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Chapter 1

Introduction

During the last six months of the project main focus of the project lied on bug-fixing,
test, and evaluation of the two SWAP applications Xarop and Bibster. Nevertheless re-
search continued resulting in new methodologies (WP1) and methods (WP3). Some of
these were already applied in new tools, which this document describes. Unfortunately
these tools couldn’t be included into the SWAP applications anymore, as their integration
deadline for the systems was already in early April.

In specific this document covers a new matching tool. Instead of using exact semantic
matching operators it allows approximate matching. An evaluation of it was performed
for the music domain.

The second tool was the result of improved ontology based routing. Social networks
have been the foundation for this.



Chapter 2

Approximate Matching of Classification
Hierarchies

The work reported in this section has been carried out in tight collaboration with Philips
Research Labs Eindhoven. A more detailed description is available as [AtKvHO4].

2.1 Semantic Matching

Recently a method for automatically matching of classification hierarchies has been pro-
posed [BSZ03]. The goal of this method is to find mappings between the concepts of two
Concept Hierarchies. One can think of a concept hierarchy as a rooted tree where each
node and each edge has a label. It has explicit purpose of classifying objects. They create
mappings between concepts, where a concept is not defined by a node solely. Next to the
label of the node, the position of the node in the hierarchy is used. The method works in
three main phases:

e Linguistic interpretation: Using union, intersection and complement operators, they
create logic formula (formally, it is a propositional logic formula with interpretation
union, intersection and complement) for each node representing all the possible
linguistic interpretations of that label. The linguistic interpretation is derived from
a background knowledge source, such as WordNet.

e Contextualization: In this phase they determine the component of the meaning of a
node’s label that depends on its position in the hierarchy. For example, each node’s
meaning is considered in conjunction with its ancestor’'s meanings, i.e. each node’s
formula is enriched as intersection with its ancestor’s formulas. This makes sense
because we expect a superclass to contain everything that the subclasses contain.

e Semantic comparison: The problem of finding semantic relations between the nodes
from two different concept hierarchies is encoded as satisfiability problem of propo-
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CHAPTER 2. APPROXIMATE MATCHING OF CLASSIFICATION HIERARCHIES

sitional logic formula (comparing logic formulas). They determine one out of five
possible outcomes for each pair of concepts from two different concept hierarchies:
(i) they are equivalent, (ii) they are disjoint, (iii) they are not in subconcept relation
and have non empty intersection, (iv) the first is subclass of the second and (v) the
second is subclass of the first.

We extended this approach with an approximate notion of mapping that is more suit-
able for domains with a high degree of heterogeneity and fuzzyness. In this chapter, we
present our extension to the method described above and briefly summarize some experi-
ences from applying it to the problem of computing matches between musical genres.

2.2 Approximate Matching

Following the approach of Bouquet (2003) we are using propositional logic formulas
with interpretation union, intersection and complement of classes for each concept in
the concept hierarchies. We shape the problem of subclass relation check between
two propositional logic formulas into form that uses the normal forms of the formulas.
Suppose we want to check whether left side formula is subclass of the right side formula.
The left side formula is transformed into disjunctive normal form (union of intersections
of classes) and the right side into conjunctive normal form (intersection of unions of
classes). Then the problem of subclass check is transformed into checking whether
subclass relation holds between each pair disjunct - conjunct of the two normal form
formulas. If any disjunct on the left side is subclass of any conjunct on the right side
then the first formula is subclass of the second, but if for only few of them that condition
does not hold we say that the first formula is almost subclass of the second. Depending
on how many pairs disjunct-conjunct satisfy the subclass relation we can measure how
strongly the subclass relation between the two given formulas hold.

This idea of approximation can be improved further. Not all disjunct conjunct pairs
are equally important for the outcome. Disjuncts and conjuncts can have different size
and may consist of various atomic concepts. Using this information may result in more
accurate approximations. We expect that bigger size of disjuncts and conjuncts should
have less impact on the result. The intuition behind is that more parts in the disjunct
make it a class of smaller size because it is intersection, so it's contribution to the class
is smaller. Similar intuition holds for the conjuncts as well. "Rare” classes should have
the more impact on the result. The intuition is that more general concept names we meet
more often, and therefore matching of more general terms doesn’t give confidence. When
we meet the word "Rock” in two classes, and when we meet "Cajun” in two classes it is
natural to expect stronger relation in the second case.
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2.3 The Music Domain

Commercial providers offer most of the music metadata schemas on the Internet. They
usually have schemas that are easy to browse. Often they contain classes with meaning
outside of the music styles domain (Example: "Music Accessories”). Most of the
schemas have some peculiarities. After considering several different music metadata
schemas from the Internet, we have extracted and adopted seven of them: CDNow
(Amazon), MusicMoz, CdBaby, ArtistDirectNetwork, AllMusic, YahoolLaunchCast
and ArtistGigs. After the extraction we have created 3 new versions of the data. We
did preprocessing and normalization in order to make the data more accessible for
experimenting. Another reason was to make sure that the results we get are not biased by
typing mistakes, abbreviations or similar peculiarities.

