




on mapping the problem into a simpler one.
Additionally, several distance-specific indexes have been proposed, assuming specific proper-

ties of the similarity function, or even their precise definition. For example, the inverted file is
here a perfect example, since it is an efficient structure for searching using the well-known cosine
measure. Another example is the IGrid, that adapts the inverted file to work efficiently with a kind
of nonmetricLp distances. Some domain-specific indexing schemes were proposed also for the
dynamic time warping distance, for the longest common subsequence, and for a number of biolog-
ical similarity functions. Finally, there have emerged methods for black-box nonmetric similarity
search, based on the use of some kind of mapping. In particular, the NM-tree combines the M-tree
(a metric index) and the TriGen algorithm; the QIC-M-tree requires a metric lower-bound distance
to the query nonmetric distance; the local constant embedding applies a kind of partitioning of
the database and the constant shifting embedding. Last but not least, there have been introduced
several nonmetric classification and clustering techniques applicable for approximate similarity
search (nearest neighbor search, respectively).

Challenges to the future

This section presents some open questions and research problems associated to the development
of a nonmetric space model for similarity search:

Alternative topological properties: Identifying alternative topological properties easily imple-
mentable into many similarities, but less restrictive than the metric axioms, could be very useful
for indexing purposes.

Difficulty of the problem: Similarly to the metric space model, an open question is how one
could measure how intrinsically difficult is to search in a given nonmetric space.

Efficiency vs. effectiveness: Apart from very few exceptions, almost all nonmetric index struc-
tures proposed so far return an approximated result for each query. Thus, the study of the “effi-
ciency vs. effectiveness” trade-off in nonmetric spaces is a very relevant research issue.

Interdisciplinary collaboration: Fostering the interaction between domain practitioners and the
database community seems to be a key issue, in order to develop and promote the efficient similar-
ity search techniques into the real-world applications.
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Introduction

Similarity joins between two sets of records return pairs of records whose similarity is no less
than a given threshold. More specifically, consider two sets of records,R andS, a similarity
function sim(·, ·) and a thresholdt, a similarity join betweenR andS is defined as{ (r, s) |
(r, s) ∈ R × S, sim(r, s) ≥ t }. A similarity join is a generalization of the traditional equality
join commonly found in database systems. A variant of the similarity join is to use a distance
threshold to replace the similarity threshold. It is generally expected that the similarity threshold
is close to the maximum possible value (usually1.0), and the distance threshold is close to the
minimum possible value (usually0). For example, we may find near-duplicate documents in a
document repository using a cosine similarity threshold of0.9, or we may find pairs of incorrectly
spelt queries and their correct versions in a query log with an edit distance threshold of2.

Similarity joins have many applications. For example, similarity joins are useful to data in-
tegration and data cleaning applications. This is mainly because records representing the same
real-world object may have different digital representations, due to reasons such as typographical
errors and lack of standardization [9]. Similarity joins can be used to detect near-duplicate Web
documents [4], to perform collaborative filtering [2] in the Web environment. They also benefit
data mining tasks such as clustering [3].

A straight-forward method to perform similarity join is to use the nested loop algorithm, i.e.,
for each record in one dataset, find all the records in the other dataset that satisfy the similarity
threshold; the latter operation may be performed efficiently if there is a suitable index for the
given similarity metric. However, the weakness of this method is that it misses many valuable
optimization opportunities among repeated similarity searches.

In this article, we will briefly summarize the state-of-the-art in different areas of similarity
joins, and then present several future research challenges.

Exact Similarity Joins

Similarity Joins in the Euclidean and Metric Spaces

Similarity joins with Euclidean distance are also known as spatial distance joins. Efficient algo-
rithms for both low and high dimensional spaces have been proposed [15, 11, 17, 12, 6]. The main
ideas is to partition the objects into different groups according to their spatial locations, which
helps to reduce the candidates an object has to be compared with. However, the efficiency of these
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methods decreases quickly with the increase of dimensionality, as a consequence of thecurse of
dimensionality.

The Euclidean space is just a special case of the general metric space. Similarity joins in a
general metric space is even harder, as there are only limited means to prune candidates based on
the triangle inequality. Existing methods exploit specialized indexes [7, 16], or adopt the divide-
and-conquer paradigm without using any index [10].

