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Schlagworte

Maschinelles
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Kiinstliche
Intelligenz

Personalisiert &

Deep
Learning Individuell

High Performance
Computing & Cloud
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ON4OFF Referenzmodell fur den Einzelhandel (Kl Fokus)

2
ONA4OFF — Konzept und Referenzmodell '

Online — Shopping Offline sichtbar
Vorbereitung Filialen Besuch
Kommunikation zu Fachkompetenz
Trends im Umkreis Kunde/Filiale
Bessere Beratung in Filiale
Effiziente Zeitgestaltung in Filiale

Pieper

Mitarbeiter & Datenintegration Filiale XYZ
(Pieper Kassensystem, ERP, etc.)

J GDPR " @

Prasentations — GUI &

Adaptive Case Management
Benutzerschnittstelle t

ﬁi@

Computing — Infrastruktur

[ [
&
o/" ~ X Sichere Daten Repositorien

Kommunikations — Infrastruktur

R
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Kl Modell #1 — Erzeugung automatischer Tag-Begriffe fur Produkte in DE
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Ubersicht KI Modelle in ON4OFF

Kunstliche
Intelligenz (KI)

Maschinelles
Lernen (ML)

Deep
Learning (DL)

Modell #1 - Erzeugung automatischer Tag-Begriffe fiir Produkte in DB

(Goldbarren)
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Modell #1 - Erzeugung automatischer Tag-Begriffe fur Produkte in DB

v' Vortrainiertes RESNET-50 Netzwerk auf 14
Mio Bilder (ImageNet Bilder frei verfugbar)
v' 3-4 Stunden Aufwand, nicht sehr komplex
(Fine-tuning mit RESNET-50 etwas mehr)
Einmal trainiert, braucht kaum Rechenzeit
Adaptierbar auf lhre Produktpalette
Top 1-5 Treffer denkbar (nicht nur
Hauptbegriff - auch Nebenbegriffe)

ANIANERN

(Neuartige tiefe Neuronale Lernnetze zur Bilderkennung ...)

< S, C s; m u;
input featue maps  feature maps featuse maps featuse maps owput
232 8x28 14x14 0. 5x

— 23
b

opn
st

N —

.\4.\7_”‘.
R
(. /e (Tiefes neuronales Netzwerk

heisst smarte layers, nicht nur Neurons) Sichere Datenbanken & Al Modelle
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Modell #1 - Erzeugung automatischer Tag-Begriffe fur Produkte in DB
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[15] DeepSense.ai, ‘Produkterkennung’ 0
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(Nachster Schritt bspw.: Wo ist Produkt X bzw.
die dhnlichen Produkte bei Ihnen?)
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Kl Modell #2 — Analyse von Kaufmuster fur unpersonalisierte Vorschlage
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Ubersicht KI Modelle in ON4OFF

Kunstliche
Intelligenz (KI)

Maschinelles Modell #2 — Analyse von Kaufmuster fiir unpersonalisierte Vorschlage

support support  support  confidence it leverage conviction
L e r n e n ( M L ) o (Dior) (Clinique) 0.406349 0.701587 0.260317 0640625 0913108 -0.024772  0.830366
1 (Biotherm) (Clinique) 0501587 0.701587 0.409524 0816456 1.163726 0057617 1625835
2 (HugoBoss)  (Clinique) 0504762 0701587 0387302 0767296 1093657 0033167 1282368
3 (Chanel) (Clinique) 0.438095 0.701587 0.301587 0688406 0981212 -0.005775 0957697
4 (Rituals) (Clinique) 0.438095 0.701587 0.333333 0.760870 1.084497 0.025971 1247908
5 (Aman)  (Clinique) 0476190 0701587 0356730 0753333 1073756 0024641 100781
6 (Lancome)  (Clinique) 0.361905 0701587 0260317 0719298 1.025244 0006410  1.063005

e. e
v v' . . . .
@ \;gv"n (Association Rule Mining

Sichere Daten Repositorien V|a Ap r|o r| Algo r‘ith m us)

D e e _ _ Sich:re Datenbanken & Al Modelle
p . Modell #1 - Erzeugung automatischer Tag-Begriffe fiir Produkte in DB
Learning (DL)

..~ = (RESNET-50)

C; S, 2 2
input feance maps feanune maps feance maps feanae maps
%)
e <
&gvs :
@ :

feature extraction classification Sichere Daten Repositorien
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Kl Modell #2 — Analyse von Kaufmuster fur unpersonalisierte Vorschlage
o items |

{Bread, Milk}

[+ p
{Bread, Diapers, Beer, Eggs} market
basket

o9 v' Association Rule Mining Algorithmus Apriori
o o o . @ ML?(?‘END genutzt und guter Tool support in MLxtend Bibliothek
frea, ik, iaer, ol v Einmal ,trainiert*, braucht kaum Rechenzeit
Duseseer  cammasreis L4 MIXCENC WD, Apriort v Im Adesso Server vorhanden & Fakedaten
S ToDo: Parameter Fine-Tuning (Confidence, Lift, Support, etc.)

