
Abstract 
In this paper, we will present an outline for an 
online recommender system for art works. The 
system, termed Virtual Museum Guide, will take 
the interest that visitors of an online museum ex-
press into account in recommending suitable art 
works, as well as the relationships that exist be-
tween art works in the collection. To keep the 
Virtual Museum Guide similar to a human mu-
seum guide, we based its design on principles 
from research on human memory. This way, the 
Virtual Museum Guide can ‘remember’ which is 
the most suitable art work to present, based on its 
perception of the visitor’s interests and its 
knowledge of the works of art. 

1 Introduction 
With the advent of online information presentation, cul-
tural heritage institutions are starting to make their collec-
tions available online. Many museums already have web-
sites displaying digital reproductions of part of their col-
lection. Some of these online repositories are annotated, 
making it possible to search for specific art works: For 
example, the website of the Amsterdam Rijksmuseum in 
The Netherlands [Rijksmuseum, 2007] is driven by an 
ontology on art and artists.  

With the online presentation of cultural heritage con-
tent, new issues arise. While one of the advantages of 
digitalization and online presentation is the greater acces-
sibility of cultural heritage [e.g., because of better search 
capabilities, Van Ossenbruggen et al., 2007], one of the 
drawbacks is that there is less control over what is pre-
sented to an individual visitor. Cultural heritage institu-
tions have as one of their aims to educate people on his-
tory and culture, which becomes harder to realize once the 
contents of their collection is accessible from anywhere; 
They can no longer cater the individual interests of mu-
seum visitors while maintaining coherence in the pre-
sented information. Besides the decreased control that 
cultural heritage institutions experience, finding interest-
ing art works in an online museum poses a problem. Just 
like in a real museum, most online museum visitors are 
not aware of their specific interests or of the exact con-
tents of the museum’s collection [Bell, 2002]. Instead, 
they only have a general impression of what they want to 
see and what is available. This makes it difficult to adjust 
the presentation of the art works to the visitors’ personal 
interests.  

Consider the example of a professional, educated mu-
seum guide, touring a party of interested visitors through a 

museum. The guide can (and has to) select information on 
the art works from her extensive knowledge that relates to 
the personal interests of the party, and can choose which 
art work to present next from the collection on display. To 
reproduce a similar personal experience in an online set-
ting, personal interests as well as relationships between art 
works have to be known. A successful recommender sys-
tem for the cultural heritage domain should incorporate 
both issues mentioned above: On the one hand, it should 
take care of the educational role of a cultural heritage in-
stitution, and on the other hand it should provide an en-
joyable and personalized experience. 

1.1 Overview 
In this paper, we will present an online recommender sys-
tem that presents art works from the Amsterdam Rijksmu-
seum collection. In our approach we will try to model the 
way a human museum guide will behave while touring a 
visitor through a museum. The assumption is that if the 
recommender system mimics the behavior of the museum 
guide, we will have a successful recommender system. In 
order to achieve this, we will ground the structure of the 
recommender system in cognitive theories on how human 
declarative memory works [Anderson et al., 2004]. 

To stress the analogy with a museum guide touring a 
group of visitors through a museum, we termed the sys-
tem the Virtual Museum Guide (VMG). The VMG com-
bines the relationships that art works have to each other 
with the personal interests of the visitor to arrive a suit-
able art recommendations. We will first give an overview 
of the most important aspects of the system, and then dis-
cuss each aspect in more detail. 

In the system we will present here, the art works pre-
sented online are accompanied by sets of key words that 
indicate what are the interesting aspects of the art work. 
As these key words are provided by the museum’s art 
experts, expert knowledge on the art works and their inter-
relations are contained therein. We have applied statistical 
inference tools from natural language research [Landauer 
et al., 1998] to infer how the art works relate to each other 
(details will be provided in the implementation section 
below). This way, all art works are related to each other 
with an association value indicating the relevance of one 
art work for another. This structure can be thought of as a 
semantic or spreading activation network [Collins and 
Loftus, 1975; Quillian, 1968]. 

