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Abstract: Many enterprises loose work time because they lack of global search solutions or
their solutions are not able to satisfy the needs in a reasonable time. This results in costs for lost
work time as well as increased response time. We present a novel approach to federated search
engines that use case based reasoning to rerank results according to the searchers needs and
therefore leads to a higher quality of search results and faster information retrieval.
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1

Introduction

In this contribution we present an approach for a self learning search (SLS) system
based on case-based reasoning (CBR) to improve result merging and ranking in
federated search environments in heterogeneous information spaces. This approach is
implemented into a service-based architecture for federated search engines.
First, current limitations and problems in enterprise search are outlined [Chapter
2]. Then we present the architecture of a federated search engine based on search
services [Chapter 3]. This system is enhanced with profile and context based search
[Chapter 4] as well as feedback mechanisms for learning quality. Finally, we outline a
CBR system, to improve future queries [Chapter 5].

2

Enterprise Search

Today, many enterprises cannot access their digital information through a unified
search infrastructure [Bahrs, 07]. This leads to lost work time resulting in additional
costs and increased response time [Feldmann, 04]. However the powerful and widely
accepted search tools used in the internet cannot directly be transferred to enterprises.
Enterprise search should cover more than the intranet web pages which are available
to all employees. In this contribution enterprise search is understood as search over all
text content available in electronic form, including an organization’s internal
websites, its external websites as well as database records, email or documents
[Hawking, 04].
The information space of enterprises differs significantly from the web or classic
document collections. It lacks a similar or widely acknowledged structure, such as
documents or web pages. In enterprises a collection of elements has to deal with
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different formats, such as documents, web pages, database records stored in various
systems, folders, hard disks and databases, each with unique interfaces. This results in
a heterogeneous structure and decentrally stored information space. Second, major
parts of a company’s information are protected by access rights. The deep web, which
stands for content available after forms or even logins, can be understood as an
equivalent. Even leading web search engines mostly ignore this content. In contrast it
is a necessity in an enterprise to access protected information, as it affects major parts
of the overall information. This conflicts the idea of a central index for two reasons:
While concepts for central identity management are known, most enterprises are stuck
with locally managed access rights, resulting in multiple systems to prove the identity
of a searcher. Further, the index would have to replicate the complete access rights in
order to hide results not intended for search. This is feasible for a document collection
where access rights are granted for complete elements. But it clearly is a difficult task
with applications and databases, where access rights are more granular. For example a
record set of a customer may be viewed by everyone, while orders are only available
to selected users.
In general, the quality of search results increases, if smaller domains are
addressed, because content acquisition and indexing as well as query processing can
adapt to content specifics. However, this is difficult to achieve with an approach to
enterprise search based on the described concept of a search engine. Therefore,
enterprise search often leads to a situation of federated search of multiple search
engines, where a search engine forwards a search term to a number of underlying
search engines and collects result sets. This reflects a conceptual analogy to the
information space of enterprise and overcomes the described shortcomings. The new
approach is described in [Chapter 3]. The drawback of these systems is the limited
ability to merge to an overall relevance ranking [Hawking, 04]. This problem is
addressed by the self learning approach presented in the following chapters 4 and 5.

3

Architecture of the Self Learning Search Engine

The SLS prototype is a federated search engine with a modular architecture build
upon web services. These web services are provided by different information sources.
An information source is itself a search engine for a small domain, that needs to
provide at least a uniform resource identifier (URI) [Berners-Lee, 05], a ranking value
and an optional description per result.
The architecture of the SLS prototype as shown in [Figure 1] is modeled using the
Fundamental Modeling Concepts (FMC). FMC is a modeling technique to support the
communication about information processing systems. In [Figure 1] a block diagram
is shown to describe the compositional structure of the system in terms of active and
passive components. Squares are used to model agents that are active and process
information, while rounded figures are used to model storages and small circular
figures to model communication channels. Both rounded and small circular figures
are passive components to keep or transport information. This structure describes
which agent can access which data and communicates with other agents via channels
or shared storages.
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Figure 1: SLS prototype architecture
The SLS prototype consists of a core application, using a web based graphical
user interface to communicate with the user. The user is enabled to enter login data
that is forwarded to the underlying search engines. Furthermore, for each search
request the context has to be chosen [see Chapter 5] and submited together with a
search term. The core application forwards this information to a ranking component,
which in turn uses the Integration Factory to instantiate connectors for the supported
search engine web services. The ranking component collects the search results,
merges them into a single result list and reranks the results according to ranking
values calculated by the source CBR component. This CBR component uses the zscores of original ranking value delivered by the web services and retrieved cases to
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calculate a new ranking [see Chapter 5]. The results are presented as a list to the user.
Users are encouraged to give feedback in form of an evaluation of several results.
This feedback is forwarded to the source CBR component. On the other side there is a
term CBR component, which stores the search terms that lead to positive evaluated
results. This is used to suggest similar search terms based on previously learned
successful search requests [Gronau, 03].
The connectors can be variable in implementation. The Meta index connector for
example connects to a web service that returns results for more than one source,
which allows for further slicing and narrowing the search domain in large collections,
e.g. SharePoint. As long as the connector returns a single result list with information
about the source added to every result, the SLS prototype can handle this.