The labels on most of the classes in the ontologies have one of the following meanings:
style of music (the content of the music), geographic region with music style (region
where it comes from) and time or historical period when was the music created. The
sibling classes often have overlap (they are not disjoint). The nodes are often named
with more then one word. They either denote intersection of the terms named by the
separate words, or may contain a term which is multiword (example: "New Zealand
Rock”, New Zealand is a term and should not be considered as separate words). More
often is the first case There are no strong objective criteria how to classify music. As a
result different providers often classify the same music entities (artists, albums, songs...)
differently. Genre is not precisely defined. Largely used terms like Pop and Rock do
not denote the same sets of artists on different portals. That’s the case for even more
specific styles of music like Speed Metal. We compared the classified shared artists in
MusicMoz and ArtistDirectNetwork (artists that exist in both and are classified in both of
the portals). Under the class named Rock in MusicMoz there are 471-shared classified
artists, in ArtistDirectNetwork there are 245, and 196-shared artists are classified under
Rock in both of them. From all the artists classified under Rock in at least one of the
portals, roughly 38% are classified under Rock in both portals. Overall, there is a high
degree of fuzziness present in the music domain. Therefore we expect that exact reasoning
methods to create matching are not useful, and approximate methods would be more
useful.

2.4 EXperiments

The goal in these experiments was to get preliminary results and to test and get impres-
sion about the approximate matching method. The lexical interpretation (building of
the formulas from the labels of the nodes) was done using simple NLP. No background
knowledge was used. Special characters were treated as logical operators. When using
background knowledge, each of the atomic concepts (in this case three) should be
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replaced with union of the different senses for that concept. We made assumption that
concepts with the same label have the same meaning. When comparing the disjunct-
conjunct relations we only used one rule: a disjunct is subclass of a conjunct when at
least one part in the disjunct (which is intersection of atomic concepts) is found in the
conjunct (which is union of atomic concepts).

We did experiments with real data extracted from Internet. We tested our method
on the data from MusicMoz and ArtistDirectNetwork. Most of the shared classified
artists are classified under "Rock”-related classes (Alternative Rock, Glam Rock, Heavy
Metal...). The data used to test is not substantial since its size is comparable to the
number of the classes present in the concept hierarchies. We have tested for equivalence
matching between the two concepts hierarchies, i.e. we were looking for equivalent
classes from the two different CHs. We discover equivalent classes using the approximate
method by checking if they are both subclass of each other. Since we have to check
two times for subclass relation we may get two different values for the sloppiness. In
order to assess the success of the matching we use value called significance. It is a ratio
between cardinality of the intersection and cardinality of the union of the two classes.
The significance is close to 0 when the two classes have no big overlap, i.e. relatively
small amount of instances belong to their intersection. When the value is close to 1.0 (or
100%) then the two classes denote almost the same set of instances. We considered only
the results from the equivalences where both of the classes had at least 10 instances.

The relations inferred on sloppiness less then 30% were mostly true matches but were
not discovered on sloppiness of 0% (were not discovered as perfect match) because of
lack of background knowledge. The manual check showed that the approximate matching
method performed well considering the facts that no background knowledge was used, the
simple sloppiness measure was used, and the data used to test the method is potentially a
problem.



Chapter 3

Layered based semantic routing

The work reported in this section has been carried out in tight collaboration with Alexan-
der Loser from the Technical University of Berlin.

3.1 The Social Metaphors

We introduce the metaphors which we exploit in the next section to define the different
layers which are used to rank the set of known peers according to their different estimated
capabilities to answer a given query. A core task is finding the right peer among the mul-
titude of possible addressees such that this peer returns good answers to a given question.
To do this efficiently and effective we follow the principle of our REMIDNIN approach

and build on the following social metaphors of how search human networks. We observe
that a human who searches for answers to questions may distinguish between four types
of persons in human networks:

1. A question is asked to a person that has answered the question in the past success-
fully. We call such a person a Content Provider and organize the corresponding
peer in theContent Provider Layet

2. If no person is known having answered the question in the past we search for a per-
son that has issued similar questions in the past and learn from this person suitable
Content Provider. We call such a person a Recommender. The corresponding peers
form theContent Provider Recommender Layer

3. If neither a person is known that has asked similar questions nor that has answered
our question successful in the past, we ask a person that has similar interests. Sim-
ilar interests are observed by answering many of our questions in the past or by
having asked many similar questions in the past. Persons with similar interests

1This layer was introduced with the REMINDIN’ approach.
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CHAPTER 3. LAYERED BASED SEMANTIC ROUTING 8

form our community. The corresponding peers are organized irfCtdmmunity
Layer?

4. If we don’t know one of the persons above we ask a person that has a broad general
knowledge or a person that has established a good social network to other persons
over several domains. Such persons form our social bootstrapping network and the
peers are related in tigootstrapping Layer

Our approach builds on the metaphors of peer-to-peer networks being like a human social
network and adopts the above mentioned assumptions to the peer model and the query
routing algorithm. Our peer model is based on the observation of interactions a peer has
with other peers in the network. Peers monitor which other peers frequently respond suc-

Content Provider Overlay

8 10
1 9
Recomender Overlay
4
6
3
8 10
Community Overlay 1 9
4
6
2 8
. 11
Bootstrapping Overlay
3 4 6
5 7
2
8 10

Default Network Laver

Figure 3.1: Adaptive Multi Overlay Network

cessfully to their requests for information, which peers ask similar questions, which peer
provide many documents or which peer have asked many questions to a broad range of
topics in the past. When a peer discovers such an information it will be locally stored in

a shortcut. Each shortcut represents an additional link on top of the default network layer

2We introduce the community and the bootstrapping layer as an addition to REMINDIN'’ to facilitate
the learning process.
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of the peer-to-peer systems. Shortcuts are implemented independent from the physical
network layer. Peers benefit from shortcuts by routing its queries directly to other peers
along the shortcut overlay, therefore shortcut layers improve the query performance with-
out affecting the scalability and correctness of the underlying default network topology.

