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TodayToday’’s Information Societys Information Society

People across the world…

Chat

Exchange e-mail, sms, pictures

Buy products and services online

Use search engines to find information useful in 
their work and day-to-day life

Exploit the Web for obtaining information instead of 
conventional sources like books, magazines and 
libraries
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TodayToday’’s Information Societys Information Society

People across the world…

Chat

Exchange e-mail, sms, pictures

Buy products and services online

Use search engines to find information useful in 
their work and day-to-day life

Exploit the Web for obtaining information instead of 
conventional sources like books, magazines and 
libraries
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TodayToday’’s Information Society s Information Society 
Se si vuole trovare una metafora del rapporto fra l’uomo e i mezzi di 
comunicazione, Umberto Eco suggerisce quella dell’automobilista: la 
tecnologia ha messo a disposizione vetture sempre più sofisticate, potenti e 
veloci; che vengano usate per portare una persona all’ospedale o per fare le 
gare di velocità sulle strade, dipende da chi è seduto al posto di guida. Lo 
stesso si può dire di quella che ormai è diventata una delle relazioni 
fondamentali della nostra vita quotidiana, cioè il nostro modo di interagire 
con i mass media, dalla televisione al telefonino, da Internet alla radio, dai 
libri ai cd e dvd (ebbene sì, anch’essi sono media), alla posta elettronica: 
dipende dalla cultura e dalla volontà di ciascuno di noi, educato soprattutto 
dalla scuola e dalla famiglia, mettere a punto una “dieta mediatica” –
suggerisce Gianfranco Bettetini – che non provochi né obesità né anoressia.

da: “Mettete a dieta i mass-media”
INTERVISTA A DUE VOCI CON UMBERTO ECO E GIANFRANCO 
BETTETINI

di Paolo Perazzolo, Famiglia Cristiana n.20 del 20-05-2007 
(http://www.sanpaolo.org/fc/0720fc/0720fc54.htm)
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TodayToday’’s Information Societys Information Society

Problems…

Explosion of irrelevant, unclear, inaccurate 
information 
Users overloaded with a large amount of 
information impossible to absorb

…and consequences

Searching is time consuming
Need for intelligent solutions able to 
support users in finding documents 
according to their interests
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How Much Information?How Much Information?

Print, film, magnetic and optical storage media produced between
3.4 and 5.4 exabytes of unique information in 2002

92% stored on magnetic media, mostly hard disks
500-800 MB per person each year

Information flows through electronic channels - telephone, radio, 
TV, and the Internet – contained almost 18 exabytes of new 
information in 2002, three and a half times more than is recorded 
in storage media

TOTALTOTAL

Internet Internet 

TelephoneTelephone

TelevisionTelevision

Radio Radio 

MediumMedium

17,905,340 17,905,340 

532,897 532,897 

17,300,00017,300,000

68,955 68,955 

3,488 3,488 

TerabytesTerabytes

TOTALTOTAL

InstInst. . MessagingMessaging

EE--mail mail 

HiddenHidden WebWeb

SurfaceSurface WebWeb

MediumMedium

532,897 532,897 

274274

440,606440,606

91,85091,850

167167

TerabytesTerabytes

Source: Lyman, Peter and Hal R. Varian, “How Much Information”, 2003. School of Information
Management and Systems, University of California at Berkeley. Retrieved from
http://www.sims.berkeley.edu/how-much-info-2003. Last access: May 23rd, 2007  
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HowHow big big isis anan ExabyteExabyte??
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MyMy……Web: Web: iiGoogleGoogle 1/21/2
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MyMy……Web: Web: iiGoogleGoogle 2/22/2
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MyMy…… Web: Web: GoogleGoogle NewsNews
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MyMy……Web: Personalized StoresWeb: Personalized Stores 1/21/2
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MyMy……Web: Personalized StoresWeb: Personalized Stores 2/22/2
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Information Access StrategiesInformation Access Strategies

BroadBroad

DynamicDynamic--SpecificSpecific

StableStable--SpecificSpecific

StableStable--SpecificSpecific

DynamicDynamic--SpecificSpecific

Information NeedInformation Need

ExplorationExploration

Database AccessDatabase Access

TextText MiningMining

InformationInformation FilteringFiltering

InformationInformation RetrievalRetrieval

ProcessProcess

VariedVaried

StableStable--StructuredStructured

StableStable

DynamicDynamic--UnstructuredUnstructured

StableStable--UnstructuredUnstructured

Information Information 
SourcesSources

Information Retrieval [Information Retrieval [BaezaBaeza--Yates and Yates and RibeiroRibeiro--NetoNeto 1999]1999]

“Information Retrieval (IR) deals with the representation, storage, 
organization of, and access to information items”

“…the user must first translate this information need into a query 
which can be processed by a search engine (or IR system)”.