Based on the visitor’s feedback on presented art works, 
the guide generates hypotheses on the visitor’s interest. 
For the system presented here we opted for the use of an 
explicit interest indicator using an Interesting and a Not 
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interesting button. The interest hypotheses are represented 
as declarative facts that are stored in the VMG’s memory. 

Each time a user indicates interest in an art work by 
clicking one of the two interest-buttons, a new art work 
will be selected by computing the most relevant and inter-
esting art work given the current context. First, the visi-
tor’s interest in the already visited art works will be as-
sessed. Using a spreading activation algorithm (described 
in more detail below) a combined measure of interest and 
relevance will be computed. 

2 ACT-R 
The Virtual Museum Guide’s memory is based on a for-
mal theory of human cognition called ACT-R [Anderson 
et al., 2004]. A major part of ACT-R is its model of de-
clarative memory functioning [Anderson and Milson, 
1989; Anderson and Schooler, 1991], and we will apply 
this approach in the context of a recommender system. 

The key insight here is that human memory is optimally 
adapted to deal with information that has been presented 
in the past [Anderson and Milson, 1989; Anderson and 
Schooler, 1991]. Following this line of reasoning, the way 
information is represented in memory may also be optimal 
for storing a model of a person’s interactions with infor-
mation presented in the past. 

Anderson and Schooler [1991] demonstrated that for 
each declarative fact stored in memory, the probability 
that that piece of information will be needed in the imme-
diate future reflects the history of usage of that piece. That 
is, information that has been presented recently is more 
likely to be needed again than items that have been pre-
sented in the more distant past. Also, information that has 
been presented more frequently is more likely to be 
needed again. In ACT-R, the probability that information 
will be needed in the immediate future is represented by a 
quantity called activation. The declarative memory repre-
sentation consists of small pieces of declarative knowl-
edge, called chunks, that together represent a person’s 
long-term memory. Each chunk has an activation value 
and associations with other chunks. 

The two environmental observations (recency and fre-
quency) have crystallized [Anderson et al., 2004] into the 
following activation equation: 

 
 

 (Equation 1) 
 

 

Bi represents the base-level activation of a chunk (indi-
cated by the index i). The equation captures the effect of 
frequency of presentation by summing over multiple pres-
entations, and the effect of recency of presentation by 
dividing by the square root of each presentation time lag 
(represented by tj), that is, the time since the presentation 
of the chunk. This equation has been used in numerous 
studies predicting memory retrieval effects, both for theo-
retical purposes [e.g., Anderson et al., 1998; Van Maanen 
and Van Rijn, in press] and for application-based research 
[e.g., Pirolli, 2005; Van Maanen et al., 2006]. 

Besides the frequency and the recency with which 
memory facts are encountered, also the contexts in which 
they are encountered adds to their activation. This is de-
termined by the likelihood that two facts have co-occurred 
in the past [Anderson and Milson, 1989]. The likelihood 
that one fact needs to be retrieved from memory is pre-
dicted by the recent retrieval from memory of another 
fact, and this prediction is based on how often it has been 
accurate in the past. 

3 Virtual Museum Guide 
Figure 1 presents a flowchart of the Virtual Museum 
Guide. We start out with extraction of a Resource De-
scription Framework (RDF) specification of each art work 
from the online ARIA (Amsterdam Rijksmuseum Inter-
Actief) repository, which can be inspected at 
http://media.cwi.nl/sesame/1. The RDF specification is 
transformed to an associative network structure, called the 
Knowledge Base. The Knowledge Base contains the 
knowledge the VMG has on the art works and their inter-
relations. Besides the knowledge on the art works, the 
VMG forms hypotheses on the interests of the visitors. 
These are extracted from the visitors’ behavior and stored 
in a Visitor Model. Based on both knowledge sources, the 
VMG selects a suitable art work and displays it for the 
visitor, together with a little background information on 
the art work. 