Following the social metaphors from above we distinguish between four different
shortcut overlays above the default network layer. Our routing algorithm exploits the
information we can obtain from the different layers in our routing statk,network,
bootstrapping, community and content layer. Information from all five layers is eventu-
ally combined to decide to which peers a query will be send.

3.2 Peer Selection and Ranking Model

In this section we provided a detailed analysis of the metrics used to select a peer for a
guery depending on the knowledge the peer has acquired for each layer yet. The layer are
described in the order of its short cut discovery.

3.2.1 Example

Before we go into details with the description of the overlay layers we here introduce a
simplified peer setup which we will use in the following to exemplify our rating metrics.

In table 3.1 the shared content of the peers P1, P2, P3 and P4 is summarized. We plot for
each peer the number of documents it shares and the remote peers it kgdwks has

100 documents about “Semantic Web” and knows one peer — namely P2 — which also has
information about this topic. Moreover, we introduce in table 3.2 the variables which are
used throughout the rest of the paper.

3.2.2 Default Network Layer

The default network layer refers to the layer which provides the peers with the basic
communication facilities. On this level for a pdarowinganother peer means, that a peer

can establish a physical connection with the other peer. Existing applications implement
various approaches to enable the peers to get to know each other. The Gnutella protocol
assumes that peers get to know each other on the physical layer via ping messages send
around to a randomly selected number of IP addresses ([Kan99]). JXTA facilitates the
retrieval of available peer IP addresses via so called rendezvous peers. They act as super
peers to the extend that other peers can publish their IP addresses on them ([Gon01]).
Furthermore, on this level each peer can be identifiedibygue addressts PID. E.g. the

3LDs: Number of statements a peer has stored locally for the given topic
KNs: Number of remote peers a peer has stored locally for the given topic
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Table 3.2: Parameters
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Parameter | Description Example

S Statement (uril,hasTopic,Semantic-
Web)

H Entropy H(Q): Entropy of one
Query

T Topic Semantic-Web

P Peer Peer of Christoph

P A set of peers {P1,P2,...}

Q A Query (*,isAbout,Semantic-
Web) returns all State-
ments which have
“Semantic-Web” as
topic

Path The list of peersP which | {Ps, P;, P}
have received the Query
|SE Number of Statements re-Peer P1 has 10 resources
turned by PeerP; given | with topic Semantic-Web
o QueryQ);
2&' ) = ‘S’E;J_ Fraction of statements re-P1 returned 10, P2 90
: |57 . Q;
turned by peerP; given | statements, thus(Sy’) =
queryQ),; 0.1
PQi The set of peers which{Ps, P;}
have answered Querty;
P.BS Bootstrapping capability
of a peer
P.CO Community capability of g
peer
ToCo Total number of contentToCo = 20
provider peers
ToCotoric Total number of content T'oCo'P = 3
provider peers per topic

JXTA project introduces the concept of virtual addressing, a dynamic mapping between
virtual and physical network address, that allows to identify peers over multiple network
sessions even if the peers use dynamic IP addresses.

3.2.3 The Bootstrapping Layer

We definebootstrapping nodeas peers that provide many statements for a broad range of
topics and peers that know many remote peers with a broad range of topics. By routing a
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guery to bootstrapping nodes, we foster the probability to find a matching content provider
for a query if no local knowledge could be used to route a query, e.g. when a new peer
connects to the network or in the case the peer can not determine a set of peers to route
a query using higher layers. Once an initial set of bootstrapping nodes is found a peer
routes it's queries to the best found nodes and starts to acquire further knowledge, e.g.
about content provider peers. While a peer is online, it continuously updates it’s local
bootstrapping index with information about other peers bootstrapping capability.

Discovery of Bootstrapping Short Cuts

When a peer joins the network it requests from its physical neighbors of the default net-
work layer the bootstrapping capability. This set is pruned tathe: s bootstrapping
nodes and forms the initial set of bootstrapping nodes of a peer. E.g. in figure 3.1 peers
2,4,6,11 are bootstrapping nodes for the peer 8. The bootstrapping index is updated with
the bootstrapping information collected from each peer that provides statements for a
query. Furthermore with each query a querying peer sends its bootstrapping information
and updates the index as well. Hence the index of bootstrapping layer reflects the set of
content provider peers with high bootstrapping capability, the set of initial peers and a set
of random’ peers. Please note, an important prerequisite for determine the bootstrapping
capability is that each peer computes and publishes its local bootstrapping capability.

Influencing variables

The bootstrapping capability of a remote pééris determined by two characteristics:

By the capability ofP; to share many statements p, with a diverse knowledge of state-
mentsH (Sp,) and the capability of; to collect a large set of peefB|p, that contributed
answers for a diverse range of topi% P’p, ), hence to collect a large and diverse knowl-
edge about other peers in the network. For example, a peer with a high bootstrapping
capability shares a large number of statements for a diverse number of topics and knows
many peers that have answered a diverse set of queries. To represent its own bootstrapping
capability each remote peét computes locally a quadruple

Vp, = (|S‘Pj7H(SPj>’ |P’Pf’H(ij))

where:

e |S|p, represents the total number of published statementg; by

e H(Sp,) determines the diversity of the statements published’py We use the
Shannon-Wiener index to compute the entropy of the statements. Intuitively a peer
with a high value has a high diversity of statements, heAckas a broad knowl-
edge. A low value indicates thd?, does only share statements for a narrowed
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domain. The entropy is computed as:

|shtopic|p. . .
) S, (topic)| | |S, (topic,)|
i=1 By Fi

where|topic|p, denotes the total number of topics sharedforand |Sp, (topic; )|
denotes the number of statements for a particular topihared byP;.

e |P|p, represents the total number of known content provider peef itrough
shortcuts.

e H(Pp,) determines the diversity of the topic statements among the known content
provider atP; through shortcuts. Again to compute the entropy we use the Shannon-
Wiener index. A high value indicates th&f knows other peers that share a broad
knowledge, while a low value means thgtonly knows peers sharing knowledge
for a narrowed domain.The entropy is computed as:

|ptopic|p, .

p i P; | Pp, (topic;)| og(

|P|Pj

| Pp, (topic;)|

H(Pp)=—

) (3.2)

=1
where|ptopic|p, denotes the total number of collected topics of remote peérs at
and| Pp, (topic;)| denotes the number of remote peers registeréy fr a particu-
lar topici.

