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In consequence of the change in the nature of data management 
e requirements for search support have shifted. In the early days of 
ement systems, efficient access techniques and optimization strat-

xact match queries had been the main focus. Most of the problems 
 are satisfactorily solved today and new types of applications for 

gement systems have turned the focus of current research to con-
 similarity queries and queries on distributed databases. The 
tribution addresses these two aspects. In the first part, algorithms 

ructures supporting similarity queries are presented together with 
ions about their integration in data management systems, whereas 
niques for distributed data management systems and especially 

-peer networks are discussed in the second part. Here, techniques 
atch queries and for similarity queries are addressed.

n 

ain focus of data management systems had been the efficient process-
. A typical—yet rather simple—example would be the search for all 
 customer with a given reference number. Current database manage-
ptimized to process large numbers of such queries on dynamic data 
lems related to queries of that type are already solved more or less 
12], for example). 
nd, the growing amount of digital documents and digital multimedia 
he requirements for data management systems. In situations where 
multimedia documents have to be maintained, a strong requirement 
 
  

 
 

  

ueries is induced. Here a typical query is given by an example doc-
xt describing the requested documents. Given a set of images, a que-
 be defined by an example image and in this case query processing 

finding similar images. Content-based retrieval has been considered 
e area of information retrieval (see, e.g., [1]). However, information 
ainly addressed flat text documents in the past. Today, structured 
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ample, XML documents) and also structured multimedia documents 
ed. Many commercial database management systems claim to be the 

ms to manage XML data and multimedia data. As a consequence, so-
-based retrieval facilities will be an important distinguishing feature 
nt systems. 
tant aspect in data management systems is the decentralized charac-
 data management systems. One important trend in this respect are 
rks (P2P networks) which are made up of autonomous peers contrib-
stration-free overlay network. The efficient processing of similarity 
tworks is an important field of research and not yet satisfactorily 

his contribution, we will first discuss techniques and algorithms for 
sing of complex similarity queries in a local scenario. Thereafter, we 
ches towards an efficient processing of content-based similarity que-
ks. 

g Complex Similarity Queries 

uctured multimedia data has become one of the most challenging ap-
data management systems, and search support for structured multi-
portant research topic in this respect. To emphasize the key problems 
assume tree-structured multimedia documents, in which the internal 
termediate components, such as chapters or sections, and where the 
ngle media objects such as text, image, video, or audio. In order to 
for such documents—or document fragments—we need search serv-
 the following requirements [15]: 

tructured Documents: The fact that documents are complex-struc-
 our scenario, brings up various interesting research issues. 
 support component of a data management system must allow to 

trary granules ranging from whole documents over intermediate 
 media objects. Second, with structured documents many properties 
 not directly attached to the object itself, but to its components. For 
t of a chapter will usually be stored in separate text objects associat-
pter object via links or relationships. Third, additional information 
 media object can be found in its vicinity. Exploiting the structure of 
cument, this concept of vicinity can be addressed navigating one link 
 

 

n to the sibling components. 

ion and Segmentation: With multimedia data the semantics is usual-
tly in the media objects. For example, an image might represent a cer-
refore, a search support component should allow to extract features 
objects potentially describing their semantics. Furthermore, it should 
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ig. 1 Small Class Diagram for our Example Query 

o subdivide media objects such as images or videos into semantically 
nts. 

ies: Because of the vagueness in the interpretation of the media ob-
formulation of the user’s information need, similarity queries should 
he search support component should provide the definition of rank-

edia objects. For example, text objects can be ranked according to 
ilarity compared to a given query text. To this end, the well-known 
del can be applied, for example [1]. Images can be ranked with re-
lor or texture similarity compared to a sample image [34]. 

 Several Similarity Queries: Images are an example of a media type, 
gle comprehensive similarity criterion exists. Instead, different cri-
ble addressing, e.g., color, texture, and shape similarity. Hence, al-
bine multiple ranking criteria and to derive an overall ranking are 

ulate such a combined ranking algorithms such as Nosferatu, Quick-
 have been proposed (cf. section 2.3). 

Ranking from a Ranking for Related Objects: With structured docu-
criteria are often not defined for the required objects themselves, but 
nents or other related objects. An example arises when searching for 
e text in the “vicinity” (e.g. in the same subsection) has to be similar 
le text. In such situations, the ranking defined for the related objects 
erred to the required result objects. However, neither the semantics 
ntation of such a “transfer” is self-evident (cf. section 2.4), because 

ly be a 1:n-relationship or even a n:m-relationship between the ob-

nts Contributing to Similarity Queries 
 

 
 

   

nts contributing to the processing of a similarity query can be clari-
. Assume a query searching for video shots dealing with hydrogen-
resenting the cars in a nice sunset scenario. Furthermore, assume that 
 processed on a database containing complete videos. Fig. 1 depicts 
nderlying our example. This diagram reflects the need to break the 

y means of a shot detection algorithm which in fact is a media-type-
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 Fig. 2 Steps to Process our Example Query 

ion algorithm. Furthermore, each shot consists of single images, and 
tached to the video shot objects. These caption texts might be created 
atically using a speech recognition algorithm. Of course, the seg-

eo into shots and images as well as the speech recognition could be 
; however, it is more reasonable to perform these steps when a video 
 system or by some type of batch process. 
 our example query in a little more depth, we note that there are two 
 shot to become a good result of our query: 
uld deal with “hydrogen-powered cars”. This criterion can be defined 
 caption text objects associated with the video shot objects and proc-
echniques from the field of information retrieval. 
uld present the cars in a “nice sunset scenario”. This condition can 
ed on the images constituting the video shots. A video shot contain-
milar to an example image representing a sunset might be considered 

t. 
ote that both criteria can be interpreted as similarity conditions. With 
caption texts similar to the query text “hydrogen-powered cars” are 
 second criterion, images similar to an example image are required. 
 