Similarity Joins for Specific Similarity/Distance Functions

Recently progress has been made that results in fast algorithms to perform similarity joins for sev-
eral simple yet widely used similarity or distance functions, including Jaccard, cosine, set overlap,
Dice similarities, Hamming distance, and edit distance [5, 1, 2, 14, 23, 22, 21].

The majority of the work is based on thefilter-and-refineframework. The basic idea of filtering
is that similar objects should share some identical feature values. If the filtering can be performed
in an efficient manner, we can generate candidate pairs of records whose similarities are likely to
be no less than the given threshold. In the refinement stage, the similarities of these candidate pairs
are actually calculated and are compared with the threshold. An effective filter developed recently
is the prefix filter [5], and it is later improved and generalized by [2, 23]. This filter enables us to
eliminate non-promising candidate pairs by looking into only part of the records.

Another important insight is that similarity joins with above-mentioned similarity or distance
functions can be converted into similarity joins with another function. This means we can focus
on optimizing one type of similarity join and it will automatically benefit others [5, 1, 2, 23]. This
is especially advantageous to integrating various kinds of similarity join operators into an existing
system [5].

Edit Similarity Joins

An edit similarity join is a similarity join with an edit distance threshold. A popular method is
to reduce the problem to a set overlap similarity join on theq-gram representation of the input
strings. Unlike other conversions between similarity joins with different similarity functions, this
conversion introduces false positives, i.e., not all the results obtained by the set overlap similar-
ity join satisfy the edit distance constraint. Additional filters hence can be introduced and further
improve the performance, including the length filter, position filter [8], location-based and content-
based mismatch filters [22]. Instead of using fixed length q-grams, there are also methods based
on variable length q-grams [13], signatures based on domain partitioning [1], and deletion neigh-
borhoods [18, 21].

Future Directions

Many research efforts have been focused on devising new methods for similarity joins or improving
their performance. In addition to this, we list two important research challenges that call for further
research.
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Large-scale Similarity Joins With the rapid increase of data, there is a need to scale the similar-
ity join algorithms to a very large scale. In particular, the prevalent method to perform similarity
joins on large datasets is to use approximate methods. The ability to perform the join exactly is im-
portant, as it will reveal many more interesting results. It seems promising to adapt and implement
similarity join algorithms on the Map-Reduce framework [19, 20].

Support More Applications In addition to the existing applications, it is important to consider
using similarity joins in supporting more applications. The key issue is to support application-
specific similarity/distance functions, e.g., the Earth mover’s distance in multimedia applications,
and bio-sequence scoring functions with various scoring matrices.
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Similarity is a central notion throughout human lives and it will soon become the prevalent
strategy for dealing with digital content also in computer systems. But the exponential growth of
data makes the scalability and performance issues serious matters of concern. Contemporary de-
centralized media of mass communication allowing cooperative and collaborative practices enable
users autonomously contribute to production of global media, whose elements are in fact related by
numerous multi-facet links of similarity. As an example, consider the sites like Flickr, YouTube,
or Facebook that host user-contributed heterogeneous content for a variety of events. Accordingly,
the core ability of future data processing systems is the similarity management of large and ever
growing volumes of data. In a simplified way, the real-life performance can be constrained from
two points of view: (1) the query response time, and (2) the query execution throughput, i.e. the
number of queries processed per a unit of time. Typically, the query response time should be
on-line, say less than one second, but the query execution throughput can even be expected in
hundreds or thousands in case of large-scale web applications.

Though metric searching mechanisms demonstrate high level of extensibility – a large spectrum
of similarity measures can be implemented with a single indexing structure – it has been recognized
quite early that main memory implementations are not sufficient to deal with data-sets of real life
applications. The first disk-oriented metric indexing structure was the M-tree [2]. Since it is a
dynamic, balanced and multi-way branching tree that grows from leaves to the root by splitting
nodes, it can be considered as a generalization of the B-tree and the R-tree. Apart from these two
trees, which aim at sortable attribute data and low-dimensional vector data, respectively, the M-tree
can manage any data modeled as the metric space. The M-tree was the first organization among all
metric indexing structures [9, 14] that tries to optimize the search costs from both the CPU and I/O
operation points of view. Many extensions exemplified by the Slim-tree [12] and the PM-tree [11]
have been proposed, so we can now talk about the M-tree family.