4

Personalization of search results

The architecture presented above increases the reach of a query and with that also the
number of results, because searches are now forwarded to multiple information
sources simultaneously. This takes the burden from the user to know and chose the
appropriate search engine. However, relevant results may be buried among others. As
most users only inspect a very limited number of results, ranking is critical [Joachims,
07]. In our approach ranking is addressed in two places. First, each search service
applies its own ranking, which may make use of mechanisms specific to the content
of the source. Second, a general reranking is applied based on properties of the user
(profile) as well as the situation or goal anticipated with the search query (context).
As with similar approach to personalization, the profile information can be used
to rerank or filter a set of results or to enhance the query based on attributes of the
user issuing the search query [Riemer, 07]. Most approaches rely on a classification of
content and defined profiles of interest. These are either defined prior to search
request or are captured by collecting user activity with the search engine [Keenoy,
05]. However, such a profile of interest relies on deeper knowledge of the content and
an overall taxonomy, and therefore has to be performed on the level of the search
services. To address this personalization (and for handling access rights) we forward
information on the users identity to the search services.
On the integrating layer, the selection (preference) of search services can be
associated based on profiles. In analogue to the above, these preferences can be either
predefined or derived from previous user activity. In our approach we anticipate the
later, as it does not require initial set up. We incorporate profiles on the level of a
group, instead of individual profiles. This has the advantage that learned
improvements can be used for all users with the same profile. We make use of an
attribute that is well known within an enterprise: departmental structure. However,
searchers may follow different goals with multiple search requests.
We therefore use a second variable that is created or chosen from a list of
previously created contexts by the user with each search request. Contexts represent a
brief description of the search goals. The list of contexts is maintained per profile and
is shared by a group of users.
During set up, an initial set of contexts can be derived through analyzing and
labeling all information consuming activities of the members of a profile. One
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approach to identify and visualize such knowledge activities is the Knowledge
Modeling and Description Language (KMDL) [Gronau, 05].