3.1 Knowledge Base 
A human museum guide might present two similar art 
works right after each other, for instance because they are 
painted by the same artist. Therefore, the similarity be-

                                                
1 To inspect the RDF repository, select Topia’s RDF Aria 
for Sesame in the drop-down menu and slect one of the read 
actions. More information on how to query this repository 
can be found on openRDF.org [openRDF, 2007].  
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Figure 1. A flowchart of the Virtual Museum Guide. 



tween two art works might also represent the likelihood of 
two art works co-occurring. The similarity between art 
works will be represented by an associative network struc-
ture [Collins and Loftus, 1975; Quillian, 1968], in which 
the association values indicate similarity: The stronger the 
association between two art works, the more similar they 
are considered to be. The associative values in the asso-
ciative network are based on the frequency statistics of the 
key words that occur in the RDF specifications of the art 
works. The general idea is that two sets of key words that 
greatly overlap might be considered similar to one an-
other. This can be thought of as two feature-vectors that 
lie close together in a highly dimensional space. We ap-
plied Latent Semantic Analysis (LSA) [Deerwester et al., 
1990; Landauer and Dumais, 1997; Landauer et al., 1998] 
on the scaled frequency vectors representing the art 
works. For this we used the standard TF-IDF weighting 
scheme [Salton and McGill, 1983], which scales the fre-
quency of terms in a document by the number of docu-
ments in which the terms occur. In the VMG’s knowledge 
base, this means that the frequency of the key words in all 
RDF specifications is taken into account. 

At this point it is important to note that LSA is more 
than just a correlation of frequency counts [Deerwester et 
al., 1990; Landauer and Dumais, 1997; Landauer et al., 
1998]. Instead, LSA depends on a mathematical analysis 
(singular value decomposition) that is capable of a higher-
order inference. For example, let’s assume that the speci-
fication of Rembrandt’s The Night Watch contains the key 
word claire-obscure, and Gerard van Honthorst’s The 
Merry Fiddler contains the key word caravaggists. LSA is 
capable of inferring that these two art works share a fea-
ture (namely, the technique used) if these key words co-
occur in similar contexts. For example, a specification of 
Dirck van Baburen’s Prometheus Being Chained by Vul-
can might mention the key words caravaggists, light, 
dark, and contrast, and Rembrandt’s Ecce Homo might 
contain the key words light, dark, contrast, and claire-
obscure. In a sense, LSA estimates the likelihood that the 
word claire-obscure would occur in the specification of 
The Merry Fiddler, and the likelihood that caravaggists 
would occur in the specification of The Night Watch. For 
a more detailed, but still non-technical introduction to 
Latent Semantic Analysis, the reader is referred to Lan-
dauer, Foltz, and Laham [1998]. 

After constructing the semantic space using LSA, the 
similarity between two art works is computed by calculat-
ing the cosine between their representing vectors [Salton 
et al., 1975]. The cosine between two feature-vectors rep-
resents their angle. This indicates how much they deviate 
in the semantic space, with small angles representing 
greater similarity than large angles. 

3.2 Visitor Model 
In the current setup of our virtual museum, visitors en-
counter each art work only once. Therefore, we simplified 
Equation 1 to  

 
 

  (Equation 2) 
 

in which ti is the time stamp of the presentation of an art 
work (i). Note that there is no reason why this simplifica-
tion will remain in future versions of the VMG, since both 
Equation 1 and Equation 2 provide an activation value. 

Figure 2 presents an example of the dynamics of two in-
terest hypotheses in the current setup on the VMG. 

For the purpose of designing a virtual museum guide 
we are not really interested in the probability that a piece 
of information will be needed, but rather in the likelihood 
that user interest in an art work extends to interest in simi-
lar art works. Thus, in this case, the base level activation 
represents the activation of the interest hypotheses that the 
VMG has about the visitor’s interest in the already pre-
sented art works. Note that the activation of the interest 
hypotheses decays over time, indicating that the VMG 
forgets interests that have been expressed in the past. Al-
though this seems as if the VMG incorporates a negative 
value of the human museum guide (forgetting), we believe 
that this is actually a positive effect. Museum visitors 
might switch the main topic of their interests, either be-
cause their knowledge on the art works has increased, or 
simply because they want to be presented with something 
different. The VMG can cope with this by forgetting hy-
potheses formed in the past. 