    

mportant to note that both conditions are not defined for the desired 
directly, but for associated objects. 
ng, we will explain how our example query can be evaluated and 
 contribute to the query processing (cf. Fig. 2). 
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t the segmentation of the videos into shots and images as well as the 
have been performed before query time. Then the query processing 
steps also depicted in Fig. 2: 
ssing starts with the “nice sunset scenario” criterion. We assume that 
ures for color features and texture features are maintained for the im-
These access structures (addressed in more detail in section 2.2) both 
ing of the image objects according to their similarity to an example 
ng a sunset scenario. 
 has yielded two rankings of image objects. Now these two rankings 
mbined into one ranking. In the literature, various algorithms for this 
 been proposed (cf. section 2.3). The result of this step is a combined 
e image objects. 
y, we are not interested in a ranking of image objects, but in a rank-
 shot objects. Therefore, we have to derive a ranking for the related 
bjects from the ranking of the image objects calculated in step 2. To 
can exploit that the image objects in the ranking are usually associ-
-called retrieval status values. As a consequence, we can derive a 
he video shots associating each video shot with the maximum (or av-
al status value of an associated image (cf. section 2.4). 

ond criterion saying that the video shot has to deal with “hydrogen-
s” has to be addressed. We start performing a similarity query based 
 text “hydrogen-powered cars” on the caption texts. The usual access 
pporting such text similarity queries are inverted files (cf. section 

elds a ranking of the caption text objects. 
 not interested in a ranking of the caption text objects but in a ranking 
shot objects, we have to transfer this ranking analogously to step 3. 
e got two rankings for the video shot objects stemming from the “nice 
rio” criterion and from the “hydrogen-powered cars” criterion. These 
 have to be combined into one ranking analogously to step 2. 
spect of the process described above is that query processing can be 
eam-oriented lazy evaluation approach (client-pull concept). This 
ponent computing the final result restricts itself to a small result size 
aybe the querier is interested in the ten best matches only, with the 
xtensions). Then this component (corresponding to step 6 in Fig. 2) 

the minimum amount of input elements from both its input compo-
ng to steps 3 and 5 in Fig. 2) required to calculate the first ten result 

g we will discuss the single components contributing to the process 

thermore, we will discuss query optimization issues in the given con-
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ructures for Similarity Queries 

or similarity queries determine a ranking of objects for a set of ob-
aining all objects of a given type or class), a given query object, and 
measure. Three main categories of access structures can be distin-
iles, trees, and fast sequential scan techniques. 

nverted files are the most important access structure in information 
ries and documents are represented by sparse high dimensional vec-
nality t of the vectors is given by the number of words occurring in 
 the vector (wd1,wd2,...,wdt) describing a document d has non-zero en-
omponents corresponding to words occurring in d. Furthermore, the 
,wqt) representing a query q has non-zero components only for the 
ponding to words occurring in q. In the literature, many approaches 
d to calculate the concrete values for the non-zero components [1]. 
t to know that the components are usually between zero and one. 
, an inverted file stores a list for each component k∈{1,...,t}(i.e., for 

 the t-dimensional space). And the list for component k contains ele-
ments d with wdk > 0. Because the similarity between a query q and 
ten defined by the scalar product 

dk ,
only the lists for components with wqk > 0 when processing a query 
sions cannot contribute anything to the similarity values. 

are an extremely efficient access structure in situations where two 
: First, the vectors representing the documents should be sparse in or-
 amount of long lists. Second, the query should contain only few non-
because in such situations only very few of the t lists have to be ac-
rocess the query. If these conditions are not met, inverted files tend 

ient. 
, various optimization techniques for the implementation of inverted 

esented (see [4]). Moreover, the use of inverted files has also been 
ified variant for image retrieval [23]. 

 of spatial data management, many tree-based access structures have 
rting around 1980. Later on, algorithms for nearest-neighbor queries 
d for these structures [13, 19, 31]. When these algorithms were adapt-
onal feature vectors, it turned out that they can yield a sub-linear per-
dimensions up to about 10. 
 
 

 
 

 
  

a simple tree-based access structure on the left side. The structure is 
d as the basis behind the LSDh-tree [14] or the hB-tree [22]. The 2-
pace [0.0; 1.0] × [0.0; 1.0] is partitioned by the root of the tree in di-
ion 0.5. In the left subtree an additional split is made in dimension 2 
e right subtree contains further splits in an analogous way. The cor-
ace partitioning is presented at the right side of Fig. 3. The crosses 
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 3  Example of a Similarity Query on a Tree Structure 

aintained in the access structure. For example, there is an object 
 bucket 1. 
 similarity query with the query vector (0.55; 0.1), represented by a 
tart processing at the root of the directory and search for the bucket 
et region (i.e., the part of the data space associated with the bucket) 
ime during this search when we follow the left son, we insert the right 
ry data structure NPQ (= node priority queue), where the element 
istance between q and its data region (i.e., the part of the data space 
 subtree) has highest priority; and every time we follow the right son, 
on into NPQ. 
cts in the bucket found (bucket 3 in our example) are inserted into 
ata structure OPQ (= object priority queue), where the object with 

ce to q has highest priority. Thereafter the objects with a distance to 
l to the minimal distance between q and the data region of the first 
e taken from OPQ. Unfortunately, there are no objects with such a 
PQ in our example, because the bucket region of bucket 1 is closer 

tory node or bucket with highest priority is taken from NPQ. In our 
s that we have to follow the path marked with “2.” in the tree at the 

