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ABSTRACT - Conversational robots can be used in several contexts, one of them being language cafés. This setting demands
that the robot in question can converse on many different subjects and move between them smoothly. For this to be possible one
needs to generate many questions on a range of subjects and find a way of moving from one subject to another. This work aims
to do this by generating questions using a template framework and navigating between them using clustering, a scalable solution
which is adapted to language café settings. The general value of language cafés and their role in a language learning process is also
discussed.

SAMMANFATTNING - Konversationsrobotar kan användas i många olika miljöer, där en av dem är språkcaféer. Denna miljö
ställer krav på roboten att den kan föra ett samtal kring många olika ämnen och även byta ämne smidigt. För att kunna göra
detta behöver man generera många frågor som handlar om många olika ämnen och även hitta ett sätt att byta från ett ämnne
till ett annat. Detta arbete ämnar göra detta genom att använda ett mall-ramverk för att generera frågor och klustring för att
navigera mellan dem, en skalbar lösning som är anpassad för språkcafémiljöer. Det generella värdet av språkcaféer och deras roll
i en språkinlärningsprocess diskuteras också.

I. INTRODUCTION

A. Background

1) Area of study

HUMAN communication through face-to-face conversa-
tions is not only of social and emotional importance but

also a means to gain greater knowledge of the subject and the
spoken language itself.

Language cafés (LC) hold an important role with regards
to the second aspect. As the name suggests, the primary
function of a LC is to improve the spoken language skills of its
participants. However, this is also what causes the mismatch
between the number of native speakers of the actual language
and the much larger number of people who wish to learn
that language, as the motivation to participate in a LC is
much stronger in the second group than in first group. This
imbalance is even more obvious in immigrant communities
and asylum residences according to J. Lopes et al [10].

A potential solution to the shortage of native language
speakers at LCs is to use robots or Artificial Intelligence
(AI). As the cost for both robots and AI is decreasing as
advancements are made within the field, this is a solution that
is becoming increasingly attractive.

A team of researchers at the Division of Speech, Music and
Hearing at the Royal Institute of Technology in Stockholm,
Sweden is currently exploring the use of AI in LCs in
the project Collaborative Robot-Assisted Language Learning
(CORALL) [2]. Their research is performed in collaboration
with Furhat Robotics, a Swedish start-up that has developed
a unique humanoid AI called Furhat. Furhat has a projected
face which gives it the ability to show different expressions
for a more natural and human experience.

The questions available to Furhat are currently hard-coded.
However, an AI used in LCs needs to be able to carry out
deep conversations about a large variety of subjects. In other

words, pre-defined questions cannot be used in this setting.
Consequently, there is a need for a method to automatically
create logical questions.

While question-answering is a well-established work do-
main, the question-generation field is less developed. Previous
studies in this area mainly concern how to generate questions
with answers that can be found in a given text. The questions
generated in these studies are as intended more suitable for
reading comprehension than conversations. In other words,
question generation for purely conversational purposes in a
language learning setting is a relatively uncharted area.

This paper presents a method for generating questions from
text and presenting them in a logical order. The study is
carried out at the Division of Speech, Music and Hearing at the
Royal Institute of Technology in Stockholm who will use it for
further research regarding AI in a LC setting. Other potential
stakeholders may be firms who work with voice assistants,
social robots or with language and learning.

2) Ethical and societal aspects

One societal aspect of generating questions to be used when
teaching non-native speakers is that of selecting which texts
to both train the algorithms on and to generate the actual
questions. The texts cannot be biased or weigh too heavily
towards any certain subject. For example one cannot, when
discussing famous people in Sweden, choose to only work with
articles about male celebrities. This is to create conversations
that for the user feel fair, neutral and non-judging. One should
also take care when it comes to subjects that might be sensitive
to speak about in another culture.

A similar issue is that of untrue statements. Depending on
the method used, the statements derived may contain false
information. This will be further elaborated in the discussion.
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B. Question of study

1) Scientific Question
How to generate questions in a thematically logical flow

for conversations between robot and human in a LC setting,
through context conserving framework questions and cluster-
ing?

2) Specific problem
This problem can be split into two parts:
1) Generating questions from text
2) Navigating between the generated questions to create a

thematically logical flow of questions
The key question of part one is how to conserve as much

context as possible without affecting the generated questions
agreeableness to logic and grammar. Another aspect of part
one is to generate questions that are suited for conversation.
A question cannot be too interrogative and should preferably
be open-ended, encouraging longer answers and elaborations.

The second part, navigating between the generated questions
in a logical way, is important for emulating how a real conver-
sation flows. Normally, the topics brought up in a conversation
are sequentially related to one another. The transitions between
two subjects are henceforth called thematic jumps.

In a real conversation, the questions asked will depend on
the answers received. In other words, many of the questions
asked in a real-life conversation are follow-up questions. This
aspect is not taken into consideration in this study but needs
to be addressed in future studies.

3) Hypothesis
The questions a human may ask after reading a text are not

easily replicated by a machine. Thanks to the human capability
to sift and interpolate between sentences and paragraphs, and
even subjects, the context and main point of human questions
may be non-obvious and unpredictable. The complexity of
sentence structures also poses a challenge, as written text
tends to have nested sub-sections in sentences, which are hard
to extrapolate and create questions around. The hypothesis
is therefore that the generated questions will fall short of
simulating human-asked questions in terms of their general
originality, variety, contextual richness and suitability. The
hypothesis is also that a majority of the generated questions
will be grammatically correct. However, only a minority of
the questions will actually be suitable for asking in a LC.

With regards to the navigation between questions, a more
human-like and natural result might be achieved. All thematic
jumps will not be natural and smooth but on average they
should be acceptable.

II. RELATED WORK

Question generation is central to this study. It involves
several steps, some that themselves constitutes a whole area of
research. While not all mentioned areas have been covered in
this study, the most relevant ones are presented in this section.

A. Question Generation

Previous work on question generation can be categorized as
either [13]:

• Rule-based re-ordering methods
• Word-based or pattern-based slot-filling methods with

question templates
• Neural models

1) Rule-based Re-ordering methods
Rule-based re-ordering methods in their most simple form

consist of an algorithm that takes a sentence, re-orders it and
matches it with a suitable question word.

Heilman and Smith [5] take an over-generate and rank
approach to create reading materials for educational purposes.
They start by simplifying a given sentence, which they select
multiple answer phrases from. The second step is to transform
the phrase to questions using "well-defined syntactic and
lexical" transformations. Because a rule-based approach is
insufficient both with regards to transforming the sentence and
matching question words to a sentence, the resulting questions
are scored and ranked.

2) Slot-filling with question templates
As previously mentioned, the research on question gener-

ation has mainly been focused on reading assessment, both
for humans and machines. Questions suitable for this purpose
differ from questions suitable for conversations on one aspect
mainly, the length of the answers required. While questions
asked to test a person’s reading comprehension should only
require a short, and often one correct, answer, questions asked
to a person who is learning the language should require a
longer, personal and more elaborate answer. This difference is
most prominent in the question-words and patterns used.

Lita and Carbonell [9] present an unsupervised question
answering data acquisition algorithm. In short, this algorithm
uses pre-defined relations such as "who-wrote" to find word
pairs that conforms to the relation, such as (Jefferson, the Dec-
laration of Independence), from which questions are generated
according to a set of 90 non-definition questions as in

Who < verb > Q ?

to find question-answer pairs.
Su et al. [11] uses a different pattern-based approach for

generating follow-up questions for practicing for job inter-
views. They represent sentences with sentence patterns and
feed these patterns to a Seq2seq model to find appropriate
follow-up patterns. Word-filling with a word class table is used
to transform the question patterns to actual questions. Lastly,
the generated questions are ranked using an n-gram language
model to decide which question to return to the interviewee.