ToDo: Datenauswahl (Ganz Pieper, Filiale, Saison, Tageszeit)

wvosE W N e

1 0,1,2,2,4,5,6

. . L. . antecedents consequents antecedent support consequent support support confidence lift leverage conviction
2 HugoBoss,Chanel,Rituals,Armani,Biotherm,Lancome,Dior

¢ HugoBoss,Biotherm,Armani,Dior,Chanel, Clinique, Lancome 0 (Dior) (Clinique) 0.406349 0.701587 0.260317 0.640625 0913108 -0.024772  0.830366
4 Biotherm,Armani,Rituals,Clinique,Chanel,,

5 Biotherm,Armani,Rituals,cClinique,Chanel,, 1 (Biotherm) (Clinigue) 0.501587 0.701587 0.409524 0816456 1.163726 0.057617 1.625835

° Armani,lancome,Chanel,,,,

Rituals, HugoBoss,Chanel, Lancome, Clinique,Dior, Clinique
Chanel, Lancome,Rituals,Biotherm, ,,

Cclinique, HugoBoss,Clinique, Lancome, Dior, ,

2 (HugoBoss) (Clinique) 0.504762 0.701587 0.387302 0767296 1.093657 0.033167  1.282368

3
HugoBoss, Dior, Biotherm, Clinique, Chanel,Rituals, 4 (Rituals) (Clinique) 0.438095 0.701587 0.333333 0.760870 1.084497 0.025971 1.247908

5

6

(Chanel) (Clinique) 0.438095 0.701587 0.301587 0688406 0.981212 -0.005775  0.957697

11 clinique,Chanel,Dior,Armani,Lancome,Rituals,Biotherm
12 Biotherm,Armani,Rituals,Clinique,Chanel,,

12 clinique,Rituals,Armani, HugoBoss,Dior,Chanel,Clinique
14 HugoBoss,Dior,Lancome,Clinique,Armani,,
Clinique,Biotherm,Clinique,Armani,,,

HugoBOSS, ,,,,,

Lancome,Dior,Clinique,,,,

Armani,Clinique, HugoBoss, ,,,

HugoBoss, Clinique,Clinique,,,,

(Armani) (Clinique) 0.476190 0.701587 0.358730 0753333 1.073756 0.024641 1.209781
(Lancome) (Clinique) 0.361905 0701587 0.260317 0719298 1025244 0006410 1.063095

Machine Learning

Learning from Data

Prof. Dr. — Ing. Morris Riedel
Associated Professor

DiOT, ssrrr School of Engineering and Natural Sciences, University of Iceland, Reykjavik, Iceland

?1 clinique,Biotherm,Armani, HugoBoss,Dior,Rituals, . . Research Group Leader, Juelich ing Centre, um Juelich, Germany
22 Armani,Lancome,Biotherm, HugoBoss, ,, [1] Web,nar SlldesJ ON4OFF Demo \EETiiAE i @voristietel (G)@morrsuicser  WMorrisvidel
>3 Biotherm,Rituals,Chanel, HugoBoss,Clinique,lancome,Armani Association Rule M’nlng _ Apr’orl Example
24 Rituals,Clinigue,Bicotherm,Armani,Dior,, Association Rule Mining — Apriori Example
April 24, 2020
Webinar, ON4OFF Project Meeting ONZ4 OFF
~

Demonstrated on Fake-Daten in ON4OFF Webinar on 2020-04-24

« [IDEEP HELMHOLTZ Al cSorcaon onrr
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Kl Modell #3 — Analyse von Kaufmuster fur personalisierte Vorschlage
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Ubersicht KI Modelle in ON4OFF

Modell #3 — Analyse von Kaufmuster fiir personalisierte Vorschlage

Kunstliche

0 1 1193 5
H 1 1 661 3
Intelligenz (KI) L
3 1 3408 4
4 1 2355 5
99_5 10 3704 2
- ram——— e . e - (Collaborative L
7 &4 e . . e
008 10 858 3@ :\gvn F||ter|ng) :\-'ﬁé
999 10 1022 5

