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Abstract. Recently , a new family of massive self-organizing networks
has emergedthat not only serve as a communication infrastructure, but
also mainly as a distributed query processing system. We term these
networks Querical Data Networks (QDNs) . Peer-to-peer networks are
examplesof QDN. In this paper, �rst we identify and characterize QDN
as a new family of data networks with common characteristics and ap-
plications. Subsequently , as the �rst step toward realizing the evolved
vision of QDN as a large-scaledistributed query processingsystem, we
propose an e�cien tly searchable QDN model based on a recently de-
veloped small-world model. We discuss in details how our QDN model
enablese�ectiv e location of the data relevant to a QDN query.

1 In tro duction

Recently , a new family of massive self-organizingnetworks hasemergedthat not
only serve as a communication infrastructure, but also mainly as a distributed
query processingsystem.Thesenetworks are signi�cantly di�eren t with classical
engineerednetworks (e.g., the Internet) both in the way they are applied and
in the characteristics of their components (nodes and links). We term these
networks Querical Data Networks (QDNs). Peer-to-peer networks and sensor
networks [9,2] are examplesof QDN.

This paper is organizedin two parts. In the �rst part, weprovide our overview,
where we 1) de�ne and characterize QDN as a new family of data networks
with common characteristics and applications (Section 2), and 2) review possi-
ble database-like architectures for QDNs asquerying systems,and discussdesign
principles and implementation issuesin realizing thosearchitectures (Section 3).
In the secondpart (Section 4), as the �rst step toward realizing the evolved
vision of QDNs we focus on a speci�c problem, namely the problem of e�ectiv e
data location (or search) for e�cien t query processingin QDNs.

We believe that with QDNs, search optimization is not limited to optimal
query routing on the unintelligently generatedad hoc network topology. Consid-
ering the 
exibilit y (hence,controllabilit y) of the topology of QDNs (seeSection
2), a QDN can self-organizeto a search-e�cient topology that in combination
with an intelligent query routing/forw arding mechanism can signi�cantly im-
prove the searchability of the QDN. Here, with our searchable QDN model, �rst



we propose a self-organization mechanism that generatesa small-world QDN
basedon a recently developed small-world model [29]. Small-world networks are
known to be extremely search-e�cien t [28]. Although DHTs [20,27,22,31] are
alsosuccessfulin creating e�cien t topologies,we argue that asa model they are
not compatible with characteristics/requirements of QDNs. Particularly , DHTs
enforcecertain data distribution and replication schemesand imposestrict con-
nectivit y rules to QDN nodes.On the other hand, the small-world model is the
natural model for QDNs that completely respects the autonomy of QDN nodes.
Second,we complement the generatedsmall-world network topology with query
forwarding mechanismsthat e�ectiv ely route the query toward the QDN nodes
that store target data relevant to the submitted query.

2 Querical Data Net works (QDNs)

Recently , a family of massive, self-organizing,engineerednetworks has emerged
that bear componental characteristics (e.g., node lifetime) that are signi�cantly
di�eren t with thoseof the classicalengineerednetworks such asthe Internet, but
similar to those of their natural counterparts, so-calledcomplexsystemssuch as
social networks and biological networks. Besidescomponental di�erences, these
networks are also applied di�eren tly as comparedwith the classicalnetworks. A
collection of interrelated data is distributed among the nodesof thesenetworks,
where the data are naturally created, collected (e.g., by sensing the physical
world), and/or stored. Database-style queries are frequently posed (by nodes
themselves,or by an outsider) to retrieve the data or information (i.e., the pro-
cesseddata) from this distributed network of data sources.Hence,the network
not only servesas the communication infrastructure, but also mainly and more
importantly asa distributed data sourceand a distributed query processingsys-
tem. We term theseemergingnetworks Querical Data Networks (QDNs). Here,
we enumerate the main componental characteristics and application features of
a QDN.

