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NeuroBayes task 1:
Classifications

Classification:

Binary targets: Each single outcome will be "yes" or "no”
NeuroBayes output is the Bayesian posterior probability that
answer is "yes" (given that inclusive rates are the same in training
and test sample, otherwise simple transformation necessary).

Examples:

> This elementary particle is a K meson.

> This jet Is a b-jet.

> This three-particle combination is a D+.

> This event is real data and not Monte Carlo.

> This neutral B-meson was a particle and not an antiparticle at
production time.

> Customer Meier will cancel his contract next year.
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NeuroBayes task 2:
Conditional probability densities

Probability density for real valued targets: Expectation valu
For each possible (real) value a probability /%)
(density) is given. From that all statistical
quantities like mean value, median, mode, peyiations from

. - normal distribution,
standard deviation, etc. can be deduced. e, Crash dhobability

Mode

Standard deviati
volatility

Examples:

> Energy of an elementary particle
(e.g a semileptonically decaying B meson with missing neutrino)

> Q value (invariant mass) of a decay

> Lifetime of a decay

> Phi-direction of an inclusively reconstructed B-meson in a jet.

> Turnaround of an article next year

(very important in industrial applications)
| Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Roots: 30 years of elementary particle physics,
peaking at the LHC at CERN.

Built to understand how exactly our universe works.
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Background: High Energy Physics

Fundamental research at the forefront of science

The Large Hadrbn Colliger
= 100m-under groung#®* 24 L GHCUmCHEnOe
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Very strong worldwide competition on getting results from data

->very strong statistical methods: fast & robust multivariate algos
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One way to construct a one dimensional test statistic from
multidimensional input (a MVA-method):

Neural networks

Self learning procedures, copied from nature

Motor Cortex

Parietal
Frontal Lobe - Cortex

Temporal Lobe " Occipital

Lobe

Brain Stem

Cerebellum
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Neural networks
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examples. Supervised machine learning.

(10" ) neurons
about 100 trillion (10") connections

: 10 to few 100 neurons

Human brain: about 100 billion
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Input

Neural Network Layer Hidden

Layer

basic functions Output

The output of node j in layer n is calculated from weighted
sum of outputs in layer n — 1:

(n)_f(z (n) (n D4 (n))

Each connection has associated a weight w(;"), each node

: (n)
a bias wg,; -
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Neural network transfer functions

A non-linear monotonuous transfer function f(x) is applied
at the output of each node, e.g. the sigmoid function:

1
T) =
f) 1+ exp(—x)
It maps the intervall (—oo0,0) to the compact (0,1).

1

s(t)

08 f

06

04

02 r

0
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NeuroBayes System Working principle

Historic Data

Record

i ooTo
no

NeuroBayes
Teacher

Expert System

( Expertise ]

Current Data

M Record
a=..
b=..
c=...

t="2

==

Expert

> NeuroBayes |

Probability density function
for target quantity t
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Neural network training

Training is the minimisation process of a loss function, dur-
ing that the network weights are changed such that the
deviation of the wanted output for a set of input vectors is
minimisesd.

Possible loss functions:
Sum of quadratic deviations
or entropy (maximum likelihood)

Backpropagation (Rumelhardt et al. 1986):
Calculate gradient backwards by applying chain rule
Optimise using gradient descent method. Step size??

| Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Neural network training

Difficulty: find global minimum of highly non-linear function
in high (~ >100) dimensional space.
Imagine task to find deepest valley in the Alps (just 2 dimensions)

Easy to find the next
local minimum...

but globally...

...impossible!

=» needs good preconditioning
Oct 9, 2014



NeuroBayes strengths:

NeuroBayes is a very powerful algorithm

e excellent generalisability (does not overtrain)

® robust - always finds good solution - even with erratic
Input data

fast

automatically selects significant variables

output interpretable as Bayesian a posteriori probability
can train with weights and background subtraction

NeuroBayes Is easy to use

e Examples and documentation available

e (Good default values for all options =>fast start!
e Direct interface to root TMVA available

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



<phi-t> NeuroBayes®

> 1s based on 2nd generation neural network algorithms,
Bayesian regularisation, optimised preprocessing with
non-linear transformations and decorrelation of input
variables and linear correlation to output.