Computation of the Bootstrapping Rank

Once a local peeP has collectedl p, from several remote peers it computes the boot-
strapping capability for eacl; and select theéop kps P; with the best bootstrapping
capability to forward a query. In all collectelp, we search for the minimum number
of shared statementdin(S) p, and maximum number of statementsiz(S) , a remote
peer shares and compute the normalized number of shared statements fBy:each

N = A
orm(S), Maz(S)p, — Min(S)p,

(3.3)

Analogue, in all collectedl», we search for the minimuni/in(P)p,, the maximum
numberMaz(P)p, of peers that are known to a remote peer and compute the normalized
number of known peers for each):

Min(P Pp.
Norm(P)p, = in(P) + |Pr,|

' Max(P)p, — Min(P)p, (3.4)

Finally, the bootstrapping capability of a remote pBd&Sof P;, with 0 < P.BS < oo,
is computed by

P;.BS = H(Sp,) - Norm(S)p, + H(Pp,) - Norm(P)p, (3.5)



CHAPTER 3. LAYERED BASED SEMANTIC ROUTING 14

Topic Wpp | Wpy | Wp3 | Wpy
Total # statementsS| p, 210 | 210 | 152 | 4
Total # peersS|p, 2 3 1 1
Entropy of statementd (Sp,) | 1,23| 1,23| 1,67 | 2,00
Entropy of peerd?(Pp,) 0,50(0,39| O 0

Table 3.3: Bootstrapping Measure

PeerP, b P
knows Pee,, P P P3 P, P P3
Normalized # document¥ orm(S) p, 1 1 /0,72 O 1 0
Normalized # peer&/orm(P)p, 05| 1 0 0 1 0
Entropy of statement& (Sp,) 1,23|1,23]1,67|2,00| 1,23| 1,67
Entropy of peerd?(Pp,) 0,50/0,39| O 0O (050 O
Bootstrapping Capability P.BS 148|1,621,20f 0 ||1,73| O

Table 3.4: Bootstrapping Capabilities

Example Computation

We will now show the computation of the bootstrapping capability on an example. Each
time a peer sends a query to the network it attaches the véctém table 3.3 we have
summarized these values for our running example. The receiving peers can than rank the
bootstrapping capability of the remote peers they know. In table 3.4 we have calculate the
bootstrapping capabilities for different peers, assuming pe&nows all other peers and

P3 knows only peelP;.

Index Update Strategy and Index Size

To maximize the bootstrapping capability in the local bootstrapping index with a fixed
index size oftop kps we use a simple highest in/lowest out strategy: If the bootstrapping
capability of a remote peer is higher as of the peer in the index with the lowest boot-
strapping capability, the remote peer is added to the index, while the peer with the lowest
bootstrapping capability is removed from the index.

3.2.4 The Content Provider Layer

The design of the content provider overlay departs from existing work recently published
by [SMZ03] and exploits a simple, yet powerful principle called interest-based locality,

which posits that if acontent provider peehas a particular piece of content that one

is interested in, it is very likely that it will have other items that one is interested in as
well. The content provider short cut list will grow with each submitted query until the
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maximum number of content provider peers is reached. New remote peers are added to
the list, each time the querying peer receives an answer from a remote peer. The content
provider peers are ranked according to the number of statements they could provide for
the query.

Discovery of Content Provider Nodes Short Cuts

When a peer joins the system, it may not have any information about other peers interests.
Its first attempt to locate statements is executed through lower layers. The lookup returns
a set of peers that store the statement. These peers and the peers the query is forwarded
to are potential candidates to be added to the content provider shortcut list. Subsequent
gueries for statements go through the content provider shortcut list. If a peer cannot find
statements through the list, it again issues a lookup through lower layers, and repeats
the process for adding new shortcuts. For example in figure 3.1 the peers 3,4,9 return
statements for the query of peer 8.

Influencing Variables

The computation of the Content Provider Peer Ranking bases on the shortcuts a peer was
able to collect with its past queries. Remember, that for each query a local peer stores
shortcuts to remote peers that return statements matching a query. For each query a peer
searches its local shortcuts for matching content provider peers. Given that there may be
many shortcuts to remote peers P of the form®% = (Q, P, \S]?]) for a queryq €

on the local shortcut list of the querying peer, we rank the peers based on their perceived
content provider utility. For useful peers exist many shortcuts in the local shortcut list that
match the query exact or with a high similarity. If peers are useful, they are ranked at the
top of the list.