2.1 Comp onental Characteristics

A network is an interconnection of nodesvia links, usually modelled as a graph.
Nodesof a QDN are often massive in number and bear the following character-
istics:

{ Peer functionality : All nodesare capableof performing a restricted but simi-
lar set of tasks in interaction with their peersand the environment, although
they might be heterogeneousin terms of their physical resources.For ex-
ample, joining the network and forwarding search queries are among the
essential peer tasks of every node in a peer-to-peer network.

{ Autonomy: Aside from the peer tasks mentioned above, QDN nodes are
autonomous in their behavior. Nodes are either self-governing, or governed
by out-of-control uncertainties. Therefore, to be e�cacious and applicable
the QDN engineering should avoid imposing requirements to and making



assumptionsabout the QDN nodes1. For example, strict regulation of con-
nectivit y (i.e., number of connectionsand/or target of connections) might
be an undesirable feature for a QDN design.

{ Intermittent presence: Nodes may frequently join and leave the network
basedon their autonomousdecision,due to failures, etc.

On the other hand, links in various QDNs stand for di�eren t forms of in-
teraction and communication. Links may be physical or logical, and they are
fairly inexpensive to rewire. Therefore, a QDN is \a large-scalefederation of a
dynamic set of peer autonomous nodes building a transient-form interconnec-
tion". Traditional modelling and analysisapproachesusedfor classicalnetworks
are either too weak (oversimplifying) or too complicated (overcomplicated) to
be e�ectiv e with large-scaleand topology-transient QDNs. The complex system
theory [5], on the other hand, provides a set of conceptual, experimental, and
analytical tools to contemplate, measure,and analyzesystemssuch as QDNs2.

2.2 Application Features

A QDN is applied as a distributed sourceof data (a data network) with nodes
that arespecializedfor cooperativequery processingand data retrieval. The node
cooperation can be as trivial as forwarding the queries,or as complicated as in-
network data analysis (seeSection 3). In order to enable such an application,
QDN should support the following features:

{ Data-centric naming, addressing,routing, and storage: With a QDN, queries
are declarative; i.e., query refers to the namesof data items and is indepen-
dent of the location of the data. The data may be replicated and located
anywhere in the data network, the data holders are unknown to the querier
and are only intermitten tly present, and the querier is interested in data
itself rather than the location of the data. Therefore, naturally QDN nodes
should be namedand addressedby their data content rather than an identi-
�er in a virtual namespacesuch asthe IP addressspace.Consequently , with
data-centric naming and addressingof the QDN nodes[13], routing [16] and
storage [19] in QDN are also basedon the content. It is interesting to note
that non-procedural query languagessuch as SQL also support declarative
queriesand are appropriate for querying data-centric QDNs.

{ Self-organization for e�cient query processing: QDNs should be organized
for e�cien t query processing.A QDN can be consideredas a databasesys-
tem with the data network as the databaseitself. QDN nodescooperate in
processingthe queriesby retrieving, communicating, and preferably on-the-

y processingof the data distributed acrossthe data network (in Section 3,

1 One can consider peer tasks as rules of federation, which govern the QDN but do
not violate autonomy of individual nodes.

2 Further discussion about the complex system theory is beyond the scope of this
paper. Werefer the interested reader to our work on complex-system-basedmodelling
of the peer-to-peer networks in [4].



we explain the bene�ts of adopting a databasesystemframework to discuss
and design query processingin QDNs). To achieve e�ciency in query pro-
cessingwith high resourceutilization and good performance(e.g., response
time, query throughput, etc.), QDN should be organized appropriately. In
Section 4, we discussan example organization, where the topology of QDN
is structured such that search for data items is performed e�cien tly . Other
examplesof organization are: intelligent partitioning of the query to a set
of sub-queriesto enableparallel processing,or collaborative maintenanceof
the data catalogue acrossthe QDN nodes. However, the peer tasks of the
QDN nodesshould be de�ned such that they self-organizeto the appropriate
organization. In other words, organization must be a collective behavior that
emergesfrom local interactions (de�ned by peer tasks) among nodes, oth-
erwise the dynamic nature and large scaleof QDN renders any centralized
micro-management of the QDN unscalableand impractical.

