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text«“shuttle.a:

Machine ITranslation for
Film and 1V Subtitles

« Subtitles as an excellent basis for machine translation

« Applied language technology:
Neural Machine Translation

« Translation industry: post-editing savings up to 30%

www.textshuttle.ai
welcome@textshuttle.ai

+41 44 500 73 45
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Hierarchical Classification for
Economic News Articles

Fernando Benites Mark Cieliebak

News Article

Twint erobert die Region
Basler Kantonalbank und
Bank Coop bieten
Bezahl-App an

Sachthemen

Nachbarwissenschaften

Betriebswirtschaft Wirtschaftssektoren
Unternehmensfihrung und Organisatian

Recht und Rechtswissensc Demographieund Bevilkerung Gffentlicher Sektor

Allgemein

Regierung und offentliche Verwaltung

Offentlicher Dienst. Schweiz l
Y ~

Offentlicher Dienst. Basel-Landschaft, Basel-Stadt

Offentlicher Dienst. Deutsche Schweiz




Weighted word overlap and word embeddings:

A practical ensemble approach to Question Matching
In a Dialogue Simulator

Don Tuggener, Institute of Computational Linguistics UZH / SUPSI / LifeLike

e Dialogue simulator for
medical interviews (LifeLike)

» Replace mouse interaction
with voice input

« Match user input to available
guestions using machine , :
learning SR i P T

« Handle non-matching inputs, .

speech-tﬂ-text errors
“What's
) your work?”




Concept Molecules as Basis for Text Analytics and Its Comparison to Corpus Based Methods

Michael Owsijewitsch, Hans-Jorg Schumann, Jorg Niggemann, Hans Rudolf Straub
Semfinder AG, a 3M Company, Kreuzlingen, Switzerland

SwieaText ZM T

* Medical classifications include between 10 an 70 thousands single
codes (or even more in case of SNOMED)

 Stochastic systems have limitations to differentiate a big number of

possible outcomes due to exponential growth of the training corpus
needed

* Semantic systems are advantageous since analyzing the inputs from
inside and applying domain knowledge

* The Concept Molecules facilitate development and maintenance of
our interpreting system

* The interpretation result, which contains implicit and explicit
information from the input, allows for versatile data handling and
analysis

. Scigncea,
& Semfinder m Applied to Life.”



SwissText 2017

We have answered this before: A study of the
characteristics and solutions of the question retrieval
and equivalence detection problem

Alireza Ghasemi, Silvia Quarteroni
ELCA Informatiqgue SA

Mark Cieliebak 7 SwissText 2017, 9.6.2017



B2B Solution: Visineer Dashbboard
Vidatics GmbH - Dr. Christian Rohrdantz

Improving Product Development and
Customer Journey through Text Analytics

I Hcducls

Thousands of Reviews Owur Text Analytics Engine

EETRLTTEL PR

Free download for YOU! @
www.product-buddy.com

--------

e mEEeT



SwissText 2017

Making chatbots for the Swiss industry:
Lessons learned

Lancelot Caron, Silvia Quarteroni
ELCA Informatiqgue SA

Mark Cieliebak 9 SwissText 2017, 9.6.2017



University of
Zurich™

Institute of Computational Linguistics

Website
http://pub.cl.uzh.ch/demo/diachronvis/bbdia/

BBDia: Diachronic Visualization of Semantically Related N-grams Using Word Embeddings

Similar Words
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ahnliche Bedeutung:

Weltkrieg
Feindseligkeit
Biirgerkrieg
Belagerung
Kriegsausbruch
Kriegsereignis
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Finanzkrise
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Revolution
Golfkrieg
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A Twitter Corpus and Benchmark Resources for
German Sentiment Analysis

Zurich University of Applied Sciences (ZHAW) - Winterthur, Switzerland
SpinningBytes AG, Kisnacht, Switzerland

Mark Cieliebak Jan Deriu Dominik Egger Fatih Uzdilli

Benchmark for Sentiment Analysis in German

New Corpus: SB-10k SV System CAN System

Features ’ 2N p :
+ n-grams, n = 1...4, POS-n-grams, n = 3...5, non- L .