5

CBR System and Learning by feedback

Because of the dynamics in organizations the relevant sources and tasks change
overtime, e.g. if a new database is established. The allocation of information sources
to tasks needs to be updated permanently. This can be achieved with case-based
reasoning.
Case-based reasoning is a machine learning concept and means solving problems
by using experiences from similar situations. Roger Schank presented the central role
of reminding earlier situations for human reasoning and learning [Schank, 82].
Experiences are saved in form of cases consisting of a problem description, a solution,
an evaluation of the solution and any additional information the CBR system may use.
The key idea is, that similar problems require similar solutions [Kolodner, 92, Leake,
96, Rissland, 87].
Problem solving with CBR can be divided into four steps illustrated in the CBR
cycle [Aamodt, 94] in [Figure 2]: Retrieve similar cases from the case base. Reuse the
information in these cases to solve the new problem. Revise the proposed solution and
retain the new case including problem description, solution and evaluation in the case
base for future use [Aamodt, 94].
The CBR system can learn from its experiences, which information sources are
relevant for which tasks, by remembering a request for a similar task and the preferred
sources in this situation. The task, i.e. the intention of the request, need to be stated by
the employee. The profile outlines the general tasks of an employee and with it the
general intention of his requests. The context, however, specifies the intention of a
request and improves the profile.
To learn which sources are preferred, the CBR system needs some kind of
feedback about the quality of presented search results. There are different kinds of
feedback discussed in the literature [Kubat, 07, Joachims, 07, Sharma, 05, Kelly, 03].
If the feedback is positive the CBR system will prefer the corresponding source next
time.
Our enterprise search engine expects a normalized ranking value for each search
result. The CBR system allocates a pushing coefficient to each information source. If
the feedback is positive the pushing coefficient of the corresponding source is
increased and the results of this source are pushed up in ranking next time, i.e. the
normalized ranking values of all results of this source are pushed with this coefficient.
If the feedback is negative the pushing coefficient is decreased and the results are
pushed down in ranking. [Figure 2] shows the learning cycle of the CBR system.
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Figure 2: Process of self-learning search engine.
As described above, the intent of a request is used to choose relevant sources. The
profile of the searcher and a chosen context is used to characterize this intent, i.e. the
problem description of a case consists of a profile and a context. Two cases are equal,
if their profile and context are equal. Later we will improve this by additional
similarity pointers. To search for a case similar to a new case, profile and context are
checked for equality. If no case is found, the new case is added to the case base
according to its profile and context.
The solution of a case is a list with a pushing coefficient per information source.
The purpose of the coefficients is to push up the information sources in ranking that
fits best to the intention of the searcher. Because searchers usually only examine the
results with the highest ranking coefficients, pushing the results directly influences
the quality of search. Pushing all results of an information source is due to the
assumption, that different information sources contain different kinds of information
and the ranking within an information source is already done well by the according
search service. Obviously the approach needs a high number of information sources to
work well. Few sources would lead to few differences between cases.
At the beginning new cases are saved without pushing coefficients. Instead of this
an initial coefficient is used, that does not influence the normalized ranking values.
The entries of the pushing coefficients are established, as soon as the corresponding
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information source is evaluated for the first time. This enables an easy enhancement
to additional information sources.
Remembering previous cases is also fundamental to learning in CBR. The new
case, consisting of a problem description, a proposed solution and an evaluation is
saved in the case base.
In addition, another kind of learning is used to enhance the reasoning process.
Because the profiles are not completely disjoint, it is possible that two combinations
of profile and context describe the same task. It is also possible, that two contexts in
one profile describe the same task, because each employee can generate new contexts.
To ensure that the list of contexts will not become too long and overlapping, the
number of contexts for each profile should be restricted.
The system needs to be trained first in order to build a useful case base. This
training phase is completed, if the CBR system reaches a kind a stable state, i.e. the
number of cases is almost stable and the coefficients change little and slowly. How
long this training phase lasts depends strongly on the current situation. After that the
system checks in each retain phase, whether the revised solution of the current case is
very similar to another solution in the case base. Two solutions are very similar, if the
values of the pushing coefficients are equal for all information sources or differ in
only a few values with only little distance. Appropriate thresholds should be
generated with respect to the overall number of information sources. Cases with very
similar solutions are linked by a similarity pointer and are further treated as equal, i.e.
feedback given for one case is also used for every case linked to it. Those cases are
used as if they would describe the same situation, i.e. the cases are generalized. Two
contexts in one profile, linked by a similarity pointer for a long time, are merged.
The ranking of the results deeply influences, which results are examined
[Joachims, 07]. So there is the danger, that only the results of information sources
with high pushing coefficients are further examined and evaluated. If we use feedback
only to calculate the pushing coefficients, results of sources with bad coefficients are
no longer noticed and no feedback is produced for them. Because of the dynamics in
organizations, the intention of a task or the content of an information source could
change, so it is necessary to reconsider the coefficients, i.e. to relativize not approved
pushing coefficients. Pushing coefficients that have not been approved for a long time
are reset stepwise to the initial pushing coefficient.
Because of the dynamics in enterprises similarity pointers can become faulty. So
they are eliminated, if new feedback contradicts the last feedback of a linked case.
Consider e.g. a combination of profile and context treated similar until a new
information source is added. If contradicting feedback is stated for this new source,
e.g. because the source includes information only relevant for one of the profiles, the
similarity pointer linking these two combinations should be removed.

6

Conclusions

Finding relevant information is an actual challenge in enterprises. A federated search
engine is an obvious approach to handle the amount of potential information sources.
Naturally relevancy depends on the intention of the search engine user. Our approach
allows the system to learn the correlation between the search context and the
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relevance of the information sources. This information leads to a modified ranking of
search results, resulting in higher quality result list.
Further research of a mature case base may provide a complete list of all classes
of information requirements. This enables the identification of unsatisfied information
requirements, e.g. contexts whose information sources were marked irrelevant. This
knowledge can be used to improve information landscape. Further key information
sources are identified through analyzing the case base.
Our approach is self adapting to heterogeneous information landscapes. It
completely relies on self learning algorithms and requires no initial case set up. We
circumvent modeling of the context or information need. Instead we assign labels to it
and the system learns the preferences. Modeling the information need or assigning
information sources would pose a substantial knowledge engineering task, especially
if users operate with multiple applications [Fenstermacher, 02].

7

Outlook

A prototypical implementation of SLS on basis of existing open source meta search
engines is currently in realization. In a pilot installation the prototype is tested in
different stages of development and collects in an extensive log file every single
action of all users. The stages of development are as follows: 1. A regular use as meta
search engine, 2. with forced validation of the opened links, 3. with personalization
and 4. with selected context and reranking by the source CBR component. With this
data we want to prove an increase in efficiency in terms of less clicks to a successful
hit and a superior validation of hits by the users.
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