3 Database-System Querying Framew ork for QDNs

The idea of adopting a DBS querying framework wasoriginally discussedbrie
y
and abstractly in two recent position papers for some speci�c casesof QDN
[10,12]. Here, we de�ne a taxonomy of approaches to generalizethis querying
framework for the entire family of QDNs.

Querical Data Network (QDN)

Database

Conceptual Level

Physical Level Information

Data

Database Querical
Data Netowrk

(DB-QDN)

Conceptual Level

Physical Level

Information

a. Centralized Design b. Decentralized Design

Fig. 1. Database System Framework for Querying Querical Data Networks (QDNs)

3.1 Taxonom y

Based on the two fundamentally distinct design choices for the physical level
of the DBS framework (i.e., centralized and decentralized), we recognize two
approachesto implement a DBS-basedquerying system for QDNs:



1. Databasefor QDN (Figure 1a): This approach corresponds to the querying
systemswith centralized query processing.Thesesystemsaresimilar to other
centralized databaseapplications, where data are collected from somedata
sources(depending on the host application, the data sourcescan be text
documents, media �les, and in this case,QDN data) to be separately and
centrally processed.

2. Database-QDN(DB-QDN) (Figure 1b): The systemsthat aredesignedbased
on this approach strive to implement query processingin a decentralized
fashion within the QDN; hence,in thesesystems\ QDN is the database".

3.2 Designing a Database-QDN (DB-QDN)

By de�nition QDNs tend to be large-scalesystemsand their potential bene�ts
increaseas they grow in size. Therefore, between the two types of DBS-based
querying systemsfor QDNs, the database-QDNs(DB-QDNs) aremorepromising
becausethey are scalableand e�cien t. Here, we discussthe design issueswith
thesesystems.

Design Principles Among the designprinciples for distributed query process-
ing at QDNs one can distinguish the following:

1. In-network queryprocessing: In-network query processingis the main distinc-
tion of DB-QDNs. In-network query processingtechniquesshould be imple-
mented in a distributed fashion, ensuring minimal communication overhead
and optimal load-balance.

2. Transaction processingwith relaxed semantics: Due to the dynamic nature
of QDNs, requiring ACID-lik e semantics for transaction processingin DB-
QDNs is too costly to be practical and severely limits scalability of such
processingtechnique. Hence,transaction processingsemantics should be re-
laxed for DB-QDNs.

3. Adaptive query optimization : SinceQDNs are inherently dynamic structures,
optimizing query plans for distributed query execution in DB-QDNs should
alsobea dynamic/adaptiv e process.Adaptiv equery optimization techniques
are previously studied in the context of central query processingsystems[3].

4. Progressivequery processing: Distributed query processingtends to be time-
consuming. With real-time queries, user may prefer receiving a rough es-
timation of the query result quickly rather than waiting long for the �nal
result. The rough estimation progressively enhancesto the accurate and �-
nal result. This approach, termed progressivequery processing[24], allows
usersto rapidly obtain a generalunderstanding of the result, to observe the
progressof the query, and to control its execution (e.g., by modifying the
selectioncondition of the query) on the 
y .

5. Approximate query processing: Approximation techniques such as wavelet-
based query processingcan e�ectiv ely decreasethe cost of the query, while
producing highly accurate results [25]. Inherent uncertainty of the QDN
data together with the relaxation of the query semantics justify application
of approximation techniques to achieve e�ciency .



Implemen tation Issues

Operators In DB-QDNs, the data is distributed amongQDN nodes.An operator
is executed by a set of selectedQDN nodes, which receive the query (or sub-
queries), and perform partial processingand communicate with each other to
generatethe �nal result. Therefore, regardlessof the type of the operator, the
mechanism that de�nes the implementation of an operator should addressthe
following questions:

1. Which QDN nodesshould receive the query (or sub-query)?
2. Which sub-query should each node receive?
3. How should the nodescollaborate to processthe query? Or, what is the set

of local computation and communication tasks (i.e., peer tasks) that every
QDN node should perform such that QDN nodescooperatively compute the
result of the query with optimal cost and performance?