A related approach proposed by Heilman [4] is the use
of answer phrases which are converted into question phrases.
Heilman first parses the texts, constructs parse trees and tags
nouns. Simplified statements are then extracted, making sure
the semantic entailment is preserved. This means that any
simplified statement still holds true in all situations where the
more complex statement is true. These simplified statements
are the answer phrases, which are then analyzed from a WH-
movement perspective, meaning that certain sentences cannot
be transformed into questions due to the wording.

Once this is done, question phrases are created. After
that the main verb is decomposed and subject and auxilliary
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are inserted into the question phrase. The answer phrase is
removed and the question phrase is post-processed.

B. Pronouns

A describing text, such as a Wikipedia article, will have
sentences holding pronouns (it, he, she etc.). If a question
generator only takes sentence fragments without analyzing
pronoun relations one would get vague sentences, such as
"When did she move to Vimmerby?". Here there is no way of
knowing who "she" is, leading us to pronoun analysis. This
can be done with varying complexity. The most basic is simply
replacing all pronouns with the most recent occurring noun:

"The boy told Fred to move, then he walked past him"
"The boy told Fred to move, then Fred jumped past Fred"

This produces results where the semantic meaning is changed,
resulting in the need for a more advanced model. Heilman [4]
uses a method where he identifies the corresponding node in
a parse tree for each pronoun, then he identifies the sub-tree
for the "first mention that is an antecedent of the pronoun".
Finally he replaces the pronoun with its antecedent. Together
with this he applies several special case scenarios which are
prioritized over the main method.

III. THEORY

A. Part-of-Speech Tagging

Part-of-Speech tagging is the process of assigning part of
speech tags, such as verb, noun, adjective etc., to each token
of a text. This can be done in many different ways.

The Stanford PoS-tagger available through the Stanford Nat-
ural Language Processing Group uses a log-linear approach.
By utilising both the previous and following tag contexts via
a dependency network representation, amongst other things,
they achieve an almost state-of-the-art 97.24 % token accuracy
on the Penn Treebank WSJ corpus. The sentence accuracy is
much lower, 55-57 % in best case. If the test data is very
different to the training data in terms of writing style, time
and epoch, the accuracy is even lower [6].

Another PoS-tagger with a good accuracy is the TreeTagger
which is a Markov Model tagger, a probabilistic model that
only considers the k preceding states to decide the next
state. Implementations of the TreeTagger on German text has
achieved token accuracy levels up to 97.53 %.

B. Named Entity Recognition

Named Entity Recognition is when computational efforts
are aimed at finding named entities in a text, the most studied
entities being person, location and organization.

Previously, NEs were found through hand-written rules.
Nowadays, it is common to use versions of supervised learn-
ing. "The idea of supervised learning is to study the features of
positive and negative examples of NE over a large collection
of annotated documents and design rules that capture instances
of a given type."[7]. Because of the large amount of annotated
data required for supervised learning, methods based on semi-
and unsupervised learning have also been developed.

Heilman [4] uses Ciaramita and Altun’s [1] supersense
tagger. This combined PoS-tagger and NER-classifier uses
structured learning, "which is an umbrella term for supervised
machine learning techniques aimed at predicting structured
objects" [17].

C. Bag-of-Word Representations

Bag-of-word representations are a simplified representation
of a text or document. The bag-of-word representation does not
consider the order or position of a word but only its frequency.

A bag-of-word representation is created by summarizing the
word vectors of expressive words present in the document.

In turn, there are several different ways of representing a
word. The most simple one is one-hot encoding where a word
is represented by a very sparse 1 × N dimensional vector
that has a single 1 in a unique position (N is the size of the
vocabulary). Other word representations are word2vec, gloVe
and distributional vectors.

D. k-Nearest Neighbours

The kNN-algorithm is unsupervised machine learning algo-
rithm used for classification and regression.

The kNN-algorithm finds the k closest entities to a new
entity according to some distance metric. The entities are
represented by a vector of features. Some common distance
metrics are Cosine, Manhattan and Euclidean.

IV. METHOD

The proposed question generation system consists of two
parts, the first is responsible for the generation of questions
and the second part for the thematic jumps between subjects
to create a thematically logical flow as shown in figure 1.

A. Text Material

Though the application environments of the study are LCs
for learning Swedish, the study will be using text material in
English. The motivation behind this choice is the large amount
of relatively accurate NLP tool kits available for English
text. The on average high quality of English to Swedish
translation programs has also been taken into consideration as
the generated questions could be translated post generation.

The texts used for QG are 55 English Wikipedia articles
about topics related to Sweden, for example ABBA, Spotify,
Kebnekaise and Alfred Nobel (see appendix L for the complete
list), as these have content suitable to converse about in a LC
for Swedish. Wikipedia articles were chosen since they are
written in an informative, neutral and straight-forward manner.

The articles are stored as plain text along with the general
subject (Person, Organization, Location and Thing) and the
title (for example Spotify).
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Figure 1. Block chart of the proposed QG system.

B. Question Generation

The survey of related works on QG shows that either
the rule-based re-ordering method or the slot-filling method
with question templates is suitable for this study in terms of
complexity. The slot-filling method offers the ability to ask
questions that are less dependent on the sentence it is derived
from [8]. This property can be leveraged to design the question
templates in a way that encourages conversation, for example
by using open-ended question templates that focus more on
the individual and her opinion. Therefore, the rule-based slot-
filling approach with question templates is used.

1) Pre-processing
Simple grammatical patterns were found by analyzing the

articles for part of sentences suitable for asking questions
about. The patterns were then applied on texts, which had
been tagged with the Stanford PoS-tagger, using regular ex-
pressions and comparisons to find conforming word orders.
The extracted word orders are the building blocks the questions
are generated from. Henceforth, they will be called kits.

Each kit is run through the Stanford Named Entity Rec-
ognizer version 3.9.2, described by Finkel et.al [3] which
was used together with a python patch to incorporate it in
the surrounding code. The model uses distributional similarity
features, meaning that it looks at how different words are
distributed in texts and then makes the assumption that words
with similar distributions have similar meanings.

According to M. Heilman in Automatic factual question
generation for reading assessment [4] the accuracy of the
Stanford NER has an inversely proportional relationship to
the number of word tokens. Thus, using the Stanford NER on
kits compared to whole sentences leads to higher accuracy.

The Stanford NER is used with seven classes to find per-
sons, organizations, locations, dates, percent, time and money.
This information is stored in connection to the word. A kit thus
consists of multiple words, their pos-tags and their NER-class:

kit = [[’Word’, ’POS-tag’, ’NER-class’], [’Word’, ’POS-tag’,
’NER-class’], [’Word’, ’POS-tag’, ’NER-class’]]

Lastly, all pronouns are replaced with a name or noun, in
practice the title of the article.

2) Framework questions
Previous QG with the slot-filling approach commonly iden-

tifies keywords which map to certain question templates.
However, only adding a contextual word pair to a pre-defined
template as in [9] results in questions that often only require a
short answer, which is unsuitable for the purpose of this study.

