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MICS in a Nutshell!

Fields

The Data

•  (Text) Data Mining!
•  Applied Machine Learning!

•  Information Retrieval/NLP!
•  Visual Analytics / HCI !

•  Semantic Web!
•  Social Networks!

1.  EEXCESS - Personalised, privacy preserving federated recommendations for cultural 
and scientific content (EU FP7)!

2.  CODE (finished) - Fact Extraction and Enrichment from Scientific Articles (EU FP7)!
3.  MICO - Media in Context – Cross-Media Recommendations and Semantic 

Representation (EU FP7)!
4.  BODA - Big and Open Data for SME’s (Bayern)!
5.  mirKUL - Interaktive Multimedia Videos (BMBF)!
6.  Industrial Research Project – Credit Card Fraud Detection!

Projects



Project 1: EEXCESS!
FP 7 IP, 10 Partners, Scientific Coordinator, ongoing

http://eexcess.eu/!



EEXCESS - Goal!

Inject cultural and scientific content into  existing web 
channels
•  Websites (Wikipedia, etc.)
•  CMS/LMS
•  Social media channels  

(Twitter, etc.)
•  Content Consumption and  

Content Creation Processes 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„Contextualised, privacy-preserving access to scientific 
and cultural long-tail content “!



EEXCESS Solution!

ZBW 
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Content Consumption !
(e.g. Browsing, SNA) !

Involved in!

Content Creation!
(e.g. Writing Blogs, Editors) !
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Recommendation!
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EEXCESS – Our Solution!

Install: go to Chrome Webstore -> Search for EEXCESS!

Install: go to Google docs -> Add Ons -> Search for E-Explorer!
(currently extended to Wikipedia Editing Support)!



EEXCESS – Our Research Questions !
Paragraph Decomposition !
and Detection (heuristic)!

Paragraph Summarization!
+ Query Generation!

Visual Query Navigation and !
Search Result Visualisation (+ to

ns of UI stuff)!

Privacy Preservation:!
•  Resource Efficient Text Mining on the Client!
•  Privacy Preserving Querying (joint PhD Student with INSA Lyon)!



Project 1: EEXCESS !
Paragraph Summarization and Query Construction!
Includes: Prediction Queries using CRF’s; New Test Data Sets; A new state-

of-the-art Entity Disambiguation approach



EEXCESS: Paragraph Summarization and 
Query Generation!

Research Question 
Can we predict manual queries from a given paragraph?!
Experiment 1 
•  Given a text selection, train a linear chain CRF to annotate a word in the selection as 

query term/not query term.!
•  Evaluate on collected ground truth data!

•  Browser-plugin on Wikipedia!
•  Selection + manual queries + ratings +  tasks!
•  2499 text selection query pairs!

!
!
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Figure 3: Screenshot of the test data acquisition user interface. Normal browser window content (left, Wikipedia page on
weaving), browser extension (right pane), available settings of the option panel (right, center)

Table 2: Data set overview. Time in minutes.

users tasks anno queries views ratings time

8 217 1332 4562 3267 15043 10252

feature-rich data due to privacy concerns) can be collected
from a large number of users.

5. DATA SET ANALYSIS
In this section we provide a qualitative and quantitative

analysis of the data set we collected. First, we provide a
general overview and then we provide detailed analyses for
predefined tasks (section 5.1), custom tasks (section 5.2) and
the relation between the selected text and the query issued
for the selection (section 5.3).

Table 2 provides an overall summary of the collected data.
Column “views” refers to the number of times users opened
the detail page of results. We count each single view and
do not distinguish between di↵erent results or one result
that has been opened multiple times. Column “time” ac-
cumulates the duration (in minutes) of all performed tasks,
“anno” counts the total number of users’ annotations of web
pages with any of the retrieved results. Interestingly, the
amount of ratings is more than three times larger than the
amount of result views. It is obvious that a lot of results
have been rated solely by the short summary as provided in
the result list. A potential reason for this is that users as-
sessed the quality of additional information provided in the
detailed view as below average in the questionnaire (?2.75
on a 1-5 scale).

5.1 Predefined Tasks
This section provides an analysis of the collected data from

a task-centric perspective, aggregated over all users.
Table 3 presents statistics for the predefined tasks. Tasks

prefixed with “A” are content consumption tasks and tasks
prefixed with “B” refer to content creation tasks. For each
task, annotations were made on one single web page, either
within a web site or within one Wiki page. The total num-
ber of annotations varies considerably for each task, rang-
ing from 55 (T.B2, wiki entry about an important person)
to 112 (T.A8, English Wikipedia article about the Berlin
Wall). However, the annotations per user and task do not
vary significantly (mean = 11.5, SD = 1.3).
The average task duration for predefined tasks was about

74 minutes per user, with a minimum of 46 minutes (task
A5.de) and a maximum of 121 minutes (task B1). Users
needed about twice as much time for content creation tasks
(112 minutes on average) than for content consumption tasks
(65 minutes on average). This tendency is also reflected in
the number of clicks amounting to 63 per task per user for
content consumption and 224 for content creation tasks.
We collected 8,091 positive and 6,826 negative ratings,

amounting to 14,917 ratings. This amount is explained by
the assignment asking participants to rate at least 10 re-
sults for each search. On average, users rated equally posi-
tive and negative, we found no significant di↵erence between
the number of positive and negative ratings (Shapiro-Wilks
test for normality, W = 0.9305, p = 0.2777 for negative,
W = 0.9608, p = 0.7063 for positive ratings, paired T-Test
at confidence level ↵ = 0.05: t = 1.5687, df = 14, p = 0.139).
The column“pages visited” lists the number of visits beyond
the predetermined page (i.e., the page to annotate or the
page on which a wiki entry had to be created) and result
page visits.

5.2 Custom Tasks
Apart from altogether 114 di↵erent predefined task execu-

tions, users performed 103 freely chosen tasks, and indicated
that for 76 of them they would have liked recommendations.
After grouping obviously equal tasks, a set of 18 distinct
tasks remained. For example, “watch online video”, “watch-

Figure 3: Screenshot of the test data acquisition user interface. Normal browser window content (left, Wikipedia page on
weaving), browser extension (right pane), available settings of the option panel (right, center)

Table 2: Data set overview. Time in minutes.

users tasks anno queries views ratings time

8 217 1332 4562 3267 15043 10252

feature-rich data due to privacy concerns) can be collected
from a large number of users.

5. DATA SET ANALYSIS
In this section we provide a qualitative and quantitative

analysis of the data set we collected. First, we provide a
general overview and then we provide detailed analyses for
predefined tasks (section 5.1), custom tasks (section 5.2) and
the relation between the selected text and the query issued
for the selection (section 5.3).

Table 2 provides an overall summary of the collected data.
Column “views” refers to the number of times users opened
the detail page of results. We count each single view and
do not distinguish between di↵erent results or one result
that has been opened multiple times. Column “time” ac-
cumulates the duration (in minutes) of all performed tasks,
“anno” counts the total number of users’ annotations of web
pages with any of the retrieved results. Interestingly, the
amount of ratings is more than three times larger than the
amount of result views. It is obvious that a lot of results
have been rated solely by the short summary as provided in
the result list. A potential reason for this is that users as-
sessed the quality of additional information provided in the
detailed view as below average in the questionnaire (?2.75
on a 1-5 scale).

5.1 Predefined Tasks
This section provides an analysis of the collected data from

a task-centric perspective, aggregated over all users.
Table 3 presents statistics for the predefined tasks. Tasks

prefixed with “A” are content consumption tasks and tasks
prefixed with “B” refer to content creation tasks. For each
task, annotations were made on one single web page, either
within a web site or within one Wiki page. The total num-
ber of annotations varies considerably for each task, rang-
ing from 55 (T.B2, wiki entry about an important person)
to 112 (T.A8, English Wikipedia article about the Berlin
Wall). However, the annotations per user and task do not
vary significantly (mean = 11.5, SD = 1.3).
The average task duration for predefined tasks was about

74 minutes per user, with a minimum of 46 minutes (task
A5.de) and a maximum of 121 minutes (task B1). Users
needed about twice as much time for content creation tasks
(112 minutes on average) than for content consumption tasks
(65 minutes on average). This tendency is also reflected in
the number of clicks amounting to 63 per task per user for
content consumption and 224 for content creation tasks.
We collected 8,091 positive and 6,826 negative ratings,

amounting to 14,917 ratings. This amount is explained by
the assignment asking participants to rate at least 10 re-
sults for each search. On average, users rated equally posi-
tive and negative, we found no significant di↵erence between
the number of positive and negative ratings (Shapiro-Wilks
test for normality, W = 0.9305, p = 0.2777 for negative,
W = 0.9608, p = 0.7063 for positive ratings, paired T-Test
at confidence level ↵ = 0.05: t = 1.5687, df = 14, p = 0.139).
The column“pages visited” lists the number of visits beyond
the predetermined page (i.e., the page to annotate or the
page on which a wiki entry had to be created) and result
page visits.

5.2 Custom Tasks
Apart from altogether 114 di↵erent predefined task execu-

tions, users performed 103 freely chosen tasks, and indicated
that for 76 of them they would have liked recommendations.
After grouping obviously equal tasks, a set of 18 distinct
tasks remained. For example, “watch online video”, “watch-



EEXCESS: Paragraph Summarization and 
Query Generation!

Research Question 
Can we predict manual queries from a given paragraph?!
Experiment 1 – Results   
In Accuracy (%) + Baseline (unbalanced dataset)  
Splits:  
•  10-folded 
•  Transfer model across 

•  Users 
•  Tasks 

 
Conclusion 
•  Model stable across tasks, 

not users 
•  Improvement over (useless) 

baseline 
•  Easy task comparable to noun phrase detection in sentences 

 

!
!

(a) Ratio of selection terms in query (b) Ratio of query terms in selection

Figure 4: Term analysis for queries and selected text

of a text selection enriched with the aforementioned features
and a label for each term of the selection, which indicates if
the term is also contained in the corresponding query (and
hence considered relevant).

The list of stop words is the one provided by the “tm”
package for R7, the POS tags were obtained with NLTK [3]
and the CRF models were computed with Mallet [16]. We
evaluated the performance of 29 feature combinations using
10-fold cross-validation. In order to evaluate the stability
across users and tasks we also performed cross-validation on
splits defined by users (all but one user as training and one
user for test), and tasks respectively.

