2P overlay network, and relies on extensionsto VSM and
LSI [2] to matchdocumerts and proles.

2.1. Content-Addressale Network (CAN)

Distributed hash tade (DHT) systems (e.g., CAN,
Chord, Pasty ard Tapestry) build an administration-free
and fault-tolerant application-level overlay network to pro-
vide a hashtabe interfacetha maps keys tovalues .

CAN partitions a d-dimensiond Cartesian space into
zores and assigns each zone to a node. Two nodes are
naghborsin the overlayif their zonesoverlapin all but one
dimensiona ongwhich they abut each other. An objectkey
is a point in the Cartesianspace and the object is stored at
the node whase zone contains the point. Locatingan object
is reducedto routing to thenode tha hoststhe object. Rout-
ing from a souce node to a destnation node is equivalent
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Figure 1. An example of a 2-d CAN.

to routing from one zone to anctherin the Cartesianspace.
A new node joins the overlay by randomly picking a point
in the Cartesian space, routing to the zonethat contairs the
point, and splitting the zone with its current owner.

An example of a 2-dimersiond (2-d) CAN is shown in
Figure1l. Thereare venodesA to E intheoverlay. Each
node owns a zone in the Cartesian space Initially C owns
theentire zone at the upper-right corner. WhenD joins, the
zoneownedby C splits and part of the zoneis givento D.
When D wantsto retrieve the objed with key (0:4; 0:1), it
serdstherequestto E becauseE 's coordinatesare close to
theabject key. E forwardsthe request to A.

eCAN [15] enploys several techniques to boost CAN's
routing performarce while leaving CAN's Cartesian space
abstradion intad. We use eCAN for adud routing.

2.2. Vedor SpaeModel (VSM)

V SM represents documerts and queies as term vedors.
Eachelemert of the vector correspondsto theimportance of
aword (or term) in the documert or query. The weight of
anelement is often computed usingthe statistical termfre-
guercy* inverse documert frequency (TF*IDF) scheme|?2].
The intuition behind it is that two factorsdecide the impor-
tance of aterm in a documen—the frequercy of the term
in thedocumert andthefrequency of the termin other doc-
umens. If aterm appearsin a documentwith a high fre-
guercy, thereis agood chancetha thetermcould beusedo
differertiate the documert from othe's. However, if aterm
alsoappearsin many othe documerts, e.g., comput er , its
importance should be penalized.

During a retrieval operation documents are rarked ac-
cording to the similarity between the document vedor ard
the query vector, and thosewith the highest similarity are
returnal. A commonmeasureof similarity is the cosineof
the argle between vectors VSM usually normdizesterm
vedors X to unit length (jXj = 1) in orderto compensate
for difference in documert length. As a result, the cosine
of the angle (similarity) betwee two vectors is inversly
proportional to the Euclideandistarce betweenthem|[2].



2.3. Latent Semantic Indexing (LSI)

Literal matcing sckemes such as VSM suffer from syn-
onymsand noisein documerts. LS| overcames these prob-
lems by using statistically derived conceptud indices in-
steadof individud termsfor retiieval. It usessingular value
decomposition to transform a high-dimensiond term vec-
tor into alower-dimersiond sematic vedor, by projecting
theformer into a semantic sutspace. Each elemert of a se-
mantic vedor correspmds to the importance of anabstract
concept in the document or query. In addition to reducing
the dimensiorality of the senartic subspae and eliminat-
ing noise, LSl is capale of bring together documerts that
aresematrtically relatedevenif they do not shareterms.For
instane,aseart aboutcar may returnrelevart documerts
that actually useautomob ile in thetext. Asisin VSM,
sematic vedors arenormdizedandthdr similarity is mea-
suredas the casine of the argle betwesnvectors.