> |earns extremely fast due to 2nd order BFGS methods and
even faster with O-iteration mode.

> produces small expertise files.

> is extremely robust against outliers in input data.

> IS Immune against learning by heart statistical noise.

> tells you if there is nothing relevant to be learned.

> delivers sensible prognoses already with small statistics.

> can handle weighted events, even negative weights.

> has advanced boost and cross validation features.

> is steadily further developed professionally.

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Bayes Theorem
P(T| D) #P(D]T), but

P(datal|theory) P(theory)
P(data)

P(theory|data) =

NeuroBayes internally uses Bayesian arguments for reqularisation
NeuroBayes automatically makes Bayesian posterior statements
| Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



E = Phi-T

NeuroBayes training e
output (analysis file) o

NeuroBayes output distribution § oo

red:signal black: background o
Signal purity S/(S+B) in bins of -
NeuroBayes output. oof } M
If on diagonal, then P=2*"NBout+1 = zz‘ | .||} || } il
is the probability that the event ® o Ml { T \'“ ]
actually is signal. e |
=>This proves that NB always is o.1§—++ +
well calibrated in the training. s e ad g e 6 e o8 o5
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Phi-T

NeuroBayes training -
output (analysis file) S
Purity vs. signal efficiency plot R °’ T I
for different NeuroBayes output H ::
cuts. Should be as much in upper § oaf 1
right corner as possible. 03E -
The lower curve comes from "2E S =
cutting the wrong way round. VB

]

L1 TN TN N T T T T T T T T W T T T O T O 1
01 02 03 04 05 06 07 038 09 1

signal efficlency

Signal efficiency vs. total efficiency when
cutting at different NeuroBayes outputs
(lift chart). The area between blue curve
and diagonal should be large.

Physical region: white

Right diagonal: events randomly sorted,
no individualisation.

Left diagonal border: completely correctly
sorted, first all signal events, then all bg.
Gini index: classification quality measure,

signal efficiency

2 05 X
efficiency

The larger, the better.
r MichaerFeimdt—MENetrMeetmg—Karlsruhe  Oct 9, 2014



NeuroBayes training
output (analysis file)
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NeuroBayes training
output (analysis file)

Most important input variable
significance: 78 standard deviations

Probability integral transformed input
variable distribution: signal, background
( this is a binary variable!)

Signal purity as function of the input
variable (this case: unordered classes)

Mean 0, width 1 transformation of signal
purity of transformed input variable

Purity-efficiency plot of this variable
compared to that of complete NeuroBayes

Input node 60 : exist_percentage_of_latest_OutOfHospital_13_4_5_

1st most important
added signi. 77.96
signi. loss 11.56

PrePro: year 18 #60
only this 77.96

corr. tostiers 97.10%
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NeuroBayes" Teacher

events
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NeuroBayes training
output (analysis file)

2.most important input variable,
alone 67 standard deviations.

But added after most important var
taken into account only 11 sigma.

Probability integral transformed input
variable distribution: signal, background
( this is a largely continuous variable!)

Signal purity as function of the input
variable (this case: spline fit)

Mean 0, width 1 transformation of (fitted)

signal purity of input variable

Purity-efficiency plot of this variable
compared to that of complete NeuroBayes

Michael Feindt MCNet Meeting
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NeuroBayes training
output (analysis file)

39. most important input variable,
alone 17 standard deviations, but only 0.6
sigma added after more significant
variables.

