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Abstract 
This paper reports on MIMOR1 which was modelled as an open meta infor-
mation retrieval system at the handling of diverse information retrieval ob-
jects. It is used to gain further insights concerning the behaviour of informa-
tion retrieval systems as well as for teaching in the field of Information Sci-
ence. The main issue of MIMOR is the exploitation of users’ relevance feed-
back in order to optimise the fusion of several retrieval engines or resources. 
As yet, MIMOR has been applied to a domain specific collection, to a multi-
lingual corpus, and to music data. Experiments within the CLEF evaluation 
framework and additional ones are discussed here.  
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1 Introduction 

In Information Science, information retrieval (IR) is seen as the storage and 
representation of knowledge and the retrieval of information relevant for a 
special user problem. The information seeker formulates a query which is 
compared to document representations extracted during the indexing phase. 
The main issue is to create added value during the transfer process from 
knowledge to information. According to the basic principle of Information 
Science which focuses on the user and his environment, the query formulation 
process is influenced by the users’ state of knowledge, their context as well as 
the quality of the chosen interaction mode. The representations of documents 
and queries are typically matched by a similarity function such as the Cosine 
or the Dice coefficient. The most similar documents are presented to the users 
who then evaluate the relevance with respect to their information need.  
 
Information Retrieval techniques which go beyond the Boolean model must 
be able to deal with vagueness and uncertainty (Baeza-Yates & Ribeiro-Neto 
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1999). Usually, documents and queries contain natural language or multime-
dia objects such as graphics, pictures, photos, video sequences or pieces of 
music. It is a challenging task for the new generation of IR systems to analyse 
the content of these heterogeneous objects and to make access simple for us-
ers. At present, it is not obvious which kind of representation or query mode 
works best with various kinds of objects. As an example for this heterogeneity 
MIMOR has been applied to music information retrieval (Mandl & Womser-
Hacker 2003) where content-based and symbol-based approaches have been 
developed to describe musical objects (Fingerhut 2002). 
 
Due to large-scale evaluation studies like TREC2 (Voorhees & Harman 2001) 
and CLEF3 (Peters et al. 2003) many important insights have been gained dur-
ing the last decade. Furthermore, these initiatives have led to a higher level of 
comparability in information retrieval. Critical limitations of traditional IR 
systems have been worked out. 
 
This paper starts by describing the MIMOR model pointing out its basic char-
acteristics and possible expansions. In section 3 we describe the underlying 
architecture and certain techniques aiming at a progress in efficiency. In sec-
tion 4, we report on some evaluation results gained by MIMOR until now. 
The final section will comment our work in progress. 

2 The MIMOR Model 

MIMOR is modelled as an open information retrieval system which is able to 
combine individual approaches of information retrieval within one meta sys-
tem and which could be expanded at different points over time (cf. Womser-
Hacker 1997). In our view, MIMOR can serve as an instrument for research 
and teaching likewise. On the one hand it acts as a research tool for the explo-
ration of the performances of particular retrieval devices and on the other 
hand students can advance their understanding of retrieval systems and their 
practical programming skills by working on improvements and additions in 
the scope of object-oriented programming courses. This combination seems to 
be very fruitful for both parties.  
 
MIMOR profits from users’ relevance assessments in order to learn which 
combinations of object representations and information retrieval functionality 
lead to good performance of the overall system. An internal evaluation proce-
dure, which is realized via a blackboard model, permanently registers which 
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resource produces good results and which one does not. Well-performing 
techniques gain high weights, poorly-performing ones are excluded over time. 

2.1 Basic Assumptions 

The MIMOR model takes advantage of the main outcomes of TREC. One of 
the most important results of this study is that many IR systems perform simi-
larly well in terms of recall and precision but do not lead to the same sets of 
documents. This means that the systems find the same percentage of relevant 
documents, but the overlap between their results often is low. Because of 
these findings, fusion has been pointed out as a promising strategy. This is 
confirmed by many application experiments of fusion techniques in IR (Fox 
& Shaw 1994; Vogt & Cottrell 1998; McCabe et al. 1999, Savoy 2002). It 
turned out that fusion of various IR techniques can improve the overall qual-
ity of a system. Fusion methods delegate a task to several systems and inte-
grate their results into one final result set presented to the user. In information 
retrieval, fusion is mostly implemented as a combination of several algo-
rithms where different probabilities for the relevance of a document query re-
lation are integrated into one final similarity measure. Another kind of fusion 
is applied by internet meta search engines. These machines have been devel-
oped in order to expand the range of single search engines by combining the 
results. However, it is not clear whether they really lead to better perform-
ance. Some empirical studies have shown no improvement (Wolff 2000). In 
cross-lingual approaches the different languages are brought together by 
combining multilingual query terms. 
 