With the advancement of multiprocessor systems and computer networks, parallel implemen-
tations of indexing structures were developed to accelerate the inherently expensive similarity
searching. The parallel M-tree [15] speeds up execution of similarity range and nearest-neighbor
queries considering both the CPU and I/O costs. However, it suffers from the well-known problem
of parallelization of hierarchical structures – the root node must always be processed and next tree
nodes can only be considered after their predecessors are analyzed. In particular, the node hierar-
chy clearly puts limits on the level of intra-query parallelism. Moreover, the inter-query parallelism
is limited when update queries are executed because of the unavoidable node locking.

Hashing (the key-to-address transformation) along with trees constitute two fundamental prin-
ciples of indexing structures. Though most of the metric similarity searching structures are trees,
the underlying principle of the D-index [4] is hashing. In fact, it is a multi-tier structure consisting
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of separable buckets on each level – two buckets are separableif the distance between any pair
of objects originating from different buckets is not smaller than a pre-defined thresholdρ. This
forms the D-index’s main advantages: a very fast insertion and upper-bounded searching costs
for range queries with radii up toρ. Thanks to the hashing principle applied – accessed buck-
ets are determined by a calculation – the parallelization is much easier. There is no dependency
among buckets, so also the intra-query parallelism is greatly improved. Nonetheless, it is still a
client-server architecture and its scalability is linear.

In order to scale searching systems to processing extremely large data volumes and evaluating
hundreds or thousands of queries simultaneously, the paradigm of structured peer-to-peer (P2P)
networks was applied [14]. This kind of organizations are also known as the scalable and dis-
tributed data structures. The main advantage of such an architecture is that there is no conceptual
bottleneck – no centralized nodes, no flooding strategies applied – and each node of the network
can become a client and a server at the same time. The networks are dynamic to cope with chang-
ing and fast growing amounts of data. Advanced versions are also resistant to node failures since
fault-tolerance is supported. Four different P2P metric similarity searching structures are summa-
rized and experimentally evaluated in [1]. Two of them are based on native metric paradigms of
theball and thegeneralized-hyperplanepartitioning. They constitute distributed implementations
of the Vantage-point and the Generalized-hyperplane trees, respectively. The other two structures
transform the metric space into a low-dimensional (the M-Chord) or even to a one-dimensional
space (the MCAN) and apply traditional structured P2P network protocols for processing queries,
namely the Chord and the Content Addressable Network (CAN). Another recent structure called
the SIMPEER [5] exploits the super-peer architecture. On regular peers, a summary information
describing clusters of data stored on that peer is created. These summaries are then stored at super-
peers. For query processing, super-peers communicate by using a special routing algorithm. A
different but promising approach to exploit massively-parallel and scalable infrastructures is to use
the MapReduce framework [3]. There have been very recent proposals [7, 13] that exploit this
framework for document similarity and similarity joins of sets, respectively.

A publicly-available demo1 of one of the metric P2P networks performs similarity searching on
a half a billion MPEG-7 global descriptors derived from 100 million Flickr images. The network
consists of 500 peers operating on six servers, each equipped with two quad-core CPUs, 20 GB
RAM and five SATA hard drives. Due to data volume, the descriptors are stored on disks. The typ-
ical searching performance is below 500ms and the throughput is 10 queries per second. Provided
enough reliable computational power is available, this approach solves the scalability problem.
Moreover, its performance can be tuned to needs of specific applications. For more details, see [8].

At present, many information resources already exist on nodes of computer networks. They
maintain their own data, which can be searched and answers passed even to outside nodes, but they
want to retain the total control over their own resources including data. So they also do not accept
someone else’s data, unless explicitly requested. For example, this can be the case of medical
information systems. Though the similarity concept still remains here and becomes even more
important, such situation asks for a radical change of the underlying searching structure paradigm.
An alternative is a self-organizing solution that evolve in time and scale into expected data volumes.

1http://mufin.fi.muni.cz/imgsearch/
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In general, self-organizing systems create and sustain an internal structure in response to the flow
of data and queries.

Designs of such self-organizing systems typically go beyond backgrounds of the traditional
computer science and try to find inspiration in other scientific areas, such as biological and social
sciences. A system that capitalizes on social relationships, denoted as a friendship and acquain-
tanceship, is proposed in [10]. This system operates as an unstructured P2P network, where re-
lationships among peers are created as a result of querying. So, query answers are analyzed and
nodes retrieving similar data are marked as friends. Another system called DISCOVIR [6] is also a
self-organizing system, but the query routing algorithm exploits peer signatures. These signatures
are computed from peer’s local data collection by applying clustering algorithms. A drawback
of this system as compared to the previous one is that the authors do not study the problem of
dynamism of the network.