[ ] contiguous n-grams, n = 3...5 i —
9738 German tweets . Coniguous morams.n <3, S L 1

+ # upper-cased tokens, # of hashtags, # of POS tags

« # continuous punctuations (max), last token punctuation = ‘
(2,1 /
- 1+ nn LI L 1 n + # elongated words, # negated tokens & ﬁ =
+ Labels: "positive”, "neutral”, "negative" and = = =
" . n HashtagSentiment, Sentiment140, Sentiment140-3- ;
m Ixed class, RottenTomatoes-3-class) —.{ s .I \ l—«@ @ é
» Each tweet annotated by 3 annotators |
Classifier Training Corpus Test Corpus F1
5 g o o sSvmM SB10k SB10k 56.98 Results
» Designed to cover a wide variety of unigrams S ————
: - = e s » CNN outperforms SVM in all but one case (red)
and topics b o
v — —_ e + SB-10k generalizes better than MGS to unseen data
SVM MGS MGS 58.41
NPT RPTI b e Ao o e =0 LS faes R * Resulting F1-Scores match state-of-the-art
1 ALIVE 1 | VIIXE K| wn al SVM MGS DAL (fully 57.68
S CNN MGS DAI (full) 58.38

1682 1077 5266 330 1428 9738

Corpus and source code are publicly available at www.spinningbytes.com/resources



HOCHSCHULE Johannes Forster (M.Sc.) Nora Hollenstein (M.Sc.)
AT [forster@hm.edu n.hollenstein@de.ibm.com

UNCHEN
a Understanding
é’ ﬂ Natural Language Processing

Image Recognition

Designing Cognitive
Computing Architectures
for Domain-Specific
Decision Support Systems

Reasoning Learning
Provide user-specific Machine Learning to generate
<€ -> or verify hypotheses

recommendations
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SwissText 2017

Taxonomy Induction using Hypernym Subsequences

Amit Gupta, Remi Lebret, Hamza Harkous, Karl Aberer
EPFL

Mark Cieliebak 13 SwissText 2017, 9.6.2017



SwissText 2017

An end-to-end pipeline for detecting and categorising
customer complaints

Thomas Bogel, Henrik Matzen
IBM

Mark Cieliebak 14 SwissText 2017, 9.6.2017



SwissText 2017

Privacy in the Time of Bots: Answering Free-form
Questions about Privacy Policies with Deep Learning

Hamza Harkous, Kassem Fawaz, Rémi Lebret,

Florian Schaub, Kang G. Shin, Karl Aberer
EPFL, University of Michigan

Mark Cieliebak 16 SwissText 2017, 9.6.2017



e ENngage users

e Unique conversations

e Parse input via wit.al

—s beta available: kubu.chat

lch mach's kurz: Yon? Mach?
Wann? &

lch mochte nach Basel

Won wo aus machtest du
starten?

Zurich

Ah._und die Abfahrtszeit soll
ich erraten? =

Margen 13:00

Da binich ja auf 'E.'_il'lEt echte
Perle gestossen =
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Rule Bused Question Answering

We developed a bot which is able fo answer basic factoid questions on
movies, like "Who directed Inception?” or "When was Brad Pit born2".

parses the question using natural language processing and machine learning Who dieced Icepfion?
techniques and extracts the relevant information from an existing database.
This project shows a possible way fo replace formal database queries by lm,ﬂmg
natural language questions. In that way we could provide an interface for
non-echnical users fo databases from virtually any domain. Prediate; diecol

Object: ~ Inception

System Description
SO0k
+ Partof Speech Tagging (Stanford CoreNLP):
We first extract the subject, object and predicate from the input sentence. SHEC daome
FROM Hove m, Diecord

We also use synonyms for these words. WHERE m s - s’

« Bag-oFWords similarity (Gensim): i
We compare the input sentence to a set of known questions. If we find a lﬂnlnhm Request
match, we can directly infer the question type.

* Simple Obiject Data Access (SODA): PFrecbase n%
SODA allows fo search an enfire database for keywords. They are
matched o the database's metadata and fransformed info an SGL query. lwm .
We pass the previously found keywords (e.g. subject and predicate) to

SODA and use the exiracted data to generate our response.

* Database:
We use the well known knowledge bases Freebase and DBpedia as our
information sources.

Response:Crisophe oo

Results Whet s Londan?

This chatbot demonsirates a way fo implement a natural Ui Kingdom
language interface fo siructured information. To the right you  [AMERCUARES Uil
can see one example from the movie domain (fow charf] and  [KNYHYRENNEREI

three examples on geographical information. Austri

Example questions (lef) and the onswers of our chatbot (rgh).

Erland Xhoxhaj Dirk Von Grinigen
Yusuf Koc Martin Weilenmann
Sandro Panighetti Hans Daniel Graf

Matteo Togni

Four Ditterent Ways to Build a Chatbot About Movies

Daniel Zirrer

Learning Dialogues End-to-End

We developed a neural network which learns how to respond to a dialogue partner. In contrast o the fwo
chatbots above, the focus was not on correctly answering factoid questions, but rather on learning end-oend to

interpret input and generate appropriate output without any external source of information.

JERREIEEN 1

System Description
* Word embeddings:

A
o A A

DECODER

The input sentence is transformed info a sequence of word vectors.