“Given the user query, the key goal of an IR system is to retrieve 
information which might be useful or relevant to the user. The 
emphasis is on the retrieval of information as opposed to the 
retrieval of data”.
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Information Access StrategiesInformation Access Strategies

BroadBroad

DynamicDynamic--SpecificSpecific

StableStable--SpecificSpecific

StableStable--SpecificSpecific

DynamicDynamic--SpecificSpecific

Information NeedInformation Need

ExplorationExploration

Database AccessDatabase Access

TextText MiningMining

InformationInformation FilteringFiltering

InformationInformation RetrievalRetrieval

ProcessProcess

VariedVaried

StableStable--StructuredStructured

StableStable

DynamicDynamic--UnstructuredUnstructured

StableStable--UnstructuredUnstructured

Information Information 
SourcesSources

Information Filtering [Information Filtering [HananiHanani et al. 2001]et al. 2001]

“The aim of Information Filtering is to expose users to only the 
information that is relevant to them. Some examples of filtering
applications are: filters for search results on the internet,… e-mail 
filters based on personal profiles, … filters for e-commerce applications 
that address products and promotions to potential customers only…”

“There are many systems of widely varying philosophies, but all share 
the goal of automatically directing the most valuable information to 
users in accordance with their user model…”
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ComparingComparing IR and IFIR and IF

Common MechanismsCommon Mechanisms

Representation: Both the user’s information need – query or 
profile – and the document set must be represented for 
comparison 

Comparison: String matching? Concept matching? User-User 
Correlation? Item-Item correlation?

Feedback: To improve the performance of the IR/IF system, a 
feedback mechanism is usually incorporated. 
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Comparing IR and IFComparing IR and IF
Where IR is concerned with the collection and organization of 
texts, IF is concerned with the distribution of texts to groups or 
individuals. 

Where IR is typically concerned with the selection of texts from a 
relatively static database, IF is mainly concerned with the 
selection or elimination of texts from a dynamic datastream. 

Where IR is concerned with responding to the user's interaction 
with texts within a single information-seeking episode, IF is 
concerned with long-term changes over a series of information-
seeking episodes. 

[Belkin and Croft 1992]
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ComparingComparing IR and IFIR and IF

profilesprofilesqueriesqueriesRepresentationRepresentation of of 
InformationInformation NeedsNeeds

((relativelyrelatively) ) staticstatic

NotNot knownknown toto the systemthe system

ad hoc ad hoc useuse

one time one time useruser

selectionselection of of relevantrelevant
itemsitems forfor queryquery

Information Information 
RetrievalRetrieval

DatabaseDatabase

TypeType of of UsersUsers

FrequencyFrequency of of useuse

Goal Goal 

ParametersParameters

veryvery largelarge

dynamicdynamic

““ProfiledProfiled””

repetitiverepetitive useuse

long long termterm usersusers

filteringfiltering out out irrelevantirrelevant
itemsitems or or collectingcollecting itemsitems

Information Information 
FilteringFiltering

Table adapted from [Hanani et al. 2001]



8

22/89

Some Problems in IF systemsSome Problems in IF systems……
IF systems perform the filtering task on the basis of user 
profiles

Structured model of the user interests

User profiles compared against item descriptions to provide 
recommendations

Problems: keywords not appropriate for representing content, 
due to polysemy, synonymy, multi-word concepts (homography, 
homophony) – “Sator arepo eccetera” (Eco, 2007)
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Some Problems in IF systemsSome Problems in IF systems…… (cont(cont’’d)d)
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AI is a branch of 
computer science

doc1

the 2007 
International Joint 
Conference on 
Artificial 
Intelligence will be 
held in India

doc2

apple launches a 
new product…

doc3

artificial 0.02

intelligence 0.01

apple 0.13

AI 0.15

…

USER PROFILE

MULTI-WORD CONCEPTS

KeywordKeyword--based profilesbased profiles
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AI is a branch of 
computer science

doc1

the 2007 
International Joint 
Conference on 
Artificial 
Intelligence will be 
held in India

doc2

apple launches a 
new product…

doc3

artificial 0.02

intelligence 0.01

apple 0.13

AI 0.15

…

USER PROFILE
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KeywordKeyword--based profilesbased profiles
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Some Problems in IR systemsSome Problems in IR systems…… PolysemyPolysemy
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Some Problems in IR systemsSome Problems in IR systems…… SynonymySynonymy