A further promising strategy in information retrieval is relevance feedback. It 
turned out that by taking user assessment into account the systems reached a 
better quality (cf. Harman 1992, Voorhees 1998). 

2.2 Formalization and Technical Background 

From a computational point of view, MIMOR is designed as a linear combi-
nation of the results of different retrieval systems. The contribution of each 
system or algorithm to the fusion result is governed by a weight for that sys-
tem.  
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A central aspect in MIMOR is learning. The weight of the linear combination 
of each IR system is adapted according to the success of the system measured 
by the relevance feedback of the users. A system which assigned a high re-
trieval status value (RSV) and consequently a high rank to a document which 
then received positive relevance feedback should be able to contribute to the 
final result with a higher weight. The following formula enables such a learn-
ing process, which is also illustrated in figure 1:  
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However, the optimal combination may depend on the context and especially 
on the users’ individual perspectives as well as the characteristics of the 
documents. Therefore, MIMOR needs to consider context.  
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Fig. 1: Learning the optimal linear combination over time 

2.2.1 Modeling Context via Clusters 
The performance of IR systems differ from domain to domain. TREC found 
out that particular characteristics of the documents relevant for the indexing 
procedure may be responsible for this effect. In one experiment, for example, 
optimal similarity functions especially for short queries could be developed 
(Kwok & Chan 1998). MIMOR is based upon the idea that formal properties 
of queries and documents can be exploited in order to improve the overall fu-
sion system. Within fusion, the weight of a system should be high for the type 
of documents it was optimised for only. Some characteristics of text docu-
ments seem to be good candidates for such distinctions. Length, difficulty, 
syntactic complexity and even layout can be assessed automatically. In MI-
MOR, these properties are modelled as clusters whereas all documents having 
a property in common belong to the same cluster. For each cluster an individ-
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ual MIMOR model is developed with own weights for all participating sys-
tems. The clustering process is not restricted to algorithms based on unsuper-
vised learning. Pre-defined classes and even human assignment are compati-
ble with MIMOR. 
 
A theoretical justification for a cluster model can be found in the evaluation 
strategies for clustering algorithms like minimal description length or cate-
gory utility (Witten & Frank 2000). Category utility estimates the value of a 
cluster by checking how well it can be used to predict attribute values of ob-
jects. Clusters are good if the probability of an object having a certain value is 
higher for objects in a specific cluster that for all objects. If good clusters are 
found and one attribute is an appropriate retrieval system, then the probability 
is high that a good retrieval system for that specific object is used.  
 
The final result considers only the weight of the cluster the document belongs 
to. The learning formula has to be modified accordingly. The change in the 
weight is now applied only to the cluster containing the document. 
 
Clustering documents is a challenging task. In many cases, the exact assign-
ment of a document to only one class is difficult. Therefore, this condition 
needs to be relaxed. With respect to this approach, fuzzy clustering has been 
integrated into MIMOR (Mandl & Womser-Hacker 2001). 

2.2.2 User Model  
Further refinement of MIMOR can be achieved by integrating a user model. 
Unlike other user models in information retrieval, MIMOR effects an adapta-
tion in the core of an IR system and applies it to the calculation of the RSV.  
 
Similar to the properties of the documents, an additional MIMOR model for 
each person could be introduced. This would lead to optimal user models. 
However, the training of a MIMOR model requires a substantial amount of 
relevance feedback decisions. Therefore, the user is forced to submit many 
decisions before he can use the system effectively. Another disadvantage is 
common to all inductive and incremental learning algorithms. The occurrence 
of some unusual cases in the initial learning phase may lead to an unstable 
learning curve. This may result in a degradation of the retrieval behaviour. 
  