The conclusion from this is to use pattern-based rather
than word-based templates such as in [11] to create more
conversational questions. For each grammatical pattern, there
are therefore a number of pre-defined question templates. For
the pattern [Location] is/was ... a potential question template is
Why is [Location] [Everything following is/was]. All patterns
and question templates can be found in appendices J and K.

The question structures were found by analyzing the ex-
tracted kits of different classes of articles, namely person,
location, organization and thing. This specific set of classes
were chosen since person, location and organization are classes
used in the Stanford NER tagger, and things are easy to
identify in the form of nouns. Another motivation is that each
class has some inherent linguistic characteristic, for example
articles written about persons have a lot of kits beginning
with he/she/it, articles concerning locations often contain other
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associated locations and company and organization articles
contain a lot of numbers. These characteristics makes it easier
to find generally usable question templates.

3) Generating Questions
The generation of questions is kit-centered. Depending on

the subject of the article the kit was extracted from, a different
method is called. The kit is analyzed inside the method and if it
conforms to one of the predefined patterns, the relational parts
relevant to that question template are extracted. The extracted
parts are put inside the relevant template questions and the
completed question is returned.

Not all framework questions are applicable to a kit, and
some kits may not contain any conforming relations. Thus the
number of generated questions from each kit vary.

C. Navigation

As for the navigation between questions, how to order the
questions to create a thematically logical flow of questions,
there are two points in time where this problem can be solved.
The first option would be to generate all of the questions and
then structure them according to how their themes relate to
each other, possibly in a tree structure with probabilities. The
second option is to generate some questions about a specific
subject, choose another subject which relates and then continue
to generate questions for that subject.

The second approach leaves room for more flexibility and
would require less storage space as the questions could be
generated on the fly. Consequently, the second option was
chosen for the navigation.

1) Bag-of-Word Representation of Articles
The bag-of-word representation of each Wikipedia article is

created on raw text that has been cleaned, i.e.:
1) Punctuation removed
2) De-capitalized
3) Stop words removed according to BBC’s list of stop-

words [14]
4) Rare words removed
5) Stemmed using the Porter stemming algorithm

following standard procedure for producing bag-of-word rep-
resentations on documents.

With regards to the limited quality of the questions gener-
ated, small thematic jumps are more desirable to avoid further
puzzlement for the human collocutor. For this reason, some
words that are commonly counted as stop words such as he,
she, it, mr, mrs, and miss were excluded from the bbc list
of stop words. By doing this, articles about persons are more
likely to be close to each other in the cluster.

The reason as to why rare words are removed is to avoid
putting unnecessary weight to words that play a relatively
small role in the text.

The words are stemmed as their inflection does not matter.
The Porter algorithm used is not perfect, words are sometimes
incorrectly stemmed, resulting in words that do not exist or
words with another meaning. As all words will be stemmed in
the same way, only the second mis-stemming will have nega-
tive consequences. According to probability, the downsides of
using a stemmer are likely to be smaller than the benefits.

The word vectors used for creating the bag-of-words rep-
resentations are simple one-hot vectors created from a vo-
cabulary built from the cleaned articles. These word vectors
are summed to create the bag-of-word representation of the
text. This vocabulary is 397 words long. Consequently the
generated one-hot vectors and bag-of-word representations
have the dimension 1× 397.

The word vectors are put inside a matrix where each row is
equal to the word vector of the article with the same index as
the row. As a result, the matrix has the dimensions 55× 372.

2) Thematic Jumps
A QG session begins by randomly choosing an article

and choosing some questions from that kit. The number of
questions that get chosen from each text is a pre-defined value.
This was set to five based on how many reasonable questions
each article in average rendered. In practice, this means that
the algorithm chooses five random questions about an article
before it moves on to the next article. If a text has generated
fewer than five questions, all of the questions are chosen. After
the chosen questions for a text are added to the question queue,
a thematic jump takes place, moving on to the text chosen
based on kNN.

The kNN-algorithm is used on bag-of-word representations
of the Wikipedia articles to generate another subject to ask
questions from. The kNN-algorithm used is from the SciKit
Learn library [15].

The aim of using kNN is to find transitions between subjects
that make sense from a thematic point of view and thereby
replicate human thinking. As the thematic similarity of two
articles is independent of how many times a certain word can
be found in the article, the cosine metric is used as the distance
metric.

By using different values of k, the thematic jump from
one question to another can be made small (in theory from
an article about a person to another article about a person)
or larger (from an article about a person to an article about
for example Swedish geography). By changing the value of
k instead of setting a threshold on the maximum distance
between two articles, the case where there exists no neighbors
within a specific distance is avoided. Figure 2 summarizes the
process.

To avoid jumping from one article and back again, which
will be the case if both articles have each other as their nearest
neighbor or one of their nearest neighbors, the bag-of-words
representation is slated after the article has been visited.

D. Evaluation
1) Question Generation

The generated questions were evaluated in isolation, i.e.
independent of the other generated questions. Each question
was evaluated based on two parameters, the first parameter
evaluating the question’s grammar, logic and semantics by
sorting it into one of four classes:

1) The question is not grammatically correct.
2) The question is grammatically correct.
3) The question is grammatically correct AND logical

BUT naive/strange/would not be asked by a human. For
example:
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Figure 2. All articles can be visualized as an entity at some position inside a cluster. The first article gets chosen at random, while the next article is chosen
through kNN and pure chance (the distance is not taken into consideration). The large jumps illustrated by a fat black arrow should in theory require a large
k to achieve while the smaller black arrows represent the jumps made using a small k.

• Have you been to the sun?
• Were did you live in 1872?

4) The question is grammatically correct AND logical
AND legitimate.

The second parameter is binary and evaluates the questions
suitability to language cafés:

• Is the question suitable for language café purposes? (Y/N
= 1/0)

Four people evaluated the questions separately.
2) Navigation
The navigation was evaluated by reviewing ten different

conversations, each with a maximum of 20 questions and 4-
5 thematic jumps. The jumps were marked by hand. Each
thematic jump was given a 1-4 qualitative score, where the
scores translate to:

1) Unclear, abrupt, not obvious
2) Vaguely related
3) Related
4) Strongly related
This evaluation was performed by the authors since they

are the only ones with full knowledge of which texts are
possible neighbors to another. As such, they are the only ones
who can judge the coherence of a jump while being relatively
unaffected by the limited number of articles used in the study.
A thematic jump may seem outside of context for a random
person but when taking into consideration the texts available,
it may make more sense. In other words, this issue will likely
disappear when scaling up the number of texts and should
therefore not affect the evaluation.

V. RESULT

A. Question Generation

In total, 506 questions were generated and evaluated. Some
of the better (avg. score 4) and worse (avg. score below 2)
questions can be seen in figure 3 and 4 below. The table

in appendix I contains the number of questions that were
generated from each template.

• Ingvar Kamprad lived in Switzerland from 1976 to 2014.
Where were you living in 2014?

• Why do you think Vasa has been seen by over 35 million
visitors since 1961?

• How many granted patents do you think Ericsson holds?
• Klarna has more than 2000 employees. Do you know any

other companies that has more than 2000 employees?
• Stockholm is the capital of Sweden and the most popu-

lous urban area in the Nordic countries. Have you been
to the Nordic countries?

• Why do you think SVT is still the biggest TV network
in Sweden?

Figure 3. Generated questions with high scores

• Stockholm Palace is the official residence and principal
workplace of the Swedish monarch. Have you been to
the Swedish monarch?

• Why do you think Stieg Larsson was announced that a
1977 will?