Table 4: Accuracies [%] for query prediction from selected
text. Cross-validated using splits over users, tasks, and 10-
fold random.

feature set trivial
i, c, t i, t c, t rejector acceptor

users mean 76 77 75 51 49
SD 15 15 18 35 35

tasks mean 82 83 82 71 29
SD 6 6 7 8 8

10-fold mean 89 88 84 71 29
SD 1 2 1 2 2

i - the identity of a term, i.e. the term itself
c - whether the term begins with upper- or lowercase
t - POS tag

The best performing feature combinations are shown in
table 4. As the CRF model assigns a label to each term
in the selection (identifying it as relevant or not relevant),
accuracy refers to the ratio of correctly labeled terms to
the total number of terms. Incorporating a term itself as
a feature (i, c, t & i, t) leads to the best results, but this
may not generalize well due to the limited vocabulary in
the dataset. Nevertheless, feature combinations without the
words provide similar results as well (e.g., the combination
of case-identifier and POS-tag, c, t) and thus are the better
option.

The standard deviations reveal, that the query behavior
is stable over tasks, but not over users. In fact half of the

7
http://cran.r-project.org/web/packages/tm/

users incorporated the major part of the selection into their
queries and the queries of the other half contained only a mi-
nority of the selection terms. Thus, prediction performance
drops for the evaluation over users.

7. RELATED WORK
Providing long-tail recommendations is a highly challeng-

ing task, first of all because of the data sparsity issue: only
a few or even no ratings are available for items in the long-
tail. To overcome this problem, the authors in [18] partition
the whole item set into head and tail parts and cluster the
items in the tail. In [11] recommendations are obtained by
combining the items in a user’s personal long-tail with users,
which have those items in their head portion. While these
approaches still require the existence of at least a few ratings
in the tail or even the existence of dense data in the head,
Stickroth et al. [25] aim to provide high quality recommen-
dations in a network with a small amount of users and items
(and hence without the presence of a dense head). Therefore
the authors propose a multilevel approach, with a decreas-
ing degree of personalization and di↵erent recommendation
strategies at each level. Their dataset encompasses 60 rat-
ings on 151 items by 175 users and is not published. Closest
to our work, Wang et al. [27] conducted a user study in the
cultural heritage domain in which they elicited user models
with ratings of museum objects of the Rijksmuseum Ams-
terdam from 39 participants.
Most of the approaches for user data collection for long-

tail domains use server-side data logging. A representative
example is the smartmuseum approach were user interests
are either manually given or by tagging and rating of re-
sources [23]. A game-based approach to server side collec-
tion was pursued by Wang et al. [27] who used an interac-
tive quiz to collect ratings for museum objects. Goecks and
Shavlik [6] use client-side data collection in a Web browser
for user interest detection based on the text of the webpage,
clicked hyperlinks, scrolling and mouse activity.
All of those data sets capture the features we identified as

necessary to collect only partly. To the best of our knowl-
edge, there is no publicly available dataset, which accounts
for the specific challenges of long-tail recommendations and
contains the required data.

Seifert, C.; Schlötterer, J. & Granitzer, M. Towards a Feature-Rich Data Set for Personalized Access to Long-Tail Content Proceedings ACM !
Symposium on Applied Computing, ACM, 2015; http://purl.org/eexcess/datasets/umlt!



EEXCESS: Paragraph Summarization and 
Query Generation!

Research Question 
Can we predict manual queries from a given paragraph? 

Experiment 2 – Extend to Paragraphs (currently ongoing) 
•  Extend query to paragraph 
•  Challenges 

•  Summarize paragraph through semantic features 
•  One paragraph contains multiple, potentially 

correct search queries depending on  
the individual users preference 

•  Models vary across users 
•  Gather manual test data according to 

Marchionini & White’s Information Seeking  
Model on Wikipedia Pages 

Preliminary results of linear Chain CRF 
•  90% accuracy with 85% baseline (negative  

predictor) 
•  0.64 precision, 0.44 recall 
•  Vocabulary has strong influence 

 

 
 

the original model as those are inherent in our setting. In-
stead, we start with the creation of a mental model of the
information need. Thus, our first step is the formulation of
the information need in the user’s mind, which is expressed
(as a query) in the second step. The examination of results
in the third step is potentially followed by reformulating the
expression of the information need and finally, the examina-
tion stops in the fourth step. We explicate the contextual
influence on the information need formulation and expres-
sion. Following Dourish [4], we distinguish between context
as a set of descriptive features of the setting, which can be
observed (i.e. the paragraph in focus) and the user context,
which is rather a form of engagement with this setting. Ob-
viously, the latter is not directly observable, but at least
partially encoded in the user’s past interactions (i.e. the
route of pages, reflecting a user’s interests).

More formally, the data set comprises a set of users U
and a route of pages < wi, ..., wj > for each user u through
the set of available pages W . The whole content of each
page visited on the route is also available from the data
set. The combination of a predefined paragraph p 2 P on
page w 2 W and user u 2 U forms an information need
i 2 I, which is expressed as query q 2 Q. The query q
yields a list of results r =< rm, ..., rn > from all results R in
the repository, which are judged via relevance feedback F ,
depending on user, paragraph, query and information need.
The results are stored including a rich set of meta data. In
summary, the data set contains:
- the route of pages < wi, ..., wj > per user u

- the query process < p, u >
i��! q ! r per paragraph p

- relevance feedback F (u, p, i, q, r)
Figure 2 illustrates the formalization with potential routes
through pages (top), and the query and rating process for a
single page or paragraph (bottom).

Figure 2: Potential routes through the set of prede-

fined pages (upper part) and query & rating process

for a paragraph on a single page (lower part).

3. ACQUISITION METHODOLOGY
We developed a browser extension to collect the data and

defined tasks for users to solve by using this extension. The
participating users were recruited via an online recruitment
system of the university and were paid ten Euros for taking
part in the study, which lasted approximately an hour. The
data collection via the browser extension was accompanied
by a questionnaire, in which users were asked to indicate the

result quality per task, their search intention for each task
and demographic data. Further, participants were asked to
provide their assessment on the di�culty of finding relevant
results, as well as on the helpfulness, extensiveness and qual-
ity of the retrieved results using a five point Likert scale (1 -
strongly disagree, ... , 5 - strongly agree). The questionnaire
concluded with a set of open questions, such as ”what could
have been improved?”, ”what did you like?”, etc.

3.1 Participants
77 university students from di↵erent disciplines took part

in the study. Among the most prominent study paths of
the participants were business administration and economics
(19) and law (11), followed by teaching (8) and political
science (8). The average age was 23, ranging from 19 to
31 and 46 of the users were female, 31 male. 67 considered
themselves as average computer users, 9 as experts and 1 did
not provide this information. All of them use the internet
on a daily basis, with 28 using it less than 2 hours per day
and 49 using it more than 2 hours per day.

3.2 Procedure
The data acquisition started with a general introduction,

explaining the aim of the experiment. After the introduc-
tion, the procedure was explained with the help of a screen-
cast. Since the general process is the same for each task,
an exemplary task was performed in the screencast. Then,
participants performed four tasks on their own.

3.2.1 Prototype

The prototype used to acquire the data is illustrated via a
mockup in figure 3. First, users had to indicate the relevant

Figure 3: Mockup of the prototype used to collect

the data. The paragraph framed in green indicates

the relevant part of text within the page, the query

is located at the bottom of the page and the results

are shown in a popup.

part of text within the page. Then an automatic query was
generated with the help of an own web service4. This ser-
vice extracts named entities via DBpedia spotlight5 and the
main topic of the text section by means of Doc2Vec[5] simi-
larities: the most probable Wikipedia page title is chosen as
main topic. With the division of the query into main topic
and additional keywords, we are able to construct a boolean
query (c.f. section 3.2.3), without the need of users being

4URL of service and sourcecode omitted for review
5https://github.com/dbpedia-spotlight/dbpedia-spotlight

familiar with boolean queries. We omit details about the au-
tomatic query construction due to space constraints and the
fact that the generated query terms are only a suggestion,
which can be adapted by the user. Users were instructed
to inspect the results of the automatic query and provide
relevance feedback. Afterwards, they were asked to adapt
the query, in order to retrieve better results. To adapt the
query, users could add and remove keywords, set a keyword
as main topic via drag and drop or edit the main topic. In
addition, two filter menus were provided left to the query
terms: one to filter for persons or locations and another to
restrict the set of keywords to a particular sub-paragraph of
the selected section (or to show all keywords for the selected
section).

Di↵erent versions of the prototype were provided to the
participants, that varied in feature-richness. Additional fea-
tures comprised an explanation of the suggested query terms
(and corresponding results) on user interface level and the
personalization of suggested query terms. To provide an
explanation of the query terms, the origin of a term was
highlighted in the selected paragraph of the page whenever
a user hovered over a query term. Also, corresponding re-
sults, i.e. this term occurred in their title, were highlighted.
The personalization restricts the suggested query terms to a
set of named entities contained in a single sub-paragraph of
the selected section. To this end, for each sub-paragraph the
named entities are extracted and their associated categories
are collected. Similarly, for each previous query, the cat-
egories of the associated named entities are extracted and
aggregated over all queries. The personalization then se-
lects the sub-paragraph with the highest categorical overlap
to the previous queries. The personalization is applied via
the second filter menu mentioned before and can be adapted
by the user.

3.2.2 Tasks & Test Material

The general procedure was the same for each task: First,
users had to navigate to a particular page and a predefined
paragraph within that page. For this paragraph, a search
query was generated automatically (c.f. section 3.2.1) and
users had to rate the results. Finally, they were instructed to
adapt the query (and rate the corresponding results), until
one of the following criteria, indicating the result quality,
was met: (i) the results are perfect, (ii) it is not possible to
retrieve relevant results or (iii) the time is over. The timing
bounds were determined in a pretest with a small user group
and set to 8 minutes per task.

Users were free to choose a Wikipedia page from a pre-
defined list in the first three tasks. To gather this list, a
featured article from each category was chosen at random
from the list of Wikipedia’s featured articles6. The result-
ing list contained 35 Wikipedia pages per task from which
the users could chose. On the chosen page, users were asked
to navigate to a particular section: the third in the first
task, the second in the second task and the fourth in the
third task. The section was determined by the order of sec-
tions within the table of contents. In the fourth task, the
Wikipedia page was predefined and the same for all users.
In this task, the users were instructed to navigate to the
introductory section.