Both problems are solved by introducing separate private and public models. 
The private model contains a user specific MIMOR model optimised by all 
the relevance feedback decisions of that user. The public model is trained 
with all decisions of all users of the system. The public MIMOR system is op-
timised but not individualized. Therefore, it can be used for any user begin-
ning to work with MIMOR because an individual model is not available. Over 
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time, such a beginner will collect a significant number of relevance judge-
ments and will eventually reach a fully individualized and saturated model. 
During this process, the public model will lose its influence while the impor-
tance of the private model grows. 
 
The user model in MIMOR differs from many individualization approaches in 
information retrieval. Often, the individual preferences are stored as a content 
model. Many systems use interest vectors. MIMOR applies individualization 
to the algorithmic layer of the system.  

3 System Architecture 

MIMOR relies on the combination of multiple retrieval components. This fact 
has led to the demand for a device facilitating the fusion of e.g. different types 
of databases (relational, object-oriented, XML etc.) or HTTP search engines 
or technologies like web services. A special REtrieval COmponent INtegrator 
(RECOIN) takes on the role of a translator between heterogeneous software 
components within MIMOR and aims at creating a modular and therefore eas-
ily scalable application by at the same time reducing programming effort4. 
RECOIN delivers a plug-in mechanism for dealing with different data mod-
els, database technologies, protocols, and query languages and works as an 
integrating component in the middle tier of a multitier application. 
 
According to the principle of an EIS (Enterprise Information Systems) or 
backend tier where usually a variety of database management systems 
(DBMS) and legacy applications can be found, RECOIN is located in the 
middle tier connecting not only the client and the backend tier, but also pro-
viding ways to integrate components working in the same or other middle 
tiers. Figure 2 illustrates a three-tier model. The tiers themselves can be lo-
cated on different computers collaborating in a distributed effort. RECOIN 
was primarily designed with the question in mind how it could be used in in-
formation retrieval and of what avail it would be especially for the MIMOR 
model (cf. Kassem 2000). 

                                           
4 The development of RECOIN is described in detail in Scheufen 2002, a master thesis at 
the University of Hildesheim. 

 90



An Information Retrieval Prototype for Research and Teaching 

 
Fig. 2: Three-tier model and inner structure of RECOIN (cf. Kassem 2000:7, Scheufen 
2002) 

3.1 RECOIN in the Retrieval Process 

In order to identify components that are candidates for working with RE-
COIN, the retrieval process was divided into different stages. These could be 
associated with groups of components connected to RECOIN: 

• Connector objects handle the client communication. Receiving infor-
mation needs and creating query objects represent the first stage of the 
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retrieval process while formatting results and returning them to the cli-
ents can be seen as the last stage of the process. 

• Adapter objects represent interfaces to IR systems. They accept query 
objects to be processed by the retrieval systems (matching) and generate 
result lists (rankings). 

• Prior to matching queries to information objects inside the IR systems 
autonomous components can provide basic operations like stop word 
removal, stemming, relevance feedback, etc.  

• Similarly, the generated rankings can be processed in a post-matching 
stage. Examples for operations conducted at this stage include re-
ranking, highlighting, fusion of result lists, etc. 

 
This modular approach permits to create a chain of components implementing 
basic retrieval services. The components and objects used in the retrieval 
process need to be described by meta characteristics that can be correlated in 
the learning component of the model. Generally a collection of meta data of 
the individual components in RECOIN is considered useful in several ways: 

• Metadata can hold information the components need to function prop-
erly. This could be, e.g. security and authentication data like passwords 
and user names or simply the name of a database driver. 

• Vital data for RECOIN can also be stored as an attribute. An example is 
the name of the Java™ class that represents a customized component. 
Through the class name the component can be loaded at runtime, which 
forms part of the plug-in mechanism. 

• Apart from the afore mentioned possibilities a component can be marked 
with metadata concerning aspects of information retrieval. Databases, 
e.g., could be characterized by their content (e.g. text only, facts, images, 
or mixed), the retrieval model, or the ranking algorithm. 