Query Plan Construction and Optimization With centralized databasesystems
the metrics for query optimization are usually user-centric; e.g., throughput and
response time. However, with QDNs physical resourcesof the system are se-
riously restricted. Therefore, besidesuser-centric metrics the query optimizer
should consider \resource utilization" as a new optimization metric (probably
with higher priorit y). With these systems,the query optimizer should also op-
timize the partitioning of the QDN processingpower among several parallel
operators in a query plan, and in caseof multi-user systems,among multiple
query plans.

4 QDN Searchabilit y

Toward realizing a Database-QDN (DB-QDN), here we addressthe �rst imple-
mentation issuementioned in Section 3.2, \which QDN nodesshould receive the
query?". This problem arguably reducesto the problem of locating the nodes
containing the data relevant to the query. The query declaresthe required data
and the QDN must be e�ciently searched to locate the corresponding nodes.
We term a QDN that self-organizesfor e�cien t search a searchableQDN.

To measuresearchabilit y, we intro duce the following metrics:

1. Precision and Recall : Considering Ret as the set of QDN nodesthat receive
the query during the search for data, and Rel as the set of nodes that are
intended to receive the query (becausethey store relevant/target data re-
quired to processthe query), precision (P) and recall (R ) of a search are
de�ned according to the classicalde�nitions of precision and recall:

P =
jRel \ Retj

jRetj
� 100 R =

jRel \ Retj
jRelj

� 100

Assuming uniform distribution of the target data among the relevant QDN
nodes,P and R are correlated with the precision and recall of the retrieved



data, respectively. The limited amount of data stored at each node of a
typical QDN (e.g., sensornetwork) justi�es such a uniform distribution.

2. Hop-count: We usehop-count (H ) asan abstract measureof the search time.
Nodesforward the query to their neighbors onceat each hop (or time slot).
The number of hops a search takes (or is allowed to take, otherwise it will
be terminated) to executeis the hop-count of the search.

The combination of thesetwo metrics capture both resource-e�ciency and user-
centric performance(e.g., responsetime) of the search. With a �xed hop-count
(i.e., limited time for search), higher precision and recall demonstrates better
useof the resources;on the other hand, the fewer hops required by a search to
achieve a target precision and/or recall, the better is the responsetime of the
search. For example, the 
o oding-basedsearch is expected to have low precision
but high recall in low hop-count. In contrast, a search basedon random walk
may result in higher precisionbut lower recall, and requiresmore hopsto achieve
high recall.

Here, �rst we discusshow to organizea QDN for searchabilit y and compare
two di�eren t approaches to intro duce such organization into QDN. Thereafter,
we proposea searchable QDN model compatible with one of theseapproaches.

4.1 Organizing QDNs for Searchabilit y

Without organization, a QDN that is generatedby random interconnection of
nodesis not e�cien tly searchable. With such a QDN, sincethe required data can
be locatedanywherein the network, nodeslack a senseof direction to forward the
query toward the node(s) that potentially hold the required data. All neighbors
of a node may equally lead the path to the target data. Therefore, nodeseither
pick a neighbor randomly and forward the query (i.e., random walk), or forward
the query to all neighbors (i.e., 
o oding). In both cases,search is brute-force.