3. Pro le Matching

pFilter connects a large numbe of nodesinto a CAN.
One advartage of adopting the decentralized P2Pmockl is
tha the cgpability of the system scdes automatically with
the user population. pFilter stores pro lesor routesdocu-
ments in CAN using ther semantic vedors (generded by
LSI) as the DHT keys. This hasthe effect tha pro les
or documents storedlogically close in the overlay are also
closein sematics,redudng the problemof semartic-based
seach to overlay routing.

Figure 2 illustrates this with an examgde. Each zore is
ownedby anode Givenapro le, it isrouted in CAN using
its semartic vedor asthe DHT key (step 1), and registered
atnodeswithin asmal radius based onthesimilarity thresh-
old set by the use (step 2). We referto thesenodesas the
registration region for this prole. Given a new document
A, it is again routed using its sematic vedor asthe DHT
key (step3). If A macheswiththeprole (i.e.,itsDHT key
falls in the registration region of the prole ), anati cation
is sent to the sulscriber (step4). Since proles similar to
A above certain threshold must have been registered at the
targe node whaose coordinates contain A's semantic vedor,
pFlter will not misspro lestha mach with A. In Figure?2,
thesame pro le alsomaches with document B .

Theef ciency of thisalgorithm to agreatextentdepends
on the size of theregistrationregion. If alarge number of
nodes areinvolved in registering a singlepro le, pFilter's
performance would degrade to a simplesystenwhere pro-

le sare oo ded to every node. Unforturately, the registra-

tion region tendsto belarge dueto the high dimersionality
of the sematic space (50-350). This prokdem is known as
the curseof dimensionality [6].

Two properties of the semartic space produced by LSI
allows usto attad this problem at a low cost. First, as a
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Figure 2. Pro le matchingin a 2-d CAN.
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resultof the singular value decanposition usedin LSI, the
elemerts appeaing earlier in a semantic vector are much
more important than those appeaing later. Second, docu-
ments andproles are sparsly populatedin the semantic
spae, forming tight clusters. We take adwantage of these
fads to reduce the number of nodesinvolvedin registering
aprole while kegying LSI's good predsion. Due to the
spae limit, a detailed discussion of this technique is pro-
vided elsewhere[14, 13].

4. Document Dissamination

When a new documert arrives, pFlter neals to deliver
it to all subscrbersidenti edby the algorithm describedin
Section 3. An ef cient way to do thisis to dissemnatethe
document through an application-level multicast tree com-
prising al relevart subscibers. pFilter enploys three ma-
jor techniquesto optimize document multicast: (1) utiliz-
ing a decentralized global view of the sysem to guide the
constiuction andmaintenance of multicast trees;(2) reduc-
ing the number of multicast trees by fusingsimilar pro le s;
(3) reducing routing statethrough discriminative treatment
of multicast trees. We describecach of them below.

4.1. TreeConstruction Using Global State

Theef c iency of amulticast tree depends on how close
the tree structure approximates the underlying Internet
topology. One simple way to constiuct an efc ient tree
without router support is to measure the latency between
eachpair of nodesinthesystempuild agraphwith nodesas
vertexes and latendesasedge weights, and thenrun amini-
mad spaming tree(MST) algarithm overthe gragh. Though
simple, this algorithm is nat suitalle for pFilter due to its
centralized nature ard excessve latercy meauremat.

4.1.1. Tree Construction Using CloseNeighbor

Oneimportart ideathis naive algorithm revealsis tha,
having a global view of the system is crucial for building
ef cient multicasttrees. We proposea more realistic vari-
art of the naive algarithm, pCast. With pCast, a new node
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Figure 3. Performance of the pCastalgorithm with
optimal neighbor sdection.

joining a multicastgrouwp attachesto the node that has the
lowestlatercy to the new node amang al nodesin the ex-
isting multicasttree Theonly globd information pCastre-
quires is the knowledge of the closestneighbor. (We will
describe how to acquire this informationin a decentralized
way in Section4.1.2.)