6https://en.wikipedia.org/w/index.php?title=Wikipedia:
Featured articles&oldid=699545245 (this URL refers to the
page revision used to create the list)

Table 1: Result quality

task perfect results no results timeout missing

1 9 11 51 6

2 19 16 35 7

3 28 16 24 9

4 21 5 34 17

total 77 48 144 39

3.2.3 Search Backend

The search results were retrieved from the REST-APIs
of Mendeley7 and Europeana8 and interleaved via Round-
Robin. While the retrievable contents in Mendeley comprise
scientific documents, Europeana features cultural objects in
a variety of formats, such as text, audio, video and 3D.
Hence, with Mendeley we perform traditional document re-
trieval, while with Europeana, the search is performed over
the meta data of cultural objects and therefore we cover dif-
ferent possible document representations in digital libraries.
In the case of Mendeley, the query terms were sent to the
API as a simple keyword list, while for Europeana a boolean
query of the following structure was constructed:

main-topic AND (keyword1 OR keyword2 OR . . .)

From each provider, at most the top-10 results were shown
to the user.

4. DATA SET STATISTICS
Table 1 shows the result quality per task. The column

perfect results indicates, that the user was fully satisfied with
the retrieved results and therefore, no further adaption of
the query was required. The column no results describes
the situation when the user assumes, that the search system
is not able to provide any relevant results, no matter how
she formulates the query (i.e. she assumes the database
does not contain relevant content). The third column counts
the occurrence of timeouts, i.e. not meeting one of the two
aforementioned criteria within 8 minutes. The last column
indicates missing values, where users did not provide a result
quality assessment. We attribute the increased frequency of
timeouts in the first task to the required time to get familiar
with the software and to not having an intuition yet on how
long it takes to execute the task.
The results of 661 queries (automatic and user generated)

have been rated during the study, with 13 results rated on
average per query. These ratings are listed in table 2. The

Table 2: Relevance feedback

#users e p - o + ++ total
24 1 1 1086 377 610 123 2196
20 1 0 1112 416 479 124 2131
17 0 0 1076 383 532 97 2088
16 0 1 1062 321 608 122 2113
77 4336 1497 2229 466 8528
e - indicator of explanation feature

p - indicator of personalization feature

ratings were based on the question, whether users consider a
result as potentially helpful additional information. Possible

7http://dev.mendeley.com
8http://labs.europeana.eu/api



EEXCESS: Paragraph Summarization and 
Query Generation!

Research Question 
Can we utilize semantic resources (e.g. DBpedia) to improve query generation? 
Current Status 
•  Work mainly done in the field of entity linking/entity disambiguation 

•  Evaluation in terms of query generation still pending 

Now: Focus on (collective) Entity Disambiguation using Word2Vec based 
Semantic Embeddings 
1.  What is Word2Vec? 

2.  How to use Word2Vec for Entity Disambiguation? 

3.  Does it help? Yes J 

•  Increase robustness of entity disambiguation approaches 

•  New state of the art approach on most data sets 

•  Can be made KnowledgeBase Agnostic, i.e. a general preprocessing step for text 
AND semantic resources (i.e. ontologies/thesauri) 

 
 



Goal: Estimate P(wt |wt-1) using a d-dimensional vector vi per word wi (aka 
Semantic Embeddings) using the softmax function:

Training: 

•  Predict the context of a word in a sliding word window

•  Optimize Parameters using Stochastic Gradient Descent

•  Noise Contrastive Estimation for Speeding up Softmax

Word2Vec: Neural Network based Language Model 
in a Nutshell!

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg Corrado, and Jeffrey Dean. Distributed Representations of Words and Phrases and their Compositionality. In Proceedings of NIPS, 2013. !

training time. The basic Skip-gram formulation defines p(wt+j |wt) using the softmax function:

p(wO|wI) =
exp

!

v′wO

⊤vwI

"

#W
w=1 exp

!

v′w
⊤vwI

" (2)

where vw and v′w are the “input” and “output” vector representations of w, and W is the num-
ber of words in the vocabulary. This formulation is impractical because the cost of computing
∇ log p(wO|wI) is proportional toW , which is often large (105–107 terms).

2.1 Hierarchical Softmax

A computationally efficient approximation of the full softmax is the hierarchical softmax. In the
context of neural network language models, it was first introduced by Morin and Bengio [12]. The
main advantage is that instead of evaluating W output nodes in the neural network to obtain the
probability distribution, it is needed to evaluate only about log2(W ) nodes.

The hierarchical softmax uses a binary tree representation of the output layer with theW words as
its leaves and, for each node, explicitly represents the relative probabilities of its child nodes. These
define a random walk that assigns probabilities to words.

More precisely, each word w can be reached by an appropriate path from the root of the tree. Let
n(w, j) be the j-th node on the path from the root to w, and let L(w) be the length of this path, so
n(w, 1) = root and n(w,L(w)) = w. In addition, for any inner node n, let ch(n) be an arbitrary
fixed child of n and let [[x]] be 1 if x is true and -1 otherwise. Then the hierarchical softmax defines
p(wO|wI) as follows:

p(w|wI ) =

L(w)−1
$

j=1

σ
!

[[n(w, j + 1) = ch(n(w, j))]] · v′n(w,j)
⊤
vwI

"

(3)

where σ(x) = 1/(1 + exp(−x)). It can be verified that
#W

w=1 p(w|wI) = 1. This implies that the
cost of computing log p(wO|wI) and ∇ log p(wO|wI) is proportional to L(wO), which on average
is no greater than logW . Also, unlike the standard softmax formulation of the Skip-gram which
assigns two representations vw and v′w to each word w, the hierarchical softmax formulation has
one representation vw for each word w and one representation v′n for every inner node n of the
binary tree.

The structure of the tree used by the hierarchical softmax has a considerable effect on the perfor-
mance. Mnih and Hinton explored a number of methods for constructing the tree structure and the
effect on both the training time and the resulting model accuracy [10]. In our work we use a binary
Huffman tree, as it assigns short codes to the frequent words which results in fast training. It has
been observed before that grouping words together by their frequency works well as a very simple
speedup technique for the neural network based language models [5, 8].

2.2 Negative Sampling

An alternative to the hierarchical softmax is Noise Contrastive Estimation (NCE), which was in-
troduced by Gutmann and Hyvarinen [4] and applied to language modeling by Mnih and Teh [11].
NCE posits that a good model should be able to differentiate data from noise by means of logistic
regression. This is similar to hinge loss used by Collobert and Weston [2] who trained the models
by ranking the data above noise.

While NCE can be shown to approximately maximize the log probability of the softmax, the Skip-
gram model is only concerned with learning high-quality vector representations, so we are free to
simplify NCE as long as the vector representations retain their quality. We define Negative sampling
(NEG) by the objective
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Figure 1: The Skip-gram model architecture. The training objective is to learn word vector representations
that are good at predicting the nearby words.

In this paper we present several extensions of the original Skip-gram model. We show that sub-
sampling of frequent words during training results in a significant speedup (around 2x - 10x), and
improves accuracy of the representations of less frequent words. In addition, we present a simpli-
fied variant of Noise Contrastive Estimation (NCE) [4] for training the Skip-grammodel that results
in faster training and better vector representations for frequent words, compared to more complex
hierarchical softmax that was used in the prior work [8].
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number of phrases using a data-driven approach, and then we treat the phrases as individual tokens
during the training. To evaluate the quality of the phrase vectors, we developed a test set of analogi-
cal reasoning tasks that contains both words and phrases. A typical analogy pair from our test set is
“Montreal”:“Montreal Canadiens”::“Toronto”:“TorontoMaple Leafs”. It is considered to have been
answered correctly if the nearest representation to vec(“Montreal Canadiens”) - vec(“Montreal”) +
vec(“Toronto”) is vec(“Toronto Maple Leafs”).

Finally, we describe another interesting property of the Skip-gram model. We found that simple
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close to vec(“Volga River”), and vec(“Germany”) + vec(“capital”) is close to vec(“Berlin”). This
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2 The Skip-gram Model

The training objective of the Skip-gram model is to find word representations that are useful for
predicting the surrounding words in a sentence or a document. More formally, given a sequence of
training wordsw1, w2, w3, . . . , wT , the objective of the Skip-grammodel is to maximize the average
log probability
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regression. This is similar to hinge loss used by Collobert and Weston [2] who trained the models
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While NCE can be shown to approximately maximize the log probability of the softmax, the Skip-
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p(W |wi ) =
σ (Vi ⋅H )
σ (Vj ⋅H )

j=1..w
∑

V as embedding matrix w × d

H as hidden layer d × w
σ as non-linear activation function (i.e. sigmoid)
V as vector of all Words
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Figure 2: Two-dimensional PCA projection of the 1000-dimensional Skip-gram vectors of countries and their
capital cities. The figure illustrates ability of the model to automatically organize concepts and learn implicitly
the relationships between them, as during the training we did not provide any supervised information about
what a capital city means.

which is used to replace every logP (wO|wI) term in the Skip-gram objective. Thus the task is to
distinguish the target word wO from draws from the noise distribution Pn(w) using logistic regres-
sion, where there are k negative samples for each data sample. Our experiments indicate that values
of k in the range 5–20 are useful for small training datasets, while for large datasets the k can be as
small as 2–5. The main difference between the Negative sampling and NCE is that NCE needs both
samples and the numerical probabilities of the noise distribution, while Negative sampling uses only
samples. And while NCE approximately maximizes the log probability of the softmax, this property
is not important for our application.

Both NCE and NEG have the noise distributionPn(w) as a free parameter. We investigated a number
of choices for Pn(w) and found that the unigram distribution U(w) raised to the 3/4rd power (i.e.,
U(w)3/4/Z) outperformed significantly the unigram and the uniform distributions, for both NCE
and NEG on every task we tried including language modeling (not reported here).

2.3 Subsampling of Frequent Words

In very large corpora, the most frequent words can easily occur hundreds of millions of times (e.g.,
“in”, “the”, and “a”). Such words usually provide less information value than the rare words. For
example, while the Skip-gram model benefits from observing the co-occurrences of “France” and
“Paris”, it benefits much less from observing the frequent co-occurrences of “France” and “the”, as
nearly every word co-occurs frequently within a sentence with “the”. This idea can also be applied
in the opposite direction; the vector representations of frequent words do not change significantly
after training on several million examples.