Sichere Daten Repositorien Sichere Datenbanken & Al Modelle

Maschinelles Modell #2 — Analyse von Kaufmuster fiir unpersonalisierte Vorschlage

support support  support  confidence it leverage conviction

L e r n e n ( M L ) o (Dior) (Clinique) 0.406349 0.701587 0.260317 0640625 0913108 -0.024772  0.830366
1 (Biotherm) (Clinique) 0501587 0.701587 0.409524 0816456 1.163726 0057617 1625835

2 (HugoBoss)  (Clinique) 0504762 0701587 0387302 0767296 1093657 0033167 1282368

3 (Chanel) (Clinique) 0.438095 0.701587 0.301587 0688406 0981212 -0.005775 0957697

4 (Rituals) (Clinique) 0.438095 0.701587 0.333333 0.760870 1.084497 0.025971 1247908

5 (Aman)  (Clinique) 0476190 0701587 0356730 0753333 1073756 0024641 100781

6 (Lancome)  (Clinique) 0.361905 0701587 0260317 0719298 1.025244 0006410  1.063005

—>

ey . L
@ \;g‘”fn (Association

Sichere Daten Repositorien R u | e M i n i n g )

Sichere Datenbanken & Al Modelle

Deep
Learning (DL)

Modell #1 - Erzeugung automatischer Tag-Begriffe fiir Produkte in DB

= (Residual Networks)

s S & |
NN oMo & =
‘ 5*-\-1 v V‘ '
et Vq‘ PN
N N ' ]‘
B NN oy \
BENNC"S RN

feature extraction classification Sichere Daten Repositorien
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Kl Modell #3 — Analyse von Kaufmuster fur personalisierte Vorschlage
119611 15 :978301590 surpr|se v' Collaborative Filtering Algorithmus SVD

(11962 041978381753

1126921 :4: :978301570 A Python scikit for genutzt und guter Tool support in SURPRISE Bibliothek

1:
1:
1:
1::268::4::978306768 recommender systems. . s “ .
L1028 15+ 978301777 v Einmal trainiert”, braucht moderate Rechenzeit
1::1829::5: 978302285 4] surprise lib, SVD .
11029::55:978302205 [4] surp ’ ToDo: Im Adesso Server vorhanden & Fakedaten
1::2028::5::978301619 ToDo: Parameter Fine-Tuning & andere Modelle / Algorithmen
1::531::4::978382149
1::3114::4::978302174 ToDo: Datenauswabhl (Ganz Pleper Filiale, Saison, etC
1::65@88::4::978301398 customer_id product id rating
1::1246::4::978382891 0 1 1193 3 ﬂ‘i
2::1357::5::9732937890
1 1 661 3
2::3868::4::975299888 »
2::1537::4::978299628 2 1 514 3
2::647::3::978299351 3 1 3408 4 e S Wl ow
2::2194::4::978299297 s ; — s £ SLzs s ou
2::648::4::978299913 e oo mos
2::2268::5::975200297 - = B S =
2126280 :30:978388651 9495 10 3704 2 b o P 1w i pr
2::1183::3::973293985 996 10 1020 3
2::2916::3::978299889 . . .
5. 3458 1511978295545 997 10 784 3 (rating kann man unterschiedlich Machine Learning
. Learning from Data
2::121@: :4: 1078208151 998 10 858 3 modelieren, also auch Kauf/Verkauf) e
2::1792::3::978299941 999 10 1022 5 oo s MeneRee
¥ p School of Engineering and Natural Sciences, University of Iceland, Reykjavik, Iceland
2::1687::3: 978388174 3 . Research Group Leader, Juelich Supercomputing Centre, Forschungszentrum Juelich, Germany
2::1213::2::078208458 [3] Webinar Slides, ON4OFF Demo inecnss @enernc W
2::3578::5::978298958 Collaborative Filtering, SVD Example Collaborative Filtering — Singular Value Decomposition (SVD) Example
wz’b?:znzgf\l(zoﬁ Project Meeting ONE:OFF
Demonstrated on Fake-Daten in ON4OFF Webinar on 2020-07-02 & oo ADEEP HELMHOLTZA |55
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Speedboot & Zusammenfassung




CEO vs. CIO Perspectives
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Speedboot Variante #1 — Unpersonalisierte Vorschlage

A“EI

Anonymisierte Analyse mit Verbesserte

Verkaufsdaten Algorithmen Datenauswahl &
per Handler . der Kiinstlichen KI Modell
ohne Kunde Intelligenz Parameter

Regeln welche
Produkte zusammen

gekauf werden

Transaktionen mit: : Association Rule Mining KI Algorithmen-Parameter zur
Produkt-IDs im Warenkorb = Apriori, FP-Growth, MAFIA Anpassung beim Handler:
confidence, support, lift, Filiale