Effectiveness of content-based retrieval depends on the quality of descriptive features. How-
ever, it is often difficult to apply new content enrichment techniques for large collections of digital
objects, because the production of such features is linear in time. Though a big progress has been
made in searching metric features through approximation and exploitation of P2P technologies,
applications are still finding the content-based retrieval not sufficiently effective and expensive to
execute. For example, extraction of five MPEG-7 features from an image as used in the afore-
mentioned demo takes about two seconds, so processing 100 million images requires 200 million
seconds, which is more than 6 years. Acceleration of such processes is badly needed – what is
typically done today is an application of massively-parallel infrastructures like GRIDs and MapRe-
duce, or specialized highly-parallel computational hardware such the GPU technology.

Traditionally, data must be first stored in a database before it is processed. As the amount
of data flowing towards users from many sources grows, this approach must be changed, since
users need to analyze information as it streams in to identify facts and events and make respective
decisions on-line. For example, assuming e-mail servers, social networking websites (Facebook,
Twitter), RSS readers, sensor networks, or image and video hosting services (Flickr, YouTube) as
information sources, a data processing system must undertake detection of hundreds of thousands
of events obviously based on a specific form of similarity. Thus, the performance of systems must
be adequate threefold: feature extraction, query response time, and query execution throughput.

We believe future real-life searching systems to be build on top of the divergence of scalability
and determinism. The scalability will be more and more important with respect to the data volume,
number of users, query execution time, number of different query types produced by digitization
and content enrichment techniques, as well as multi-modal approaches to querying. On the other
hand, the determinism in answering queries, i.e. providing always the same answer to the same
query, will be substituted with satisfactory results or even recommendations. Queries will also be
much more personalized and influenced by context and executed on hardware most suited to the
given workload. In any case, the traditional exact match will be more and more often accompanied
with the extensive use of similarity searching.

30



References

[1] M. Batko, D. Novak, F. Falchi, and P. Zezula. On scalability of the similarity search in the
world of peers. InINFOSCALE, pages 1–12. ACM, 2006.

[2] P. Ciaccia, M. Patella, and P. Zezula. M-tree: An efficient access method for similarity search
in metric spaces. InVLDB, pages 426–435. Morgan Kaufmann, 1997.

[3] J. Dean and S. Ghemawat. Mapreduce: simplified data processing on large clusters.Comm.
ACM, 51(1):107–113, 2008.

[4] V. Dohnal, C. Gennaro, P. Savino, and P. Zezula. D-Index: Distance searching index for
metric data sets.Multimedia Tools and Applications, 21(1):9–33, 2003.

[5] C. Doulkeridis, A. Vlachou, Y. Kotidis, and M. Vazirgiannis. Efficient range query processing
in metric spaces over highly distributed data.Distributed and Parallel Databases, 26(2-
3):155–180, 2009.

[6] I. King, C. H. Ng, and K. C. Sia. Distributed content-based visual information retrieval
system on peer-to-peer networks.ACM TOIS, 22(3):477–501, 2004.

[7] J. Lin. Brute force and indexed approaches to pairwise document similarity comparisons with
mapreduce. InSIGIR, pages 155–162. ACM, 2009.

[8] D. Novak, M. Batko, and P. Zezula. Generic similarity search engine demonstrated by an
image retrieval application. InSIGIR, page 840. ACM, 2009.

[9] H. Samet. Foundations of Multidimensional And Metric Data Structures. Series in Data
Management Systems. Morgan Kaufmann, 2006.
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Of the many problems in biological data retrieval, the problem of biological sequence retrieval
has the highest profile. The standard solution to this problem, BLAST, has ascended, likegoogle,
to become synonymous with search. Also like Google, BLAST leverages statistical properties as
heuristics to create a good user experience. Ironically, many early biological sequence similarity
efforts explicitly sought to model evolutionary distance as a metric-distance. Recent interest in
metric-index methods has rekindled these early directions. A review of these efforts provides an
opportunity to characterize the challenges and opportunities in similarity search of biological data.