• The core of the KTH Royal Institute of Technology
was founded in 1697 in Stockholm. Have you been to
Technology?

• How many most do you think Klarna listed?
• If you were to guess, how much do you think The 2.3%

that pay spent an average a month within the games?
• Why is Kebnekaisee?

Figure 4. Generated questions with avg. scores below 2

The result of the evaluation is presented in table I, for each
judge and averaged, and in figure 5 with percentages for each
of the score levels based on all evaluation results together.
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Table I
QUESTION SCORES

Person Scale Y/N
1 2,96 0,73
2 2,89 0,64
3 2,56 0,70
4 3,14 0,93

Total 2,88 0,75

1

27.3%

2

9.3%3
11.3%

4

52.1%

Figure 5. Percentage of total per score

In addition, the scores have also been attributed to and
consolidated for each question template (appendix H). A
distribution of the questions with the two scores collated can
be found in appendix M.

B. Navigation

Figure 6. Two examples of thematic flows with scored thematic jumps

Table II
NAVIGATION SCORES IN PERCENT OF TOTAL

XXXXXXXXPerson
Score 1 2 3 4 Average

1 24% 33% 27% 16% 2,35
2 35% 41% 10% 14% 2,04

Total 30% 37% 18% 15% 2,19

VI. ANALYSIS

A. Question Generation

As for the first parameter which evaluates how "human"
a question seems, 52.1 % of the questions were regarded
as satisfactory from a grammatical, logical and legitimisation
point of view.

The third largest group of questions are the questions which
are perceived as strange. A review of the questions shows that
there are three underlying reasons:

1) The question contains conflicting statements.

• Zlatan Ibrahimovic was ranked by The Guardian as
the third-best player in the world. Do you know any
other person who are ranked by The Guardian as
the third-best player in the world?

2) The question has a very obvious answer
• Ericsson Globe represents the Sun in the Sweden

Solar System. Have you been to the Sun?
3) The question is too specific.

• Crown Princess Victoria was baptised at The Royal
Palace Church on 27 September 1977. Do you know
any other persons who are baptised at The Royal
Palace Church on 27 September 1977?

As for the small group of questions that are grammatically
correct but illogical, a majority lacks context and are therefore
impossible to answer. One example is:

Astrid Lindgren had a relationship with the chief editor. Do
you know any other persons who had a relationship with the

chief editor?

This question cannot be answered as the identity of "the
editor" is obscure.

Another frequently reoccurring example is:

How many do you think AstraZeneca has?

Lastly, the second largest group of questions, i.e. questions
that are grammatically incorrect contains many questions
that are easily fixed. For example, some questions following
question template 5 for Persons are missing a final letter. Still,
a large portion of these questions are still incomprehensible.

As for the questions’ suitability, 75 % of the questions could
be asked at a LC according to the judges.

The number of questions generated for each question tem-
plate and for each class reflects the text material.

B. Navigation

When evaluated the navigation received scores which are
relatively low, around 2 out of 4. This means that a majority
of the transitions are somewhat related, but not strongly.

VII. DISCUSSION

A. Question Generation

1) Text Material
For this work 55 texts were compiled from English

Wikipedia. This is a small sample compared to the full number
of articles on Wikipedia (roughly 5.8 million according to their
own statistics [16]). From these 55 texts roughly 500 questions
were generated. In other words, there is great potential for
generating questions, as many articles can be used. However
there must be some sort of check of each article’s suitability,
preferably a human user could choose which articles to use to
ensure that they are relevant.

Another aspect concerning the text material is the type of
texts used. For the purpose of keeping the scope narrow, only
texts from Wikipedia were used. Using other types of texts
will give different results, as their text structures differ. As the
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QG system was made with Wikipedia articles in mind, other
types of text material such as news articles or fiction will
without doubt lead to bad results as their sentence structure
is too complex. However, articles that are "easy-to-read" or
factual texts which are more similar to how Wikipedia articles
are written might yield comparable results.

Only English articles were used for this work, mainly due to
many of the tool kits used being configured for English. Once
the questions have been generated an automatic translator can
be used to convert them to the language of choice. Another
solution is to use other tool kits or find/create the necessary
wrappers for another language, such as Swedish. However, this
was not feasible within the scope of this project.

2) Classification of articles
As the task for this thesis was to generate questions from

text and create a logical flow of these questions, the classi-
fication of the articles into person, location, organization and
thing, and the titling was done manually.

However, as the articles were taken from the web, it would
not be difficult to extract the class and title programmatically
by inspecting the page HTML elements. For example, articles
about a company generally have an Industry heading in the
fact box while articles about a location have coordinates at
the top of the right side of the page.

Another way of finding the class of a text would be to build
a classifier. However, most probably the first approach would
yield higher accuracy as inspecting a combination of different
fields should be able to produce an accuracy of almost 100%.

3) Question Templates
As this work is based on a slot-filling method with question

templates, one can add more question templates and analyze
the resulting questions. The choice of templates was as previ-
ously noted done by analyzing the chosen texts and common
patterns identified. This can be done repeatedly to identify
more complex patterns which can be used for new templates.

The currently used templates can also be analyzed and
improved based on the questions generated. A suggested
approach is to use the tables in appendices H and I as a
starting point and try to filter out or if possible re-formulate
the questions belonging to group 1, 2, 3.

It shoule be noted that the current template set is quite small
while some templates match on a lot of kits, leading to a
rather repetitive conversation. As illustrated in the results, 117
questions out of 506 generated questions are of the form "...
Where were you living in [Date]". This is the most extreme
case, which speaks for narrowing down the number of matches
for this template. In general it would be preferable to counter
this by increasing the number of question templates.

A majority of the current question templates are not open-
ended and could be answered with a few words. However,
they are still designed for conversations in the way they focus
on the personal story or opinion of the human counterpart.
In addition, it is reasonable to expect that the human conver-
sational partner will make some effort to elaborate on his or
her answer because of the intended setting. When interviewing
experts and teachers involved in LCs they described the types
of conversations that they use, and most often it was in the
form of discussions and debates concerning current topics.

They emphasized that the LCs primarily work as a meeting
place, for interaction and getting to know other people. For this
purpose questions of the kind: "ABBA won the Eurovision
Song Contest 1974 at The Dome in Brighton. Where were
you living in 1974?" are not optimal, as they do not promote
continued discussion. Questions of the kind: "Why do you
think Fika has spread throughout Swedish businesses around
the world?" promote to a higher degree opinionated discussion
as it it opens up for different nuanced answers.

Making the question generation more flexible and adaptable
can be done by analyzing the parsed result and dynamically
combining the words in each kit. This is done by Heilman [4]
and requires a higher level of complexity in the algorithms.

4) Dependency Parsing and Semantic Analysis
The current version uses very rudimentary extraction tech-

niques such as comparisons and regular expressions for finding
the kits and the words used to fill the slots. This leads
to a higher risk of untrue statements. Moreover, it strongly
limits the kinds of question templates that can be used. More
sophisticated systems, such as the one described by Heilman
in [4], typically uses some kind of dependency parsing and
semantic analysis instead. Dot-separated words such as U.S.A
and dates such as YYYY MM DD, which get separated in
the current version, would be kept together when using a tree
parser, dependency parser or similar. Such a parser would also
enable creating questions from sentences with a more complex
structure, which in turn would make it possible to use for
example news articles as text material. By adding a layer of
semantic analysis, it would also be possible to find phrases that
belong together and remove uninteresting or irrelevant phrases
to simplify the question.