Content Similarity Function

We define the similarity functiorim : Q@ x ® — [0; 1] between a query € @ and a
single shortcut! € ®%, which are both represented as topics path in the same taxon-
omy, according to the similarity measure for hierarchical semantic networks defined by
[LBMO3] where | is the length of the shortest path betweemnd¢ in the graph spanned

by the SubTopicrelation and h is the minimal level in the tree of eitheor ¢. o > 0

ands > 0 are parameters scaling the contribution of shortest path length | and depth h,
respectively. Based on their benchmark data set, the optimal valuas-afe2, 5 = 0.6.

eBh_o—Bh

—al  ePh—e-Bh q
. qy _ € © eBhie—BR if q 7é ¢P
sim(q, ¢p) { 1 otherwise (3:6)



CHAPTER 3. LAYERED BASED SEMANTIC ROUTING 16

Query(Q 15511 | [Spal | 1Sl | [Sp4l | Total
Semantic Weh 100 | 10 50 1 161
Peer-to-Peer | 100 | 100 | 50 1 251
Total | 59| 412

Table 3.5: Answers to queries issued by pBer

. S@ [ B@l | Bl | Bl
simlq, 6)% | sl | Jsar | Isip | psal

sim(InformationSystems, SemanticWeb) =0,8 | 0,19 | 0,02 | 0,10 | 0,00
sim(InformationSystems, Peer —to — Peer) =0,6 | 0,15 | 0,15 | 0,07 | 0,00
CPR(l,q,p) | 0,34 | 0,17 | 0,17 | 0,00

Table 3.6: Content Provider Rank

Computation of the Content Provider Rank

Since it is likely that some peers will be associated with many similar shortcuts for the
guery and others with some, we compute @entent Provider Rank CP®hich is the
aggregate weighted similarity of a peer to a given query. For computing the CBR we con-
sider that the only shortcuts are useful for a query are those with a similagjtyreater

than a user-provided threshdldShortcuts with lower similarity are unlikely to be useful,

and therefore we ignore them. For computing the CPR we use the k-Nearest-Neighbor
classification. The reason that we employ a Nearest Neighbor classification technique is
that it is simple, and it has shown good accuracy in many different settings [KGZY02]. It
has also been shown that the k-Nearest Neighbor classification has asymptotic error rate
at most twice the Bayes error rate, independent of the distance metric used [DH73]. We
weight the similarity between a query and a shortcut with the number of statements in the
shortcut matching the query and normalize them with the total number of statements of
all shortcuts of a peer matching the query above a similarity threshold. This allows us to
rank higher the peers that returned more results. Gjggnthe total number of match-

ing statements of a peer to a query above a similarity threshad | S(¢)?| the number
statements of a shortcyi matching the query with a specific similaritym (q, ¢%) a peer
computes the Content Provider RaRkC' PR(1, ¢, p) of a peerp for a queryg.

1S(¢)3]
|5

P;.CPR(l,q,p) = Z sim(q, ¢}) -

V¢Z|sim(q,¢g)>l

(3.7)

We compare this peer ranking function against data source selection techniques known
from the distributed data base community. The better known for text based data bases, are
gGloss[GGM95], Cori[FPV98] and more recently InfoBeacon [Coo04].
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Example Computation

We will now show the computation of the content capability, assuminglthat0, 5,

and the similarity betweerim(InformationSystems, SemanticWeb) = 0,8 and
sim(InformationSystems, Peer — to — Peer) = 0,6. PeerP, queries for resources
about “Information Systems”. In table 3.6 we first recall the number of statements the dif-
ferent remote peers have answered to ggeavith the ultimate queries. Than we calculate
the Content Provider Ranfor each peer. According to this metric pe@ris selected as

the first peer to send a query to.

Index Update Strategy and Index Size

Over time a peer will get to know more and more peers which have answered his queries,
hence the index storing the content porvider peers will grow. However, as [SMZ03] has
shown in its experiments that it is not reasonable to remember all remote peers but rather
to limit the size of the index. In their case the found that adding a maximum five peers
per query is a reasonable trade off for improving performance.

We distinguish to different index sizes. The first one - tiverall content provider
index- determines the total number of content provider p&exso we want to remember,
while the second one - thepic specific content provider indexsets the total number of
content provider peers per togioCoforie,

The index size fofl'oCo'P is subject to experimental evaluation and will probably
depend on the overall size of the network. More difficult to find out is the optimal size of
the overall content provider index, and in particular the selection of the least useful peers.

Ones the index size is settled, and the index is filled, we must decide on the occurrence
of a previously unknown peer wether we want to store the new remote peer and delete a
known one or not. Therefore we must rank all known peers according to a given strategy.
We can distinguish two kinds of strategies,the first type explores the usage patterns of the
peers, the second type the provided content.

Usage based peer ranking In [VKMvS04] different usage based peer ranking meth-

ods are evaluated against each other. In particular they make a distinction betesen
recently used (LRUHistory and Popularity. They found that the Popularity based ap-
proach shows very good results will it has a low memory footprint. In this approach each
peer ranks the peers according to (1) the number of statement the peer has provided and
(2) the last time it has provided results. We will evaluate this approach against a content
based peer ranking.

Content based peer ranking We consider to rank the content provider peers according
to the similarity of the content we have stored locally and the answers we received from
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the remote peers. Furthermore we propose to generally prefer known peers to new ones.
Store a content short cut only if we know the peer or if we have content for the query
as well. However, only experimental results will reveal, wether this strategy actually
outperforms the simpler usage based strategies.

3.2.5 The Recommender Layer

The name of this layer is an abbreviation of Content Provider Recommender Layer. We
define theRecommender Pe@s a peer that has a high overlap in it's queries with our
gueries. If a peer can not determine a content provider peer for a given query, the peer
searches its local recommender index for peers that have issued similar queries to the
guery and forwards the query to the “best” recommender peers.

