CONVERSATIONAL Al & KNOWLEDGE GRAPHS
LAMBDA Webinar

Prof. Dr. Jens Lehmann, Dr. Diego Collarana - Fraunhofer IAIS

Z Fraunhofer
1AIS



LAMBDA - Learning, Applying, Multiplying Big Data Analytics
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Project ending on June 2021!!!

Primary Objectives

1.

Strengthening the Human capital and
Education, Research and Development
capacities of “Mihajlo Pupin” Institute

Decreasing the existing European regional
R&I disparity by fostering excellence in the
Big Data Ecosystem areas,

LAMBDA
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AGENDA

B Motivation

B Conversational Al pipeline

® Knowledge Graphs for Conversational Assistants
B Question Answering over KGs (KGQA)

B Conclusions
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Fraunhofer Institute for Intelligent Analysis and Information Systems IAIS
Do more with data!

smantische Technologien
& Linked Data

Multimedia Pattern
Recognition

Pinkypills / iStock.com

Focus Artificial Intelligence/
Machine Learning

300 Data Scientists and Al
Experts

Basic Innovations, R&D,
Industry Projects, Spinoffs

Image-Sources: www.flaticon.com, by Becris, Freepik
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Fraunhofer IAIS Branch Dresden

B Focus on Conversational Al &
Knowledge Graphs

® >15 colleagues (October 2020)

m ,CEE-Al" Al-Cluster established
with TUD Rectorate

W |Initial EU project, Industry
projects & Industry workshops
started

B Successful application for the Al
Competence Centre Scads.Al

B T AW _
Quelle: https://lwww.transconnect-online.de
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Why is Conversational Al important?
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Conversational Al
Motivation

M Speech /Text is the most direct interface

for humans (as long as thoughts cannot
be read...)

B Increasing acceptance of conversational
methods as universal interfaces

M Reductions of costs & complexity

Language is the most powerful
instrument of cooperative action
that humankind has, that any

species we know of has.

(Randy Allen Harris, Voice Interaction Design)
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How Al is Changing the Face of Customer

Service

October 15, 2018

OK Google..

MITTWOCH, 15. MA1 2019
Minchen, Deutschland

Realfeel: 17°
Niederschiag. 24%
' m/h
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How Al is Changing the Face of Customer

Service

October 15,2018 How AI_Powered
23,687 views | Jun 1, 2018, 12:28am Chatbots are unlOCking
The Digital Transformation Of  business value today
ACCOllI'ltil‘lg And Finance - Chatbots can streamline engagement between

consumers and brands to improve customer

Artificial Intelligence, Robots service experience
And ChatbOtS 14 NOVEMBER 2018 - 12:49 by RUDEON SNELL
Collaborative Intelligence:

Humans and Al Are Joining

Forces :
ot et s The Future Of Medical

Technology: Chatbots
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Chatbot global market
Motivation

Global Al based Chatbot Market, 2016-2026, (US$ Mn)

2,970.4

i IIIIIII
-Ill

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

® Value (USS Mn)

Image taken from https:/www.alltheresearch.com/report/223/ai-based-chatbot-market-market
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SPEAKER project
Industrial Speech Assistant Platform

B Conversational Al

( . ™~
Consortium Leader — —
. i Z Fraunhofer] [’/i Fraunhofer]
B Question Answering
N Knowledge Gra phs icll\!ol\lljgvl-tl]osmr Development partners Consortium Board
CLOUD-# SPEAKER Platform @ . \
| Industrial Board
H s
Speech Module developers \ 48 @)% M) — / DATEV L :
. )) AUdEERING™ . Scientific Board
0 SIEMENS
B Customizable & 'k"'"’““”ﬁgggﬁonn . LMU s |
- SCOPE ommeysat
I i un Associations | | T
Domaln—speC|f|c EUesco INTERNATIONAL DATA J GRUnNDIG ~ ONSEI
\ J . - J
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Conversational Al
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Conversational Assistants
Background

We build conversational Al platforms

Powered by knowledge graphs

Obtained by integrating heterogeneous data

structured data

Source: Michael Galkin https:/migalkin.github.io/talks/2019-11-16-moscownlp
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Conversational Assistant
Pipeline
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Automatic Speech Recognition (ASR)
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Traditional ASR pipeline
Break problem into several key components