5) Stanford NER
For the Named Entity Recognition the Stanford NER 7

class model was used, as it holds classes for location, person,
organization, money, percent, date and time. Of these only
percent was not used. The alternative was to use the 3 class
version which tags for location, person and organization. The
7 class model is trained on the MUC 6 and MUC 7 training
data sets, whereas the 3 class model is trained on these plus
the CoNLL 2003 eng.train, meaning it has better accuracy
for its three classes. This means that the resulting parse tags
for location, person and organization are less accurate than
they could be. A solution would be to first run all the texts
with the 3 class model and then with the 7 class model. One
could then compare the results and for the location, person
and organization tags only use the ones from the 3 class
model. This would require more computational power and
time, which must be weighed against the potential gains of
improved accuracy.

6) Semantic Entailment and Untrue Statements
Semantic entailment is the concept of one statement holding

true in all cases when a different statement holds true. For
example:

1) Lee kissed Kim passionately.
2) Kim was kissed.

In all cases where 1) holds true 2) is also true. When using the
slot-filling method with question templates there is a risk that
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for any given sentence the semantic entailment might not hold
true. This is due to the words being used to filled the slots are
taken without regards as to their actual meaning, only their
parse tag. In other words the questions may not hold true in
reality. This is something which an algorithm currently cannot
assess, as it is bound to its binary world. Therefore, before any
question is used in a real-life setting it should be evaluated by
a human judge in terms of its truthfulness.

B. Navigation

1) Clustering for Navigation
From a subjects point of view, the flow of questions is pretty

good. However, the question navigation still feels unnatural as
some transitions are quite blunt. This is completely natural
as the navigation is document centered, i.e. clustered on the
articles, and not question centered.

An improvement to the navigation is to both cluster on
subject but also on the questions to smooth out the transition
between the last question of a subject and the first question
of another subject. It might be possible to solely cluster on
questions and achieve a comparable result to above. Some
questions have limited length which could make it difficult
to find accurate neighbors. This difficulty might however
be negated through using word embedding or distributional
vectors to represent words, as discussed below.

2) Word Representation
The word representation used in this study was one-hot

vectors. This works well in this case as the data set used was
rather small. With a text bank consisting of 55 articles, 397
words were found after cleaning the articles.

A disadvantage of one-hot vectors is that the dimension of
the vector grows with the size of the vocabulary. A vocabulary
of n words gives a one-hot vector with the dimension 1× n.
Another disadvantage is that one-hot vectors do not conserve
the semantic characteristics of a word and so lacks the ability
to generalize. Thus, two semantically similar words such as
school and education will have widely different word vectors.

The conclusion is that one-hot vectors should be replaced by
word embeddings, for example word2vec, GloVe, or distribu-
tional vectors in future implementations. These representations
are dense and therefore more computationally efficient. In
addition, they have the ability to generalize.

C. Evaluation

Based on the nature of the end-results, it was for obvious
reasons decided that expert evaluation is unwarranted. The
people used as judges in the study all have proficient
English skills and knowledge about the purpose and
functioning of a LC, making them adequate judges. The
evaluations are subjective. However, the inherent nature of
the end-application, i.e. that the conversations at LCs are
human-to-human interactions, justifies subjective evaluations.
Nevertheless, the individual scores showed a rather large
variation, which advocates for a larger number of judges.

INDUSTRIAL ENGINEERING PERSPECTIVE

D. Introduction

LANGUAGE cafés for learning Swedish can be found in
almost all major seats of higher education and in many

libraries and churches in Sweden. Besides being an informal
venue for learning the Swedish language, customs and culture,
LCs are also perceived as an important social meeting place
which potentially could facilitate integration.

However, does this activity deliver on these two aspects?
This study aims to delve into the raison d’étre of LCs and look
at how a conversational robot can fit into this social puzzle.

1) Scientific Question
The scientific question of the study is: In which settings

does a language café create worth and what kind of worth,
if any at all? Also, how can a conversational robot best add
value in a language café setting?

In other words, the study aims to pinpoint the demography
which best can benefit from attending LCs and what kind of
value they get from it, if any at all. Based on the findings,
it will try to define the most efficient use of a conversational
robot in LCs. The study is limited to LCs for learning Swedish.

E. Method

Because of the limited amount of research that has been
carried out on LCs, this part of the study is mainly carried
out through semi-structured interviews with researchers and
teachers. Notes were also taken during an evaluation meeting
for all volunteers at the LCs for students at KTH. This material
is complemented with a smaller literature study.

4 people have been interviewed. They are:
1) Charlotte Hurdelbrink - Swedish language teacher at the

Language and Communication faculty of the Royal In-
stitute of Technology (KTH) responsible for the teacher-
led LCs offered to foreign academic employees.

2) Yoko Takau Drobin - Japanese language teacher at
the Language and Communication faculty of the KTH
responsible for the LCs offered to students.

3) Elisabeth Zetterholm - Assistant prof. and lecturer in
Swedish as a second language at Stockholm University
(SU) with a disputation in phonetics from Lund Univer-
sity.

4) Ali Reza Majlesi - University lecturer and PhD doc-
torate at SU, working with the interdisciplinary area of
language and culture with specialization in language and
social interaction.

Reza Majlesi is currently working on a project financed by
The Swedish Science Council called “The language café as
a social venue and a space for language training” [21]. This
project will be completed in 2020 and could be seen as a more
extensive version of this study. As for today, the data collection
phase has been completed which has made it possible for Reza
Majlesi to share some informal insights from it.

The questions asked during the interviews can be found in
appendix G. Minor adjustments, such as excluding already an-
swered question or questions that lay outside the interviewees
knowledge and translation into English, were naturally made
in the field and in advance.
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F. Results

1) Semi-structured Interviews
To summarize, relevant observations were made around 3

different themes:
1) The nature of LCs
2) The value of LCs
3) Considerations about robots at LCs

1.1) Nature of Language Cafes
Reza Majlesi makes a distinction between LCs organized
by institutions for higher education and LCs organized by
churches, public libraries and the red cross, which henceforth
will be followed. They are different in how type 1 LCs are
limited to students and sometimes employees, while type 2
LCs are open to everyone.

The LC for employees is very different from typical LCs
as it is led by a teacher. The main differences lay in how:

• The participants share a similar academic background.
• The content is prepared beforehand.
• The participation is more consistent.
• The participants are separated into a medium-level and

an advanced group. There is no group for beginners.
There are few students who visit the LCs for learning

Swedish regularly. This is a point that they have in common
with LCs of type 2. Reza Majlesi has visited 11 different LCs
over a span of more than one year and recorded over 100 hours
of film. Based on his observations, the participants of the LCs
do not belong to a specific demography but are of different
ages, educational backgrounds and language levels. Apart
from talking, some cafes also help with homework, arrange
presentations about Swedish institutions or other activities
such as baking or singing together.

Reza Majlesi does not see any problems in finding volun-
teers. However, the volunteers at the Swedish LC for students
at KTH expressed some difficulty in finding volunteers during
the evaluation meeting.

1.2) Value of Language Cafes
All interviewees believe that LCs are important venues for
learning Swedish. They emphasize the difference between LCs
and language classes at schools, in that LCs are informal while
classes at for example SFI are formal. Hurdelbrink and Reza
Majlesi both also stress the fact that LCs should be informal.

The interviewees also point out the value of LCs as a
social arena where the participants can meet new friends. Reza
Majlesi highlights that the social aspects are important not
only for the participants, but also for the volunteers. According
to his observations, a significant portion of the volunteers at
LCs arranged outside of educational institutions are gregarious
senior citizens, who apart from the social aspects are motivated
by philanthropy and curiosity.