Introduction

As biological sequencing technology advances, biologists invoke Moore’s law to suggest expo-
nential growth of biological data. However, progress in high-throughput techniques is not the
consequence of tuning of a complex industrial process. Progress is dominated by the invention
of new techniques and their application to new classes of chemistry (e.g. x-ray crystolography of
RNAs, the role of carbohydrates, just to name two.) Thus, to invoke Moore’s law is to understate
the problem. For each new data source new measures of similarity are invented and indexing al-
gorithms specific to those measures developed. General-purpose metric- space indexing methods
promise to eliminate the need to develop a new indexing method for each new similarity measure
and accelerate the progress of this science.

There are many challenges to managing biological data [10]. The challenges start with all the
well known problems associated with modeling data as a high-dimensional feature vector. In ad-
dition there is experimental noise and evolutionary processes. Evolution itself is a noisy process.
Biological systems continually exhibit small changes. Often these small differences are indistin-
guishable from noise, yet they may be the basis of critical biological insight. Thus data retrieval
and analysis in Bioinformatics is often a two-step process. A phenomenon specific measure of
similarity is defined. Separately, a statistical measure of confidence is defined. In protein se-
quence analysis the similarity function is a weighted edit distance. The weights are usually the
log-likelihood of the substitution of one amino acid with another. A confidence measure, e-score,
is calculated [2]. An open problem in indexing biological data is the development of methods
where the confidence measure becomes part of the search key.

∗This research was supported in part by the National Science Foundation, DBI-0640923, and the National Institutes
of Health, GM085337.
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Similarity and Distance for Biological Sequences

A goal of biosequence retrieval is to help determine the function of a gene. Organisms that have
a common ancestor will have speciated genes derived from that ancestor. A pair of such genes is
said to be homologous and often retain the same function. Consider the case where an organism
being studied yields a gene thought to be important but its function is unknown. The researcher
may determine the gene’s sequence and query a sequence database. If a homologous gene is found,
and it has been well studied the researcher may easily confirm if the function for unkown gene is
the same as the homologous gene. The algorithmic challenge is homologous genes can have as
little as 10% sequence identity.

Methods that support homology retrieval of sequences exploit the fact that matching characters
between sequences are not uniformly distributed. The biology is that some regions of a gene will
encode sensitive biochemistry that can not withstand change and still function, e.g. the active site.
Other regions will be maleable. Thus, sequence similarity retrieval methods focus on finding sets
of more closely matching substrings.

Needleman and Wunsch are credited with introducing a dynamic programming algorithm for
comparing biological sequences [9]. In their seminal paper they also replaced Levenchein distance
with a similarity function where more similar pairs of sequences score higher rather than having
smaller distance from each other. Prior to Needlemen and Wunsch, Fitch developed a metric model
of evolution, and afterwards, Sellers proved that if the substitution weights among the characters
in a scoring matrix form a metric distance, then the weighted-edit distance among strings drawn
from that alphabet also forms a metric distance [5, 14]. Waterman, Smith and Beyer extended
Seller’s results to include gaps [16]. Five years later, Smith and Waterman published their now fa-
mous local-alignment algorithm. The Smith-Waterman algorithm complemented Dayhoff’s PAM
weighting matrix [15]. The PAM matrix, as well as the subsequent BLOSUM matrix, contain the
log-likelihood of one amino acid substituting for another [10]. Thus, the similarity scores have a
foundation in probability accessible to biologists as a firm scientific foundation. It is obvious these
scoring schemes are not distances.

The dynamic programming methods for sequence comparison are quadratic-time algorithms
and do not scale to database size problems. A fast, approximate algorithm, BLAST, is used.
BLAST elaborates on a heuristic that suggests that for any query sequence the best matching
sequences in a database will contain short substrings of closely matching sequences, a.k.a. hot
spots. An initial pass of hot-spot detection yields a ranked candidate set of similar sequences,
which in turn are subject to more detailed processing. The default sort on the final output is based
on a confidence measure, not a similarity measure.

In the original BLAST paper two methods for hot-spot detection were developed and compared
empirically [1]. Both methods start by dividing the query sequence into overlapping substrings.
Simply comparing those substrings to the contents of the sequence database using exact matching
results in unacceptably low recall. Biologists prefer the expressionlow sensitivity. To improve
recall, edits are applied to each substrings in a manner consistent with the evolutionary models.
Thus, a neighborhood of strings is enumerated for each substring forming a neighborhood within
a prescribed evolutionary distance. The entire set of such strings is compared to the database, and
any overlap recorded as a hit.