* Sequence-o-sequence model:

The model consists of two long shortferm memory networks (LSTMs): an encoder, which maps the input
sequence to a thought vector, and a decoder, which maps the thought vector to the output sentence. The

encoder and decoder are trained together on a set of training dialogues.

« Training sef:
We trained the model once on a set of reddit.com comments
and once on the OpenSubliles dataset. Empirically the
results obtained from the OpenSubitles set were more
convincing.

Results

In contrast to the other presented chatbots, this one does not
extract the information for a response from a given knowledge
base, but lears how fo answer questions in general. This makes
it hard to evaluate the performance of the chatbot. We think the
fact that the model learns to give sound responses, which fit the
type of the question, is exciting by itself. Also, in many cases the
system actually gives correct or interesting responses (see
examples).

1, bow e you?
What coloris e sky?
Whet oo isfe?

war a bloefons. What colrdomy fons
ave?

imnot o fon
Telme  joke!

imnotojoke

e you o man o  womon?
mioto

Do you ik vers good?

idon t think so

Example questons () ond the onswers of our chabot (igh).

Fernando Benites Mark Cieliebak e
Jan Deriu Walter Eich h
Nico Neureiter Stephan Neuhaus z
Pius von Daniken Kurt Stockinger aw

Modelling Conversation Context Microservice Architectures

In a second project we approached the same problem - automatically

answering factoid questions about movies - with different tools and @ Show mehemoves of 2016 The recent developments and inferest in  cloud =1
different focus. We developed a system that keeps track of the confext computing lead fo increased use of microservice
of the current conversation and is able to answer follow-up questions. lm I architectures, where classical monolithic applications o
are replaced by independent services, which rely on .

Imagine a conversation where you are talking about a specific acfor [H—— very litfe communicafion. This kind of architecture
and want fo know his date of birth. Instead of restating the fifle of the Enty: 2016 (Reboseten) can have great advantages in scalability, robustness
movie, you will probably just ask "Who is the director of this movie2" and innovative potential.

i i i PAR . " o N
P o0l berineqogamerber which movie you were ls o We implemented throe different versions of a chafbot (oot do fth miawenc acilce vt sogege o

talking about. We present a simple approach o resolve this kind of

Ll ot o] The clonic voion epces the UADD s by soprce nteoces fo iffent
state dependency in cerfain scenarios, by simply combining database SELECT movie_ame WHERE { CLMEIEAT - Aty > Kindsof reqest (get_mavies_by_diectr, et_movie_by_gere,.).
: [ move rltseboe: 2016 different setfings. The three versions were: _movies_y_Seect, Get_ories_ty_gne
queries #move moane: #move_ame)
1) a classical monolithic implementation. e o
System Description l"“"'""“““" 2) a mi ice impl ion with an y - =
« Rasa NLU: data interface (few services, diagram).

Enity extraction and infent classification. IM n b 3) a microservice implementation with atomic data {1 I——

Input: Show me movies by Clint Eastwood! access (more services). . ook
Intent: moviesOfDirector ;
Entities: (Clint, name), (Eastwood, familyName) Results

« GraphDB, SPARQL: Only the ones with Tom Crise. We performed experiments in four different seffings: “ !

We use data from IMDb, stored as RDF Triples in GraphDB: + Low or high workload: The chatbot is confronted with 2 or 100 S g
636307, firstName, Clint l queries per second respectively. [y p——
:?fi‘_”- ;ajg:“; ’b'h‘-*;‘_'“dt cses07 T + Simple or complex queries: Queries fillering by one or muliple =

Aion Do = CHEBEED iy, o ) criferia (e.g. "Show me action movies from 2016") respectively. |
 Confext Tracking: " (s (omibtame) " " L

We keep track of the context by combining the current SPARQL Qur resuls)show, that the | € < e"‘_'“_

query with the previous one. E.g. if the previous query asked l strongly depends on the sefting. In particular spliting the dato-

only for movies from a specific director, we can keep this filter interface info atomic services, requires an application-eveljoin for _—

for the new query as well. SHLECT Pmove_nome WHER { complex queries. This results in a significant drop in performance.

It is not obvious, when we want use this context and when fo :mm@m?un-'z_uw Overall, we conclude that there is no general answer fo the

treat @ new query independently. We decided fo only use the i oy question monclth vs. microservices. The A i

p p Context . #moie soring: Pctor. - 8 ek Lo

context when the current input shows no clear infent. Tadot brome: Ton” At e 0

Pactor lnome: “Cruise” )
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Improving tourism marketing strategies by predlctlng the

behavior of travelers using social media networks

Cata analysis -

KNIME

Customor adhosion
impravament

Text Analysis — Semantic Concepts — Marketing Message

HES-50 Valais-Wallis /I DUDE-LAB

Pags 1 i www hevs chidude-lab:

= +200'000
comments and
captions

= 3 vyears of pictures
meta-information