To counter the imbalance between the rare and frequent words, we used a simple subsampling ap-
proach: each word wi in the training set is discarded with probability computed by the formula

P (wi) = 1−

!

t

f(wi)
(5)
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1. Prior probability: Some entities (i.e. Influenza) occur more
frequently than others in documents (i.e., the IIV3-011L gene).
Thus, these popular entities have a higher probability to re-
occur in other documents. In our work, the Prior Probabil-
ity [19] p(ei|m) estimates the probability of seeing an entity
with a given surface form. We select the top x entities as the
candidates to keep the popular candidates.

2. Context similarity: We select the top x entities ranked by
their context matching. For this purpose, we compute the co-
sine similarity between the entity-context embedding and the
Doc2Vec inferred surrounding context vector of the respec-
tive surface form.

3. Entity-topic similarity: If a document contains at least two
surface forms that have already been disambiguated (|Ed| >
1), we create a topic vector tv =

P
e2Ed

v(e), with v(e) de-
noting the entity embedding of e, and Ed is the set of already
disambiguated entities. In the following, we select those re-
maining candidates of each surface form where the cosine
similarity between the entity candidate embedding and tv ex-
ceeds the CandidateFilter threshold (cf. Section 1).

For all criteria we use x = 8, which is enough to capture the rel-
evant entity candidates. An experimental increase of x, results in
a negligibly higher recall of the candidate generation task, but sig-
nificantly decreases disambiguation performance.

5.2 Disambiguation Graph and PageRank
In our approach, we generate a disambiguation graph twice in or-

der to disambiguate high probability candidate entities and to per-
form abstaining. On this graph we perform a random walk and
determine the entity relevance which can be seen as the average
amount of its visits. The random walk is simulated by a PR al-
gorithm that permits edge weights and non-uniformly-distributed
random jumps [3, 31].

First, we create a complete, directed K-partite graph whose set
of nodes V is divided in K disjoint subsets V0, V1, ..., VK . K de-
notes the amount of surface forms and Vi is the set of generated
entity candidates {ei1, ..., ei|Vi|} for surface form mi. We define
m0 as pseudo surface form and use the subset V0 to represent the
topic node. More specific, the topic node e01 represents those enti-
ties which have already been disambiguated (Ed). Since our graph
is K-partite, there are only directed, weighted edges between en-
tity candidates that belong to different surface forms. Connecting
the entities that belong to the same surface form would be wrong
since the correct target entities of surface forms are determined by
the other surface forms’ entity candidates (coherence).

The edge weights in our graph represent entity transition prob-
abilities (ETP) which describe the likelihood to walk from a node
(entity) to the adjacent node. We compute these probabilities by
first computing the Transition Harmonic Mean (THM) between
two nodes. The THM is the harmonic mean between two nodes’
semantic similarity and the context similarity of the target entity
(cf. Equation 3).

The semantic similarity between two nodes is the cosine similar-
ity (cos) of the entities’ semantic embeddings (vectors) v(eia) and
v(ejv). The semantic embedding of our topic node e01 is the sum
of all entity embeddings in Ed (i.e. v(e01) =

P
e2Ed

v(e)). The
context similarity between the target entity ejb and the surrounding
context of its surface form mj is the cosine similarity of ejb’s entity-
context embedding cv(ejb), and the inferred surrounding context
vector cv(mj) of mj . In case, the target entity is our topic node
the context similarity equals 0. The ETB is computed by normaliz-

Time_Square New_York

New_York_City
e0
1

TS New Yorkm1 m2

Random Jumps
Entity Transition

Figure 1: Entity candidate graph with candidates for the sur-
face forms “TS” and “New York”.

ing the respective THM value (cf. Equation 4).

THM(eia, e
j
b) =

2 · cos(v(eia), v(ejb)) · cos(cv(e
j
b), cv(mj))

cos(v(eia), v(e
j
b)) + cos(cv(ejb), cv(mj))

(3)

ETP (eia, e
j
b) =

THM(eia, e
j
b)P

k2(V \Vi)
THM(eia, k)

(4)

Given the current graph, we additionally integrate a possibility to
jump from any node to any other node in the graph during the ran-
dom walk with probability ↵ = 0.1. Typical values for ↵ (accord-
ing to the original paper [31]) are in the range [0.1, 0.2]. We com-
pute a probability for each entity candidate being the next jump tar-
get. We employ the prior probability as jump probability for each
node (entity). The probability to jump to the topic node equals
0. Combining the prior probability and context similarity instead
leads to decreasing results of ⇡ 3 percentage points F1 on average.

Figure 1 shows a possible entity candidate graph of our intro-
ducing example. The surface form “TS” has only one entity candi-
date and consequently has already been linked to the entity “Time
Square”. The surface form “New York” is still ambiguous, provid-
ing two candidates. The topic node e01 comprises the already disam-
biguated surface form “Time Square”. We omit the edge weights
and jump probabilities in the figure to improve visualization.

After constructing the disambiguation graph, we apply the PR
algorithm and compute a relevance score for each entity candidate.
Depending on the disambiguation task, our approach decides which
entity candidate is the correct target entity or abstains if no appro-
priate candidate is available (cf. Algorithm 1).

6. EXPERIMENTAL SETUP
Our disambiguation algorithm is fully-implemented in Java and

is mainly embedded in our publicly available disambiguation sys-
tem DoSeR2 (Disambiguation of Semantic Resources) which is be-
ing developed continuously. For the Word2Vec and Doc2Vec al-
gorithms we chose Gensim [26], a robust and efficient framework
to realize unsupervised semantic modeling from plain text. Before
we report the disambiguation results in detail, we first describe the
preprocessing (which kind of entities, KB) in Section 6.1, impor-
tant parameter settings and evaluation measures in Section 6.2 and
9 test data sets in Section 6.3.

6.1 Preprocessing
Before our algorithm is able to disambiguate entities, we first

have to perform some preprocessing steps. First, we choose a KB

2https://github.com/quhfus/DoSeR

Approach 
1.  Preprocessing: Create semantic embedding per entity 

•  Word2Vec: word-level embedding  
•  Doc2Vec: paragraph level embedding 

2.  Generate candidate entities E through index lookup 
3.  Create a directed, weighted entity graph from all candidates 

I.  The weight is based on the mean of the 
•  word-level embedding similarity, i.e. word2vec(e1,e2) 
•  Paragraph-level embedding of entity with the surrounding  

context in the text of its surface form, i.e. doc2vec(e1,m1) 
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whose entities define our target entity set ⌦. In the context of this
work, we make use of the current version of DBpedia 2015-04
as entity data base, which reflects information from the last years
Wikipedia version. Overall, we extract ⇡ 4.1M entities (all entities
belonging to the owl:thing class) out of DBpedia that we would like
to disambiguate in our work.

Next, we select two entity-annotated document knowledge bases,
Wikipedia (⇡ 81M annotations) and Google Wikilinks Corpus3 (⇡
40M annotations), which serve as training data for our semantic en-
tity embeddings (Word2Vec). Since both KBs do not have a stan-
dardized format, we define a unified format for annotated entities
and parse the KBs to have them in the appropriate format.

In terms of the entity-context embeddings (Doc2Vec), we parse
each entity’s Wikipedia page and remove all Wikipedia syntax el-
ements and tables. The resulting natural-language texts serve as
input for the Doc2Vec algorithm.

In the next step, we learn entity embeddings and entity-context
embeddings with Word2Vec and Doc2Vec. To train the entity em-
beddings with Word2Vec, we define a feature space of d = 400
dimensions and employ the skip-gram architecture that performs
better with infrequent words [20]. In terms of Doc2Vec we use a
feature space of d = 1000 dimensions and employ the PV-DBOW
learning architecture. An experimental comparison between the ar-
chitectures and various settings for parameter d is presented in Sec-
tion 7.3. The Word2Vec training time takes ⇡ 90 minutes on our
personal computer with a 4x3.4GHz Intel Core i7 processor and 16
GB RAM (1 corpus iteration). The training time for Doc2Vec takes
⇡ 1 1/2 days since we performed 5 iterations overall.

In the next step, we create a disambiguation index with each en-
try (page) defining an entity. The index comprises the following
three crucial entity describing information which are relevant for
our disambiguation algorithm:

1. Labels: By default, we extract the rdfs:label attributes of
DBpedia and store them in a label field. We use the labels
to perform the candidate generation approach proposed by
Usbeck et al. [29] (cf. Section 5.1).

2. Surface Forms: We gather and generate surface forms from
DBpedia, Wikipedia as well as the Google Wikilinks corpus
and store them separately in a surface form field. Addition-
ally, we store the amount of occurrences how often a surface
form has been annotated with a specific entity to compute the
prior probability (cf. Section 5.1).

3. Semantic Entity Embeddings: We store the semantic em-
beddings created with Word2Vec and Doc2Vec in our index
to provide fast access.

Given these information, our algorithm is ready to accept docu-
ments for disambiguation. Our manually-constructed disambigua-
tion index is publicly available on GitHub page.

6.2 Parameters and Evaluation Measures
Our approach offers several parameters to tweak the disambigua-

tion results. We will only mention those that have the most impact
on the disambiguation results, but all parameters are listed on our
GitHub parameter page. In our algorithm, we always use the sur-
rounding context of 75 words, which denotes that 75 words before
and after the surface forms form the surrounding context. Further,
we use the Candidate Filter threshold � = 1.57 to achieve the
best disambiguation results. We always perform 75 iterations in
our PR steps, which is the best trade-off between performance and
accuracy in our experiments. By contrast, the PR jump probability

3https://code.google.com/p/wiki-links/

Table 1: Statistics of our test corpora
Data Set Topic #Doc. #Ent. Ent./Doc. Annotation

ACE2004 news 57 253 4.44 voting
AIDA TestB news/web 231 4458 19.40 voting
AQUAINT news 50 727 14.50 voting
DBpedia Spot. news 58 330 5.69 domain experts
MSNBC news 20 658 32.90 domain experts
N3-Reuters news 128 621 4.85 voting
IITB news/web 103 11245 109.01 domain experts
Microposts tweets 1165 1440 1.24 domain experts
N3-RSS 500 RSS-feeds 500 1000 2.00 domain experts

↵ varies across our PR applications. In algorithm Step 3 we use
alpha = 0.09 and in Step 4 we use alpha = 0.2 (cf. Section 5).