 
RECOIN has been implemented with special regard to MIMOR. However, it 
can be applied to other retrieval systems as well as the following description 
will show. The different components involved in the retrieval process are rep-
resented in RECOIN as pluggable modules. Since the Java™ class through 
which the components’ functions are accessed has to be tailored to the indi-
vidual component, the module object in RECOIN serves merely as a wrapper 
for the plug-in functions and as an interface to pass data to the specialized 
class inside the module object. Any data that is passed through RECOIN is 
encapsulated in containers serving as a common medium of transportation. 
Thus, RECOIN is not concerned with the format and structure of the data, but 
guarantees that heterogeneous components are able to send data to one an-
other. How the data is interpreted and processed is up to the components (for 
details see Scheufen 2002). 
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RECOIN provides the basic infrastructure together with a number of abstract 
classes that re-present objects related to the information retrieval process. 
These can be extended and customized to fulfil individual requirements. The 
most important of these classes are Query, Result and ModuleComponent. 
The latter one represents any component to be integrated into the retrieval 
process. This may be a database, a thesaurus, or any other component.  

3.2 RECOIN and MIMOR 

RECOIN can be easily incorporated into the MIMOR model. It was already 
mentioned that the metadata repository can provide the necessary information 
about all objects that are part of the retrieval process. 
 
It is therefore possible, on the one hand, to integrate MIMOR as a query-pre-
processing module that examines the information request, i.e. the query, and 
selects the components (IR systems, linguistic operations, etc.) to be used in 
the retrieval process according to its experience accumulated in the learning 
component. This scenario serves as an example for a dynamically created Re-
trievalChain object that is generated by the MIMOR module at runtime. Addi-
tionally, MIMOR can work together with a relevance feedback component in 
order to make use of the feedback from a preceding retrieval cycle so as to 
draw conclusions about the performance of the individual components in that 
cycle. 
 
On the other hand, a MIMOR module can be used as a result-post-processing 
module that is responsible for the fusion of individual result lists. This step 
also involves the object relations which are stored as weights in the learning 
component of the MIMOR model. The module can deduce from these 
weights whether the results of a special component, i.e. IR system, should be 
ranked higher, because the system has proven to return high quality results in 
the training phase of the model. 
 
RECOIN is currently still in a testing phase and further evaluation in real life 
scenarios is necessary. The software has been made publicly available5 under 
the GPL (General Public License) on the Sourceforge6 platform.  
 

                                           
5 The Retrieval Component Integrator Project (Recoin) Homepage (2004).  
http://recoin.sourceforge.net [Access September 2004]. 
6 Open Source Development Network, Inc (2004). Sourceforge Homepage. 
http://www.sourceforge.net [Access September 2004]. 
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4 Evaluation 

Information retrieval is a highly experimental discipline in which systems are 
evaluated with the goal of system optimisation and scientific progress. Fol-
lowing this tradition, MIMOR was evaluated at different development stages. 
We participated in the CLEF 2002 and 2003 campaigns (Kluck & Gey 2000, 
Peters et al. 2003) with different tasks. Only the CLEF 2003 experiments are 
presented in this paper. The results of MIMOR’s participation in the domain-
specific track are reported in Hackl et al. 2003. 

4.1 Cross-Language Information Retrieval 

In CLEF 2003, a fully automatic MIMOR system was applied to cross-
language Information retrieval with the four languages English, French, Ger-
man and Spanish using English as source language because most of the web 
based translation services offer translations to and/or from English. The em-
ployed tools included Lucene 1.317, MySQL 4.0.1228 and JAVA TM-based 
snowball39 analyzers. 
 
In a first step after formal pre-processing, customized snowball stemmers 
were used to stem the data and to eliminate stop words. Then the collection 
was indexed by Lucene and MySQL and the topics were translated into 
French, German and Spanish via machine translation tools (FreeTranslation, 
Reverso and Linguatec510). During an analysis of the various translation tools 
it became apparent that the quality of the machine translations was not satis-
fying, but that, at the same time, the individual translation systems did not 
show the same weaknesses nor make the same mistakes (cf. Plödt 2003). Due 
to this fact, fusion of various systems was applied as well in the context of 
multilinguality. According to the respective language the topics were also 
stemmed and then merged together to form an entire query. The experiments 
on the training data strongly favoured Lucene as retrieval engine in com-
parison to MySQL which was reflected in the defaults of weight setting. 
 