A virtual museum visitor can express her interest in the 
art work that is currently being presented by clicking the 
interest button on the interface. Also, she can express dis-
interest by clicking a disinterest button. A positive interest 
expression will increase the likelihood that similar art is of 
interest for this visitor, whereas a negative interest expres-
sion will decrease the likelihood that similar art works are 
of interest. Therefore, the activation value of an art work 
is determined by positive spreading activation from art 
works in which interest is expressed, and negative spread-
ing activation from art works in which disinterest is ex-
pressed. 

3.3 Art Selection 
The selection of art works depends on a weighted scheme 
of visitor interest. For each art work, the spreading activa-
tion from already visited art is computed. Art that is rated 
as uninteresting spreads negative activation; art that is 
rated as interesting spreads positive activation. Because of 
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Figure 2. An example of the dynamics of the interest hy-
potheses. The visitor has expressed disinterest in art work A 
and interest in art work B. The activation of the hypothesis 
facts decays over time, decreasing the influence the hy-
potheses have on the art selection mechanism. 



the inclusion of the recency component in the activation 
equation discussed above, the influence of recently pre-
sented art work is higher than the influence of art work 
presented longer ago. The spreading activation is scaled 
according to the similarity between art works. Thus, art 
works that are highly similar spread relatively more acti-
vation towards each other. These considerations result in 
the following equation (Equation 3), in which Ai repre-
sents the activation of a certain art work i, Bj represents 
the hypothesis on visitor interest in already presented art 
works (j), and Sji represents the similarity between art 
works i and j. 

 
(Equation 3) 

 
This equation represents how suitable an art work will be 
to present to the current visitor given what the system 
knows from the visitor’s interest, and the relations that 
exist between art works. Since Bj can be either a positive 
value or a negative value (depending on the VMG’s hy-
pothesis on the visitor’s (dis)interests), art works that were 
considered uninteresting decrease the activation of related 
art works, while art works that were considered interesting 
increase the activation of related work. Thus, the resulting 
activation of an art work will be high if a visitor expressed 
interest in related art work, and did not expressed disinter-
est in related art work. Similarly, the activation will be 
low (that is, negative), if a visitor only expressed disinter-
est in related art work. The art work with the highest acti-
vation will be selected next for presentation. 

After an art work has been selected for presentation, a 
web page will be generated that contains a digital repro-
duction of the art work under consideration and some in-
formation on the art work. These snippets of information 
are taken from the Rijksmuseum database, so it is ensured 
that the information is correct and relevant to the art work. 

4 Discussion and Conclusion 
This section will wrap up the paper by contrasting our 
approach to already existing tools for personalized infor-
mation presentation in the museum domain. Also, we will 
indicate the future directions of our work. 

4.1 Related Work 
The key features of the VMG are the combination of the 
spreading activation network structure of the knowledge 
base combined with the decaying level of visitor interest. 
Also, the generation of the knowledge base using Latent 
Semantic Analysis is an important aspect, as well as the 
dynamic generation of web content. 
 Although most of these features have been applied in 
previous information presentation tools for the museum 
domain, the combination we apply is, to our knowledge, 
unique. Also, most other applications focus on the presen-
tation aspects of dynamically generated content, espe-
cially in the context of a real, non-virtual, museum, where 
the mobility of the visitors poses specific challenges for 
the presentation of information [e.g., Hatala and Wakkary, 
2005; Stock et al., 2007; for a review see Raptis et al., 
2005]. A third obvious difference between related work 
and our approach is that while most applications focus on 
the personalized presentation of background information 
with an artefact, personalization in the VMG involves the 
selection of the museum artefacts themselves. In this sec-
tion, we will discuss two systems that seem to be most 

similar to ours in the key features we have identified for 
the VMG. That is, both systems – ec(h)o [Hatala and 
Wakkary, 2005] and PEACH [Stock et al., 2007] – are 
constructed around a conceptual network, in which selec-
tion of concepts is mediated by expressed visitor interests. 