Missed!
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Research DirectionsResearch Directions……

Intelligent Information Access =

1. Personalized Access by user profiles +
2. Semantic Access by concept identification in 

documents
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MachineMachine

LearningLearning

UserUser

ModelingModeling

ResearchResearch AreasAreas

InformationInformation

FilteringFiltering

InformationInformation

RetrievalRetrieval

NaturalNatural

LangLang. . ProcProc..
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u
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o
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r 
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te
ra

ct
io

n

Infusing knowledge/semantics into 
(traditional) software and services

“technology should adapt to people 
rather than vice versa”
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IF IF systemssystems architecturearchitecture
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A A classificationclassification of IF of IF systemssystems

[Hanani et al. 2001]

+                 = HYBRID METHODS
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A A classificationclassification of IF of IF systemssystems

[Hanani et al. 2001]
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Collaborative / Social FilteringCollaborative / Social Filtering
Makes use of a database of user preferences in order to: 

find users with similar interests

predict whether an unseen information item is likely to be of 
interest for a user based on how other users rated that item

Widely adopted in recommender systems [Resnick and Varian 
1997, Linden et al. 2003]

Different implementations

user-to-user

item-to-item Recommender Systems have the 
effect of guiding the user in a 

personalized way to interesting or 
useful objects in a large space of 
possible options [Burke, 2002]
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Collaborative / Social FilteringCollaborative / Social Filtering
Makes use of a database of user preferences in order to: 

find users with similar interests

predict whether an unseen information item is likely to be of 
interest for a user based on how other users rated that item

Widely adopted in recommender systems [Resnick and Varian 
1997, Linden et al. 2003]

Different implementations

user-to-user

item-to-item Recommender Systems provide
personalized suggestions about items
that the user might find interesting, 
by matching items to user profiles or 

groups [Kangas, 2001]
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Collaborative / Social FilteringCollaborative / Social Filtering
Makes use of a database of user preferences in order to: 

find users with similar interests

predict whether an unseen information item is likely to be of 
interest for a user based on how other users rated that item

Widely adopted in recommender systems [Resnick and Varian 
1997, Linden et al. 2003]

Different implementations

user-to-user

item-to-item
Recommendation process

Given a large set of items and a 
description of the user’s needs, the 
goal is to present a small set of the 
items that are suited to the user 
needs
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UserUser--toto--User CFUser CF

Each user represented as an N-dimensional vector of 
items

active user

Recommendations based on a few users – neighbors –
most similar to the active user
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UserUser--toto--User CFUser CF

active user

Different strategies for computing similarity between users
Cosine similarity and Pearson’s correlation coefficient widely used 
[Herlocker et al. 1999]

Recommendations selected from the neighbors using various methods: 
Items ranked according to how many users liked them

Joe is recommended to see “I robot” and to avoid “Star Trek” based on the 
suggestions by his neighbors Mary and Mark
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ItemItem--toto--ItemItem CFCF
Adopted by Amazon.com [Linden et al. 2003]

Amazon.com has more that 30 million customers and several
million catalog items
scales to massive datasets and produces high-quality real-time
recommendations

Similar-items table containing similar items that customers tend
to purchase together
The algorithm:

finds items similar to each of the active user’s purchases and 
ratings
aggregates those items and recommends the most popular or 
correlated items
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ItemItem--toto--ItemItem CFCF

XXU3

A

XXXU4

XXXU2

XXXU1

I9I8I7I6I5I4I3I2I1

X X

Customers who bought I4 also bought: I1 , I6 
(most popular similar items)

Shopping cart Most similar item to I2Set of recommendation for A: I4, I1, I6
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AmazonAmazon RecommendationRecommendation System@work      System@work      1/31/3
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AmazonAmazon RecommendationRecommendation System@work      System@work      2/32/3
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AmazonAmazon RecommendationRecommendation System@work       System@work       3/33/3

Recomm. based on content similarity
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AmazonAmazon RecommendationRecommendation System@work       System@work       3/33/3
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TrapsTraps and and PitfallsPitfalls

Possible solution: 

Entity/Identity recognition [Dichev et al. 2007, Bouquet et al. 2007] 

Identity on the Web: WWW 2007 Workshop I3: Identity, Identifiers, Identifications --
Entity-Centric Approaches to Information and Knowledge Management on the Web, 
online http://ceur-ws.org/Vol-249. 