 Bucket 1 determined in this way is processed inserting the objects 
acting the objects with a distance to q less than or equal to the mini-
 
 

  

   

en q and the first element in NPQ from OPQ. This way we extract 
0.42; 0.07). If further objects are needed in the ranking, we have to 
ss. In our example we would now follow path “3.” in the tree. 
algorithm is rather efficient for spatial applications with 2- or 3-di-
 it can also outperform sequential scan techniques for dimensions up 
sions. However, the curse of dimensionality makes it impossible for 
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ilarity Query Searching for the k best Matches on a VA-File 

tructures to obtain better than linear complexity for similarity queries 
ensionality t > 10 [38]. 

 Scan Techniques . The curse of dimensionality mentioned above 
r fast sequential scan techniques. As a consequence, the basic idea 
 (VA for vector approximation) is to accept linear complexity, but to 
ead in order to be faster than tree-based structures. A VA-file stores 
 twice. Once in full precision —i.e., with a 32-bit floating point value 
nd once as a rough approximation with about 6 bits per vector com-

 the approximations do not suffice to calculate the exact result of a k-
ng for the k next neighbors or best matches), but a fast linear scan 
tions can be used to compute a small set of candidates surely includ-

ilar objects, where k can be chosen arbitrarily. Only for the elements 
t the exact feature vectors have to be accessed in order to calculate 
objects exactly. Fig. 4 summarizes the phases of such a k-NN query. 
re, a variety of variants of the VA-file can be found: Balko and 
ve on the VA-file using a different data representation for the approx-

-tree proposed by Sakurai et al. [32] improves approximation and 
y creating a tree of approximations. In [26], parallel processing of 
d and, in [25], the IVA-file is proposed as a variant optimized for a 
measure. 
ree presented types of access structures is superior in all situations. 
ell suited for sparse feature vectors, tree-based structures provide a 

ance for low-dimensional feature spaces, and fast sequential scan 

 l suited for high-dimensional spaces. 



 

 

 

 

 
 

  

2.3 The Data

In various situation
ing criteria. An exa
similarity to a give
texture, and also 
streams representi
bined ranking are n

Because each e
ity value or retriev
values in the inpu
proaches are based
the position in the
rithms, such as Fa
posed [9, 29, 11, 2

The basic idea
Let αi,q be the rela
rankings) for quer
the elements not y
some theoretical m
sponds to the RSV
auxiliary data struc

RSVres,d = ∑i
is maintained for e
input stream. If k e
read entries from th
ranking. 

In contrast to t
input rankings, the
and random access
read from one inpu
cesses. This means
rankings. Then the
uments, not yet co
k elements in the r
Note that 

RSVres,d ≤ ∑
can be used to calc
sidered. 

The Quick-Co
reads only from on
ing on the weights
causes some additi
 

 

  

  

   

 

 

 
   

 
  

 
  

 
 

  
 

  

145 

 Fusion Problem 

s, multiple rankings exist for a set of objects based on different rank-
mple arises when a set of images has to be ranked with respect to the 
n sample image. Here, different similarity criteria addressing color, 
shape are applicable. Hence, components which merge multiple 
ng different rankings over the same base set of objects into a com-
eeded. 
lement of each input stream is associated with some type of similar-
al status value (RSV), a weighted average over the retrieval status 

t streams can be used to derive the overall ranking [10]. Other ap-
 on the ranks of the objects with respect to the single criteria—i.e., 
 stream [15]. To calculate such a combined ranking, efficient algo-
gin’s algorithm, Nosferatu, Quick-Combine, or J* have been pro-
7]. 
 of the Nosferatu algorithm is to access the input streams in parallel. 
tive importance of input ranking i (i ∈ {1,2} in the case of two input 
y q. Furthermore, let mi be an upper bound for the RSVi,d values of 
et read from input ranking i. This upper bound can be initialized to 
aximum value at the beginning, and during the algorithm it corre-

i,d of the last element read from stream i. The algorithm maintains an 
ture in which the already calculated part of 
αi q  ⋅ RSVi d, ,

ach “document” d for which an entry has been read from at least one 
lements are requested in the result, the algorithm stops as soon as un-
e input rankings can no longer affect the top k elements of the output 

he Nosferatu algorithm which uses only sequential accesses on the 
 Threshold Algorithm (TA) presented by Fagin is based on sequential 
es. This means that as soon as an entry for a document or object d is 
t stream i, the missing RSVj,d values are determined via random ac-
 that the algorithm starts with parallel sequential reads from all input 
 missing RSVj,d values are determined via random accesses. If doc-
nsidered on at least one input stream, can still become part of the top 
esult, a further step is performed. Otherwise the process is stopped. 