Liste mit Regeln nach Muster:
Gekauft Produkt A = Kauf Produkt B & C
Gekauft Product D & E & Kauf Produkt F

@ Hindler Gibt i @ KI Algorithmen @ Modell-Tuningi @ Hindler Bekommt

Zeit 2-4 Wochen
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Speedboot Variante #2 — Personalisierte Vorschlage

A“EI

: ON4OFF

Anonymisierte Analyse mit Verbesserte

Verkaufsdaten Algorithmen
. der Kuinstlichen

Fiir jeden Kunden
individuelle

Datenauswahl &

KI Modell Kaufvorschlage

per Kunde

Intelligenz Parameter

Transaktionen mit: Collaborative Filtering KI Algorithmen-Parameter zur
Kunden-ID : Singular Value Decomposition Anpassung beim Handler:
Produkt-IDs (SVD), Deep Learning Rating-Modell, Filiale, Saison
Rating (falls vorhanden) L

Liste mit Vorschlagen nach Muster:
Kunde A = Kauft Produkt B & C
Kunde A = Ahnlich wie Kunde B

@ Hindler Gibt i @ KI Algorithmen @ Modell-Tuningi @ Hindler Bekommt

Zeit 2-4 Wochen
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Kunstliche Intelligenz — Beratung & Trainings fur Assozierte Partner

Cloud Computing & Big Data

PARALLEL & SCALABLE MACHINE LEARNING & DEEP LEARNING

Prof. Dr. — Ing. Morris Riedel

Adjunct Associated Professor

School of Engineering and Natural Sciences, University of Iceland
Research Group Leader, Juelich Supercomputing Centre, Germany

1. Cloud Computing & Big Data 11. Data Analytics & Cloud Data Mining
UNIVERSITY OF ICELAND
SCHOOL OF ENGIREERIG AND )

Machine Learning Models in Clouds | 12. Docker & Contziner Management

i

Apache Spark for Cloud Applications | 13 Openstack Cloud Gperating System

14. Online Social Networking & Graphs ‘ J"
J Fors

15. Data Streaming Tools & Applications

Virtualization & Data Center Design

. Deep Learning driven by Big Data
p Learning driven by Big 16. Epilogue

Deep Learning Applications in Clouds HELMHO LTZ ‘

2
3
4
5. Map-Reduce Computing Paradigm
3
7
; +additional practical lectures for our

Infrastructure-As-A-Service (JAAS)

hands-on exercises in context

9. Platform-As-A-Service [PAAS) i £P
Projects

10, Software-As-A-Service (SAAS) * Practical Topies.

Theoretical / Canceptual Tapics

[10] M. Riedel, ‘Cloud Computing & Big Data — Parallel
& Scalable Machine Learning & Deep Learning’ 2018

High Performance Computing

ADVANCED SCIENTIFIC COMPUTING

Dr. — Ing. Morris Riedel

Adjunct Associated Professor

School of Engineering and Natural Sciences, University of Iceland
Research Group Leader, Juelich Supercomputing Centre, Germany

1. High Performance Computing 11. Scientific Visualization & Steering

elization Fundamentals 12. Terres UNIVERSITY OF ICEL

SCHOOL OF EMGINEERING At

stems & Climate
cTURAL scaECES

13. Systems Biology & Bioinformatics

14. Molecular Systems & Libraries

=1 15. computational Fluid Dynamics 'J JU LICH

FORSCHUNGSZENTRUN

6. Finite Elements Method

rid Programming
Machine Learning & Data Mining

g & Prof 2chniques

H

Epilogue

9. Performance Optimi Tools

+additional practical lectures for our
10. Scalable HPC Infrast &GPU:

[11] M. Riedel, ‘High Performance Computing —
Advanced Scientific Computing’, 2017

hands-on exercises in context

g o Rl Cromm ) ~
Thanks to all participants of our Introduction

to Deep Learning course organized by our
DEEP-EST project @DEEPprojects & Juelich
Supercomputing Centre @fzj_jsc & University
of Iceland @Haskoli_Islands - slides are

publicly available at: morrisriedel.de/deep-
est-tutor... - CU next time!