16

46/89

ContentContent--basedbased FilteringFiltering

Each user is assumed to operate independently

Items are represented by some features

Movies: actors, directors, plot, …

Music: players, titles, …

Filtering based on the comparison btw the content of the items
and the user preferences as defined in the user profile

How to put “intelligence” into CB filtering?

novel strategies to represent items (mostly based on models
and NLP operations inherited from IR)

novel strategies to build and represent profiles (mostly based
on AI and Machine Learning)
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Word Sense Disambiguation (WSD)            Word Sense Disambiguation (WSD)            (1/2)(1/2)

The different meanings of polysemous words are 
known as senses

Only one sense of a polysemous word is used in a 
specific linguistic context. The context determines the 
correct sense

The process of deciding which sense is used in a 
specific context is called WSD [Miller, 90]

Approaches to WSD

Knowledge-based: uses Machine Readable 
Dictionaries
Corpus-based: uses sense-tagged corpus
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Word Sense Disambiguation (WSD)               Word Sense Disambiguation (WSD)               (2/2)(2/2)

WordNet: a lexical reference database, inspired by 
current psycholinguistic theories of human lexical 
memory

English nouns, verbs, adverbs and adjectives
organized into SYNonym SETs (synset), each one 
representing an underlying lexical concept

Change of text representation from vectors (bag) of 
words (BOW) into vectors (bag) of synsets (BOS) to 
avoid polysemy, synonymy, etc.
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Bag of Bag of WordsWords Bag of SynsetsBag of Synsets

………………

22JavaJava11351135

……

11341134

11341134

……

3131

3131

Id docId doc

……

22

33

……

11

11

OccurrenceOccurrence

……

webweb

WWWWWW

……

intelligenceintelligence

artificialartificial

Word Word 
FormForm

Bag of SynsetsBag of Synsets

Recognition of bigrams

110835709808357098JavaJava11351135

……………………

110745217007452170JavaJava11351135

20517202051720

20517202051720

0576606105766061

Id SynsetId Synset

……

11341134

11341134

……

3131

Id docId doc

……

22

33

……

11

OccurrenceOccurrence

……

wheelwheel

rollroll

……

artificial artificial 
intelligenceintelligence

Word Word 
FormForm

550442551704425517WWW,webWWW,web11341134

Synonyms represented by the same synsets

Polysemous words disambiguated (hopefully)
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WordNet as a sense repository: The Lexical MatrixWordNet as a sense repository: The Lexical Matrix

……

E(3,2)E(3,2)

FF33

E(2,2)E(2,2)

E(2,1)E(2,1)

FF22

E(1,1)E(1,1)

FF11 FFnn……

E(m,n)E(m,n)MMmm

MM……

MM33

MM22

MM11

Word FormsWord Forms
Word Word 

MeaningsMeanings

Mapping between word forms and word meanings

Synonym word forms: 
SYNSET
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WordNet as a sense repository: The Lexical MatrixWordNet as a sense repository: The Lexical Matrix

……

E(3,2)E(3,2)

FF33

E(2,2)E(2,2)

E(2,1)E(2,1)

FF22

E(1,1)E(1,1)

FF11 FFnn……

E(m,n)E(m,n)MMmm

MM……

MM33

MM22

MM11

Word FormsWord Forms
Word Word 

MeaningsMeanings

Mapping between word forms and word meanings

the word form is 
polysemous: WSD needed
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WSD algorithmWSD algorithm

Input: D = <w1, w2, …. , wh> document

Output: X = <s1, s2, …. , sk> (k≤h)

Each si obtained by disambiguating wi based on the 
context of each word

Some words not recognized by WordNet 

Groups of words recognized as a single concept

UniBA JIGSAW WSD algorithm [Semeraro et al. 2007]
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Example: Noun DisambiguationExample: Noun Disambiguation