In the disambiguation step High Probability Candidate Disam-
biguation we use the parameter margin1 = 0.5 to create the dy-
namic threshold. Finally, we note that abstaining is disabled by
default (using a margin2 = �1 in Section 5). In Section 7.4, we
explicitly evaluate the quality of our abstaining mechanism with
margin2 = 0.3. Our parameters are empirically determined but
can be further optimized, which is not the object of our study.

In our evaluation, we use the well-known standard measures: re-
call ⇢, precision ⇡, F1 and accuracy a. Given the ground truth
G and the output of an entity disambiguation system O, in which
Gent and Oent are the sets of surface forms that link to entities,
and Gnil and Onil are the sets of surface forms that link to NIL
(G = Gent [Gnil, O = Oent [Onil, and |G| = |O|):

⇢ =
|Gent \Oent|

|Gent|
, ⇡ =

|Gent \Oent|
|Oent|

, F1 =
2 ⇤ ⇡ ⇤ ⇢
⇢+ ⇡

a =
|Gent \Oent|+ |Gnil \Onil|

|G|

6.3 Data Sets
An often occurring problem in evaluating entity disambiguation

systems is that authors often download available data sets and ig-
nore those entity ground truth annotations that are not available in
their underlying KB. Thus, results often slightly differ due to dif-
ferent data set queries across literature. To avoid this problem, the
authors of Roeder et al. [30] proposed GERBIL - General Entity
Annotator Benchmark, an easy-to-use platform for the agile com-
parison of annotators using multiple datasets and uniform measur-
ing approaches. Being a web-based platform it can be also used to
publish the disambiguation results. The reported results of our ap-
proach and competitive systems are based on the GERBIL platform
and, hence, serve as comparable results for future systems.

In the following, we present nine well-known and publicly avail-
able data sets which are integrated in GERBIL and are used in our
evaluation. All data sets provide different characteristics in form of
surface form frequency and length of surrounding context (cf. Ta-
ble 6.3). We evaluate our algorithm on all these data sets to demon-
strate the robustness across different documents/data sets.

1. ACE2004 This data set from Ratinov et al. [25] is a subset of
the ACE2004 coreference documents and contains 57 news
articles comprising 253 surface forms.

2. AIDA/CO-NLL-TestB The original AIDA data set [14] was
derived from the CO-NLL 2003 shared task and contains
1.393 news articles. Cornolti et al. [6] subdivided this corpus
into a training and two test corpora. The AIDA/CO-NLL-
TestB data set has 231 documents with 19.40 entities on aver-
age. We note that this data set comprises several table-similar
documents which mostly lack natural-language text.

Table 3: Comparing micro F1 values of DoSeR, DoSeR without Doc2Vec, the prior probability baseline as well as the publicly
available entity disambiguation systems Wikifier, Spotlight, AIDA, Babelfy and WAT on nine data sets.

Data Set DoSeR DoSeR
(-Doc2Vec)

PriorProb Wikifier Spotlight AIDA Babelfy WAT

ACE2004 0.907 0.872 0.831 0.834 0.713 0.815 0.561 0.800

AIDA/CONLL-TestB 0.784 0.754 0.661 0.777 0.593 0.774 0.592 0.843

AQUAINT 0.842 0.842 0.820 0.862 0.713 0.532 0.652 0.768

DBpedia Spotlight 0.810 0.775 0.745 0.797 0.789 0.508 0.522 0.652

MSNBC 0.911 0.876 0.711 0.851 0.511 0.782 0.607 0.777

N3-Reuters 0.850 0.810 0.700 0.703 0.577 0.596 0.534 0.644

IITB 0.741 0.738 0.711 0.766 0.447 0.270 0.470 0.611

Microposts-2014 Test 0.750 0.704 0.630 0.586 0.453 0.453 0.473 0.595

N3 RSS-500 0.751 0.713 0.678 0.732 0.622 0.716 0.630 0.682

Average 0.816 0.787 0.726 0.768 0.602 0.605 0.560 0.708

entity index. In this case, the F1 value drops from 0.82 to 0.77. In
an experiment where we disambiguate the original AIDA entities,
our system achieves a F1 value of ⇡ 0.84. Second, a more de-
tailed analysis of the surface forms’ textual context is necessary to
perform even better. Nevertheless, our algorithm outperforms the
other systems and also AIDA which was optimized on this data set.
Regarding the AQUAINT and IITB data set, Wikifier leads DoSeR
by 2 percentage points F1 on both data sets.

In summary, we state that our approach significantly outperforms
other publicly-available disambiguation approaches. Overall, our
approach disambiguates the entities highly accurate and attains state-
of-the-art or nearly state-of-the-art results on all nine data sets.
Hence, our approach is very well suited for all kinds of documents
available in the web (e.g. tweets, news documents, table-similar
documents). In terms of annotation performance, our approach an-
notates roughly as fast as the Wikifier and WAT annotation system
but is slower compared to DBpediaSpotlight and AIDA. The Ba-
belfy system is the slowest and takes too much time, especially for
the IITB data set. However, our system has the advantage to ac-
cept multiple queries in parallel, but is not yet optimized for high-
performance disambiguation.

7.2 Results Discussion
Comparing our results to those of other state-of-the-art approaches

that are not publicly-available is not an easy task. Reimplementing
the respective algorithms is not an absolutely fair method to com-
pare the approaches with our KB: Usually crucial implementation
details remain unknown in the original publications, since the focus
mostly lies on the algorithm instead of the implementation.

Anyhow, we use the work of Guo et al. [10] as an entry point
in the following. Their approach was exclusively evaluated and
optimized on the ACE2004, MSNBC and AQUAINT data sets on
which the authors achieve state-of-the-art results. A direct com-
parison of our results and the results of [10] shows that both works
perform equally well on the MSNBC data set. Furthermore, our ap-
proach performs better on the ACE2004 data set (0.906 vs. 0.877
F1) but loses on the AQUAINT data set (0.842 vs. 0.907 F1). The
problem with a pure number-based comparison, however, lies in the
uncertainty in the underlying KB used in the experiments. If the un-
derlying KB has a lower number of entities, the average likelihood
of a wrong disambiguation is also reduced. In order to compare
our algorithm with the approach in [10], we introduce the con-
cept of the Surface Form Ambiguity Degree (SFAD). The SFAD
is based on two assumptions: First, both approaches are able to
disambiguate all entities in the ground truth data set, i.e. the KB

covers the entities in the data sets and contains similar entity oc-
currences resulting from a given corpus (e.g. Wikipedia). Second,
the candidate entities retrieved from the KB contain the correct en-
tity, i.e. the error introduced by candidate selection is zero. Un-
der these assumptions, a varying prior probability of an entity de-
fines the degree of ambiguity, the SFAD, for that surface form. So
the SFAD describes how many entities are potentially relevant for
a specific surface form. Since our approach has a (significantly)
lower prior probability on these data sets (Guo - GuoPriorProb <
Doser - DoserPriorProb), the SFAD is higher, respectively (cf. Ta-
ble 4). In other words, our disambiguation index contains more
entities relevant for a surface form on average and hints that our
core-algorithm (without KB and candidate selection) is more ro-
bust than the approach from Guo et al. [10]. Another evidence is
that the authors reimplemented the approach used in Wikifier and
achieved significantly better results on their KB as we achieved
with GERBIL with Wikifier’s original KB. Guo et al. also report
disambiguation results of former, well-known state-of-the-art ap-
proaches (e.g. Cucerzan [7], Han et al. [12], Glow [25]), but we do
not discuss the results in detail because all these approaches per-
form worse than Wikifier and the approach of Guo et al.

Considering the IITB data set, the system by Han et al. [11] per-
forms best with a Micro-F1 value of 0.80. The authors did not
evaluate their system on other data sets. However, their topic model
approach is fully-trained on Wikipedia and takes all words into ac-
count. Since, the IITB data set consists of long documents very
similar to those in Wikipedia, the system performs best on it.

In 2014, the Micropost2014-Test data set was created in the con-
text of the workshop challenge Making Sense of Microposts [2].
The best system in the workshop was proposed by Microsoft which
attained a Micro-F1 value of 0.70. To the best of our knowledge,
this has been the best disambiguation approach on this data set so
far, but is outperformed by our approach by ⇡5 percentage points.

Considering the AIDA/CONLL-TestB data set, the current state-
of-the-art approach has been presented by Huang et al. [15] in 2015
and attains a Micro-F1 value of 0.866. Similar to our approach, the
authors learn semantic embeddings with a deep neuronal network
approach from DBpedia and Wikipedia (but not with Word2Vec
and Doc2Vec). Again, the approach was only evaluated on the
AIDA/CONLL-TestB data set as well as on a tweet data set. How-
ever, experiments show that we can also further improve our results
on this data set to a Micro-F1 value of 0.850 by (i) reducing entity
candidates (lower SFAD), (ii) training the semantic embeddings on
DBpedia instead of Wikipedia and (iii) using an older entity index

à Semantic Embeddings significantly improve the accuracy !



Project 1: EEXCESS !
Visualising Search Results and Query Navigation 

Support!
Includes: Two new visualisation: FacetScape and Query Crumbs



EEXCESS: Visualising Search Results!
Research Question 
Can we provide a better overview over facets of a query?!

!
!

Approach 
1.  AW Power Voronoi!
2.  Tag Layout!
3.  Interactions (Zoom, Remove, Filter)!
4.  Comparative user eval!

Christin Seifert, Johannes Jurgovsky, and Michael Granitzer. “FacetScape: A Visualization for Exploring the Search 
Space”. In: Proc. International Conference on Information Visualization (IV). BEST PAPER AWARD!



EEXCESS: Support Query Navigation!
Research Question 
How can we support re-querying and backtracking?!

!

Approach 

1.  Developed query history model 

2.  Bread-crumb like mini-visualisation 

•  Query similarity (binary, percentage, detailed) 

3.  Formative user evaluation 
•  Understandable without explanation 
•  Usable without explanation 
•  Uptake (60% voluntarily choose to use the vis) 

!

!
!
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Project 1: EEXCESS !
Resource Efficient Text Mining on Web-Clients!

Includes: Analyse the reduction of word embeddings
Excludes: software development



EEXCESS: Resource Efficient Text Mining 
on Web-Clients!