Discovery of Recommender Peers

Remember, when a peer was not able to resolve a query by its local knowledge, the peer
searches the shortcuts of remote peers via lower overlays. If a shortcut on a remote peer
matches the query a peer learns transitive from the remote peers the content provider from
the shortcut. Additionally, the peer learns, that the remote peer has issued the same query
in the past and stores in its local inder@ommender shortcti the remote peer. Hence

a prerequisite for using the recommender layer is that eachcoegeratesvith other

peers, e.g. publishes it's content provider shortcut list and analyzes the shortcut list of
remote peers. E.g., in figure 3.1 the peers 1,6,9,10 have similar queries issued to peer 8 in
the past for a particular document.

Influencing Variables

The recommender rank of a perto a query); is determined by it's number of match-
ing recommender ShortCLﬂB%; = (Qs, P}, ITS%' ), the similarity between a shortcut and

the querysim(Q;, QQZ') and the number aecommendedtatementsrSg'| retrieved by

a shortcut. The similarity between a qué&pyand a recommender shortcﬂ)g is deter-

mined by using equation 3.6. The recommender shortcuts differ from the content provider
shortcuts in one important aspect, namely the number of staterimétﬁ‘s; we take into
account. Instead of counting the statements a remote peer directly prowdes to a query, we
here sum up the statements which were provided by peers recommended by the remote
peer. The recommender peer is always the penultimate peer in the message path.
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QueryQ Message | [rS5| | [rS| | [rSis] | [rS,] | Total
PathPath

Semantic Weh { Py, P, P,} 60 0 0 100 | 160
{P,, P\, P

Peer-to-Peer | {P,, P, P} 150 0 0 100 | 250
{Py, P, P3}

Total |51 410

Table 3.7: Recommended Statements

. S()? S()? S(¢)7 S(9)?
szm(q, ¢Z)>< \ |qu)|1‘ | |qu)‘gl | l(Sq)|3| | |(Sq)‘4\

sim(InformationSystems, SemanticWeb) = 0,8 | 0,12 | 0,00 | 0,00 | 0,20
sim(InformationSystems, Peer — to — Peer) = 0,6 | 0,22 | 0,00 | 0,00 | 0,34
RR(l,q,p) | 0,34 | 0,00 | 0,00 | 0,34

Table 3.8: Recommender Rank

Computation of the Recommender Rank

We rank the recommender peers byRscommender Rangeers with a high score are
ranked on the top if the list. Analogue to the CPR we use the k-Nearest-Neighbor method.
We weight the similaritysim(Q;, ') between; andQ?! with the normalized number

of statements and normalimsgjj] with the total number of statemerjtsS©: | of recom-
mender shortcuts of all peers matching the query above a thresh@¥é compute the
P;.RR(l, Q;, P;) of a peerP; for a query(); according to equation 3.8.

Y
P, RR(l,Q;, P}) = > sim(Qq, QF!) - }:Sf;,l (3.8)

vsz%_i \sim(Qi,Qg;)>l

Example Computation

We will now show the computation of the recommender capability, assuming that5,

and the similarity betweerim(InformationSystems, SemanticWeb) = 0,8 and
sim(InformationSystems, Peer — to — Peer) = 0,6. PeerP, queries for resources

about “Information Systems”. In table 3.5 the number of original answers to different
gueries is listed. Instead, in table 3.7 we assign the answered statements to the peers
which have recommended the actual content provider peers. Than we calculBecthe
ommender Ranfor each peer. According to this metric pggrand peerP; are selected

as the first peers to send a query to. Of course the localpeisrremoved from the set

of selected peers.
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Index Update Strategy

Similar to the indices defined for the Content Provider Layer we introduce two different
indices for the Recommender Layer namely the Overall Recommender Index and the
Topic specific Recommender Index. The index size is the same as for Content Provider
indices. As in the Content Provider case we recalculate the rank of each known peer when
we have received all answers for a query.

3.2.6 The Community Layer

Over the time each peer learns a subset of other peers that have been especially useful
in the past, its community. If a peer is not able to select a particular peer for a query
from its local knowledge, the query is forwarded to the “best” locally known members

of its community. We defin€ommunity Nodeas peers that provided many statements

for a peer’s queries in the past or as peers that have asked many similar queries. Hence,
the community overlay clusters peers with similar interests and takes the assumption that
peers which have answered successfully many of the peers previous queries they will do
so also in future.

Discovery of the Community Short Cuts

The peers will acquire a useful list of community peers only after several interactions
with remote peers. To assign a community rank to the known peers we only use the
results remote peers answer to our queries. Thus, each time an answer to our query is
returned, we update the community ranks of the known peers. In the start up phase of the
system, or when a peer joins the network as a beginner, the peers with the highest rank
in the bootstrapping layer will probably also form the community layer. After several
interactions with the system though, the local peer will build up a list of remote peers
which could provide meaningful results to most of its queries.

Influencing Variables

To calculate a remote peers community capability we consider two indicators that the
peer has a shared interest with us and should thus be part of the local peers community:
We require a remote peer to be able to answer many of our quBe@sC O« in

the past and we regard the recommendation of peers to other peers which can answer our
queries as helpfuP.CO"*Y. For example, a peer has a high community capability if the
peer has served in the past as content provider for many of our queries and was able to
recommend many other useful content provider for our queries. E.g. in figure 3.1 the peer
8 has retrieved statements from the peers 3,4,9 and has found similar queries at the peers
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1,6,10,9, hence the union, with the peers 1,3,4,6,9,10, represents community overlay of
peer 8.