Semantic similarity between synsets inversely 
proportional to their distance in the WordNet IS-A 
hierarchy

Path length similarity between synsets used to assign 
scores to the candidate synsets of a polysemous word

Placental mammal

Carnivore Rodent

Feline, felid

Cat
(feline mammal)

Mouse
(rodent)

54/89

Synset Semantic Similarity Synset Semantic Similarity 

SINSIM(cat,mouse) =

-log(6/32)=0.727

Placental mammal

Carnivore Rodent

Feline, felid

Cat
(feline mammal)

Mouse
(rodent)

1

2

3 5

6

Leacock-Chodorow similarity [Leacock and Chodorow, 1998]

4
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CatCat--Mouse DisambiguationMouse Disambiguation

w = cat
C = {mouse}white hunt mousecat

mousecat mousemouse

02244530: 02244530: anyany of of 
numerousnumerous smallsmall

rodentsrodents……

03651364: a 03651364: a handhand--
operatedoperated electronicelectronic

devicedevice ……

cat

“The white cat is hunting the mouse”

02037721: feline 02037721: feline 
mammalmammal……

00847815: 00847815: 
computerizedcomputerized axialaxial

tomographytomography……

T={02244530,03651364}Wcat={02037721,00847815}

56/89

w = cat
C = {mouse}white hunt

cat mousemouse

02244530: 02244530: anyany of of 
numerousnumerous smallsmall

rodentsrodents……

03651364: a 03651364: a handhand--
operatedoperated electronicelectronic

devicedevice ……

cat

“The white cat is hunting the mouse”

02037721: feline 02037721: feline 
mammalmammal……

00847815: 00847815: 
computerizedcomputerized axialaxial

tomographytomography……

0.107

0.0

0.0

0.8060.7270.727

CatCat--Mouse DisambiguationMouse Disambiguation
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Movie Recommending                          Movie Recommending                          (1/2)(1/2)
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Movie Recommending                            Movie Recommending                            (2/2)(2/2)

Item

(movie)

Item

(movie) CastCast

DirectorDirector

KeywordsKeywords

SummarySummary

TitleTitle

Tokenization + 
Stopword +
(Stemming)

BOW representation        

POS +
WSD

BOS representation

Young Frankenstein

Mel Brooks

Gene Wilder, …

Dr. Frankenstein’s grandson, …

Brain, Monster, …

User Rating:

59/89

Advanced NLP techniques used to represent 
documents

Naïve Bayes text classification to assign a score 
(level of interest) to items according to the user 
preferences

Result: semantic user profile - as a binary text 
classifier (user-likes and user-dislikes) - containing 
the probabilistic model of user preferences

ITemITem Recommender (ITR)Recommender (ITR)

60/89

ITR: the complete architectureITR: the complete architecture

META
Content Analyzer – Indexing (NLP – WordNet - Wikipedia)

Naive
Bayes

Learner

Content-based Recommender
(Document-profile matching)

ITem
Recommender 

ITR
Probabilistic models
of user preferences

Assigns a score (level 
of interest) to items 
according to the user 
preferences

JIGSAW
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ExampleExample of of KeywordKeyword--basedbased UserUser ProfileProfile

),|(
),|(

log),(
mk

mk
mk sctP

sctP
ststrength

−

+=

Features are keywords
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ExampleExample of of SenseSense--basedbased UserUser ProfileProfile

),|(
),|(log),(

mk

mk
mk sctP

sctPststrength
−

+=

Features are WordNet synsets 

is computed on synsets instead of keywords
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Recommendations based on User ProfilesRecommendations based on User Profiles

AI 0.15

apple 0.01

…

USER PROFILE

Naive Bayes

Text Classifier

Robotics is the area 
of AI concerned
with the practical
use of robots

doc

Classification Score

0.78

P(user-likes|doc)

Probability that the owner of 
the profile will like the 

document
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Conference Participant Advisor: LoginConference Participant Advisor: Login

Conference Participant
Advisor service

65/89ConferenceConference ParticipantParticipant AdvisorAdvisor: : 
SelectingSelecting PapersPapers toto traintrain the systemthe system

66/89ConferenceConference ParticipantParticipant AdvisorAdvisor: : 
QueryQuery disambiguationdisambiguation
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67/89Conference Participant Advisor: Conference Participant Advisor: 
Rating Retrieved PapersRating Retrieved Papers