33



The construction above changes the hot-spot matching problem to an exact matching problem.
It is straightforward to build a conventional index. The original paper reported on the performance
of a version of BLAST that exploited such an index. The second method of hot-spot detection was
to compile the entire set of substrings into a single finite-state automaton with multiple accepting
states; one accepting state for each candidate hot-spot. Thus all hot-spots could be detected by
a single linear-scan of the database. The trade-off is multiple, sublinear, index look-ups, one for
each candidate hot-spot vs. a linear scan of the database. Clever coding techniques provide for very
tight implementation of the finite-state automaton. The automaton-based technique was found to
be superior. More recently, given much larger databases and main-memory capacity, hot-spot
detection using inverted index methods is demonstrating merit [3].

Provided there is a biologically valid metric for the evolution of sequences it is possible to
build a metric-space index. The construction originated by BLAST comprises a generate-and-test
model, for all possible hot-spots. Solutions comprising a metric-space index will initiate queries,
only one for each substring, and, with benefit of the index, precisely those elements in the database
that overlap the evolutionary neighborhood of that string will be returned.

In the contemporary literature we find continual and on-going efforts to develop biologically
valid distance measures on biological sequences. Metric versions of the PAM and BLOSUM
substitution matrices have been developed starting from first principles [18, 17]. Sacan and Hakki
improved upon this work [13]. Hokza and Skopal have studied the connection of distance-based
retrieval and e-score [7]. Innovative models with respect to capturing frequency signatures are also
under investigation [8].

Future Directions

Protein identification by database look-up of mass spectra is another biological datatype the com-
munity has sought to improving using metric-space methods [11, 4]. The reader may review this
literature and observe parallels with sequence indexing. Indexing, and/or clustering, is used in an
initial pass to cancel noise and reduce a database to a small candidate set. Final processing of the
results must include a statistical assessment of confidence [6, 12].

The success of the human genome project goes beyond DNA sequences. The project has ush-
ered in the integration of computer controlled automation into biology labs to yield proliferating
high-throughput experimental methods. Computer Scientists are well advised to engage with biol-
ogists who are creating the newest data sets.
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There are numerous data mining applications working in metric spaces. In the following we
will exemplarily sketch three main topics in this area: the impact of metric similarity functions on
data mining, data mining in uncertain data and mining high-dimensional data.

Various established data mining algorithms are directly based on distance computations. Well-
known examples are instance-based classifiers like kNN Classification, k-mediod clustering like
CLARANS and GDBSCAN or distance-based Outlier Detection methods like LOF [5]. In general,
it is not required that the distance function fully suffices the conditions of a metric. However, in
the majority of established mining approaches the employed distance functions are metrics. When
switching the focus to efficiency, the use of metric distance functions often yields a benefit. Since
many distance-based data mining algorithms can be implemented on top of spatial queries like
kNN queries orǫ-range queries, it is possible to speed up computation by storing the database
in a metric index like the slim-tree [10]. However, the performance benefit must compensate for
the construction costs of the index. Furthermore, whether a metric index yields a strong perfor-
mance boost depends on the inner dimensionality of the data set and thus, is hard to decide before
construction.

A related topic to data mining in metric spaces is kernel learning. Similar to distance based
methods, a kernel learner [9] can be applied on any data set as long as a kernel function measuring
similarity is provided. From a mathematical point of view, a kernel is an inner product on the data
objects, i.e. a kernel is required to be positive semi-definite. Thus, the idea of data mining based
on metric distance measures is quite similar to the idea of kernel methods: build your algorithms
on top of an abstract mathematical space based on a function for comparing objects. Interestingly,
a kernel always implies a metric. Since a kernel function is a scalar product, it induces a norm
and a norm can be used to define a distance metric. However, having a metric function does
not necessarily imply the existence of a positive semi-definite scalar product. There exist a large
variety of kernel methods for classification, clustering and dimensionality reduction which can be
solved as a standardized numerical optimization problem like quadratic programming. Since many
optimization packages require that the data set is provided by means of a complete kernel matrix
containing all pair wise comparisons between objects, the applicability to rather large data sets is
often considerably limited. Thus, developing kernel based data mining algorithms avoiding the
calculation of the complete kernel matrix is still an open challenge.