Audio wave

Feature representation

Decoder Acoustic Model P(O|W)

argmax P(W|X) Language Model P(W)
%%

= argmax P(OlW)P(W) Gales & Young, 2008
%% Jurafsky & Martin, 2000

Source: Adam Coates http://www.apcoates.com/
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End-to-End ASR approach
Using neuronal networks

Input

Sound wave of
me saying “Hello”

Source: Adam Coates http://www.apcoates.com/

Output

Neural Network —

“Hello”

Supervised Learning

We will give many examples for the neural
network to learn, a tuple (audio, text)

Plain text
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End-to-End ASR approach
Audio pre-processing

“Hello world”

—> EEAESIIIEN —>

Power

20ms Frequency I
1 Frame

Take a small window Compute FFT and take
(e.g., 20ms) of waveform. magnitude. (i.e., power)

Source: Adam Coates http://www.apcoates.com/
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End-to-End ASR approach

CTC
DeepSpeech2 model _r[ ) Fully
(O ©0000O0 O]I Connected
OXxXxxxxxxObi
ooxxxrrrxrxxsm
X1
[. 00000 .] Recurrent
or
: oorxrxxrxxxrnxn GRU
X2 W X+b | of2) Y1 Batch (Bidirectional)
W O rrrrxry
Normalization
« axxrxrxrxrxxo
3 Oaxrxxrrrog
Linear function with Activation (XXXXXXX) 1D or 2D
weights (W) and function (© 0000000 Invariant
i Convolution
biases (b) |@eco00000),
[ Spectrogram ]
Model DeepSpeech 2: https://arxiv.org/abs/1512.02595
=
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End-to-End ASR approach
DeepSpeech2 model

X1

X2

X3

Linear function with

W' X+b

weights (W) and

biases (b)

o(z) Yl

Activation
function

Model DeepSpeech 2: https://arxiv.org/abs/1512.02595

2. Loss Function

(

| CTC |

[llil«liii]
o000 00O®0
o000 00 OO
XXIXIxrxrxo
|wg$m["""'”

X XXxIxrxrnm

1. Forward Propagation

CXxxxxxn

"MGGDGGGQI%

XXX XxXxohl
X XXIXXXX5

ieococeoecee),
[ Sphc'_rngn«}_%

Fulhy

Recurrant
or
GRU
(Bidiractional)

10 or 20D
Invariant
Convolution

4. Ajustar los weights

3. Se calcula nuevos weights

Gradient Descent
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Speech Recognition Example

Subtitles are automatically generated by
Fraunhofer Al technology in real time.

Implemented in our world-leading broadcast
recognition system, used by ARD.

© Fraunhofer-Institut fir Intelligente Analyse- und Informationssysteme IAIS
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Speech Recognition: Saxony Parliament

Our Speech to Text technology is trained on

~ various dialects.

The system is running live and in real time
subtitling all speeches in the Saxon parliament.
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Core Dialogue System - Powered by Knowledge Graphs

Fraunhofer
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What is a knowledge graph?
Definition

“A knowledge graph is a T

large network of entities, @ .=

their semantic types plus c e
properties, and - N

relationships between @

those entities.” N \ @ o

"7,,,)& Washington
»
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What is a knowledge graph?
Technically we use RDF a family of W3C specifications

City

RDF is a generic data modeling

language based on the idea of LTy paris ¥/

. 2
making statements about the  socaiedin
things in the form of:
| - VISlted Alice %
7 \& \
L@ .. O
Bll( ? o - :\.v.ﬂ'}’ oy

l ' nona L/
(v ankh '

<subject> <predicate> <object> "'g @ ) v B
\ @ . L\la J(i;co“(tie a
I u 1 " . g %4, Washington
which are known as “RDF triples”. @
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What is a knowledge graph?
Technically we use RDF a family of W3C specifications

(subject A concept / entity that )
o represents things in the real
L and/or information world. )
(predicat a |
predicate type hasMaxSpeed Relationship between two
U concepts.
J
R\ a\
ObJE ct Target of a predicate: concept
Vehicle 180 (Vehicle) or literal (180)
J
O = Concept / Entity = Literal / Value —» = Predicate
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What is a knowledge graph?