As we mentioned in Section 2, unlike classical networks, with QDNs the
topology is 
exible and rewiring the links is fairly inexpensive. Therefore, search
optimization is not limited to optimal routing on the available network topology.
A QDN can self-organizeto a search-e�cient topology, which in combination
with an intelligent and data-centric query routing/forw arding mechanism can
signi�cantly improve the searchabilit y of the QDN. To create a search-e�cien t
topology, interconnection between nodes is correlated with \similarit y" of the
data content of the nodes: the more similar the data content of two nodes,
the more likelihood of interconnection. Consequently , with su�cien t correlation,
nodeswith similar data content are clustered to generatehighly connectedcom-
ponents that correspond to data localities, and the topology is a connectedgraph
of interwoven data localities. Such a topology enhancesthe searchabilit y in two
ways:

1. Directed forwarding: Assuming that a node has (local) knowledgeabout the
data content of the nodes in its neighborhood, the node can selectively for-
ward the query to the neighbor with most similar data to the target data
(i.e., data required to processthe query). Due to the correlation between



data similarit y and node connectivity, it is more likely that the selected
neighbor lead to the data locality corresponding to the target data. There-
fore, the query is e�ectiv ely routed toward the target data locality and avoids
irrelevant paths. Hence,the precision P of the search increases.

2. Batch data access:When the query approachesthe target data locality, most
probably a large collection of the target data can be located all together
within a few hops. Hence,the recall R of the search is improved too.

Approac hes There are two philosophically di�eren t approaches to organize a
search-e�cien t topology: fabricated organization, and natural organization (i.e.,
an organization approach that respects natural characteristics of the system
components)3. Distributed Hash Table (DHT) [20,27,22,31], which is proposed
as a model for peer-to-peer networks, is an example of fabricated organization.
To generatedata locality, with DHT both nodes and data items are randomly
assignedunique identi�ers from a virtual identifer space.Each data item (or
pointer to the data item) is stored at the node with the closestidenti�er to the
identi�er of the data item. Finally, nodesare interconnectedvia a regular topol-
ogy, wherenodesthat are closein the identi�er spaceare highly interconnected.
DHT topology is regulated: all nodeshave the sameconnectivity (samenumber
of neighbors), and selectionof the neighbors is strictly dictated by the semantics
of the DHT interconnections.

Although DHTs (as the most important realization of the fabricated orga-
nization approach) are very successfulin creating e�cien t topologies,we argue
that as a model DHT fails to respect natural characteristics/requirements of
QDNs. For example, data-to-node assignment via the virtual identi�er space
violates the natural distribution and replication of the data, where each node
autonomously maintains its own and only its own data. Also, regular topology
of the DHT imposesstrict connectivity rules to autonomousnodes.While simi-
larit y of data content itself can be usedto generatedata localities, using virtual
identi�er spaceto intro duce virtual similarit y is not only unnecessarybut also
problematic (as mentioned above). Moreover, strict regulation of the topology
must be relaxed to allow more 
exible connectivity rules that enabletrading o�
e�ciency againstnatural 
exibilit y. In Section4.2,weprovide an exampleof such
a natural organization, which improves searchabilit y of QDNs while respecting
their characteristics.

4.2 Our Searchable QDN Mo del

To develop a natural model for searchable QDNs, we adopt and generalizea
social network model [29] that is proposedrecently to explain the small-world
phenomenon in social networks4. Here, assuming a relational data model for

3 In contin uation of our QDN analogy to social networks, one can compare socialistic
and capitalistic societies with fabricated and natural QDNs, respectively!

4 In social networks, where individuals are represented as nodes and the acquain-
tance relationship between them as links, the average length of acquaintance chain



DB-QDN, we usethe following query template to explain the basicsof the QDN
model:

SELECT *
FROM r
WHERE ANDi 2 [1 ;d ] (A i = vi )

where R(A1; A2; :::; Ad) is a schema of degreed for the relation r stored at DB-
QDN, and vi is a constant. Later in this section, we generalizethis model to
other query templates with join clausesand disjunctive predicates.

Basics We de�ne our QDN model by explaining the following conceptsin se-
quence:

1. Node identit y: We de�ne an identity for each node basedon its data content;
2. Identit y-basedlinking to create the network: We explain how nodesjoin the

QDN by linking to someother QDN nodes,selectingthe nodesof \similar"
identit y with higher probabilit y; and

3. Identit y-basedrouting to forward the queries:We describe how nodes,which
know about the identit y of their neighbors, route/forw ard the query to the
neighbor that has the most similar identit y to the target data content.