11:41 - 8. Juni 2018 aus Jilich, Deutschland

[12] M. Riedel et al., ‘DEEP-EST Tutorial:
Introduction to Deep Learning’, 2018

Morris Riedel @\orrisRiedel - Mar 21 v
T &F' video of my talk @ Deutscher Bundestag German federal parliament now at
=5 dbtg.tv/cvid/7332302 discussing among #Artificiallntelligence experts HAICU

@helmholtz_en SMITH, ON4OFF & Modular Supercomputing by @DEEPprojects
@fZ_jsc @fz_juelich @uisens @uni_iceland @Haskoli_Islands

[13] M. Riedel @ Deutscher Bundestag
— German Parliament, 2019

European Leadership Network & @theELN - Oct 15 v
Day two of the @YGLNtweets meeting in Berlin, @theELN Director @SirAdamELN
with @ClairePKaiser, Susanne Dehmel @Bitkom_Privacy and @MorrisRiedel after a
panel on new technologies and policy in the Euro-Atlantic region #YGLN2019

HELN

[14] M. Riedel @ European Leadership
Network, 2019
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Referenzen
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Referenzen (1)

= [1] ON4OFF Demo Association Rule Mining — Apriori Example, Online Webinar, ON4OFF Project Meeting, 2020-04-24, Online:
http://www.morrisriedel.de/ondoff-demo-association-rule-mining-apriori-example

= [2] MLxtend Library, Apriori, Online:
http://rasbt.github.io/mixtend/user guide/frequent patterns/apriori/

= [3] ON4OFF Demo Collaborative Filtering — SVD Example, Online Webinar, ON4OFF Project Meeting, 2020-07-02, Online:
http://www.morrisriedel.de/on4off-demo-collaborative-filtering-singular-value-decomposition-svd-example

=  [4] Surprise Library, SVD, Online:
https://www.nvidia.com/en-us/

= [5] Deep Learning Start-Up Beispiel Deutschland, Online:
https://soccerwatch.tv/

= [6] Species Iris Group of North America Database, Online:
http://www.signa.org

= [7] Wikipedia ‘Sepal‘, Online:
https://en.wikipedia.org/wiki/Sepal

= [8]C. Cortes & V. Vapnik (1995). Support-vector networks. Machine learning, 20(3), 273-297, Online:
https://doi.org/10.1007/BF00994018
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= [9] G. Cavallaro, M. Riedel, M. Richerzhagen, J. A. Benediktsson and A. Plaza, "On Understanding Big Data Impacts in Remotely
Sensed Image Classification Using Support Vector Machine Methods," in the IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, vol. 8, no. 10, pp. 4634-4646, Oct. 2015, Online:

https://lwww.researchqgate.net/publication/282524415 On_Understanding Big Data Impacts in Remotely Sensed Image Classification Using Support Vector Machine Methods

= [10] M. Riedel, ‘Cloud Computing & Big Data — Parallel & Scalable Machine Learning & Deep Learning’, 2018, Online:
http://www.morrisriedel.de/cloud-computing-and-big-data-course-fall-2018

= [11] M. Riedel, ‘High Performance Computing — Advanced Scientific Computing‘, 2017, Online:
http://www.morrisriedel.de/hpc-course-fall-2017

= [12] M. Riedel et al., ‘DEEP-EST Tutorial: Introduction to Deep Learning’, Online:
http://www.morrisriedel.de/deep-est-tutorial-deep-learning

= [13] M. Riedel at Deutscher Bundestag — German Parliament, Online:

https://twitter.com/MorrisRiedel/status/1108687426153861122 https://www.luehrmann.de/de/city-
= [14] M. Riedel at European Leadership Network, Online: life/erfolgsraume/beitrag/parfumerie-pieper-bez
https://twitter.com/theELN/status/1184116825056935936 markante-eckimmobilie/

= [15] DeepSense.ai, ‘How to create a product recognition solution’, Online:
https://deepsense.ai/how-to-create-a-product-recognition-solution/




22 | 09.09.2020 | Zurbriiggen Mébel Meeting

Referenzen (3)

= [9] Liihrmann.de, ‘Parfiimerie Pieper bezieht markante Eckimmobilie‘, Online:
https://www.luehrmann.de/de/city-life/erfolgsraume/beitrag/parfumerie-pieper-bezieht-markante-eckimmobilie/

= [10] Kaiming He et al., ‘Deep Residual Learning for Image Recognition’, Online:
https://arxiv.org/pdf/1512.03385.pdf

= [11] R. Sedona, G. Cavallaro, J. Jitsey, A. Strube, M. Riedel, J.A. Benediktsson, ‘Remote Sensing Big Data Classification with High Performance
Distributed Deep Learning‘, MDPI Journal of Remote Sensing, Online:
https://www.researchgate.net/publication/338077024 Remote Sensing Big Data_Classification_with_High Performance_Distributed Deep Learning
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Danke — Folien verfugbar unter http://www.morrisriedel.de/talks
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