Technically we use RDF a family of W3C specifications

ex:EiffelTower a ex:Place

ex:EiffelTower ex:locatedIn ex:Paris . @ e @
ex:Paris a ex:City . %, ity N'c" r 7
ex:Alice ex:visited ex:EiffelTower . 9\;Ce i .| [ 6
ex:Bob ex:friendOf ex:Alice © @% \*‘3 @ —— '
ex:Bob ex:bornOn “14.07.1990" AMxsd:dateTime by, WS
& & 0
Serialization formats: Turtle, N-Triples,|JSON-LD, N-Quads, RDF/XML
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What is a knowledge graph?
Technically we use RDF a family of W3C specifications

ex:EiffelTower a ex:Place .

ex:EiffelTower ex:locatedln ex:Paris .

ex:Paris a ex:City .

ex:Alice ex:visited ex:EiffelTower .

ex:Bob ex:friendOf ex:Alice .

Triple store

Virtuoso
Stardog

Amazon Neptune

ex:Bob ex:bornOn “14.07.1990" AMxsd:dateTime

Serialization formats: Turtle,

N-Triples,

JSON-LD, N-Quads, RDF/XML
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What is a knowledge graph?
Technically we use RDF a family of W3C specifications

Who EYEiffel Towerfg
l Q@e\Tow& .
SELECT ?uri WHERE { @ v Alice

iSited
Ellilex: visitedjex:Eiffel Tower} " \& _
Bil/ ,//""/', ona US}; ’ 0:;-.\\"-’}'\)\‘

} ?\aCe \ @, 8ob ‘, )
@ n ~rorested N
js it st

>
o

: La Joconde a

& R 0 \I\’af-hingt(m

;;;I,‘.(_,/’ .

Leonardo
da Vinci

esl

o ,

ex:Alice, ex:Bill @ SR 0

SPARQL query language
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How to build a knowledge graph
from enterprise data?
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How to build a knowledge graph?
Is it expensive?

W @

Linked Data
Lifecycle

\
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How to build a knowledge graph?
Smart Data Connector, easy and enjoyable

The Smart Data Connector (SDC) is a solution to connect heterogeneous enterprise
data into actionable knowledge, with the motto model and connect

SPEAKER
Use Case
) Components .
V4
\ 4

Using modeling By providing data services,
tools / tools supporting here:
« Protégé ~—— Mapping _— + Elastic Search
» VoCol * OnTop

From original data (Optional) If physical

sources to RDF- integration performed:

- Protégé * Virtuoso

- RML « Stardog

» Metaphacs

\
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How to build a knowledge graph?
Modeling the domain

Semantic Model for the Form Filling Component

Ontology Metadata

type ogy

liil Ontology Statistics

http://www.w3.0rg/2002/07/owl#Ontol

Classes

RDF Properties

OWL ObjectProperties
OWL DatatypeProperties
OWL AnnotationProperties

Individuals

6 Project Details

40

Instance Name
Repository Owner
Repository Service

Repository Branch

FORMFILL
Diego
jira

master

\
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How to build a knowledge graph?
Mapping and connect your data

Silk Workbench :

START WORKSPACE ACTIVITIES

Silk Workbench is a web application which guides the user through the process of interlinking different data sources. S .
ilk Workbench

Silk Workbench offers the following features:

It enables the user to manage different sets of data sources and linking tasks.

« |t offers a graphical editor which enables the user to easily create and edit link specifications.

As finding a good linking heuristics is usually an iterative process, the Silk Workbench makes it possible for the user to quickly evaluate the links which are generated by the current link
specification.

» It allows the user to create and edit a set of reference links used to evaluate the current link specification.

Documentation on the Silk Workbench and the Silk Link Discovery Framework in general can be found in the Wiki.
For questions and feedback please use the Silk Google Group.

Your current workspace contains 5 project(s).