68/89Conference Participant Advisor: Conference Participant Advisor: 
Getting the Personalized ProgramGetting the Personalized Program

69/89Personalized Program Personalized Program 
delivered by maildelivered by mail

1 - personalized conference program

2 - details about recommended papers
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70/89Conference Participant Advisor: Conference Participant Advisor: 
Personalized Program + Paper detailsPersonalized Program + Paper details

71/89

ContentContent--based Filtering Systems                based Filtering Systems                (1/2)(1/2)

News News 
RecommenderRecommender

News News 
RecommenderRecommender

Web Web pagespages
recommenderrecommender

Web Web pagespages
recommenderrecommender

Web Web pagespages
recommenderrecommender

TypeType

HybridHybrid profileprofile forfor shortshort--termterm
(TF(TF--IDF) and IDF) and longlong--termterm

interestsinterests ((BayesianBayesian Learning)Learning)
KeywordsKeywords

NewsDudeNewsDude
[[BillsusBillsus etet

al.99]al.99]

GeneticGenetic algorithmsalgorithms + + explicitexplicit
feedbackfeedbackNN--gramsgrams

PSUN PSUN 
[[SorensenSorensen etet

al. 94]al. 94]

ProfilesProfiles asas TFIDF TFIDF vectorsvectors

BayesianBayesian Learning + Learning + explicitexplicit
feedbackfeedback

HeuristicsHeuristics + + implicitimplicit
feedbackfeedback

Profiling StrategyProfiling Strategy

KeywordsKeywords

KeywordsKeywords

KeywordsKeywords

Document  Document  
RepresentationRepresentation

WebMateWebMate[[ChenChen
& Sycara98]& Sycara98]

SyskillSyskill & & 
WebertWebert

[[PazzaniPazzani etet
al.96]al.96]

Letizia Letizia 
[Lieberman95][Lieberman95]

SystemSystem

72/89

ContentContent--based Filtering Systems                based Filtering Systems                (2/2)(2/2)

WeightedWeighted semanticsemantic
network + network + explicitexplicit

feedback + separate feedback + separate 
profilesprofiles forfor interestsinterests and and 

disinterestsdisinterests + + agingaging
strategystrategy

KeywordsKeywordsDocumentDocument SearchingSearching
ifWebifWeb

[[AsnicarAsnicar & & 
Tasso 96]Tasso 96]

News RecommenderNews Recommender

Book RecommenderBook Recommender

TypeType

BayesianBayesian learninglearningKeywordsKeywords, , documentsdocuments
structuredstructured intointo slotsslots

LIBRA LIBRA 
[[MooneyMooney & & 

RoyRoy 00]00]

WeightedWeighted semanticsemantic
network + network + implicitimplicit
feedback + feedback + agingaging
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Hybrid StrategiesHybrid Strategies
Try to combine different types of filters in order to overcome 
drawbacks of single techniques
Burke’s classification [Burke, 2002]

Weighted – the scores of different recommendation techniques 
combined together to produce a single recommendation
Switching - use some criteria to switch between 
recommendation techniques
Mixed - recommendations from different systems presented at 
the same time
Feature Combination - features from different 
recommendation sources thrown together into a single 
recommendation algorithm (e.g., content-based techniques 
used over a set of augmented data containing collaborative 
information as simply additional features)

UniBA approach (Content-Collaborative) described in [Degemmis 
et al. 2007]

74/89Intelligent IR: beyond keywords and the Intelligent IR: beyond keywords and the ““one one 
fits allfits all”” approachapproach

Semantic Indexing and Retrieval: Use of lexicons, 
ontologies and on-line resources

Adaptation of VSM for Ontology-based Retrieval 
[Castells et al. 2007]
Indexing by WordNet Synsets                    
[Gonzalo et. al 98], [Mihalcea & Moldovan 2000]
Indexing by using shared world knowledge,     
like Wikipedia [Gabrilovich and Markovitch 2007]

New models for personalized retrieval (ranking)
Contextual user profiles for query refinement  
[Liu et al. 2004]
Re-Ranking (modification of the original ranking) 
based on user profiles                           
[Semeraro 2007, to appear]