Research Question 
Given the success of word-embeddings (i.e. word2vec), can we reduce their size in 
order to use them in low-memory environments  (i.e. Java Script client) 
Approach 
•  Analyse the effect of different pruning strategies on word embeddings 

 
 

d
|V|

Bits

d
|V|

Bits

Pruning Truncation

d
|V|

Transformation

PCA

d’
|V|

Bits

Jurgovsky, J.; Granitzer, M. & Seifert, C. Evaluating Memory Efficiency and Robustness of Word Embedding Proc. of European Conference on 
Information Retrieval (ECIR), 2016!



EEXCESS: Resource Efficient Text Mining 
on Web-Clients!

Research Question 
Given the success of word-embeddings (i.e. word2vec), can we reduce their size in 
order to use them in low-memory environments  (i.e. Java Script client) 

Results 
 

Jurgovsky, J.; Granitzer, M. & Seifert, C. Evaluating Memory Efficiency and Robustness of Word Embedding Proc. of European Conference on 
Information Retrieval (ECIR), 2016!

(a) PCA (b) Pruning (c) Bit-Truncation

Fig. 2: Mean relative loss of embeddings after (a) PCA: percentage of re-
moved dimensions, (b) Pruning: percentage of removed parameters and (c) Bit-
Truncation: remaining Bits. Scores on the QVEC datasets are not shown for
PCA since they are not comparable across di↵erent word vector sizes.

the Skip-Gram word embeddings are most robust against post-processing with
resolution-based Bit-Truncation and the dimensionality-based PCA-reduction.

5.2 Memory E�ciency

The percentage of reduction achieved by PCA is directly proportional to mem-
ory savings induced by the smaller number of dimensions. There, the sweet spot
is task-dependent and the relative reduction can be rather high before word
vector quality su↵ers a loss. In contrast, the number of pruned values is not
directly proportional to memory savings, since the coding of sparse matrices
requires additional memory. For instance, the row compressed storage method
[17] has, without further assumptions about the shape of the matrix, a mem-
ory complexity of O(3k), where k is the number of non-zero elements in the
sparse matrix. Thus, the pruning method would only start to pay o↵ in terms of
memory consumption above a pruning level of 2

3 , which would result in serious
quality-loss. Finally, post-processing the embedding matrix with Bit-Truncation
does not cause any loss on any of the evaluated datasets up to 75% reduction
(24Bit). For resolutions below r = 28, all evaluated datasets respond to the low-
precision embeddings with abruptly increasing loss.
Figure 3 shows that higher-dimensional embeddings (d = 500) can be reduced
more aggressively than lower-dimensional ones before reaching the same level
of relative loss. Since a similar behavior holds on all tasks (not shown due to
space constraints), the observation is two-fold: First, it suggests that, the higher-
dimensional the embedding space is, the more non-zero parameters there are and
the higher their resolution is, the more redundant is the information that is cap-
tured in the embeddings. Secondly, the consistency across dimensionality-based
and parameter-based methods indicates that neither the number of dimensions

Datasets/Tasks:!
•  wa, and QVEC for word anal

ogy task!
•  WordSim353 and MEN for w

ord similarity!
!
Averaged over dimensionalities 
are 50, 100, 150, 300, 500!
!



EEXCESS: Resource Efficient Text Mining 
on Web-Clients!

Research Question 
Given the success of word-embeddings (i.e. word2vec), can we reduce their size in 
order to use them in low-memory environments  (i.e. Java Script client) 
 
Results for different dimensionalities 

 
 

Jurgovsky, J.; Granitzer, M. & Seifert, C. Evaluating Memory Efficiency and Robustness of Word Embedding Proc. of European Conference on 
Information Retrieval (ECIR), 2016!

10 Robustness and Memory-E�ciency of Embeddings

more aggressively than lower-dimensional ones before reaching the same level
of relative loss. Since a similar behavior holds on all tasks (not shown due to
space constraints), the observation is two-fold: First, it suggests that, the higher-
dimensional the embedding space is, the more non-zero parameters there are and
the higher their resolution is, the more redundant is the information that is cap-
tured in the embeddings. Secondly, the consistency across dimensionality-based
and parameter-based methods indicates that neither the number of dimensions
or parameters nor the continuous values alone but the number of distinguishable
regions in embedding space is crucial for accurate word embeddings.

(a) PCA (b) Pruning (c) Truncation

Fig. 3: Relative loss of embeddings on the syntactic word analogy dataset (wa-
syn) after PCA (a), Pruning (b) and Bit-Truncation (c).

With a su�ciently large Bit-resolution the accuracy of all embedding sizes
approximates the same accuracy level as with continous values. Thus, we can
confirm the finding in [12] also for Skip-Gram embeddings: The same accuracy
can be achieved with discretized values at su�ciently large resolutions. Addi-
tionally, we state that this observation not only holds for cosine-similarity on
word relatedness tasks but also for vector arithmetic on the word analogy task
and for QVEC on the linguistic properties task.
To summarize, Skip-Gram word embeddings can be stored more e�ciently using
a post-processing method that reduces the number of distinguishable regions
R> = (2B)d in embedding space. Pruning does so by producing increasingly
large zero-valued regions around each coordinate axis (2B � const.). PCA does
so by mapping the word vectors into an embedding space with fewer dimensions
d̂ < d. And Bit-Truncation directly lowers the resolution of each coordinate by
constraining the Bit-resolution B̂ < B.

6 Discussion

Memory e�ciency: If an application can take a loss in word vector accuracy
in favor of memory or transmission times, Skip-Gram embeddings can be re-



EEXCESS: Resource Efficient Text Mining 
on Web-Clients!

Research Question 
Given the success of word-embeddings (i.e. word2vec), can we reduce their size in 
order to use them in low-memory environments  (i.e. Java Script client) 
 
Same idea, but different Learning Approach and Task 
•  Train Recursive Autoencoder and Convolutional 

Neural Networks for Sentiment Classification 
•  Note: Embeddings are trained implicitly 
•  Logistic Regression Layer as Decision Layer 

•  Prune the embeddings by removing weights with 
low absolute value 

•  Observe changes in accuracy 
à  Accuracy drop after  

à  90% for CNN  
à  80% for RAE  

 

 
 

by the modified phrase representations (not shown in the figure). In case of the
CNN, even if we removed up to 95% of all model parameters, the representations
seem to preserve enough information about the inputs to be classified correctly
with 76% accuracy.
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Fig. 1. Binary sentiment polarity classification
accuracy of Logistic Regression. Underlying
sentence representations were extracted with
pruned versions of CNN or RAE at di↵erent
pruning levels.

Small weight values only have
modest impact on the net input
of neurons in the network. Ac-
cordingly, a neuron’s output does
not change much in its activation
with respect to changes in the in-
puts that are received from low-
weight connections. In a neural
network there are typically many
settings of weights that could po-
tentially model the dataset quite
well - especially for small datasets
and lots of parameters, like in our
case.
The drop in the CNN’s accu-
racy is rather small for prun-
ing levels below 95%, when it
starts decreasing rapidly. With
max-pooling, one essentially sam-
ples a particular instance from the
set of potential network architectures which have the same weights (the one
where only the neuron with maximum activation is included in the computation
graph). Since the input weights of neurons in a convolutional layer are shared,
pruning small weights, in many cases, does not change the selection of a neu-
ron after applying the max-operation. Thus, the CNN’s particular architecture
to which the model converged to after training, is mostly una↵ected by many
settings of pruned weights.

5 Conclusion

We presented a comparison of the Semi-Supervised Recursive Autoencoder and
a Convolutional Neural Network and evaluated the capability of both networks
to extract sentence representations. From our experiments we conclude that a
very simple CNN architecture with only one convolution and pooling layer can
be as e↵ective as the SRAE for sentiment polarity classification of sentences. We
showed that word embeddings trained with the Skip-Gram language model on
a corpus of subjective text does not significantly improve classification perfor-
mance on this sentiment analysis task. A pruning experiment revealed that in
both neural phrase models up to 81% of all parameters can be omitted without
causing a major impact on the learned phrase representations. This might point
towards more e�cient training methods for neural networks.

J. Jurgovsky and M. Granitzer, “Comparing Recursive Autoencoder and Convolutional Network for Phrase-Level Sentiment Polarity Classification,” in 
Natural Language Processing and Information Systems, C. Biemann, S. Handschuh, A. Freitas, F. Meziane, and E. Métais, Eds. Springer 
International Publishing, 2015, pp. 160–166.!



Project 1: EEXCESS !
Privacy Preserving Querying!

Only a brief overview. Joint work with INSA Lyon (and most parts have been 
developed there)



EEXCESS: Privacy Preserving Querying!
Research Question 
How can we avoid that a search engine profiles their users?!
Approach 

Develop a new protocol based realized  
through an proxy server consisting  
of two components 

1.  Unlinkability: Avoid linking the 
query itself to the user id 
•  Encrypt query + key to encrypt  

results 
•  User-id and encrypted query  

processed by different services 

2.  Indistinguishability: Hide the true  
query from the search engine 
•  Assume Boolean Queries 
•  Generate fake queries 
•  OR fake queries with  

real query 
•  Filter OR results based 

on title 

!

!
!

Petit, A.; Cerqueus, T.; Ben Mokhtar, S.; Brunie, L.; Kosch, H., "PEAS: Private, Efficient and Accurate Web Search," in Trustcom/BigDataSE/ISPA, 
2015 IEEE , vol.1, no., pp.571-580, 20-22 Aug. 2015!



EEXCESS: Privacy Preserving Querying!
Research Question 
How can we avoid that a search engine profiles their users?!

Results 
•  2 Attacks based resp. on machine learning and term similarity
•  3 concurrent methods of privacy-preserving Web search (GooPIR,TrackMeNot,TOR)
•  Dataset: 343,548 queries from 300 active users - AOL search logs
•  Metrics: percentage of queries de-anonymised vs. accuracy of results 

•  Accuracy measured in # of rank 
differences between original and  
reconstructed results

!

!
!
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EEXCESS – Follow Ups!
Zero-effort Querying for Digital Libraries 
•  In-depth writing style analysis of paragraphs 

•  Learning boolean queries 

Representational Learning 
•  Learning feature representations instead of feature engineering 

•  Study semantic embeddings on different kinds of data 

•  Networks 

•  Time Series Data 

Deep Learning for Media Analysis 

•  How powerful are deep learning methods? 

•  Efficiency? 

•  Applicability with small number of datasets? 