Computation of the Community Rank

In contrast to the computation of the bootstrapping capability the community capability
is computed complete locally on the basis of the information returned by each query from
other peers. However, in contrast to bootstrapping information that is calculated without
any delay, computing the community capability requires to monitor the query results of
remote peers over a longer training phase. The community capabilities of a remote peer
as seen from the local peer are updated each time a peer has received all ‘aftsveers
query. Itis calculated according to equation 3.9.

P.CO = P.CO™" 4 p.OO™ (3.9)

The content community capability. CO<"“" of a peerP, is calculated as the weighted

sum of the current community capability and the share in statements returned b¥; peer

in comparison to all statements returned for the current q@grycf. 3.10). Using the
fraction of statements ensures the independence of the metric with respect to the restric-
tiveness of the query. We weight this fraction with the entropy of the query. Hence we
consider queries to which all selected peers have replied similarly more important to build
the community than queries which could be answered by only a small subset of the peers.

_ PLCO(t— 1)+ p(SE) + H(Q))

P,.CO“mMen (¢) CTHO) (3.10)
Qi\ _ |S]C?’:

P(5E) = 15q;) (3.11)

H(Q;) == >_ p(Sg)) - log(p(SE)) (3.12)

P;cP
The query community capabiliti>.C O™ of a peerF,; is calculated in the same way as
the content community capabilitgf( equation 3.14). However, instead of calculating the
fraction of statements returned By himself, the input parameter for this metric are the
number of statements returned by the pgeérsas recommended. Thus we introduce the
functionpenultimate(Path) (cf. equation 3.13) which returns the last but one peer in the
message pathjz. P,,.._1 is theQuery providerfor the answer.

P L= penultimate( Path) (3.13)

“We consider only answers as relevant which are returned to the local peer within a given time frame.
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Pt Comerni-N 4 p(5%. ) H(Q))

P'maxfl'COquery(t) _ 3.14
‘ 1+ H(Q,) ( )
o
Q; P
1) = L A
PSGhns) = @.15)
HQ;)=— > p(Sp)-log(p(Sg)) (3.16)

PL’ EPZ”GQE71

Example Computation We will now show the computation of the community capability

on an example. Each time a peer has received all responses to a query from the remote
peers it recalculates the community capability of each peer. In our example we assume
that peerP, poses the queries to the network. In table 3.9 we have listed the query re-
sults, the probabilities as calculated according to equation 3.11 and the resulting entropy
H(Q,), cf.equation 3.12. For the first two queries we assume thatipgeroffline. From

this information we can calculate tl@ommunity Capabilityand theQuery Community
Capability of each peer as done in table 3.11. We observe thaCtmamunity Capa-

bility of peerP,; for peerP; is the highest while peeP, has the highedBootstrapping
Capability cf.table 3.4.

Index Update Strategy and Index size

In the case of the index size for Community Index the ranking strategy is straightforward.
We keep theV remote peers in the index with the highest community rank.

3.3 Protocol Scenario

Peer selection is based on the ratings a peer receives on the different overlay layers. The
ratings a peer receives from the content and recommender overlay layer depend on the
actual query. The query is forwarded to the peer with the highest rating. For the case
the local peer has no exact information in it's shortcut index we use a cooperative zoom-
ing strategy, where the query is routed only to peers that content/recommender shortcuts
similarity to the query is higher than the content/recommender shortcut similarity of for-
warding peer. In the case no similar shortcuts could be found the query is routed via lower
layers to the community of the peer and via the bootstrapping network.
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3.3.1 Query model

We use a simple query model which is similar to the Gnutella query message[Kan99]
Of course the query must contain the query itself. We currently support only queries for
documents which are assigned to a certain topic. We currently working on a method to
extend our framework to conjunctive queries in an ontology and to full text search.

Additionally to the query we add to each query message the bootstrapping capability
of the querying peer. Hence, query receiving peers can quickly update their bootstrapping
index.

Moreover we attach the message path to each query. The message path contains the
unique ID’s of the peers which have already received the query. This ensures, that one
remote peer does not forward a query to another remote peer, which has already received
the query. The message path is eventually copied to the answer message. In this way we
can calculate the Recommender rank of a peer.

Furthermore each query has one almost unique Quéryiibis again ensures that a
peer does not respond to a query it has already answered. This reduces network load.

The threshold zoomleT is transmitted with each query. As described in section 3.3.4
the receiving peer updates the threshold before it forwards the query. The threshold is
used to narrow down the number of peers contacted at each forwarding step.

3.3.2 Result model

In the result we include the answer to the query. Currently we just consider results which
contain statements pointing to documents matching the query. However, we are working
on an extension to allow for arbitrary RDF being the response. As said before the message
path is transmitted with the answer. Furthermore, cooperative peers can transmit their
bootstrapping capabilities. We currently assume that all peers are cooperative or at least
not malicious. This assumption is valid, since their exist algorithms like the one described
in [KSGMO03], which enable to reward only responses from not malicious peers.

3.3.3 Setting 1: Exact Query Forwarding

After having defined the query and result model we proposexhet query routing strat-
egythat bases on a simple combination of the layers. The algorithm builds on the follow-
ing metaphors:

e A query is forwarded to a person that can answer the quenytént layey).

SUnique QuerylD’s can only be generated with a central service. Peer-to-Peer networks as JXTA use a
random number generator which has a high probability to generate a unique number
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e If the query could not be answered, the query is forwarded to a person that has
issued the same queme€ommender lay@r

e If the query could still not be answered it is forwarded to the commuibynmu-
nity layer) and to persons that have a broad knowledge about the netivook-(
strapping layey).