A returning comment is that participants often discuss the
norms, rules and regulations of Sweden. In other words,
participants can learn about relevant aspects of living in a
country beside just the language.

1.3) Considerations about robots at language cafes
In the interviews with Hurdelbrink and Takau Drobin when
asked about the role of conversational robots in LCs, they ex-
pressed that it must not become a "question-asking" situation,

as interaction is a key part of the cafe setting. They felt that
the idea of a robot is intriguing, but voiced concerns that using
a robot removes the social aspect, the networking and getting
to know one another. This concern is however not shared by
Reza Majlesi and Zetterholm. They do not see a problem in
that robots might spoil the social aspects of LCs but expressed
concern for other challenges.

As mentioned before, Zetterholm studies phonetics. Thus
she considers robots at LCs from a phonetic point of view. She
points out that such a robot needs to be able to understand a
wide array of accents and imperfectly spoken Swedish. Failure
in accomplishing this could potentially be counterproductive
as the robot would be seen as a disturbance and decrease the
human collocutor’s confidence in herself.

Reza Majlesi points out that one must consider how often a
robot would correct incorrectly spoken sentences. He estimates
that the volunteers correct about one in five errors.

2) Literature Study
In [20] Svensson and Wall interviewed seven LCs’ partic-

ipants to investigate what value the participants experienced
and how LCs can promote integration. Similarly, Johnston [19]
analyzed a LC in Malmö, Sweden, using a questionnaire to
gain insights from 24 LC participants. Svensson and Walls key
findings were that LCs contributed to:

1) Communicative integration
• All interviewees recommend LCs for practicing the

Swedish language.
• LCs acts as a forum for learning about Swedish

culture and public institutions.
2) Social integration

• The LCs act as a social meeting place.
• LCs contribute to increased self-confidence.

Johnston meanwhile found that the "Språkhörnan" LC con-
tributed to:

1) Language learning support
• 23 of 24 participants felt that they had improved

their language skills by going to the LC
• Several of the participants voiced the fact that the

LC provided an unique opportunity to practice their
language skills

2) Increased knowledge of opportunities and responsibili-
ties

• Several participants said they learnt about their
rights and opportunities with regards to several dif-
ferent areas such as work, recreation and education

• The facilitators had in several cases assisted partic-
ipants with regards to work applications and other
similar tasks

3) Greater understanding of Swedish society
• 22 of 24 participants felt they had learnt about

Swedish culture and society
• All the facilitators stated that they had assisted

participants in how to navigate Swedish bureaucracy
4) Social support

• 21 of 24 participants indicated that the LC gave
them a positive social experience
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Hellberg and Håkansson [18] examined LCs from a so-
ciopsychological point of view to study their effects on the
participants personal identity development. Apart from con-
cluding that LCs are an important social forum and meeting
place, they also found that LCs may act as a space for
personal reflection and reflections about society. In addition,
they concluded that participants felt more like an individual at
a LC in comparison to feeling like a part of the abstract and
generalizing category of language learners at SFI.

G. Discussion
1) Social Aspects
The social aspects of LCs have been emphasized in both

the interviews and the studies reviewed. Both Johnston [19]
and Svensson et al. [20] had social benefits as important
themes in their findings, that is the support side and the
human meeting side, respectively. In addition, they both found
that LCs contributed to integration by helping the participants
improve their Swedish and increasing their knowledge of
the Swedish society. According to this view, there could be
substantial societal and economic value in using conversational
robots to increase the scale of LCs as they could help by
teaching about both the Swedish language and the Swedish
culture. This value is however difficult to quantify.

When it comes to the volunteers the social aspects are often
overlooked. Based on the demography of the people who
volunteer, it is obvious that these aspects are essential for
attracting volunteers. Reza Majlesi strongly emphasised that
the LCs fill an important role in the volunteers lives, stating
that sometimes certain cafés see volunteers outnumbering the
actual language learners. This is definitely to be regarded as a
created value, and should be taken into account when working
with conversational robots in LC settings.

2) Learning levels
When it comes to the role of LCs in a language learning

process Reza Majlesi shared some informal insights from the
project. He stated that in the observed cafés, there is most often
a mix of knowledge levels amongst the participants and that
this mix contributes to learning - both for the basic and for the
more advanced speakers. This, he stated, seemed to contribute
to learning as participants with more knowledge helped those
with less. In some cases participants came without almost any
knowledge at all. Reza Majlesi’s comment on this was that
for them to get value from the LC, the volunteers need to be
either pedagogically educated or have great patience or there
needs to be participants who can help.

E. Zetterholm was of the same opinion, reasoning that since
in Sweden one cannot get access to the state-run language
classes, SFI, until one has been granted residence permit there
is a great benefit from attending LCs before this.

On the other hand Takao Drobin and Hurdelbrink stated that
they prefer their participants to speak the language in question
at an A2 level, in other words they need to speak at a level
where they can take part in routine conversation on simple
predictable topics. The reason for this statement was that they
felt it was needed to keep conversations flowing.

Another aspect of the learning process is whether to divide
LCs into different groups based on profession, background

or other differences. The LCs with which Takau Drobin and
Hurdelbrink are associated are divided into different groups,
whereas the ones observed by Reza Majlesi are not.

Both of these aspects should be investigated further, as the
aforementioned points are only informal opinions and insights
from limited data and sure conclusions cannot be draw.

3) Conversation robot
Based on the findings concerning the social aspects, the

concerns which Hurdelbrink and Takau Drobin brought for-
ward are worth discussing. A social robot needs to achieve a
high level of humanness to satisfy a human collocutor’s social
needs. As long as the technology is unable to achieve this, it
is difficult to successfully deploy social robots for extensive
usage. The reason is that the novelty of using a conversational
robot would be unable to make up for the confusion and
annoyance misunderstandings would cause, especially during
a prolonged period of usage. With that said, conversational
robots could still be useful for more specific tasks such as
correcting incorrect grammar, helping with homework or for
holding presentations.

4) Method
A significant weakness of this study is that no participants

of LCs have been interviewed. This is in part compensated for
by data others have collected and which has been presented
in related articles and in the interviews with Reza Malesi.

VIII. FUTURE WORK

In future work, a more sophisticated system for sentence
analysis should be looked into. The recommendations is to
make use of dependency graphs, opening up for more ways to
analyze and work with sentence structures. In addition, the set
of question templates used should be analyzed and broadened
to create more variation, potentially by finding more advanced
ways of dynamically combining the structures found when
analyzing sentences.

Another area for future analysis is text choice. Which texts
to use and how to gather them are questions worth further
exploration. In conjunction with this, one should also look
into how best to classify the texts used and what class to use
in combination with which set of question templates.

As to the clustering of questions for navigation, there is
great potential. The recommendation is to look into clustering
on both subject and questions simultaneously or only on the
questions to create smoother transitions between questions
and topics. As previously stated, word2vec, GloVe or similar
methods should be used in replacement for the one-hot vectors
used in this work.

When it comes to conversational robots and their role in
LCs, a future work of great relevance is to analyze how a
conversational robot can contribute to language learning.

IX. CONCLUSION

In this study, a system for generating questions from
Wikipedia articles and presenting them in a thematically
logical order was created for use with social robots in lan-
guage cafés. The proposed system uses a slot-filling method
with question templates. It relies on comparisons and regular
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expressions for creating the questions and uses clustering to
present them in a sensible flow.