αi q  ⋅ mi d, ,i 
ulate the potential retrieval status values of documents not yet con-
 

mbine algorithm is similar to the Threshold Algorithm. However, it 
e list at a time and selects the list for the next sequential read depend-
 αi and the current descent in the values of the input rankings. This 
onal effort for the calculations and potentially fewer accesses on the 
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e assumptions concerning the characteristics of the RSV-values are 

esults [17] show that under typical assumptions Quick-Combine will 
% faster than the Threshold Algorithm. Nosferatu performs much 
ll αi values are approximately equal. However, for diverse αi values 
erform the other algorithms. 

ankings 

e motivation, with structured documents ranking criteria are some-
or the required objects themselves but for their components or other 
 example arises when searching for images where the text nearby (for 
e section) should be similar to a given sample text. The problem can 

llows: We are concerned with a query which requires a ranking for 
sired object type otd (image for example). However, the ranking is 
 objects of type otd, but for related objects of type otr (text for exam-

at the relationship between these objects is well-defined and can be 
irections. In object-relational databases, join indexes and index struc-
les are used to speed up the traversal of such relationships. For a fur-
additional path index structures can be maintained on top of the OR-
re, we assume there is an input stream yielding a ranking for the ob-
or example, this stream can be the output of an access structure 

ity queries or a combine algorithm as described in the previous sec-

 actual transfer of the ranking, we make use of the fact that each ob-
sociated with some type of retrieval status value (RSVr) determining 
e objects. As a consequence, we can transfer the ranking to the ob-
sed on these retrieval status values. For example, we can associate 
eval status value of a related object of type otr with each object of 
ossibility would be to use the average retrieval status value over all 

of type otr. The retrieval status value calculated for an object of type 
e chosen semantics will be called RSVd in the following. 
 assumptions, the “transfer algorithm” [16] can proceed as follows: 
ith the ranked objects of type otr as input. For the elements from this 

ned object—or objects—of type otd are computed traversing the re-
ips. Then the RSVd values are calculated for these objects of type otd 
 
  

 

 

osen semantics and the object of type otd under consideration is in-
liary data structure maintaining the objects considered so far. In this 
 object is annotated with its RSVd value. Now the next object of type 

stream is considered. If the RSVr value of this new object is smaller 
e of the first element in the auxiliary data structure which has not yet 

he output stream, this first element in the auxiliary data structure can 
 output stream of the transfer component. 
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 experimental considerations show that the performance of the trans-
eavily influenced by the selected semantics [17]. The maximum se-
tter performance than the average semantics. Furthermore, it has to 

 for example the J* algorithm [27] allows for the integration of a 
e combine algorithm. 

timization for Similarity Queries 

sketched some algorithms contributing to the processing of complex 
 it remains to be described how these algorithms can be integrated 
ution processes of relational databases (see [12], for example). 
 obvious problems in this respect: First, whether an element belongs 
ery or not, cannot be decided based only on the object itself and the 
consider the whole set of objects to find out if there are objects more 
y. Second, we are no longer dealing with sets or bags, but with rank-
onsequence, some standard rules for query optimization are no long-
 concerned with similarity or ranking queries. 
 research direction in this respect considers the optimization of so-
s. For example, Carey and Kossmann [5] explore execution plans for 
ranking criterion in the ORDER BY-clause and a limitation of the re-
 AFTER-clause. As another example, Chaudhuri and Gravano [6] 

es and limitations of processing a top N query by translating it into a 
 that traditional relational DBMSs can process efficiently. In both 
nd pessimistic variants exist. In the case of the optimistic variants, 
 results during query processing are achieved with a risk of ending 
n the desired k best matches. In these cases, a restart of the query 
ger intermediate results is needed. In short, the range condition used 
tches has to be relaxed in this case, whereas the pessimistic variants 

e price of larger intermediate results. 
ach presented by Herstel, Schulz, and Schmitt aims for a specific 
[18, 33]. For this algebra, the applicability of the optimization rules 
cal relational algebra is considered. It turns out that, e.g., weighted 
milarity criteria cause problems with respect to associativity and dis-

st approaches towards algorithms or systems for complex similarity 
considered as interesting building blocks for specific applications. A 
 with a maturity similar to the frameworks and architectures for 

l set-oriented relational queries is still an open issue. 
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g Similarity Queries in P2P Networks 

ve described concepts and algorithms for the processing of complex 
n a centralized scenario. We have not considered issues concerning 
the data. However, distributed data management systems and espe-
ent of data in P2P networks is an important new field of research 

ent in grid infrastructures is strongly related. Therefore, we will ad-
 algorithms for similarity queries in P2P networks in this section. We 
ve complex here, because currently even the processing of “simple” 
s not really solved for P2P networks. 
n, a P2P network is an overlay network where each peer knows its 
sually form only a small fraction of the P2P network. If a peer wants 
age—maybe a query—in the network, the peer sends the message to 

h, in turn, forward the message to their neighbors and so forth. 
P2P network three types of administrative operations are needed: (1) 
: This operation has to be performed when a peer enters the network 

n this case, the peer has to announce itself to the network. (2) Leave: 
 to leave the network temporarily there might be a need to do some 
n in the network in order to transfer the tasks of the peer to some of 
oin: This operation is used when a peer is entering the network again 
ve operation. Then the peer can take over its responsibilities again. 

s in operation, it can perform its intrinsic tasks. For example, it can 
information out there in the P2P network. In the following sections, 
ncentrate on this operation and discuss Initial Introduction, Leave, 
r as necessary to understand the search operation. 

p Documents by Their Identifiers 

 mainly performed search operations based on identifiers rather than 
ilarity queries. A usual query was to look up an item defined by a 
2P network. 
reenet [7]—whose goal is efficient, anonymity-preserving publica-

vative symmetric lookup strategy for query processing. Within each 
e is maintained, which contains a list of neighboring peers along with 
which data they furnished in the past. Queries are forwarded from 
the desired object is found by a gradient ascent search algorithm with 
oing so, the goal of anonymity creates some challenges. To provide 
 

 

  

t avoids associating a document with any predictable server or form-
pology among servers. The search is based on unstructured routing 
 built up using caching. As a consequence, unpopular documents 
ear from the system, because no server has the responsibility for 

as. Another consequence is that a search may often need to visit a 
e Freenet network. Freenet is not able to find out in a guaranteed 
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 A Chord Ring and the Course of a Query in the Ring 

 a given item is present in the P2P network or not. This problem is 
buted hash tables (DHTs) while sacrificing anonymity. In the follow-
er Chord and CAN as two implementations of a DHT. 