We evaluate pCast by comparing it to the MST ago-
rithm. The metric we useis streth, de ned as theratio of
thecostfor thetree built by pCast to that of MST. Heretree
costis thesummaion of the weight of all treeedges. Three
network topologies are usedin our expeaiment. The rst
two topologies are of 10,000 nodes each, generded from
GT-ITM [3]: one with a large badkbone (228 trarsit do-
mans) and the other with a smallbackbone (25 transit do-
mains). Thethird topology is constiuctedfrom real samples
of the Internet, usingtr acero ute to meaurelatercies
among 85,007 nodes.? For eachtopology, a certainnumber
of nodes are randamly sele¢edto join a multicastgroup.

The results are shovn in Figure 3. In this g ure,
with asmary as 2,048 nodes in the tree, pCastintroduces
lessthan 15% overheal for the larg e-back bone-I TM
ard tracer oute topdogies. The peaformance for the
small-bac kbone- ITM topology degrades faster than
theothertwo asthe numkber of nodesincreases Since nodes
in asmdl badbone network are closer to each other, when
anew nodeN joinsthetreg somenodes already in thetree
arelikely to benet from choosingN astheir parent, as op-
posedto simply attaching N to an existing node (see Sec-
tion 4.1.4for more discussiors). On the other hand, stretch
only meaurestherelative overheal. Theabsoluteoverheal
for pCastin a smdl badkbone network is lesssign cant
than that in a big backbone network.

4.1.2. Finding the Closest Neighbor

We use a ‘“landmark + RTT measuemert” algo-
rithm [15] cdled pNeighbor to nd neaby neighbors for a
given nodein adecentralized fashian. The intuition behind

2We thank ZhihengWang from Universty of Michigan for providing
uswith thistopology.
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Figu re 4. Perf ormanceof the pNeighbor algorit hm.

thelandmarktechniqueis tha nodesclosein the Internd are
likely to have similar latendes to some selected landmak
nodes. Supposethere arel landmak nodesL ;; i = 1;:::;1.
Each nodehasalandmark vector (dy; dy; :::; d)) associated
with it, whered; isthe nod€ sroundtrip time (RTT) to land-
mak Lij. To nd a low-latercy neaby neighbor, a node
rarks other nodes according to the similarity in landmak
vedor, ard measuresRTT to top k candidates to locatethe
adudly closesbne. WeuseCAN'slandmarkordering[11]
technique to rank similarity in landmak vedor, althcugh
more sophisticatedalgarithms could be used [9].

We experiment with the larg e-back bone-I TM
topology to evaluate pNeighbor. Given a node A, we use
pNeighbor to nd its closest neighbor among all 10,000
nodes in the topdogy. The metric we useis again stretd,
but den ed hereasthe ratio of the latency between A ard
its neaestneighbor found by pNeighbor to the latency be-
tween A and its adual nearestneighbor. We rardomly
sele¢ 1,000 nodes in the topology and repat ther aver-
age stretch in Figure 4, where ERS (expanding-ring seaich)
measuredatency to k direct or indirect surrounding nodes
in the overlay to nd a low-latency nearby neighba. Two
condusionscanbedrawn from the gure. First, algorithms
that utilize only locd informaion (e.g., ERS) is not effec-
tive at n ding nearby neighbor. Second, pNeighbor's per-
formarceimprovesquickly asthenumbe of RTT measure-
mentsincreaseslt only needsto measuredRTT totop 20-40
candidates to achieve a stretch closeto one.

4.1.3. Peerto-Peer TreeConstruction

Sedions4.11 and 4.1.2 preseh ard evaluatethe pCast
ard pNeighbor algarithm. In this sedion, we describe how
to exterd pCastto work in a decentralized ervironmert.
The basc ideais to have each node indeperdently discover
nearby nodesthat subscribeto the samequery, usingthe
landmak vedor of the node or the semantic vedor of the
guery asthe key to accessCAN's DHT. In the following,
we rst give the steps of the decentralized pCastalgorithm
ard then ill ustrateit with an example

Whenanode N registersapro le, it carries out thefol-
lowing steps of the pCastalgorithm.
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Figure 5. An example of the pCastalgorit hm: reg-
istering prole s using both semantic vector and
landmark vector asthe DHT key.