75% of the generated questions are found to be suitable
for asking in a language café. However, the limited varia-
tion in question templates would in reality lead to a rather
monotonous conversation.

The clustering method used for navigating between topics
achieves a good result considering the meager number of
articles used, but might give even better results if one also
clustered on the questions as compared to only the articles.

The industrial engineering perspective of the study inves-
tigates the raison d’etre of language cafés. The conclusion
drawn from interviewing four experts and doing a literature
study is that a substantial part of the value of language
cafés lies outside of learning the language, even if this is the
voiced main reason for participating. Language cafés are social
forums for meeting new people, learning more about culture
and government authorities and gaining confidence in using
the language. According to the study, the value of language
cafés are not restricted to a specific demography.

The result from the industrial engineering perspective calls
for a re-examination of the role and usage of social robots
at language cafés. With the right twist, it is believed that
social robots could be useful in this setting, primarily as a
complement to the volunteers, for e.g. answering questions
about government authorities, correcting erroneous grammar
or in other domains outside the social ones.
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APPENDIX A
CONVERSATION 1

Why do you think Vasa has been seen by over 35 million visitors since 1961 ?
Why do you think Vasa is one of Sweden ’s most popular tour?
Why do you think Vasa is a retired Swed? Stockholm stretches across fourteen islands where Lake Mälaren flows into the
Baltic Sea. Have you been to Lake Mälaren?
Stockholm is the seat of the Swedish government and most of its agencies . Have you been to the Swedish government?
Stockholm is also the capital of Stockholm County . Have you been to County?
the king also attracted significant numbers of his German and Scottish allies to populate his only town on the western
coast . Have you been to German?
The original parent Volvo Group and the now separate Volvo Car Corporation are still headquartered on the island of
Hisingen in the city . Have you been to Volvo Group?
Gothenburg is the second-largest city in Sweden . Have you been to Sweden?
Volvo was established in 1915 as a subsidiary of SKF . Had you heard of Volvo in 1915?
How many do you think Volvo ÖV?
the Volvo ÖV 4 . Do you know any of these 4 ?
ICA was started in 1938 . Had you heard of ICA in 1938?
ICA was owned by the participating retailers until 2000 when half of the company was sold to the Dutch retailer Ahold .
Had you heard of ICA in 2000?
ICA acquired a further 10 % in 2004 . Had you heard of ICA in 2004?
How many mobile network infrastructure market do you think Ericsson had?
How many people do you think Ericsson employs?
Ericsson had 35 % market share in the 2G/3G/4G mobile network infrastructure market in 2012 . Do you know any other
companies that had 35 % market share in the 2G/3G/4G mobile network infrastructure market in 2012 ?
How many online merchants do you think Klarna had?
Klarna launched in the United States in September 2015 . Had you heard of Klarna in September?
How many of Europe do you think Klarna listed?
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APPENDIX B
CONVERSATION 2

Crown Princess Victoria was baptised at The Royal Palace Church on 27 September 1977 . Where were you living in
September?
Crown Princess Victoria was baptised at The Royal Palace Church on 27 September 1977 . Where were you living in
September?
Why do you think Crown Princess Victoria was baptised at The Royal Palace Church on 27 September 1977 ?
Sweden is part of the geographical area of Fennoscandia . Have you been to Fennoscandia?
Sweden was formally neutral through both world wars and the Cold War . Have you been to the Cold War?
the Hanseatic League threatened Scandinavia ’s culture . Have you been to Scandinavia?
Skansen to show the way of life in the different parts of Sweden before the industrial era . Have you been to Sweden?
Carl von Linné lived abroad between 1735 and 1738 . Where were you living in 1735?
Carl von Linné lived abroad between 1735 and 1738 . Where were you living in 1735?
Carl von Linné was one of the most acclaimed scientists in Europe at the time of his death . Do you know any other
persons who are one of the most acclaimed scientists in Europe at the time of his death
Why do you think Vasa is a retired Swed?
Why do you think Vasa has been seen by over 35 million visitors since 1961 ?
Why do you think Vasa has become a widely recognised symbol of the Swedish ’great power period ’ ?
Why is Stockholm an important global city ?
the Riksdag is seated in the Parliament House . Have you been to the Riksdag?
Why is Stockholm the capital of Sweden and the most populous urban area in the Nordic countries ?
Why was Gothenburg founded as a heavily fortified ?
The original parent Volvo Group and the now separate Volvo Car Corporation are still headquartered on the island of
Hisingen in the city . Have you been to Hisingen?
Gothenburg hosts the Gothia Cup . Have you been to the Gothia Cup?
the Volvo ÖV 4 . Do you know any of these 4 ?
Volvo was first listed on the Stockholm Stock Exchange in 1935 . Had you heard of Volvo in 1935?
Volvo was established in 1915 as a subsidiary of SKF . Had you heard of Volvo in 1915?

APPENDIX C
QUESTIONS FOR PERSON

Björn Borg Rune Borg born 6 June 1956 is a Swedish former world No . Where were you living in June?
Björn Borg Rune Borg born 6 June 1956 is a Swedish former world No . Where were you living in 1956?
Björn Borg ’s unprecedented stardom and consistent success helped propel the rising popularity of tennis during the 1970s
. Where were you living in 1970s?
Björn Borg had a distinctive style and appearance—bowlegged and very fast Do you know any other persons who had a
distinctive style and appearance—bowlegged and very fast ?
Why do you think Björn Borg was the only player mentioned in four categories : defense ?
Björn Borg was the only player mentioned in four categories : defense . Do you know any other persons who are the only
player mentioned in four categories : defense
Why do you think Björn Borg was bigger than the game ?
Björn Borg was bigger than the game . Do you know any other persons who are bigger than the game
Why do you think Björn Borg was like Elvis or Liz Taylor or somebody ?
Björn Borg was like Elvis or Liz Taylor or somebody . Do you know any other persons who are like Elvis or Liz Taylor
or somebody
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APPENDIX D
QUESTIONS FOR ORGANIZATION

Ericsson had 35 % market share in the 2G/3G/4G mobile network infrastructure market in 2012 . Had you heard of Ericsson
in 2012?
Ericsson had 35 % market share in the 2G/3G/4G mobile network infrastructure market in 2012 . Do you know any other
companies that had 35 % market share in the 2G/3G/4G mobile network infrastructure market in 2012 ?
Ericsson was founded in 1876 by Lars Magnus Ericsson . Had you heard of Ericsson in 1876?
Ericsson employs around 95,000 people and operates in around 180 countries . Do you know any of these 95,000 people?
How many people do you think Ericsson employs?
Ericsson employs around 95,000 people and operates in around 180 countries . Do you know any of these 180 ?
How many do you think Ericsson employs?
Ericsson holds over 42,000 granted patents as of December 2016 . Do you know any of these 42,000 granted patents?
How many granted patents do you think Ericsson holds?
Ericsson holds over 42,000 granted patents as of December 2016 . Had you heard of Ericsson in December?
Ericsson holds over 42,000 granted patents as of December 2016 . Had you heard of Ericsson in 2016?