Node Identity The identit y of a node is de�ned such that it represents the data
content of the node, just as the cognitive identit y of a person which stands for
the knowledge-setof the person.For node n, identit y I n is a d-tuple < a1; a2; :::;
ai ; :::; ad > de�ned as follows:

I n = < a1; a2; :::; ai ; :::; ad > = F (f tk j tupl e tk 2 r is stored at ng) (1)

where F is a tuple-aggregation function de�ned basedon a set of d attribute-
aggregationfunctions f i such that 5:

< a1; :::; ai ; :::; ad > = < f 1(f tk [A1]g); :::; f i (f tk [A i ]g); :::; f d(f tk [Ad]g) >

The selectionof the aggregationfunctions f i is application dependent. However,
sinceQDN nodesoften have limited storagethat storesfew tuples, a simple ag-
gregation function such asAVG is su�cien tly accurate in generatingan identit y
that represents the data content of the node. Otherwise, we can avoid aggre-
gation altogether, and represent each node as multiple virtual nodes by taking

between two individuals is logarithmic to the size of the network. The fact that in-
dividuals, which only have local knowledge about the network (i.e., they know their
closeacquaintances), can e�ectiv ely and cooperatively �nd these short paths from a
sourceto a target individual is termed the small-world phenomenon[28]. In addition
to the small-world model we adopt here, there are other (more aged) models for
this phenomenon [6, 1,15]; however, we found the model proposed at [29] the most
compatible model with the characteristics of QDNs.

5 Notation: tk [A i ] is the value of the i -th attribute at tuple t k . f tk [A i ]g is the set of
these values for a set of tuples.



each tuple tk as a virtual identit y. The latter approach increasesthe sizeof the
QDN, but it is more accurate. Also, with dynamic data content, the identities
of the nodes is expected to change. However, since with QDN nodes the data
content is often highly autocorrelated, frequent modi�cation of the identit y is
unnecessary.

In subsequent sections,we explain how we usenode identities to 1) organize
the network topology to localities of nodes with similar identities (i.e., data
content), and 2) route the queriesto the node localities that store data content
similar to the target data of the query.

Identity-based Linking We assumethe domain D i of the attribute A i is a metric
spacewith the similarit y measureSi as the distance function of the space;for
example,Hamming distance,Euclidean distance,or even the absolutedi�erence
S(a;b) = ja � bj as the similarit y measurefor numbers, and Edit distance as
that of strings. We also assumethat node n is potentially able to (or desired
to) connect only to nodesfrom a set of possiblenodesQ (e.g., a range of nodes
geographicallycloseto n). Node n selectseach of its M neighbors as follows: 1)
randomly select a dimension i from [1::d], 2) probabilistically select a distance
x based on the probabilit y distribution function pi (x) = ci exp(� � i x), where
� i is a tunable parameter6 and ci is the normalization constant, and �nally 3)
select the node m from Q such that jx � Si (I n [A i ]; I m [A i ])j is minimum. The
number of neighbors M dependson the local connectivity policy of n and is not
enforcedby the linking algorithm, although with higher connectivity diameter of
the network decreases,and consequently , searchabilit y of the QDN is expected
to improve.

Identity-based Routing According to the searchabilit y metrics, when a query is
originated at somenode, the QDN nodes should forward/route the query, one
hop at a time, such that the query: 1) traverses(as many as possible)the nodes
with tuples satisfying the selection condition of the query, and 2) preferably
avoids other nodes.With the searchable QDN model, each node is aware of the
identit y of its neighbors. Assume that the selection condition of the query is
represented by the tuple t < v1; v2; :::; vd > , where vi = NULL if the attribute
A i is not conditioned. To forward a query, the node n usesthe distancemeasure
U to estimate the semantic distance of its neighbor m from the target data
content (hence, target node)7:

U(m; t) = min
f i j v i <>N U LL g

Si (I m [A i ]; t[A i ]) (2)