OPEN WORKSPACE

\
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How to build a knowledge graph?
Smart Data Connector, easy and enjoyable

MVP Features

Connectors to SQL, CSV, JSON, XML Query End-Point
Provide the means to create Provide a SPARQL end-point, to
mappings and transformers from query the connected data.

SQL table, CSV and JSON files to RDF.

Entity Index Metadata Index
Provide a rich API, which allows Indexing as well metadata, both
for a quick keyword search on customer provided and open, e.g.,
business entities from the full medical thesaurus. By indexing
Connectors. not dummy JSON objects but

semantic enriched JSON-LD objects.

\
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|

Smart Data Connector @ <@

/openapi.json

API for the SPEAKER Smart Data Connector

Elastic Search Index Jm v

GET /entities Entities

GET /relations Relations

GET /search Search

Query Knowledge Graph W

POST /query Query

Data Services v

\

~ Fraunhofer

© Fraunhofer-Institut fir Intelligente Analyse- und Informationssysteme IAIS IAIS



Knowledge Graph-based Question
Answering

\
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Knowledge Graph-based Question Answering
How it works

KG Answer

query O
O

@,

Knowledge Graph-based
Question Answering

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

\
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Knowledge Graph-based Question Answering
How it works

dbp:studio
'E dbp:resides

dbp:studio

@ dbp:studio

Q: How many Marvel movies was Robert Downey Jr. casted in?

\
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Knowledge Graph-based Question Answering
How it works

-

7 ~
/  a11 N
| marvel \

\ : /
KGQA
-~ - e

How many movies was [[{Ju-Igao el T3] o
in?

SELECT COUNT(?uri) WHERE {

2uri dbp:studio [sloJgHiETA-NMRIAIGETT .

?uri dbo:starring dbr:Robert_Downey_Jr

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

\
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering
How it works

-

7 N
/7 a11 N
| marvel 1

\ : /
KGQA
N~ [~

s TN
¢ Every
[ thing
\ starring 4

How many NEIRYZER! movies was [f{e]of=1 gt alld [e1T];[=3VA [ o8
SR s casted il

SELECT COUNT(?uri) WHERE {

2uri dbp:studio [sLIeuETAN MR ATl HTT .
?uri dbr:Robert_Downey_Jr

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering
How it works

-

7 N
7/ a11 N
| marvel 1

s’ KGQA
\ /
S~ - N

-y
Ve N
/ Ev?ry \
[ thing

\ starring ; How many WEIWYZNl movies was [JG]sllgaldelT] T\ ) o
\*'-.R,[_}_Jz/ castediis¥;

U Find the SELECT COUNT(?uri) WHERE {

\ intersection

. ) ?2uri dbp:studio [|JgRiETRNMRYATTETL.
S=C S [{VigMdbo : starringfidbr:Robert_Downey_Jr

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering
How it works

7
/7 a11 N
| marvel 1

\ ; /
KGOA
~ - [

s TN
¢ Every
[ thing

\ starring ; How many WEIWZIl movies was [Jllollgalde]T] AN ) ol
\*'-.R,[_}_J// castediis¥;

” ~ ~
[ Find the | SELECT COUNT(?uri) WHERE {
N intersection K ?2uri dbp:studio [LIaRIETRVNRRIAIGETY .
R [\IgWdbo : starringfdbr:Robert_Downey_Jr
’ - N }
/ \
i Count the \
\ entities
\ ..,.lift, / Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
. ]
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering
Entity Linking

L]

!_*_\
Who is the CEO of Apple?

©{TTIE belongs to which genus?

movie character

@{m played m in which year?

Who is the alter ego of Iron man?

|
comic character

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering
Relation Linking

dbo:starring

(_Aﬁ
Name all the movies in which [{G]s IS g s LV [T M?

Which movies have M?
Flicks where | can see JGLIHgdp])?

Find me all the films m Rober Downey Jri
List all the movies M Robert Downey Juniorf

m In which movies?

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

\
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Knowledge Graph-based Question Answering
Pre-defined SPARQL templates

Natural How many did star_ing

language

SELECT COUNT(?x) WHERE {
Pre-defined ?x rdf:type E
template e @wdt:P161 m

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

\
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Knowledge Graph-based Question Answering
Pre-defined SPARQL templates

How many did star_in
How many m oifelll eonardo DiCapric ?