APPENDIX E
QUESTIONS FOR THING

Why do you think Vasaloppet is the oldest cross-country ski race in the world ?
Why do you think Vasaloppet was inspired by a notable journey made by King Gustav Vasa when he ?
Why do you think Vasaloppet has been a part of the Worldloppet events since 1978 ?
Why do you think Vasaloppet is the oldest cross-country ski race in the world as well as the one with the highest number
of participants ?
Why do you think Vasaloppet was published in Westmanlands Läns Tidning on 10 February 1922 by Anders Pers from
Mora ?
Why do you think Vasaloppet was 22 year-old Ernst Alm from Norsjö Sports Club in 7:32:49 ?
Why do you think Vasaloppet is also the youngest ever winner of the race ?
Why do you think Vasaloppet is one of the races in the long d?

APPENDIX F
QUESTIONS FOR LOCATION

Sweden is part of the geographical area of Fennoscandia . Have you been to Fennoscandia?
Why is Sweden part of the geographical area of Fennoscandia ? Why is Sweden a constitutional monarchy and parliamentary
democracy ?
The capital city is Stockholm . Have you been to Stockholm? Why is Sweden a unitary state ?
the Hanseatic League threatened Scandinavia ’s culture . Have you been to the Hanseatic League?
the Hanseatic League threatened Scandinavia ’s culture . Have you been to Scandinavia?
Why was Sweden directly involved ?
The union with Norway was peacefully dissolved in 1905 . Have you been to Norway?
Sweden was formally neutral through both world wars and the Cold War . Have you been to the Cold War?
Why was Sweden formally neutral through both world wars and the Cold War ?
Sweden joined the European Union . Have you been to the European Union?
Sweden maintains a Nordic social welfare system that provides universal health care and tertiary education for its citizens
. Have you been to Nordic?
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APPENDIX G
INTERVIEW QUESTIONS

Generella frågor
Vilken funktion ser du att ett språkcafé fyller?
Skulle språkcaféer kunna ersättas av någon annan funktion?
För vilken typ av inlärning passar språkcaféer bra?
För vilken typ av inlärning passar inte språkcaféer bra?
När i en persons inlärningsprocess passar det bra att gå till ett språkcafé?
Bör alla personer som kommer till ett nytt land med ett nytt språk använda sig av språkcaféer
eller finns det vissa yrkesroller/sammanhang där det istället är mer lämpligt att man lär sig på andra sätt?
Vilka svårigheter möter man med språkcaféer?
Data
Vilken demografi har deltagarna i olika sammanhang?
Vilken nivå på svenskan har de?
Vad brukar deltagarna prata om?
När man säger att det är fritt, betyder det att det inte finns någon styrning alls?
Är deltagarna återkommande? Dvs. är det i princip alltid samma deltagare?
Hur har deltagarna hittat språkcaféet?
Furhat
I vilka språkcafémiljöer skulle det passa att använda en konversationsrobot?
Vilka svårigheter ser du med att använda sig av en konversationsrobot i ett språkcafésammanhang?
Vad mer bör vi ta i åtanke?

APPENDIX H
TEMPLATE SCORES

XXXXXXXXXXTemplate
Person

1 2 3 4

1 3,28 3,37 3,14 1,34
2 3,18 3,36 3,02 3,51
3 2,51 2,69 1,66 1,76
4 2,17 1,67 2,17 2,33
5 2,95 2,45 2,60 2,90
6 2,45 2,10 2,25 2,50
7 3,64 3,39 3,43 3,43
8 3,41 3,12 2,12 2,88
9 3,00 2,77 2,86 3,05

10 2,72 2,48 2,45 3,13
11 2,69 2,46 2,00 2,73
12 3,64 3,36 3,36 3,73
13 2,60 2,60 2,60 2,60
14 2,60 2,60 2,60 2,60
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APPENDIX I
TEMPLATE DISTRIBUTION

Template Amount
1 115
2 45
3 90
4 6
5 20
6 20
7 28
8 17
9 22

10 64
11 48
12 11
13 10
14 10

APPENDIX J
TEMPLATE PATTERNS

Index Template
1 Sentencepart1 [DATE] sentencepart2
2 PERSON [WAS/IS] sentencepart
3 PERSON [WAS/IS] sentencepart
4 Sentencepart1 [NUMBER] sentencepart2
5 Sentencepart1 [NUMBER][NOUNS] sentencepart2
6 Sentencepart1[FIRST VERB] sentencepart2[NUMBER][NOUNS] sentencepart3
7 Sentencepart1 [DATE] sentencepart2
8 Sentencepart1[HAVE/HAD/HAS] sentencepart2
9 Sentencepart1 [IS/WAS] sentencepart2

10 Sentencepart1 [CAPITALIZED NOUN] sentencepart2
11 Sentencepart1 [IS/ARE/WAS] sentencepart2
12 Sentencepart1 [HAS] sentencepart2
13 -
14 -

APPENDIX K
TEMPLATE QUESTIONS

Index Template
1 Sentencepart1 [DATE] sentencepart2. Where were you living in [DATE]?
2 Why do you think PERSON sentencepart?
3 PERSON is/was sentencepart. Do you know any other persons who are sentencepart?
4 If you were to guess, how much do you think sentencepart1 sentencepart2?
5 [FULL SENTENCE]. Do you know any of these [NUMBER][NOUNS]?
6 How many [NOUN], do you think [ORG] [VERB]?
7 [FULL SENTENCE]. Had you heard of [ORG] in [DATE]
8 Do you know any other companies that [HAVE/HAD/HAS] sentencepart2?
9 Why is/was [LOCATION] sentencepart2?

10 [FULL SENTENCE]. Have you been to [CAPITALIZED NOUNS]?
11 Why do you think [THING] [IS/ARE/WAS]sentencepart2?
12 Why do you think [THING] HAS sentencepart2?
13 [THING] IS A/AN [MOST COMMON NOUNS] What other [MOST COMMON NOUNS]s do you know of?
14 [THING] IS A/AN [MOST COMMON NOUNS] Do you have a favorite [MOST COMMON NOUNS]?
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APPENDIX L
ARTICLE INDEX

Index Template
0 ABBA.txt
1 Allemansrätt.txt
2 Astra.txt
3 Astrid.txt
4 BILLY.txt
5 Bingolotto.txt
6 Borg.txt
7 Bremer.txt
8 Electrolux.txt
9 Ericsson.txt

10 Fika.txt
11 Forsberg.txt
12 Globen.txt
13 Gothenburg.txt
14 GretaGarbo.txt
15 H&M.txt
16 Hammarskjöld.txt
17 Husmanskost.txt
18 ICA.txt
19 IKEA.txt
20 IngemarBergman.txt
21 Kalla.txt
22 Kamprad.txt
23 Kebnekaise.txt
24 KinbergBatra.txt
25 King.txt
26 Kirunamine.txt
27 Klarna.txt
28 Kluft.txt
29 Klum.txt
30 KTH.txt
31 Lagerlöf.txt
32 Linne.txt
33 Meatballs.txt
34 Minecraft.txt
35 Nobel.txt
36 Nobelprize.txt
37 Palme.txt
38 Skansen.txt
39 Skype.txt
40 SLarsson.txt
41 Spotify.txt
42 StellanS.txt
43 Stockholm.txt
44 SVT.txt
45 Sweden.txt
46 Tetra.txt
47 Thunberg.txt
48 Vasaloppet.txt
49 Vasaship.txt
50 Viktoria.txt
51 Volvo.txt
52 Wallenberg.txt
53 ZLarsson.txt
54 Zlatan.txt

APPENDIX M
SCORE SPREAD

XXXXXXXXXXScore
Person

1 2 3 4 Average

1 78 55 105 64 76
2 11 11 16 46 21
3 8 11 21 65 26
4 271 235 213 298 254
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