1. N measures RTT to landmak nodes ard include its
landmak vector, CPU/nework/storage capadty, and
current loadin the pro le.

2. N usesthe landmark vector as the DHT key to store
the pro le in registration region L of the overlay. 3
This processis similar to stepl ard 2 in Figure 2, but
theroutingis guidedby thelandmak vedor instead of
thesenartic vector.

3. On nodeswithin L, it seaches for proles of nearby
nodes tha aready subscribeal to the samequery. If
suchnodes exist, it usesthe pNeighbor algarithm to
n d the closest one, attad to it, and the registration
processterminaes. (In pradice, the neighbor selection
alsoconsidersother fadorssuchasnetwork bandwidth
and processing power.)

4. If no nearbynodes are found in step 3, N usesthe se-
mantic vector as the DHT key to storethe pro le in
arother registrationregion S of the overlay. This pro-
cessis step 1 and 2 in Figure 2.

5. On nodeswithin S, it again usesthe pNeighbor al-
gorithm to  nd the closestneighbor that already sub-
scribedto thesame queay, and attadiestoiit. If no sudh
nodeis found, N mustbethe rst nodethatsubscrbes
to this query. It simply attaches to the rerdezvous
nodesin S, which aretherootsR of the multicasttrees.

Weill ustratethis algorithm with anexamplein Figure 5.
To malke the example intuitive, we draw the distance in

3The numberof landmarksmay not matc with the dimensonality of
CAN. Solutionsfor this prodemaredescribedin [15].

Figure5 (a)-(c) proportional to the network latency among
nodes. In Figure 5 (d), the positions of nodes correspnd
to their positionsin CAN'slogical Cartesan spae,andthe
circles represent the registrationregions for pro les.

In Figure 5 (@), subscriberA, B, and C are alrealy in
multicast tree. In Figure 5 (d), they usethe semartic vector
ard landmark vedor asthe DHT key to store ther pro le
in registrationregion L and S, respedively. In Figure5 (b),
sutscriber D and E join thetree In step3 of pCast D
and E notice A'sprole stored in L and directly attat to
A, skipping step4 and 5 of pCast. (The useof node U in
Figure5 will be explained in Section4.3.)

Compared to existing sclemes, pCast offers the fol-
lowing advantages: (1) beter proximity approximation—
it leveragesthe global information storedin the overlay to
n d the closest neighbor for a new node (2) faster tree
constuction—the parert seledtion process avoids seaching
thetreelevel by level, sequertially; (3) no bottleneck at the
root of the multicasttree, which is typicdly a prodem for
existing publish/aubscribesystems It hasbeenshown that
asmall numbe of popular queries account for asign cant
fraction of of al queries sulmitted to search ergines [7].
For these hot queries,a new sulscriber is likely to nd a
nearby node that already subscribel to the same query in
step 3 of pCast,avoiding going to theroot in step 4.

Except for its direa children, the root does not nedd to
remembe every registered pro le to function properly. In
high load situations, after direding the owner of anincom-
ing prole to attach to an appropriate place the root can
discad the prole if the landmak vecta in the pro leis
similar to thelandmarkvectorin aknown pro le . However,
we expect it is nat a prodem for the roat to store several
thousarl proles.

Nodesin the overlayreplicate their neighbors' conterts.
Should anodeA's parert in a multicasttreefail, A restars
thepro leregistration process to reamnnect to thetree A's
descendants could be ignorart of this repar. Should the
root R of the tree fail, one of R's neighbors Q will nctice
thefailure and take over the zone owned by R and thetree
rooted at R. Q usesthe pro le registration processto nd
theclosest nodein the tree,attades to it, and announcesQ
asthe new roat. Thisamouncemert is propagated through-
out the tree to changethe diredion of edyes properly.