SELECT COUNT(?x) WHERE {

?x rdf: type m

wd:011424

Film

wd:038111

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

Leonardo DiCaprio

\
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Knowledge Graph-based Question Answering
Pre-defined SPARQL templates

Pros Cons
e [ndependent of the KG size e Manual curation of templates
e F[ast & parallelizable (100+ is already hard to sustain)
e Explainable query results e FEach new question formulation

will require a new template
e Hard-coded to the KG schema

(ontology)

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
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Knowledge Graph-based Question Answering
Pipelines: Natural Language 2 SPARQL

Answer

: query
Question Sema.ntlc
Parsing

_________________________________________________________

Entity "' Relation | Query |/
Linking . Extraction | Re-ranking }

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga
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https://migalkin.github.io/talks/2020-12-04-kgqa

Knowledge Graph-based Question Answering

Pipelines: Natural Language 2 SPARQL

Pros

e Some supervised ML can be applied
e Transfer learning works
e (Component T -> Performance 7

e Explainable query results

Source: Michael Galkin https:/migalkin.github.io/talks/2020-12-04-kgga

Cons

Fast retrieval & communication to the
KG is essential

A Snowball effect of components
error propagation

Brute-force heuristics, e.g., extract a
2-hop subgraph & rank; extract all

k-long relation paths and rank

\
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Knowledge Graph-based Question Answering

COVID-19 cases

., Afghanistan,2020-12-12 85:26:19,33.93911,67.709953,48116,1945,38141,8038, Afghanistan,123.60146557491366,4.0842314466850112

., Albania,2020-12-12 85:26:19,41.1533,20.1683,46863,977,24136,21750,Albania, 1628.4314406838555, 2 .0848003755628106

,», Algeria,2020-12-12 85:26:19,28.0339,1.6596,91121,2575,59590, 28956 ,Algeria, 207.7966537762853,2.825912797269565
,»,Andorra,2020-12-12 85:26:19,42.5063,1.5218,7236,78,6598,560,Andorra, 9365.171811298776,1.077943615257048

»»,ANgola,2020-12-12 ©5:26:19,-11.2027,17.8739,16061,365,8798,6898,Angola, 48.8677327161088,2.2725857667642115

,»»Antigua and Barbuda,2020-12-12 05:26:19,17.0608,-61.7964,147,4,138,5,Antigua and Barbuda,150.11028510742585,2.7210884253741496
»»,Argentina,2020-12-12 05:26:19,-38.4161,-63.6167,1489328,40606,1324792,123930, Argentina, 3295.28132683724, 2. 726464553148745
»»sArmenia,2020-12-12 85:26:19,40.0691,45.0382,146317,2445,123474,20398,,Armenia, 4937, 7470695868105,1.6710293404047376

»,Northern Territory,Australia,2020-12-12 ©5:26:19,-12.4634,130.8456,62,0,52,1@, "Northern Territory, Australia”,25.2442996742671,0.0
,,Queensland,Australia,2020-12-12 05:26:19,-27.4698,153.0251,1226,6,1199,21, "Queensland, Australia",23.966376698269965,0,4893964110929853

,,Tasmania,Australia,2020-12-12 ©5:26:19,-42.8821,147.3272,234,13,217,4,"Tasmania, Australia®,43.69747899159664,5.555555555555555
,,Victoria,Australia,2020-12-12 85:26:19,-37.8136,144.9631,20350,820,19525,5, "victoria, Australia",306.94278948400427,4.0294840294840295

sy Austria, 2020-12-12 05:26:19,47.5162,14.5501,316581,4289,273503,38789,Austria, 3515, 0670634215667,1.3547875583184081
,»,Azerbaijan,2020-12-12 ©5:26:19,40.1431,47.5769,167155,1840,103550,61765,Azerbaijan, 1648.6055325014115, 1. 1007747300409
»»,Bahamas,2020-12-12 05:26:19,25.025885, -78.035889,7623,163,6043,1417,Bahamas, 1038, 471397184474, 2, 138265774629411
,»,Bahrain,2020-12-12 ©5:26:19,26.0275,50.55,88820,347,86867,1606,Bahrain, 5219, 845285243212, 0.3906777752758388
,,,Bangladesh,2620-12-12 ©5:26:19,23.685,90.3563,487849,6086,414318,66545 ,Bangladesh, 296.22370981862264,1.432066475556986