 Organized Like a Skiplist . Chord [36] is an example of a sys-
a DHT (see [2] for an overview with references to various other DHT 
 Chord each peer is mapped to a unique ID—usually a 160 bit 
 are arranged in a logical ring. Such a ring is given for an ID-length 
rom 0 to 127) in Fig. 5. The peers are indicated by small dark grey 
 On the other hand, objects to be maintained in the P2P network are 
and these keys are also mapped to ID values of the same length. Each 
d on the peer with the smallest ID which is equal to or higher than 
ur example, the object with the ID k83 is maintained by the peer with 

e search for an object with a given key, each peer maintains a finger 
ontains the IP address of a peer halfway around the ring, a quarter 
 eighth around the ring, and so forth. In our example, the finger table 
en. In case of a query, a peer p forwards the request to its successor 
for situations where the ID of the requested object is higher than the 
 finger table of p. In this case, the request is forwarded to the peer in 
 

 

th the greatest ID smaller than the ID of the requested object. Fig. 5 
of a search for the object with ID k83 issued by peer p24. Obviously, 
 (i.e., the number of peers which are involved) grows logarithmically 
f peers in the network. 
e ring structure in a volatile P2P network, some redundancy has to 

. The higher the redundancy, the more reliable the network becomes. 
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Fig. 6 2-dimensional Coordinate Space of a CAN 

 mentioned that the peer responsible for a given object according to 
aintain the object itself or a reference to the peer physically storing 

tructure can also be used for simple keyword-based text search op-
 object is associated with a small set of keywords. These keywords 

 and a reference to an object is maintained on all peers which are re-
f its keywords IDs. This can be seen as a first step towards inverted 

 a P2P network (cf. section 3.2). 

ensional Implementation of DHTs. Content Addressable Net-
] provide another way to realize a distributed hash table. To this end, 
mensional Cartesian coordinate space. The coordinate space is parti-
ectangles, called zones. Each peer is responsible for a zone. A key is 
oint in the coordinate space. For example, a key can be mapped to 

an be used to generate the coordinate values by interleaving. For d = 

 

  

 
 

rd, the fifth, … bit form the coordinate value in the first dimension 
e forth, the sixth, … bit form the coordinate value in the second di-
 each object is maintained at the peer whose zone contains the coor-
m the object’s key. In order to process queries, each peer maintains 
ll its bordering neighbors in the coordinate space (cf. Fig. 6). 
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r an object with a given key, the query is forwarded along a path that 
traight line in the coordinate space from the peer posing the query to 
g the key. To this end, each peer forwards the query to its neighbor 
inate space to the peer maintaining the key. The cost of a query proc-

d( ⋅ d N)  where N denotes the number of peers in the network. This 
or d = 2.
 one might think that a CAN could also be used for similarity queries 
 space. For this, we could use d-dimensional feature vectors instead 
in order to position the objects in the d-dimensional coordinate space. 
s approach fails because, due to the curse of dimensionality, we 
ss all peers in order to obtain the most similar object in this way for 

re, the administrative data which has to be maintained on each peer 
ge for high values of d. Another weak aspect from our point of view 
ny distributed index structure) require sending a substantial amount 
possibly all of them) to other peers when entering the network ([37] 
). 

ng Similarity Queries in P2P Networks 

 deal with one-dimensional IDs (CANs, as an exception use low-di-
paces for routing), there is now more and more research concerning 
al queries in P2P networks. 

tent-Based Queries on Text Data. Joseph [20] proposes Neu-
 some other current P2P approaches) permits keyword-based search 
. NeuroGrid exploits the fact that each item is described by just a few 

reenet, routing tables are maintained in each peer to guide the query 

es the same query routing scheme as Freenet, however, it uses term 
uments (i.e., the vector of words present/absent in a document) to 
ecisions. This approach is particularly effective in situations where 
 of only a few keywords. On multi-keyword queries, however, this 
 suffer from the curse of dimensionality. 
 and Nguyen [8] provide full-text information retrieval in their Plan-
etP, the content of each peer is summarized using a bloom filter. A 

t array that represents a set S with fewer than |S| bits. In this case, the 
 the bloom filter is the set of terms (words) present in a peer. Each 
 bloom filter using a rumor-spreading algorithm. Thus after a short 

peers contain the descriptors of all other peers within the network. 
is done by visiting peers starting with the most probable provider of 

ies for Multimedia Data. Tang et al. [37] present two approach-
l in P2P systems and suggest that these approaches can be extended 
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. One of them (pVSM, peer vector space model) stores (term, 
 in a DHT, and then retrieves such pairs to perform text retrieval. Ac-
ors this approach can be handled due to the fact that terms are Zipf 

ne can thus limit the index for each document to a few strongly 
is approach seems to be hard to translate to image data: [35] reports 