                                           
7 The Apache Jakarta Project (2004). Jakarta Lucene Homepage. http://jakarta. 
apache.org/lucene/docs/index.html [Access September 2004]. 
8 MySQL AB (2004). MySQL Homepage. http://www.mysql.com/ [Access September 
2004]. 
9 The Apache Jakarta Project (2002). Snowball Stemmers for Lucene Homepage. 
http://jakarta.apache.org/lucene/docs/lucene-sandbox/snowball/ [Access September 2004]. 
10 SDL International (2004). FreeTranslation Homepage.  http://www.freetranslation. com/ 
[Access September 2004], Reverso: http://www.reverso.net/, Linguatec GmbH (2004). E-
Translation Server. http://www.linguatec.net/online/ ptwebtext/index.shtml [Access Sep-
tember 2004]. 
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In order to further improve retrieval quality, blind relevance feedback (BRF) 
was implemented. Expansion terms were selected by applying the Robertson 
selection value or the Kullback-Leibler (KL) divergence measure (Carpineto 
et al. 2001). Thus, the submitted runs used BRF KL from the top five docu-
ments adding 20 terms. 
 
In our test runs we were able to show that fusion helped to improve at least 
the recall, although the official CLEF results for 2003 did not confirm this 
finding. The Lucene-based runs generally outperformed the fusion runs, ex-
cept for a marginally better recall in the merged monolingual run: 
Run Documents retrieved Average precision 
UHImlt4R1 3944 / 6145 0.285 
UHImlt4R2 4137 0.306 
   
UHImnenR1 951 / 1006 0.363 
UHImnenR2 945 0.380 
Table 1: CLEF Results 2003 
 
In order to gain more insights a number of additional experiments was con-
ducted beyond CLEF 2003. On the one hand the isolated IR systems were ex-
amined and it could be proved that by applying more intensive optimisation 
techniques the solo performance of each individual system could be improved 
(Hackl et al. 2004). On the other hand it turned out that BRF worked gener-
ally well but using the original (perfect) translations of the CLEF queries in-
stead of the automatically translated ones for all four languages. BRF as well 
as the fusion runs had a negative influence on the overall performance. More 
detailed experiments are needed to ensure these findings. 

4.2 Further Experiments on IBM’s DB2 Text Extender 

In a further empirical step, MIMOR was tested with a commercially available 
retrieval software, in this case IBM’s DB2 text extender. Details of this 
evaluation are described in Li 2002, a master thesis at the University of 
Hildesheim. One part of the German CLEF corpus (“Der Spiegel”) and all 30 
CLEF topics from the 2000 campaign were used for these experiments. Text 
Extender allows many parameter settings mainly based on different linguistic 
processing modules. Some of these settings were used to establish different 
systems for the fusion experiment including Boolean retrieval models as well 
as probabilistic ones. Linguistic pre-processing like stemming and statistical 
n-gram-methods are comprised. 
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It turned out that MIMOR’s fusion strategy is indeed a fruitful strategy which 
can increase the quality of retrieval results. The results showed that fusion 
works well for the Boolean and for the probabilistic model. However, the 
quality of the Boolean runs is lower overall.  
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4.3 Interpretation of the Results 

The results gained from CLEF within cross-language IR and further experi-
ments generally provide evidence for the positive impact of fusion at certain 
points of the IR process. On the other hand, different combinations of IR sys-
tems, models, languages, techniques etc. lead to different results. This fact en-
courages the combination of fusion approaches with machine learning. Ac-
cording to the results, fused systems or resources should not be added to-
gether without reflection but a controlling mechanism should be applied 
which registers which component good results are due to and vice-versa. 

5 Outlook 

This paper gives a summary of MIMOR showing its evolution from the 
model to the system over time. The open design of MIMOR turned out to be a 
well reflected decision and led to interesting findings with respect to IR at a 
practical level. The evaluations in which MIMOR participated showed that 
context plays a very important role and accepted theoretical statements had to 
be revised by empirical facts. The learning facility of MIMOR which is a very 
important feature could not be tested yet with CLEF’s evaluation environ-
ment. Only a long-term study could give insights to the performance of this 
device. 
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