4.1.4. Local MST Algorithm for TreeMaintenance

In Figure3, the pCast treeis not asef c ient asMST. The
performance gapwidensas the numbe of nodesin the tree
increases.This is becaisepCastonly attachesa new node
to its closest node in the tree without x ing existing tree
edges. When network condition uxes, tree maintenance
alsoneeds to bedoneto re ed these changes. We propose
alocal MST agorithm to address both probems. It canbe
exeautedindependertly by nodesto improve thetree.
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Figure 6. An example of thelocal MST algorithm.

Either atjoin or periodicaly afterwords,anode N uses
theregistration processto n d a set of nodes that sulscribe
to the same query and have landmark vedors similar to its
own. N measursRTT totop k candidatesandidenti e sthe
closest | nodes. Bothk ard | aretunalle paraméersdeperd-
ing on the effort N is willing to spend. Let W dencte the
setof the closestl nodes,their parerts, N ard N 's parert.
N locdly builds a graph consisting of nodesin W and run
the MST agorithmto n d amore ef ¢ ient tree structure.

We ill ustratethe detdls of thealgarithm using an exam-
plein Figure6. At the beginning of thealgorithm,N n ds
near neighbor A, B and C, and builds the graph in Fig-
ure6 (a), where Py isX 'sparentand R is a conceptual root
of thetree. Since N does nat know the structure of the rest
of thetree, it can only add three virtua links between (R,
P.), (R, Pn) ard (R, P¢), indicating that P,, P, and P,
aresametlow conneded through the roat. In Figure 6 (b),
N adds a link to every node in W and amcatate the links
with red latency tha is eithe measurel by N diredly or
reported by othe nodesupon N 's request. The latercy of
thevirtud linksis setto 0. N runsthe MST algarithm over
the gragh to nd the most ef ciert tree structure, and in-
formsother nodesto adapt accordingly. Theresut isshavn
in Figure 6 (c). Note that the virtual links are always in-
cluded in the MST sincetheir weights areO.

To guaranteesthe resultof this agorithm is still a tree
comprising al nodesin the original tree, a virtud link is
added between R and anode X if and only if X isin W
ard X is not a descerdant of any other node in W. For
instane, thereis no virtud link between R and C beauwse
C'sparent P. isin W. To discover theancestor-descerdant
relatiorship, the root periodicdly propagatesa hdlo mes-
sage throughout the tree ard each node adds itself into the
message. The messge can also be used to detect loopsin
thetreedue to rarerace corditions during treeconstruction.

4.2. Prol eFuson

With a god to hardle patentially milli ons of pro les, it
is impradical to maintan onemulticasttree for each unique
prole. pHilter builds a single multicast tree for similar
queries.Let(q; rq) denoteapro le, whereqis thesemantic
vedor of thequery, andr q is the similarity threshdd set by
theuser. Any document whosesemartic vedor is within r
distan@to g is consideed asamach to query (; rq).

O )

Figure 7. Two casesthat pro les can be fused.

There aretwo caseghatsimilar queries canbefused We
illustratethemin Figure 7. In the rstcase(Figure7 (a)),
guery (a;ra) covers query (b;rp). We simply add sub-
scribersfor (b;rp) tothe(a; r,) multicasttreewith theguar-
aneetha nobody will miss interesing documerts. In the
seond caseasisill ustratedin Figure7 (b), query(c;r¢) ard
(d; rq) do not cover each other, but we can build an arti -
cia query (e; re) to coverbath. In Figure7 (c), the multicast
tree is initially dedicatedfor query (c;r¢). In Figure 7 (d),
whennodeD registersits query (d;rq), it noticesthatthere
exists a multicast tree for similar query (c;r¢). Insteal of
building a new tree, D attaches to a near neighbor B that
is alrealy in the treefor query (c;rc). B theninforms A
to increasethe query region covered by thistree A inturn
propagatesthis noti ¢ ationto its parent. (Themulticast tree
for query (c;r¢) and nodes suchasB canbe found by node
D in step 3 or 5 of the pCast algaithm).