e number of features when using text information retrieval methods 

oach suggested in [37], pLSI, is based on Latent Semantic Indexing: 
composition is used to decrease the dimensionality of the feature vec-
ced feature vectors are stored in a hierarchical version of a CAN 
 document of the collection, (feature vector, document id) pairs are 
. The curse of dimensionality is addressed by partitioning each fea-
eral lower-dimensional feature vectors. Each of these vectors is said 
e first of these lower-dimensional partial vectors is stored in a CAN1, 
2 and so on through CANm. A given query is then split into several 
mensionality. Together with aggressive pruning, Tang et al. manage 
ive results on text data: few nodes need to be accessed for achieving 
he future will have to show whether or not these results can also be 
 data. 
8] present the Firework Query Model for information retrieval and 
orks. In the Firework Query Model, there are two classes of links, 
ks, and privileged attractive links. A query starts off as a flooding 
 all neighbors. If a peer deems the query too far away from the peer’s 
id, it will forward the query via a random link, decreasing the time 
 query, which gives a limit for the number of hops a query can make. 

process the query, and forward it via all its attractive links without 
. From these approaches two main research directions can be iden-

en as a distributed implementation of an access structure—or, more 
inverted files. Here the single files carrying references to the objects/ 
aining a certain word are distributed in the P2P network. For a query 
 of very few words this might be adequate. However, with queries 
iple terms the merging of the lists will cause a significant communi-
. 

 PlanetP are based on short content descriptions for each peer’s con-
, each peer stores compact descriptions of all other peers in the net-
ven query, it can forward the query only to those peers which seem 
ding to their compact description. 
  

 

roach to Similarity Queries Using Peer Descriptions. To 
derations on similarity queries in P2P networks, we want to sketch 
roach [24] aiming towards scalable summary-based search in P2P 

l of the Rumorama protocol is to establish a robust hierarchy of Plan-
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leaves within the Rumorama hierarchy are PlanetP networks (called 
des within the Rumorama hierarchy allow accessing the leaf nets. 
n a Rumorama net is depicted in Fig. 7 analogously to the situation 
6. As usual, each peer is identified by an ID. The ID of the peer used 
g. 7 is 01011000... . This peer is located in a leaf net (indicated by a 
 a dashed border) and it maintains compact peer descriptions for all 
f net. With all peers in the leaf net the peer shares the first two bits 
e precisely, each peer maintains a so-called friends’ mask represent-
he ID which is equal for all peers in the leaf net. In our case, the 
1. In order to communicate with peers in other leaf nets, our peer 
al information about simple neighbors. In contrast to friends in the 
es not maintain compact peer descriptions for its neighbors. Our ex-
 neighbors for each bit in its friends’ mask. It has a neighbor with an 
and it has a neighbor with an ID starting with 1 for the first bit. For 
as a neighbor with an ID starting with 00 and it has a neighbor with 
 01.1 

ants to issue a query it is important to distribute the query to all leaf 
uerier forwards the query to its neighbors with an ID starting with 0 
ting with 1. In addition, the query is augmented with a parameter de-
f the prefix already covered in the distribution process (1 for the first 
rs, contacted in that way, check whether the length of the prefix pre 
 the distribution process is equal to or greater than the length of their 
hat case, a leaf net is reached and in this leaf net the query can be 
eers with prefix pre. Otherwise, the query is forwarded to the neigh-
 these peers at the next level. 
urse of a query is sketched. The indicated querier forwards the query 

one with an ID starting with 0 and one with an ID starting with 1). 
s, leaf nets are not yet reached and therefore the query is again for-
ective neighbors for prefix length two. 
re indicated in Fig. 7 in squared brackets. Note that this second step 
allel on the two peers reached in the first step. For the peers reached 
1, 10 and 01 leaf nets are now reached. Only the peer reached for the 
ward the query one more time. Now five leaf nets forming a disjoint 
titioning of the whole P2P network are reached and the query is proc-
net. If the querier is interested in the k best matches, they are calcu-
 net separately. Thereafter the results obtained for the leaf nets are 
the paths on which the query was distributed in reverse order. 
s schema cannot overcome the curse of dimensionality. But it allows 
  

 
  

 

lementation of PlanetP-like P2P networks. Peers have to maintain 

 necessary in the concrete implementation to maintain some redundant 
er to keep the system fit for work in a volatile network. Furthermore, it 
hat each peer can decide the length of its friends’ mask independently and 
can be changed during the lifetime of a peer. 
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 on Example of a Similarity Query to the Leaf Nets in Rumorama 

riptions only for a small set of peers with tunable size and the query 
 performed in logarithmic time. For the local processing of the que-
, various heuristics trading result quality for processing time are ap-
ple, we could access only a fixed fraction of the peers in each leaf net 
e peers most promising according to their compact representation. 

n  

ibution, we have discussed the efficient processing of similarity que-
enario and in a P2P scenario. Since algorithms for simple similarity 
ed a mature level for the central scenario the focus is now turning to 
  queries with multiple ranking criteria based on a complex object 
2P scenario, scalable algorithms for content-based similarity queries 

ng up. Here thorough analytical and experimental considerations of 
epts will be necessary in order to reach a mature and commercially 

 the systems. 



 

References 

[1] Baeza-Yates, 
Education Lim

[2] Balakrishnan,
P2P Systems.

[3] Balko. S., Sch
tion Techniqu
tik, Universitä

[4] Buckley, C., L
al ACM SIGIR
97–105, New 

[5] Carey, M. J., 
SIGMOD Intl
15 June 1997.