75/89

What is a Semantic Digital Library?What is a Semantic Digital Library?
Semantic digital libraries

integrate information based on different 
metadata, e.g.: resources, user profiles, 
bookmarks, taxonomies – high quality 
semantics = highly and meaningfully 
connected information

provide interoperability with other systems 
(not only digital libraries) on either 
metadata or communication level or both –
RDF as common denominator between 
digital libraries and other services

delivering more robust, user friendly and 
adaptable search and browsing interfaces 
empowered by semantics

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Evolution of LibrariesEvolution of Libraries

Social Semantic Digital Library
Involves the community into sharing knowledge

Semantic Digital Library
Accessible by machines, not only with machines

Digital Library
Online, easy searching with a full-text index

Library
Organized collection

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Benefits of Semantic Digital Libraries Benefits of Semantic Digital Libraries 

Problems of today’s libraries 

rapidly growing islands of highly organized information
How to find things in a growing information space?

is it enough to have a full-text index (à la Google)?
typical “end-users” versus “expert users”

converging digital library systems

e.g. uniform access to Europe’s digital libraries and 
cultural heritage 

The European Library      
http://www.theeuropeanlibrary.org

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Benefits of Semantic Digital Libraries Benefits of Semantic Digital Libraries 

The two main benefits of Semantic Digital Libraries

new search paradigms for the information space
Ontology-based search / facet search
Community-enabled browsing

providing interoperability on the data level
integrating metadata from various      
heterogeneous sources
Interconnecting different 
digital library systems

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Semantic DL as Evolving Knowledge SpaceSemantic DL as Evolving Knowledge Space

In state-of-the-art digital libraries users are consumers
Retrieve contents based on available bibliographic 
records

Recent trends: user communities
Connetea
Flickr

In Semantic digital libraries users are contributers as well
Tagging (Web 2.0)
Social Semantic Collaborative Filtering
Annotations

Semantic Digital libraries enforce the transition from a 
static information to a dynamic (collaborative) knowledge 
space

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Existing Semantic Digital Library SystemsExisting Semantic Digital Library Systems
JeromeDL

a social semantic digital library makes use of Semantic Web 
and Social Networking technologies to enhance both 
interoperability and usability

BRICKS
aims at establishing the organizational and technological 
foundations for a digital library network in order to share 
knowledge and resources in the cultural heritage domain.

FEDORA
delivers flexible service-oriented architecture to managing 
and delivering content in the form of digital objects

SIMILE
extends and leverages DSpace, seeking to enhance 
interoperability among digital assets, schemata, metadata, 
and services

from: Sebastian R. Kruk, Stefan Decker, Bernhard Haslhofer, Predrag Kneževic, 
Sandy Payette, Dean Krafft. WWW 2007 Tutorial on Semantic Digital Libraries. 
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Concluding remarksConcluding remarks

Need for intelligent solutions and tools for  
Information Access in the information overload era

New strategies for Information Filtering & Retrieval

Personalization & User Profiling for     
Recommender Systems

Semantics: to capture the meaning of content and 
user needs

The present and the future of Digital Libraries
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82/89To get introduced to the interesting world of To get introduced to the interesting world of 
IR, IF and NLPIR, IF and NLP

BOOKS
R. Baeza-Yates and B. Ribeiro-Neto. Modern Information Retrieval. Addison 
Wesley, 1999.
I. Witten, M. Gori and T. Numerico. Web Dragons. Inside the myths of 
Search Engine Technology, 2007.
C. Fellbaum. WordNet: An Electronic Lexical Database. MIT Press, 1998.
M. Stevenson. Word Sense Disambiguation. Center for the Study of 
Language and Information, 2002.
C. D. Manning & H. Schutze. Foundations of Statistical Natural Language 
Processing. MIT Press, 1999.
Pierre Baldi, Paolo Frasconi, Padhraic Smyth. Modeling the Internet and the 
Web, Probabilistic Methods and Algorithms. Wiley, 2003.
C. D. Manning, P. Raghavan and H. Schütze, Introduction to Information 
Retrieval, Cambridge University Press. 2008.

83/89To get introduced to the interesting world of To get introduced to the interesting world of 
IR, IF and NLPIR, IF and NLP

Schools

6th European Summer School in Information Retrieval (ESSIR 
2007)
19th European Summer School in Logic, Language and 
Information (ESSLLI 2007)
AI*IA Winter School of AI and Cultural Heritage (Milano, Feb 
2007)
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