Since with homophilic linking, the network distance is correlated with the
semantic distance, among all neighbors, the node n selectively choosesto for-
ward the query to the neighbor with minimum semantic distance to the target
6 The parameter � i can be considered as the measure of homophily at dimension i ,

i.e., tendency of associating identities that are similar at dimension i to each other.
7 The semantic distance measure U is ultr ametric , i.e., it may violate the triangle

inequalit y.



data content. We term this routing algorithm selective walk. There are three
conditions that terminate a selective walk:

1. When the node n receivesa query for the �rst time, it createsand maintains
a soft state (which expires, if not refreshed) for the query. If the query is
received for the secondtime, this time n forwards the query to the neighbor
with the secondto minimum semantic distanceto the target, and soon. The
(M + 1)-th time the query is received, it is terminated (i.e., discarded).

2. If the selection condition t of the query (see above) conditions a key of
the relation r , the �rst node that receives the query and locates the target
data locally terminates the query, becausethe target data is expected to be
unique.

3. The query carries a TTL (Time-To-Live) value, which is decreasedby one
each time the query is forwarded. To avoid everlasting looping of the queries,
the query is terminated when its TTL equalszero.

Impro vements There are many ways to improve the basic searchable QDN
model. Here, we discusstwo examples:

Weighted Linking With normal linking, at step 1 of the neighbor selectionpro-
cedure(seeabove) node n selectsa dimension randomly, to link to a node with
similar identit y in that dimension. If the distribution of queriesconditioned on
each dimension/attribute is not uniform acrossall dimensions, instead of ran-
dom dimension selection, node n selectsthe dimension according to the query
distribution. This linking approach, termed weighted linking, strengthens the
correlation between network connectivity and data similarit y in those dimen-
sions that are more frequently used at queries,and consequently , improves the
searchabilit y of the QDN in those dimensions.

Wooding Existence of the data localities in the searchable QDN model encour-
agesa new routing algorithm that we term wooding8. Wooding starts with selec-
tiv e walk, which leads the query toward the target data locality. The �rst time
a target data item is located signi�es the approach to the target locality, where
nodes with similar data content are clustered. Therefore, to take advantage of
the high recall of the 
o oding in minimum hop-count (while high precision is
ensuredat the target data locality), it is reasonablethat the routing algorithm
is switched from selective walk to 
o oding. Thus, with wooding the node that
receives the �rst hit during selective walk, marks the query for scope-limited

o oding and continuesforwarding the query by originating the 
o oding.

As an alternativ e (more controlled) wooding algorithm, nodescan fork suc-
cessively more selective walkers as the semantic distancebetweenthe local node

8 \W ooding" is an abbreviation for a hybrid routing algorithm of selective walk and

 ooding . The verb \to wood" also means \to rage suddenly", which signi�es the
switching from walking to 
o oding to rapidly embrace the target data localit y when
located.



and the target data decreases.With this approach, starting with a single se-
lective walker, as the query approaches the target data locality the number of
query forwarding branches gradually increasesuch that closeto the target the
forwarding algorithm resembles
o oding. It is important to note that both wood-
ing algorithms are enabledby the linking policy that generatesthe data localities
in the QDN topology, otherwise wooding in random topologiesis ine�ectiv e.

Other Queries We useda selection-querytemplate to explain our searchable
QDN model. Leveraging on the main property of the search-e�cien t topology,
i.e., existenceof distinct data localities, the model is expandableto support other
query templates. The expansionmainly involves customizing the basic routing
and applying a di�eren t routing method for each particular query template.
Also, for application-speci�c QDNs, the linking method can be customized to
optimize the topology for processingthe most frequent query templates. Here,
we discusstwo examples:

Selection The selection condition in our template query is a simple conjunc-
tion of equality literals. More generally, the selectioncondition is a statement in
disjunctive normal form, which consistsone or more disjuncts each of which is
a conjunction of one or more equality and/or inequality literals. First, to sup-
port conjunction of both equality and inequalities literals, the semantic distance
function usedwith selective random walk should be customizedas follows:

U(m; t) = min
f i j v i <>N U LL g

�
Si (I m [A i ]; t[A i ]) (A i = vi )
(1 � Si (I m [A i ]; t[A i ])) (A i <> vi )

where the distance function Si is normalized. To processa selectionquery with
disjunctive condition, the source of the query partitions the query to several
sub-queries,each as a selection query conditioned by one of the disjuncts, and
originates a basic selectionquery for each sub-query.