Traditional techniques for data mining working on arbitrary distances generally assume that the
data is known for certain. However, this is not always the case, for instance in many applications
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the data is inherently noisy, such as data collected by sensors or in satellite images. In privacy
protection applications, artificial noise can be added deliberately. Finding patterns despite this
noise is a challenging problem. The incorporation of underlying uncertainty is two-fold: Uncertain
data, i.e. data with uncertain attributes, can enhance the effectiveness of data mining algorithms
because the uncertainty information provides additional insights to the different attributes used
for the mining process. On the other hand, uncertain data brings new challenges to data mining
applications that are based on metrics in terms of effectiveness, efficiency and the presentation of
the result. Uncertain data involve uncertain distances between data points which affects the nature
of the mining results. For example, in the case of clustering, objects may be assigned to multiple
clusters. The challenge in terms of effectiveness here is to find an appropriate way to handle this
clustering ambiguity. In accordance to the possible world semantics (PWS), one can compute
all possible data mining results each associated with its probability to be valid which is the most
accurate but most expensive solution. In order to achieve a unique data mining result, it would
be intuitive to compute the most probable or expected data mining result. As such a solution is
in general too expensive since the number of possible worlds is exponential in the database size,
applying the expected distance to the data mining process is a good trade-off between accuracy and
efficiency. This, for example, is implemented for the UK-means [8] approach which is a variant of
k-means that can cope with uncertain objects. Further examples based on this technique are item
set mining on uncertain data [12] and uncertain clustering [2].

Most probabilistic query and data mining approaches rely on the assumption that the objects
are mutually independent, which allows us to use dynamic programming techniques like poisson
binomial recurrence or generating functions in order to guarantee polynomial computation time.
Examples relying on this concept are probabilistic pattern mining [4] and probabilistic ranking
[7, 3, 11]. However, the independency assumption is too restrictive to most applications as objects
in the real world are mostly mutually dependent. While there are solutions for modelling and
querying mutually dependent uncertain data, mining correlated uncertain objects efficiently and
effectively is still an unsolved problem.

The problem of high dimensional data and intrinsic dimensionality also plays an important role
in clustering and outlier detection. Studies about the curse of dimensionality like [1] revealed that
data objects tend to be very sparse in a high dimensional data space because under very general as-
sumptions that usually hold for a lot of application scenarios, the distance of a point to the nearest
neighbor and the distance of a point to the farthest neighbor diminishes when the dimensionality
of the data increases. As a consequence, there will be no patterns to be separated using traditional
distance-based methods in the full dimensional space any more. These problems originate from
the irrelevance of many of the features. For different patterns (like clusters, outliers, etc.) a dif-
ferent local subset of features may be relevant, i.e. different patterns may have a different intrinsic
dimensionality. Thus, patterns can only be exploited in different subspaces of the original feature
space. To find such patterns in high dimensional data, one has to integrate feature selection into
the data mining process.

Recently novel techniques have been exploited to fill this gap in the context of clustering. The
resulting methods can be roughly classified into subspace (a.k.a. projected) clustering algorithms,
pattern-based (a.k.a. co- or bi-)clustering algorithms, and correlation clustering algorithms (see
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[6] for a survey). Subspace and projected clustering aims at identifying clusters in axis-parallel
subspaces of a feature space. This class of methods usually accounts for local feature relevance.
The generalized problem is called correlation clustering that claims to find clusters in arbitrarily
oriented subspaces. Points that cluster in an arbitrarily oriented subspace S are located on a com-
mon hyperplane that is perpendicular to S and, thus, exhibit a common linear correlation among
a subset of attributes. Pattern-based clustering is a problem somewhere in between the other two
classes of methods because it limits the clusters to certain (e.g. positive) correlations and spatial
structures that are a subset of arbitrarily oriented subspaces.

There are many open directions for future research in the area of mining high dimensional data.
First, almost all existing methods only work on numeric data and cannot be extended to general
metric data easily. Second, most approaches to the general problem of correlation clustering focus
on linear correlations of features. Many applications require more complex forms of correlations
among attributes that have not been investigated so far. Last but not least, the problem of outlier
detection in subspaces has been mostly neglected by the research community so far.
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