In a tree for fused queries,a node must compare an
incoming document to its children's interests to decide
whethe to forward the documert along certainlinks. For
instane, in Figure 7 (d), when B receives a document, it
may only forwardthedocumentto C, ignoring D.

4.3. Discriminative Treatment of Trees

The amount of resoucespFilter devotes for a multicast
tree is atunade continuum deperding on the popularity of
the query the tree serves. There are two extremes. For
popular queries, pHlter reauits mary nodes in the over-
lay to build the most ef ¢ ient trees; wherea for unpopu-
lar queries, which are the mgority, documents are sent to
sulscribers using paint-to-point communication In Fig-
ure5 (c), astraf ¢ inthetreeincreasesB suffersfrom the
low bandwidth link (R, B) and warts to recruit a nearby
high-bandwidth node to improve performance. It will dis-
cover U becauseB and U have similar landmak veaor ard
ther registration region intersects(seeFigure5 (d)). In case
that B n dsnosud node asU, it computesthe landmak
vedor of an ideal node V such that the sunmationof the
latercy between (R, V), (V, B) ard (V, C) is likely to
be sulstantially lessthanthe sumnation of the latercy be-
tween (R, B) and (R, C). B thenusesthe landmark vector
for theideal nodeasthekey to consult theDHT to n d suc
anode. Note tha, athoughU andV sitin the tree, they do
not sukscribe to thequery thatthetreesenes.



5. Related Work

There is an enormous body of relatedwork—far too
much to enumeratein this pgper. Herewe give only ref-
erencesto surveys of relatal eld s, andfocuson those most
relevant. Surweys could be found on P2P [8], information
retieval and ltering [5] ard event noti cation systens [4].

VSM and LSI [2] are amang the most successful IR al-
gorithms, andareadoptedby majar seach engines[17, 7].
Paststudes mainly focus on precision rather than ef ¢ iency
or scalahlity. SIFT [16] does pay attertion to efc iency
but it runsat certralized site, only  Iters messagsin news
groups, ard doesnat usemulticastfor documert delivery.

Existing contert-based publish/subscribe sysems [4]
only matchseveral well-structured attibutesagainstvalues;
wherea pFilter lters unstucturedtext documerts, audio or
video les,using vectas of hundreds of dimensiors.

P2P publish/aibscribesysems sud as Saibe [12] only
support sulject-based sulscription. The multicast treein
these systems is implicitly embedded in the DHT overlay.
We useDHT only asa bootstapping medanism and ex-
plicitly build themulticast treg which is likely to better ap-
proximateunderlying Interret topology and hence be more
ef cientthanthe embedied tree.

6. Conclusion

We presetedpFilter, aglobd-scde, decentralized infor-
mation Itering anddiseminaion system for unstuctured
documentssud astext, HTML, awdio or video le s. To our
knowledge, pFlteristhe rstsystemof thiskind. We made
thefollowing contributionsin this paper. (1) Avoid ooding
eithe documentsor pro le sthrough a careful comhbination
of prole placement and documert routing. (2) Utilize a
globd view of the system to build and maintain ef c ient
multicast tree. (3) Reducethe numbe of multicast trees by
fusing similar pro les. (4) Reduce therouting state through
discrimindive treamert of multicast trees.

We alrealy built pFlter's basic components separately:
a LSl-basedP2P searchengine [14, 13], a middeware for
topology-aware P2P overlay [15], and a pCast simulatar.
Currently we are in the process of integrating themtogether
to build apHlter prototype.
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