Join With a multi-relation DB-QDN, each node has multiple virtual identities,
one per each relation. Consider the following join query:

SELECT *
FROM r; s
WHERE r:A i = s:B j

To processsuch a query, we adopt an approach similar to the nested-loop join.
The source initially 
o ods the network with the query. At every node n that
receivesthe query (in parallel with others), for each tuple t of r stored locally a
selectionquery is originated with s:B j = t[A i ] as the selectioncondition. Subse-
quently , node n joins the results of the selectionquerieswith the corresponding
local tuples, and forwards the �nal result to the source.To optimize the query
processingfor resourcee�ciency , it remains open to study how nodes at the
samedata locality (i.e., cluster of nodesthat store tuples with similar/iden tical
A i values) can cooperate to share selection queries for the sameA i value. An



intelligent cooperation scheme can e�ectiv ely eliminate the redundant queries.
This latter problem is an instance of the third-t ype implementation issuesmen-
tioned in Section 3.2.

4.3 Related W ork

In [30] and [18], distributed query processingis discussedin the context of sen-
sor networks, but the e�ect of the network topology in e�ciency of the process
is not considered.Also, [1] and [17] proposee�cien t routing schemes(without
any particular linking scheme) for search in peer-to-peer networks assumingan
ad hoc organization for the network topology; e�cien t routing mechanisms in
combination with the linking mechanismsthat create search-e�cien t topologies
are expected to outperform those search schemessigni�cantly . In [14], [21], and
[11] DHTs are adopted as the mechanism to organize the network for e�cien t
data accessand retrieval. As we discussedin Section 4.1, DHT is an exampleof
fabricated organization, which is not su�cien tly compatible with the character-
istics and requirements of QDNs. Similarly, [26] and [9] employ the traditional
hierarchy scheme,and [23] usesa hypercube structure to organize the network.
Here, we proposean organization schemebasedon a small-world model, which
asa natural organization model completely respectscomponental characteristics
of the QDN nodesand allows highly e�cien t query processingas exempli�ed by
the well-known small-world phenomenon.Finally, with \semantic overlays" [8,
7], network nodesare clustered into distinct overlays basedon the semantic sim-
ilarit y of their data content in order to createdata localities. However, this work
doesnot intro duce any routing and intra-linking schemefor semantic overlays.

5 Future Work and Conclusion

In this paper, we identi�ed Querical Data Networks(QDNs) asa recently emerg-
ing family of networks (such aspeer-to-peernetworks and sensornetworks) that
not only serve as a communication infrastructure, but also mainly and more
importantly as a distributed query processingsystem. We discussedthe design
issueswith a Database-QDN (i.e., a QDN that implements distributed query
processingin network), and as a �rst step toward realizing a Database-QDN,
we focusedon the problem of e�ectiv e data location for query processing.We
proposeda searchable QDN model that self-organizesto a small-world topology
and allows e�ectiv e forwarding of the queriesto the nodescontaining the target
data required for query processing.

We intend to continue studying QDNs extensively. In short terms, we focus
on the searchabilit y problem by 1) experimental evaluation of our searchable
QDN model and behavioral study of the model acrossthe parameter space(e.g.,
number of data dimensions,homophilic parameter of the linking scheme,etc.),
and 2) developing routing (and/or linking) schemesto support other query tem-
plates. In long terms, we turn our attention to other implementation problems
discussedin Section3.2, beginning with the study of cooperative query process-
ing schemesthat take advantage of the correlation betweendata placement and



network interconnection in the searchable QDN model to optimize the resource-
e�ciency of the distributed query processing.
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