Project 2: CODE!
FP 7 IP, 4Partners, Scientific Coordinator, finished



CODE - Goal!

Improve access to facts from scientific literature

•  Extract facts from PDFs
•  Link those facts to the Linked Open Data Cloud
•  Provide decentralised, usable search interfaces
•  Provide visual analysis tools for linked data
•  Crowd-based quality control  

Why?
•  “Improvements that don’t add up” 

Armstrong et. al. 2009 

•  “Why most research results are false” 
Ioannidis, 2005



Extracting Facts from Research 
Publications!

Clustering!

Fact !
Extraction!

Disambiguation!

Type Inference!

Search!

Our Work in the Project!



Column Type Inference!
Given: 

•  Table Column: header as type + data in cells (l1 … li)

•  Knowledge Base: Set of Entities (E) + Typehierarchie(T)

Goal: Link Columns to Entity 

Approach:

S. Zwicklbauer, C. Einsiedler, M. Granitzer, and C. Seifert, “Towards Disambiguating Web Tables,” in Proceedings of the International Semantic Web 
Conference 2013 (ISWC 2013), 2013, p. (Poster).!



Column Type Inference!
Results:

•  DBPedia as Knowledge Base (rdf:type, dc:terms)

•  50 Tables from Wikipedia (according to prior work of Limaye et al.)

•  132 columns, 10-232 rows.

•  Manual annotation of columns (2.5 annotations per column header)

•  169 rdf:type

•  169 dc:terms

S. Zwicklbauer, C. Einsiedler, M. Granitzer, and C. Seifert, “Towards Disambiguating Web Tables,” in Proceedings of the International Semantic Web 
Conference 2013 (ISWC 2013), 2013, p. (Poster).!

4 Zwicklbauer et al.
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Fig. 2. Performance depending on number of cells. Showing mean and standard devi-
ation over 10 runs, and maximum F1 value (using all cells).

5 Conclusion and Future Work

We proposed an algorithm to annotate table headers with semantics based on the
types of the column’s cells. We achieved similar accuracy as previous work with
more complex methods. We expect the reason for the comparable performance
to be the knowledge base with more exhaustive and qualitative annotations.
From our experiments it seems reasonable to use only a small number of cells
for annotating the header (20 cells lead to 94% of the total achievable accuracy)
if performance is an issue. We plan to exploit more relational knowledge (e.g.
same-as) to further improve the annotations.

Acknowledgements. The presented work was developed within the CODE project

funded by the EU Seventh Framework Programme, grant agreement number 296150.
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Fig. 1. Annotation process. 1) Cell labels are disambiguated to entity candidates. 2)
Types of entity candidates are determined. 3) Type information is aggregated to de-
termine the header type candidates.

Table 1. Performance for di↵erent cell annotation methods and type vocabularies.
Reporting macro-averaged precision ⇡, recall ⇢, F1.

Vocabulary ⇡M ⇢M FM
1

Rdf-Type 0.24 0.22 0.23
DublinCore 0.59 0.51 0.55
Rdf-Type + DublinCore 0.64 0.27 0.38

including all tables mentioned in Limaye et al. [2]. We removed all columns con-
taining numbers or complete sentences.2 The number of columns amounts to 132,
the number of rows varies from 10 to 232 (average 54.1). We manually annotated
the tables’ columns yielding a total of 329 type annotations, 169 rdf:type and
160 dcterms:subject, averaging to 2.49 annotations per column header.

Overall Performance. We assessed the overall performance on the complete data
set. Table 1 shows the results for three di↵erent type vocabularies (using Rdf-
Type relations only, using DublinCore subjects only, or using both). In terms of
precision the combined vocabulary performs best (0.64), however only slightly
better than using DublinCore subjects only (0.59), whereas Rdf-type annotations
are worst (0.24). For the combined approach, F1 is low due to the low recall,
which is because we have more correct results in the ground-truth but consider
only the best result in the evaluation.

Table Length. In a second experiment we assessed the influence of the number
of cells on the accuracy of table header disambiguation. From all 192 columns
we randomly selected k cells for the cell-entity annotation step and assessed
the header disambiguation accuracy using the DublinCore vocabulary. We re-
peated the experiment 10 times with di↵erent randomly selected cells for each
k 2 {1, 2, ..7, 8, 10, 12, 15, 20}. Figure 2 shows precision, recall and F1 measure
averaged over all runs. As expected for small numbers of cells the performance
increases significantly when adding one more cell (e.g. from 3 to 4 cells the F1

measure increases from 0.27 to 0.35 a growth of 26%). For larger numbers of
cells there is less information gain by adding one more cell resulting in smaller
increases in performance (all below 10%). Using 20 cells results in F1 of 0.514,
which is 94% of the F1 achieved with all cells (0.547).

2 The data set is available at https://github.com/quhfus/table-disambiguation



Discovering and Merging RDF Data 
Cubes!

RDF Data Cube

•  Semantic Web Format for representing statistical data (i.e. OLAP Cubes)

•  Dimensions, Measures and Attributes

Given: RDF Data Cubes residing in decentralised repositories

Goal: Discover similar data cubes that can be merged 

•  E.g. Cube1: Census Uni Passau + Cube 2: Census Uni Weimar

S. Bayerl and M. Granitzer, “bacon: Linked Data Integration based on the RDF Data Cube Vocabulary,” in Proceedings of the 5th International 
Conference on Web Intelligence, Mining and Semantics - WIMS ’15, 2015!

vocabulary and describe the necessary structural enhance-
ments and adaptions. Following this, the actual approach
(section 4) will be presented. The evaluation section 5 judges
the performance and robustness of the current implementa-
tion. Section 6 will give an overview over the related work,
considering Data Integration on relational and linked data.
Finally, the findings are in section 7.

2. PROBLEM SETTING
Interlinking data is the last step of the deployment schema

for Open Data4. Schema and data can be interlinked to
provide additional context information fostering interoper-
ability. Here, Linked Data Integration means that datasets
are not only interlinked but the data is merged into a single
dataset. This work is limited to the integration of statistical
data that is structured in a multi-dimensional data model.
To be able to work with homogeneous datasets, only cubes
compliant to the RDF Data Cube Vocabulary are consid-
ered. An essential part of the problem setting is the discov-
erability of the cubes. In a basic use-case, the user is looking
for suitable cubes in a local repository. For that purpose, the
cubes must be identified as such and also a metric must be
defined to measure suitability. This approach is not limited
to the local repository, but can be applied to the LOD Cloud
to discover cubes stored in remote endpoints. Relevant but
unknown information can now be discovered, by making the
cubes comparable. Given a set of cubes, compliant to the
descriptions in section 3, the core problem setting is how
to merge these graph-based datasets into a single homoge-
neous cube. This can enable further analysis or visualiza-
tions, what is not part of the problem setting in this con-
text. The integration task is similar to the Data Integration
step in the Data Warehousing process. In general, similar
problems have to be solved but in respect to di↵erent data
structures. At first, a target schema must be generated. Fol-
lowing, the data must be loaded from di↵erent sources and
transformed into the target format. While integrating the
data, key integrity must be maintained, while conflicts like
duplicates must be handled. To be able to apply the merg-
ing process to cubes using the RDF Data Cube Vocabulary,
the following essential problems must be tackled:

1. Modify the structure of the input cubes to fit the struc-
ture of the resulting cube (Integration on schema level).

2. Detect and handle duplicate observations and there-
fore maintain the global key integrity. This makes it
necessary to develop an update strategy (Integration
on instance level).

While corresponding Data-Warehousing algorithms can
be reused in the context of merging Linked Data, the nature
of Linked Data causes additional research questions, e.g. the
equality of values cannot be simply inferred by comparing
literal but e.g. same-as relationships of resources must be
considered.

3. CUBE VOCABULARY
The primary use of the RDF Data Cube Vocabulary [4]

is the sharing and publishing of multi-dimensional data us-
ing the W3C Resource Description Framework [5]. This vo-
cabulary provides a structure to describe numerical facts
4
http://5stardata.info/

and dimensions, similar to the OLAP cubes, known from
Data-Warehousing systems. Using this W3C Recommenda-
tion brings advantages besides providing an open standard-
ized data format. This implementation utilizes a subset of
the available concepts from the vocabulary. An exemplary
graphical representation of a complete cube can be found
within the github project5.
Basically, a valid data cube, which is a multi-dimensional

data structure, consists of a dataset structure definition and
a set of observations compliant to the structure. The struc-
ture definition describes which dimensions and facts are avail-
able using labels and URIs. For example the number of sales
can be stored together with the dimensions, location, time
and product. An observation is a data instance, applica-
ble to the structure definition. Such a cube is therefore the
Linked Data equivalent to the schema definitions and the
data rows in a traditional Data Warehouse.
Originally, the rdfs:range definition of a dimension prop-

erty can point to an arbitrary concept or literal type. To
normalize this behavior, the generic concept entity was in-
troduced. An entity then always provides a rdfs:label and
additionally the disambiguated concept for this resource.
Therefore, it is possible not only to provide the dimension
value as a label, but also to name an optional disambiguated
resource for the label.
Additional properties are introduced to normalize the set

of metadata stored with the cube. The RDF Data Cube
Vocabulary does not necessarily mention these properties
but they can be subsumed as metadata. Therefore, infor-
mation specific to the merging process can be stored with
the cubes. To model the provenance informations, concepts
from the W3C Recommendation: The PROV Ontology [7]
are reused with the prefix prov.

4. APPROACH
In section 2 a set of problems have been described, which

must be tackled to be able to implement a sophisticated
Linked Data Integration prototype. This section will ex-
plain, how these tasks are solved and implemented in the
research prototype.

Discover
cube 2

Merge
cubes

Persist cube 1+2

Set of 
available 

cubes

cube 1
Modify 

structure

Figure 1: Merge two cubes with similar structure

For a quick overview, the essential high level workflow is
depicted in figure 1. After selecting a first cube, the user can
select a second cube from the set of already discovered cubes.
Discovering unknown cubes is part of a separate workflow.
The list of cubes is ordered by the similarity to the input
cube. This similarity is computed by comparing the dataset
structure definitions of the cubes. This similarity function,
used for ranking the cubes, is described in detail in subsec-
tion 4.1. In general, cubes are merged by identifying their
common structure and integrating their data into the target
5
https://raw.githubusercontent.com/bayerls/bacon/

master/cube.jpg



Discovering and Merging RDF Data 
Cubes!