[6] Chaudhuri, S.
Very Large D
1999. 

[7] Clarke, I., San
mation storage
Technologies,

[8] Cuenca-Acun
P2P Commun
Rutgers Unive

[9] Fagin, R., Lot
10th ACM Sy
York, USA, 2

[10] Fagin, R., Wi
retical Compu

[11] Güntzer, U., B
bases. In VLD
Cairo, Egypt, 

[12] Härder, T., Ra
Springer, Heid

[13] Henrich, A.: A
ACM Worksho
ersburg, Mary

[14] Henrich, A.: T
Conf. on Data
369. IEEE Co

[15] Henrich, A., 
structured doc
Seeking, Sear
Dec. 2000. 
 

 

 

 
   

 

 

 

  
 

155 

R., Ribeiro-Neto, B.: Modern Information Retrieval. ACM press. Pearson 
ited, Harlow, England, 1999. 

 H., Kasshoek, M. F., Karger, D., Morris, R., Stoica, I.: Looking Up Data in 
 Commun. ACM, 46(2):43–48, Feb. 2003. 
mitt, I.: Efficient Nearest Neighbor Retrieval by Using a Local Approxima-
e - the Active Vertice Approach. Technical Report 2, Fakultät für Informa-
t Magdeburg, 2002. 
ewit, A.: Optimization of inverted vector searches. In Proc. 8th Internation-
 Conference on Research and Development in Information Retrieval, pages 
York, USA, 1985. 
Kossmann, D.: On saying “Enough already!” in SQL. In Proc. 1997 ACM 
. Conf. on Management of Data, pages 219–230, Tucson, Arizona, 13– 
 
, Gravano, L.: Evaluating top-k selection queries. In Proc. 25th Intl. Conf. on 
ata Bases, September, 1999, Edinburgh, Scotland, UK, pages 397–410, 

dberg, O., Wiley, B., Hong, T. W.: Freenet: A distributed anonymous infor-
 and retrieval system. In H. Federrath, editor, Designing Privacy Enhancing 

 volume 2009 of LNCS, 2000. 
a, F. M., Nguyen, T. D.: Text-Based Content Search and Retrieval in ad hoc 
ities. Technical Report DCS-TR-483, Department of Computer Science, 
rsity, 2002. 

em, A., Naor, M.:. Optimal aggregation algorithms for middleware. In Proc. 
mposium on Principles of Database Systems: PODS, pages 102–113, New 
001. 
mmers, E. L.: A formula for incorporating weights into scoring rules. Theo-
ter Science, 239(2):309–338, May 2000. 
alke, W.-T., Kießling, W.: Optimizing multi-feature queries for image data-
B 2000, Proc. 26th Intl. Conf. on Very Large Data Bases, pages 419–428, 
2000. 
hm, E.: Datenbanksysteme: Konzepte und Techniken der Implementierung. 
elberg, 2nd edition, 2001. 
 distance scan algorithm for spatial access structures. In Proc. of the 2nd 
p on Advances in Geographic Information Systems, pages 136–143, Gaith-
land, USA, 1994. ACM Press. 
he LSDh-tree: An access structure for feature vectors. In Proc. 14th Intl. 
 Engineering, February 23-27, 1998, Orlando, Florida, USA, pages 362– 

mputer Society, 1998. 

Robbert, G.: Combining multimedia retrieval and text retrieval to search 
uments in digital libraries. In Proc. 1st DELOS Workshop on Information 

ching and Querying in Digital Libraries, pages 35–40, Zürich, Switzerland, 



156 

[16] Henrich, A., R
auf strukturier
ness, Technol
Deutschland, 

[17] Henrich, A., R
mantics for str
Information S
tems Technolo
Wydawinicza

[18] Herstel T., Sc
FORMATIK 2
für Informatik
tember 2004. 

[19] Hjaltason, G. 
es, 4th Interna
ceedings, volu

[20] Joseph, S.: Ad
Freenet. In Pr
Autonomous A

[21] Kronfol, A. Z
2002. Final Th
URL: http://w

[22] Lomet, D. B., 
anteed perform

[23] Müller, H., Sq
image retrieva
versity of Gen

[24] Müller, W., Ei
submitted for 

[25] Müller, W., H
inverted VA-f
ume 3115 of L

[26] Müller, W., H
a time. In Pro
ment Enginee

[27] Natsev, A., Ch
queries on ran
es, pages 281–

[28] Ng, C. H., Sia
Interational W

[29] Pfeifer, U., Pe
trieval System
und Implemen
Dortmund, 19

[30] Ratnasamy, S
dressable netw
protocols for c
 

   

 

 

 

 
 

 

 

obbert, G.: Ein Ansatz zur Übertragung von Rangordnungen bei der Suche 
ten Daten. In Tagungsband der 10. Konferenz Datenbanksysteme für Busi-
ogie und Web (BTW 2003), volume 26 of LNI, pages 167–186, Leipzig, 
Feb. 2003. GI. 
obbert, G.: Comparison and evaluation of fusion algorithms and transfer se-
uctured multimedia data. In C. Danilowicz, editor, Multimedia and Network 
ystems (Vol. 2) (1st International Workshop on Multimedia Information Sys-
gy), pages 181–192, Szklarska Poreba, Poland, September 2004. Oficyna 

 Politechniki Wroclawskiej. 
hmitt, I.: Optimierung von Ausdrücken der Ähnlichkeitsalgebra SA. In IN-
004 - Informatik verbindet - Beiträge der 34. Jahrestagung der Gesellschaft 
 e.V. (GI), Band 2, volume P-51 of LNI, pages 49–53, Ulm, Germany, Sep-