For this setting we are only interested in exact matches between a content/recommender
shortcut and a query, hence we set the similarity thresheldl. For the querying peer
Py the query strategy in this setting works as follows:

e Querying Peer: Forwarding P, searches in it's local content provider shortcuts
for an exact match to the query. Peers with matching shortcuts are ranked according
equation 3.7. The query is forwarded to thg.pr content provider peers. If no
content provider peer matches the qudry, searches in it's local recommender
peer index for matching peers and ranks them according equation 3.8. The query
is forwarded to theéop RR recommender peers. If neither a content provider nor a
recommender peer is found the query is routed tottipe community peers and
thetopps bootstrapping peer af,. In every case the forwarded query consists of
the query message and the bootstrapping informatidr,of

e Remote Peer: Answering QueriedVhen a remote pedry receives a query from
Py, Pr updates it's bootstrapping index with the bootstrapping capabilityof
received with the query. Next, it will try to answer the query and return the answer
and its own bootstrapping information directly &y .

e Remote Peer: Forwarding Query forwarding at a remote peél}; is analogue
to query forwarding at the querying peer. However, the query includes still the
bootstrapping information aF,.

e Querying Peer: Receiving Respons®©n the arrival of the answers at the querying
peerF, it analyzes the result and updates it's content provider shortcut index, it's
recommender index, it's community index and it's bootstrapping index. Finally it
presents the answers to the user.

The routing strategy stops after a query was routed over a maximum numab&r1' of
hops.

3.3.4 Setting 2: Query forwarding with Zoomle

Setting 1 works well in the case of an exact match between the query and a shortcut.
However, most queries will only match a shortcut with a certain similarity. We have
developed an algorithm 1 calletbomle that allows to forward a query even if no exact
shortcut in the local index is found. For this algorithm we add the following metaphors:
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e A content provider stores shortcuts to content providers with similar interests.
e A recommender stores shortcuts to recommenders with similar interests.

e A query should at match a shortcut with a minimum similarity threshold.

Analogue to the exact query strategpomlesearches in the local shortcut index and
across the network. However, the algorithm starts with an initial threshold and increments
the threshold with each found shortcut.

e Querying Peer: Set Minimal Threshold On the querying peer the minimal simi-
larity threshold between the query and a shortcut is set] e=¢).5.

e Querying Peer: Forwarding Query forwarding is analogue to the exact query
forwarding strategy. Additionally the similarity threshalébr the forwarded query
is set above the initial threshold and above of the lowest similarity between a query
and a matching shortcut.

e Remote Peer: Answering QueriedVhen a remote pedry receives a query from
Py, itwill try to find an exact answer to the query and return the answer and its own
bootstrapping information directly tB,.

e Remote Peer: ForwardingQuery forwarding is analogue to the exact query for-
warding strategy. Additionally the new similarity threshdlds set to the lowest
similarity between a query and a shortcut above the old similarity threshold regis-
tered in the query.

e Querying Peer: Receiving ResponsReceiving response is analogue to the exact
query strategy.

The following algorithm can be applied to both settings, however for setting one the initial
threshold is set td = 1 and for setting two t® < [ < 1, the maximum TTL is set to
seven.
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Algorithm 1 Zoomle
Require: Query Q, LocalShortCutindex O
Ensure: Q.getTTL()< maxTTL
// Update Local Bootstrapping Index
O.updateBoostrappingPeers(Q.getBoostrappinginfo())
/ Update Query
Q.incTTL()
Q.addToMessagePath(this.PID)
/[ Initializing
QueueselectedPeers ()
Threshold | = Q.getThreshold()
/l Start Forwarding
if (| O.getContentProviderPeers(Q,l 0) then
//Get matching Content Provider above threshold
selectedPeerappend(O.getContentProviderPeers(Q, )
/I Set New Similarity Threshold
Q.setThreshold(O.getContentProviderPeers(Q,l).getMinThreshold()+0.01)
else if (| O.getRecommenderPeers(Q,}} 0) then
/I Get matching Recommender above threshold
selectedPeerappend(O.getRecommenderPeers(Q,1))
/I Set New Similarity Threshold
Q.setThreshold((O.getRecommenderPeers(Q,l)).getMinThreshold()+0.01)
else
/I Get Community Nodes
selectedPeerappend(O.getCommunityPeers())
I/l Get Bootstrapping Nodes
selectedPeerappend(O.getBoostrappingPeers())
end if
Return selectedPeers
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QueryQ Message | P,.CO | ,.CO | P;.CO | P,.CO
PathPath
Semantic Weh {P,, P, P,} 0,90 0,09 0,00 0,01
Peer-to-Peer | {P,, P, P} 0,70 0,30 0,00 0,01
Semantic Weh {Py, P, P,} 0,65 0,17 0,17 0,01
{P,, P\, P
Peer-to-Peer | {P,, P, P,} 0,50 0,30 0,19 0,00
{P4, Pl, Pg]

Table 3.10: Community Measure calculated at pBggiven the query hits summarized
in table 3.9
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Chapter 4

Conclusion

This document presented a tool for matching of classification hierarchies and an improved
tool for ontology-based routing of query messages.

With these tools the number of tools created in the context of SWAP is complete.
Summarizing one can say that we developed 9 tools, of which the majority is directly or
indirectly used in the SWAP applications Xarop and Bibster. As some of the research
work done was only finished lately these have not been implemented in tools yet.

We hope and expect to continue the work begun in the recently started EU-projects
SEKT and KnowledgeWeb.
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