Approach

2. Measures to compare cube components

•  TFIDF, Word2Vec,  Label Similarity, Graph Distance, Concept Similarity

3. Estimate Mergability Value

•  Average, Maximum

•  Bi-partite Graph Matching for  
finding optimal pairs

Preliminary Results

•  3 Cubes out of 69 manually annotated cubes

•  Best solution: Word2Vec + Concept Similarity with Bi-partite Graph Matching 

•  Large Variance

Generally spoken, the more similar the structure definitions of the cubes are,
the easier is the merging process. Considering this fact, cubes can be ordered
with respect to the easy of mergability. Finding suitable approaches that approx-
imate these aspects can be used in the cube discovery process. Approximation
is necessary, because cube merging is a semi-automatic process with semantic
properties.

3.2 Workflow

Figure 2 shows the abstract high-level workflow. In the first step, the user must
be enabled to choose a data cube (1.), which is the basis for the ranking process.
Therefore, a curated test set and also a crawl all publicly available cubes are
provided. More information can be found in section 4. A cube can be found
with a full-text search, comprising labels and descriptions of the structure and
the observations. Subsequent, one can select multiple weighted measures (2.),
which are used for the component-based cube comparison (see section 3.3 for
details). This process produces a matrix of values, which holds the similarity of
the cubes’ components. There are di↵erent approaches to aggregate this matrix
into a single value and an optional component mapping, which can be selected
in the next step (3.). Now all available cubes can be ranked according to the
selected algorithms. After the ranking process, the user is presented with the
top-k cubes.

1. Select cube c1
A: set of 
available 

cubes

2. select measure 3. select matrix 
aggregation

B: c1
C: top k 
ranked 
cubes

4. compute 
ranking

Fig. 2. Cube discovery workflow

3.3 Component-based measures

In the following, the algorithms are presented, that are used to find relations
between data cubes. The approaches are based on the structure of the cubes,
particularly the labels and disambiguated concepts of the dimensions and mea-
sures.

Label similarity Two dimensions can be related by comparing their labels. An
equality test is trivial to implement and is a strong indicator, but this approach
is not very robust, if there are small deviations in the labels. Using basic string

3 Approach

The problem setting is approached by developing a workflow, that predicts the
mergability of data cubes by comparing their properties and indicates it as a
numerical mergability value.

This approach considers only valid data cubes with regard to structure and
content. Finding and handling faulty cubes is not within the scope of this work
and is implemented as an independent pre-step. Thus the workflow can assume,
that relevant properties are available and accurate.

Merging cubes is a complex multilayered problem and often requires manual
interaction to maintain semantic correctness of the data [4]. Therefore, this fully
automated approach tries not to solve these problems, but approximates the
result by computing a mergability value. This value incorporates information
about how related and how suitable the cubes are for the merging process.

The approach in this work, mainly utilizes the structure definitions of the
cubes to predict the mergability value. On the one hand, they provide funda-
mental information about the data and define the minimal requirements for the
merging process. On the other hand, this is the most direct way to access and
benefit from the underlying semantic concepts of the data structure.

Therefore, the mergability of RDF data cubes can be computed by comparing
the respective structure definitions. The pairwise comparison of the components
generates a matrix of values. This matrix provides information, for example sim-
ilarity or relatedness, about every possible component combination depending
on the used algorithm. In the next step a component mapping and a single mer-
gability value can be derived from this matrix. Using this value, the ranking of
data cubes is reduced to the comparison of numerical values.

C2
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M1

D1

D2

D4D1 D3 M2

1 0.3 0.1 0

0.5 0.2 0.9 0.1

0.1 0.3 0.1 0.8

0.9

Mergability Value:

Fig. 1. Value matrix and the mergability value

Figure 1 illustrates the value matrix for the cubes cu1 and cu2. The dimen-
sions and values are hereby indicated on the axis. The figure also presents a
potential mapping based in the highest values and a derived mergability value.

The following subsections will explain these steps and the algorithms in more
detail.



Linked Data Query Wizard!

Problem: Data Quality in the LOD!



Web-based Visualisation!



CODE - Reflection!
•  Extraction Quality: Some additional steps in 

extracting facts, but lacking quality yields to low 
usability

•  Data Quality: Small parts of the LOD are OK, the rest 
has extremely low quality. I doubt future uptake.

•  Search for Research Facts: Still interesting topic, but 
low uptake due to low LOD quality

•  Crowd based Quality control: Missing motivation in 
our scenario. Could not identify a concrete use-case + 
missing ambitions from our partner to go beyond 
standard business



CODE – Possible Follow Ups!
Fact Extraction from Scientific Literature
•  Still unsolved. Needs stronger recognition methods (e.g. Deep Nets)

•  Impact dimishing over the next years

•  Newer publications > older publications

•  Research data (+ more semantics) to be published with articles in future

Integrating (Linked) Open Data into Data Mining Processes
•  E.g. Weather data in predicting customer behavior

•  More focus on machine learning algorithms

•  Augment the data set

•  Optimize models:

•  Specialised Kernels

•  Topology selection in Neural Networks



Other Projects Overview!



Credit Card Fraud Detection!
Feature Engineering
•  Primary Attributes: Date, Time, Amount, Currency….
•  Derived Features to aggregate user behaviour: Avg. Amount, Transactions/Day …

Machine Learning Algorithm
•  RF>NNet, SVM, LR
•  Data set selection as crucial property
•  Non-stationary models, unbalanced data sets, incremental learning

Questions
•  Can we integrate new features from Linked (Open) Data sources automatically to improve 

CCRD performance?
•  How does Deep Learning compare in terms of accuracy to current ML Algorithms?
•  Can Deep Neural Networks work in near real time settings for training and testing?
•  How can users/engineers understand decisions taken and their impact?



Analyse Navigation Behaviour in Information 
Networks!

Research Goal 
•  Agents navigate in an Information Network (i.e. Wikipedia) based on hierarchical 

background knowledge (in terms of nodes in the network) 
•  Find the optimal hierarchy of nodes using genetic algorithms 

Approach 
•  Develop recombination mechanisms for trees and according fitness functions 
•  Study the best hierarchies 
 

(a) The good (b) The bad (c) The ugly

Fig. 7. Three Wikipedia hierarchies of different quality. Subfigure (a) shows the best hierarchy created by our experiments, with a global stretch of 8.54. In
subfigure (b) the global stretch is slightly lower (11.97). A subtree splitting off from the navigational core can be observed. The last hierarchy has a global
stretch value of 22.35. A very linear structure is already clearly noticeable.

Analyzing the compactness of the hierarchies, in terms of
their diameter, for both networks we found nearly identical, but
high median values (⇡ 75). Compared to the diameters of the
underlying networks (Wikipedia: 5, Facebook: 8), this poses a
drastic increase. To estimate how the diameter is reflected in
the structure of the hierarchies, we analyzed the distribution of
nodes around the most central navigational hub. We found a
notably amount of nodes being situated far away of the central
nodes. With this in mind, the high diameter is unlikely to be
caused by single linear branches leading away from the core
of the hierarchy. Instead, an overall widespread structure can
be assumed.

2) Comparing the Good, the Bad and the Ugly: Calling
to mind table I, the linear structure of the starting population
is obviously a degrading factor for the quality of hierarchies.
Apart from this extreme, knowledge about the subtle differ-
ences distinguishing the best solutions from the second best
might be of use. Either for manually improving hierarchies or
estimating their optimality. To this end, we also examined the
worst hierarchies of the last generation of our experimental
runs.

Starting off by comparing the distribution of node degrees,
no differences between good and bad hierarchies can be
detected. A major difference, however, can be observed for the
number of navigational hubs. While the navigational core of
good hierarchies (figure 7a) is composed of very few dominant
navigational hubs as well as some nodes of lower betweenness
centrality, the core of bad hierarchies is distributed amongst a
much larger set of nodes, skewed towards lower centrality.
As discussed in the last section, this distribution and the lack
of a specific central node are likely to introduce a separation
of parts of the hierarchy (figures 7b and 7c). Consequently,
for bad hierarchies a much higher spread, reflected by large
average diameters, can be recognized. These observations
suggest that the distribution of navigational hubs can be used
as an indicator for the quality of navigational hierarchies.
Condensed navigational cores of only few nodes with very
high average betweenness centrality are beneficial. On the
other hand, numerous nodes of mediocre centrality introduce
linearity, which has been shown to be fatal.

C. Comparing the Fitness Functions

As the basis of comparison of our fitness functions, we
chose one of the experimental runs in which the local tree
fitness had been applied. In particular, we considered the run
which created the best of all hierarchies with regard to local
tree fitness. Throughout the evolutionary process of this run
3588 hierarchies were created. To get a comparable data set,
we additionally calculated the global stretch for all of them.
Analyzing this data, we first found the values of both fitness
functions to highly and significantly correlate (r = �0.52,
p < 2.2 · 10�16). Interpreting the correlation, care has to be
taken. Both fitness functions indicate improvement in opposite
directions. Therefore, the negative correlation of the fitness
values corresponds to a positive correlation of the quality of
the generated hierarchies. This result confirms that our quality
criteria are likely to be interchangeable and, on the long run,
should lead to the same hierarchies.

VII. CONCLUSION

With the size and importance of information networks
growing constantly, also the necessity for retaining efficient
navigation arises. Inspired by human example, our work
focuses on network hierarchies used as means for efficient
navigation. Consequently, we offer a method for the creation of
optimized navigation hierarchies based on genetic algorithms.
Although ultimate optimality is unlikely to be reached by a
heuristic approach, the hierarchies created for an informational
as well as a social network look promising. Good hierarchies
of both networks share structural properties. They possess
a similar degree distribution which becomes manifest in a
large number of leaf nodes, accompanied by a few hubs.
Additionally, the navigational core of good hierarchies consists
of a few, extraordinary navigational hubs. From this core,
a rather homogenous network of nodes emerges, leading to
hierarchies more widespread than their respective underlying
networks.

By integration in user interfaces or back-ends these op-
timized navigation hierarchies might be valuable for guiding
human navigation. Especially in early stages of a search, they
can offer additional structural information about the network,



Hypervideos for Knowledge Transfer!
Knowledge transfer for manual tasks using hypervideos 
and 2nd Screens (e.g. mobile phones)



Thanks for your attention. Questions?