R., Samet, H.: Ranking in spatial databases. In Advances in Spatial Databas-
tional Symposium, SSD’95, Portland, Maine, USA, August 6-9, 1995, Pro-
me 951 of LNCS, pages 83–95. Springer, 1995. 
aptive routing in distributed decentralized systems: Neurogrid, Gnutella and 
oc. of workshop on Infrastructure for Agents, MAS, and Scalable MAS, at 
gents, Montreal, Canada, 2001. 
.: A Fault-tolerant, Adaptive, Scalable, Distributed Search Engine, May 
esis, Princeton. 

ww.searchlore.org/library/kronfol_final_thesis.pdf 
Salzberg, B.: The hb-tree: A multiattribute indexing method with good guar-
ance. ACM Trans. Database Syst., 15(4):625–658, 1990. 

uire, D. M., Müller, W., Pun, T.: Efficient access methods for content-based 
l with inverted files. Technical Report 99.02, Computer Vision Group, Uni-
eva, July 1999. 
senhardt, M., Henrich, A.: Scalable summary-based search in P2P networks. 
publication, 2004. 
enrich, A.: Faster exact histogram intersection on large data collections using 
iles. In Image and Video Retrieval: 3rd Intl. Conf. CIVR. Proceedings, vol-
NCS, pages 455-463, Dublin, Ireland, July, 2004. Springer. 
enrich, A.: Reducing I/O cost of similarity queries by processing several at 
c. MDDE ’04, 4th International Workshop on Multimedia Data and Docu-
ring, Washington DC, USA, July 2004. IEEE Computer Society. 
ang, Y.-C., Smith, J. R., Li, C.-S., Vitter, J. S.: Supporting incremental join 

ked inputs. In VLDB 2001, Proc. of 27th Intl. Conf. on Very Large Data Bas-
290, Roma, Italy, 9 2001. 

, K. C.: Peer clustering and firework query model. In Poster Proc. of The 11th 
orld Wide Web Conf., Honululu, HI, USA, May 2002. 
 

  

 

nnekamp, S.: Incremental Processing of Vague Queries in Interactive Re-
s. In Hypertext - Information Retrieval - Multimedia ’97: Theorien, Modelle 
tierungen integrierter elektronischer Informationssysteme, pages 223–235, 
97. Universitätsverlag Konstanz. 
., Francis, P., Handley, M., Karp, R., Schenker, S.: A scalable content-ad-
ork. In Proc. 2001 Conf. on applications, technologies, architectures, and 
omputer communications, San Diego, CA, 2001. 

http://www.searchlore.org/library/kronfol_final_thesis.pdf


 

 

[31] Roussopoulos
SIGMOD Intl
es 71–79, 199

[32] Sakurai, Y., Y
high-dimensio
Very Large D

[33] Schmitt, I., Sc
bra. In 3rd In
(FoIKS’04), v

[34] Smith, I., Cha
tem. In Proc. 
1996. 

[35] Squire, D. M.
bases, inspira
vance feedbac
land, 1999. 

[36] Stoica, I., Mor
To-Peer looku
ego, CA, USA

[37] Tang C., Xu, 
In First Work

[38] Weber, R., Sc
ilarity-search 
York, USA, 1
 
 

 

 

 

157 

, N., Kelley, S., Vincent, F.: Nearest neighbor queries. In Proc. 1995 ACM 
. Conf. on Management of Data, San Jose, California, May 22-25, 1995, pag-
5. 
oshikawa, M., Uemura, S., Kojima, H.: The A-tree: An index structure for 
nal spaces using relative approximation. In Proc. of the 26th Intl. Conf. on 
ata Bases, pages 516–526, Cairo, 2000. 
hulz, N.: Similarity relational calculus and its reduction to a similarity alge-
tl. Symposium on Foundations of Information and Knowledge Systems 
olume 2942 of LNCS, pages 252–272, Austria, 2004. Springer. 
ng, S.-F.: VisualSEEK: A fully automated content-based image query sys-
of the 4th ACM Multimedia Conf., pages 87–98, New York, USA, Nov. 

, Müller, W., Müller, H., and Raki, J.: Content-based query of image data-
tions from text retrieval: inverted files, frequency-based weights and rele-
k. In 11th Scandinavian Conf. on Image Analysis, Kangerlussuaq, Green-

ris, R., Karger, D., Kaashoek, F., Balakrishnan, H.: Chord: A scalable Peer-
p service for Internet applications. In Proc. ACM SIGCOMM Conf., San Di-
, 2001. 

Z., Mahalingam, M.: pSearch: Information retrieval in structured overlays. 
shop on Hot Topics in Networks (HotNets-I), Princeton, NJ, 2002. 
hek, H.-J., Blott, S.: A quantitative analysis and performance study for sim-
methods in high-dimensional spaces. In Proc. Intl. Conf. on VLDB, New 
998. 


	1 Motivation
	2 Processing Complex Similarity Queries
	2.1 Components Contributing to Similarity Queries
	2.2 Access Structures for Similarity Queries
	2.3 The Data Fusion Problem
	2.4 Derived Rankings
	2.5 Query Optimization for Similarity Queries

	3 Processing Similarity Queries in P2P Networks
	3.1 Looking Up Documents by Their Identifiers
	3.2 Performing Similarity Queries in P2P Networks

	4 Conclusion