o
N}

,»,Barbados,2026-12-12 05:26:19,13.1939,-59.5432,292,7,269,16,Barbados,101.61086971983951,2.39726062739726626
,,,Belarus,2028-12-12 85:26:19,53.7098,27.9534,156359,1246,133936,21183,Belarus, 1654.7114866771968 ,0.7968846936562653

, »Antwerp,Belgium,2820-12-12 05:26:19,51.2195,4.4024,71368,6,0,71368, "Antwerp, Belgium",3841.148426306765,8.0
,,Brussels,Belgium,2026-12-12 ©5:26:19,50.8503,4.3517,78152,0,0,78152, "Brussels, Belgium",6466.635003169167,0.6

,,East Flanders,Belgium,2020-12-12 05:26:19,51.6362,3.7373,57603,0,0,57603, "East Flanders, Belgium”,3802.0176045368376,0.0
,,Flemish Brabant,Belgium,2020-12-12 05:26:19,50.9167,4.5833,45941,6,8,45941, "Flemish Brabant, Belgium",4008.201196917617,0.8

,,Hainaut,Belgium,2020-12-12 05:26:19,50.5257,4.0621,96379,8,0,96379, "Hainaut, Belgium",7169.770896736522,8.0

FIPS,Admin2,Province_State,Country Region,Last_Update,Lat,Long_,Confirmed,Deaths,Recovered,Active,Combined_Key,Incident_Rate,Case_Fatality Ratio

»»Australian capital Territory,Australia,2020-12-12 ©5:26:19,-35.4735,149.0124,117,3,114,0,"Australian Capital Territory, Australia”,27.33006306
,,New South Wales,Australia,2020-12-12 05:26:19,-33.8688,151.2093,4639,53,3191,1395,"New South Wales, Australia",57.14461690071447,1.14248760508

,,south Australia,Australia,2020-12-12 ©5:26:19,-34.9285,138.6007,562,4,558,0, "South Australia, Australia",31.995445488186736,0.7117437722419929

,,Western Australia,Australia,2020-12-12 05:26:19,-31,9505,115.8605,835,9,815,11, "Western Australia, Australia”,31.74186795255835,1.077844311377.

COVID-19 Data Repository by the
Center for Systems Science and
Engineering (CSSE) at Johns
Hopkins University

https://github.com/CSSEGISandData/COVID-19
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https://github.com/CSSEGISandData/COVID-19
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Question Answering Interface

App

How many cases are in total in Germany till 25th
August 20207

Number of recover people in Mexico?

Examples

How many new cases were found on 24th
August 2020 in Argentina?

Are there new cases in India?

What country has the maximum cases in the
world?

Which country had the most cases on 24th lnhofer

2
August 20207 IAIS




Speech Synthesis (Text to Speech)
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Text to Speech Examples

»Yes, ask me about this city...

»Technlcal Unlver5|ty Berlin..

»The Museum is subdivided into the...« \)\ Nordwind und Sonne

»En beherztet Kolle Allaaf...«

»It depends on my job, but I really...« |

\

Seite 54 % Fraunhofer

© Fraunhofer-Institut fir Intelligente Analyse- und Informationssysteme IAIS IAIS



Conversational Al & Knowledge Graphs
Conclusions

B Increasing acceptance of conversational methods as universal interfaces
B We are creating Conversational Al technology empowered by Knowledge Graphs

B SPEAKER is primarily targeting industry (B2B focus rather than B2C as Siri, Google

Assistant, Alexa)

B Our technology pursuit digital sovereignty: Control over own data as well as used
technology, Compliance with German and European regulations (e.g. for cloud

services), Security and privacy for company data

\
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Thank you!
Danke!
Gracias!

Merci!
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