Similar to VMG, PEACH [Stock et al., 2007] also 
adopts an activation based network. Since PEACH’s main 
output modality is video, the nodes in the network repre-
sent video segments, and the edges represent semantic 
relations between these video segments. Interest expressed 
in one video segment propagates as activation through the 
network to all related other segments, and new informa-
tion will be presented based on the activation values of all 
video segments. This seems to be a similar approach as 
the VMG deploys, although the level of semantic related-
ness is less fine-grained, due to the Latent Semantic 
Analysis performed on the edges of the VMG associative 
network.  

PEACH also differs from the VMG in the temporal as-
pects of the relevance feedback. Visitor’s expressed inter-
est in a video segment in PEACH does not extend to an-
other artefact, but only applies to the current art work. 
Therefore, decay of visitor interest values is unneccesary. 
Since the VMG is intended for the dynamic selection of 
art works, visitor interest must extend to other art works. 

Just like the VMG, ec(h)o [Hatala and Wakkary, 2005] 
uses a conceptual ontology as a knowledge base. In 
ec(h)o, the ontology is based on the Conceptual Reference 
Model [Crofts et al., 2003] which is specifically devel-
oped for cultural heritage concepts. Selection of informa-
tion is subsequently established by reasoning over the 
relationships in the ontology. ec(h)o also has a decay 
mechanism to ensure that more recent interests are more 
important than older ones. The mechanism implemented 
in ec(h)o is however not time-based (as is the decay 
mechanism of the VMG), but rather the interest values of 
concepts are normalized such that the highest value stays 
under a certain upper bound. An advantage of that ap-
proach could be that a longer visit to an art work does not 
result in ‘forgetting’ of interests, which is a side-effect of 
the way interest decay is modeled in the VMG. 

The ec(h)o system differs from the VMG and PEACH 
in the way relevance feedback can be expressed. Were 
VMG and PEACH adopt an explicit strategy in which 
interest as well as disinterest can be expressed, ec(h)o 
presents the user with three small audio snippets, from 
which the visitor can choose. The assumption is that the 
visitor chooses the audio fragment that is the most inter-
esting to her. As a result of this design choice, visitors 
cannot express disinterest. Moreover, they have to base 
their decision on a small snippet of the actual information, 
and could well change their minds after they hear all the 
information. In this sense, ec(h)o does not really incorpo-
rate a relevance feedback mechanism. 

4.2 Conclusion and Future Work 
An analysis of the selection of art works provided to the 
author suggests that the VMG is capable of recommend-
ing art works that relate to those recently indicated as in-
teresting. Also, the VMG’s knowledge base correctly re-
lates items that seem similar upon visual inspection of the 
art work and the description. However, since the author is 
no art specialist, we are planning two evaluation studies. 
First, we are planning a study in which art experts can 
assess the relationships between art works that are present 
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in the VMG’s knowledge base. Secondly, a user study to 
measure how visitors of the online museum respond to 
personalized recommendations of art works is currently 
conducted. This user study can be visited at the website of 
our institute: www.ai.rug.nl/cogmod [AI, 2007]. 

In the current setup, we opted to generate interest hy-
pothesis by having visitors press one of two interest-
buttons. However, the way visitor feedback is provided 
can be very diverse, ranging from the simple button press 
to more unobtrusive methods, including the time spent 
observing the art work [e.g., Claypool et al., 2001] or 
even eye gaze analysis [e.g., Van Maanen et al., submit-
ted]. In a future version of the Virtual Museum Guide, we 
plan to incorporate less obtrusive methods to infer visitor 
interest. This will also include a more gradient sense of 
the likelihood that a visitor is interested. We will imple-
ment this by adding a parameter to Equation 2 that can 
control the impact of each presentation of information.  

Using principles from cognitive science, we were able 
to implement a working system that recommends art 
works, based on both visitor interests and expert knowl-
edge on the relations between the art works. In the context 
of a museum, both aspects are important. Because of the 
educational role of museums, recommending art work is 
more than mapping visitor interest on the museum’s col-
lection. The museum needs to ensure that the resulting 
sequence of art works is coherent and transfers (part of) 
the museum’s message. It seems that the Virtual Museum 
Guide ensures both aspects in art work recommendation. 
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