Ignored for the training

Probability integral transformed input
variable distribution: signal, background

For 3339 events this input was not
available (delta-function)

Signal purity as function of the input
variable (this case: spline fit + delta)

Mean 0, width 1 transformation of (fitted)
signal purity of input variable

Due to the preprocessing 94 the delta is
mapped to O, not to its purity.

| Michael Feindt MCNet Meeting

Input node 29 : Trans_IncurredAmount_PhysicianConsultation_1ydill

39th most important
added signi. 0.57

signi. loss 0.65

PrePro: 1d 94 #29
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NeuroBayes output is a linear measure of the
Bayesian posterior signal probability:

P.(S)=(NB+1)/2

Signal to background ratio in training set: = Sy , In expert set:y, = Sk
BT BE
If the training Was performEd Wlth probability trafos for training/expert S/B factors 1,2,10,100
different S/B than actually present in |
expert dataset, one can transform the | | /)
signal probability: /|
i / //
/
PE(S) = 1 ol /. /
-1/ r_T of /// //
P.(S r g :
T( ) E . /// / /
)
Michael Feindt MCNet Meeting Karlsruhe %0 Octg, 2004 o5 o+ o5




Scenario: Neither reliable signal nor background Monte Carlo available

ldea: Training with background subtraction
Signal: Peak region weight 1

Sideband region with weight -1 (statistical subtraction)
Background: Sideband region with weight 1

~ 14000
= 12000} Y—-putw
R a works very well!
g 10000—
3 also for Y(2S)
- and Y(39) !
B Although just
=0 1A C P trained on Y(1S)
9‘ ‘ ‘9.2‘ 9.14l l 19.61 19.18‘ ‘ ‘110l ‘ 1012 ‘ 1(;4 ‘ 1016 ‘ 1018 ‘ ‘11
mass(u* 1) [GeVic’]
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Example for data-only training

(on 1. resonance)

"~ 1300
. " #ericgg =000 £ 000
i 1wl Hgnit mout> 0S8
R u SN= mout <058
H 10000f—
E L # erviries = 0.00+ 0.00
! uoL ‘mlt:m
" S/N=000 # erries = 0.00 £ 0.00
oooof— signit = 0.00
. SN=00m
awok
00—
:
B S v E t g ) gt v ) g r g i
a4y ) [Gewe')
2
=
4
v

1 4948 08 04 02 4 02 04 08 08
n=twork output
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NeuroBayes B, to Jj ® selection without MC
(2 stage background subtraction training process)

[e0]
=]
o
|
Entries / 2 MeV

Entries / 2 MeV
3
8

o inpu
YT T 2 525 53 535 54 545 55 5. 5.6
M(J/y 0) [GeV] / NeuroBayes training muye Gev
> 14oot- > ool
= 200 =
3 10000 3 sor
= - E i
@ 800 & 60
s00) _
: 4o
soft
i 20
inplr i
' Cut .n‘nn'l'x').w.,..u...|....|..,.|....
NEL?FO aayég tf-.asl nq.ngs.45 55 555 5.6 8! 528~-%3- 535 54 545 55 555 56

M(J/y ¢) [GeV] M(J/y ) [GeV]
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Exploiting S/B information more efficiently : The sPlot-method

CDF Run Il preliminary

Fit data signal and background z 3 S 1109

in one distribution (e.g. mass). 3 - T

Compute sPlot weights w, for g, """ s

signal (may be <0 or >1) as f -

function of mass from fit. 3

Train NeuroBayes network _ o o o

with each event treated both e [

as signal with signal weight w¢ and 00T PO “

as background with weight 1-wg e fﬁ L =
- N

Make sure network cannot learn mass! snp f” Pnar

0526 Tz 2 2 23 23;_M:5352
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More than 120 Ph.D. theses and many
publications ...

from experiments DELPHI, CDF Il, AMS, CMS ATLAS, LHCb and
Belle used NeuroBayes® or predecessors very successfully.

Many of these can be found at
www.nheurobayes.de

Talks about NeuroBayes® and applications:
www-ekp.physik.uni-karlsruhe.de/~feindt —> Forschung

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Some NeuroBayes highlights:
Discovery of excited Bs states

L=1.0fb"

CDF Run Il Preliminary

Bs oscillations

Amplitude

- datat 1o
1.645c

21 W data+ 16456
data + 1.645 o (stat. only)

O sensitivity

A 95% CLlimit 16.7 ps"
25.3 ps

X(3872) properties

p quark prog;!“u,gj;lon discovery

BY > I'D; X, E

gn.m gs exclusion
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NeuroBayes example: The LHCDb trigger

very fast intelligent decisions with NeuroBayes

At the LHC (CERN) — per experiment:

40 000 000 events per second, which translates into
1 PetaByte (1,000,000,000,000,000 Byte)

per second raw data

o~

S== But only 1 PB of interesting data per

At the LHCb experiment

30 000 instances of NeuroBayes running
real-time 24/7 filter out the ,interesting”
events without introducing lifetime bias

Photo: CERN
| Michael Feindt MCNet Meeting Karlsruhe ~ Oct 9, 2014



NeuroBayes example: Full reconstruction of B mesons at

the Japanese B factory experiment Belle

X

-

o
w
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5.28

Nuclear Instruments and Methods in Physics Research A 654 (2011) 432-440

Contents lists available at ScienceDirect

Nuclear Instruments and Methods in
Physics Research A

journal homepage: www.elsevier.com/locate/nima

M. Feindt, F. Keller, M. Kreps ', T. Kuhr, S. Neubauer *, D. Zander, A. Zupanc
Institut fiir Experimentelle Kemphysik, Karlsruher Institut fiir Technologie, Campus Sild, Postfach 69 80, 76128 Karisruhe, Germany

A hierarchical NeuroBayes-based algorithm for full reconstruction
of B mesons at B factories
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multivariate analy pac kag NeuroBayes was used exten: lyt
i and

ﬂ(IT

Kuhrw Iratitune of T

nstead of classical selectio IsThe
0 hold the balance belwe n highest

ion of CPU time.

xclusive de ay channels were reconstructed, employng 71 neural networks

we correctly reconstruct one B* or B candidate in 0.28% or 0.18% of the BB

eve ems. respective Iy Compared to th cut-basi ed cl sscal reconstructios alg mm used at the Belle
experiment, this is an improvement in efficiency by roughly a factor of 2, depending on the analysis

ulllngerbyneally a factor of 2.1f, on the

r framework also fearurs the ability to choose the desi
dsampl fre ely. If the same purity as for the classical full recons lmcn code is desired

red purity or efficiency of fll\e fully

other hand, the efficie! ncy chosen

levelas (h classical full reconstruction, the purity rises from ~ 25% to nearly 90%.
© 2011 Elsevier BV. All rights reserved.
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the KEKB or

2. For the B*B~ or B°8° palrs produced in this two-body decay,
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the Tevatron 3. The two B mesons are almost at rest in the center of mass
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Belle experiment at KEK/Japan

400 physicists from whole world

10 years of data taking and analysis
World record luminosity

> 400 publications

Automatic hierarchical reconstruction
system built from 72 NeuroBayes
networks reconstructed about 1100
different reactions with a factor 2 larger
efficiency than all analyses before

Much cleaner signal

Work performed by 2 PhD and 1
master student

Corresponds to 500 “normal” PhD
theses

Corresponds to another 10 years of
data taking



Future (2015): intelligent decisions directly on

blue YOﬂder sensor (Belle Il pixel detector), before big data

Forward looki

L2 Half Ladder

s

|SSESE8E3!

11000 DCO channels

© Blue Yonder

ng. Forward thinking. reaches any computer

_D - =

\
i...
t \ -

drains \ - -
. -

. active area . \ -
Ly, Vil -~
cross section

DAQ, data reduction,

Goal: find (classify) all relevant pixel information

Big Data challenge: process approx. 10G bit per s

Solution: NeuroBayes on Hardware




blueyonder

Forward looking. Forward thinking.

NeuroBayes @ hardware™:

200 million decisions per second

- 5ns for one decision é")

*features dedicated hardware board:
g;,--;l.l L NeuroBayes on FPGA
BELLE Il experiment :

Field Programmable Gate Array:
(XILINX Virtex6 VLX75T)
utilizes 40 boards: Clock frequency: 250 MHz

Approx. 1 decision per clock cycle

—>8 billion intelligent decisions per (fully pipelined architecture)

second
. Probability decision output possible

© Blue Yonder




NeuroBayes from Science to Industry

Predictive Analytics in High Energy Physics

Energy 10
r\
Momentum 50
0000009
Direction 90 PRI

Type Kaon

Sub-Detector = Calo

eoo0000®

Distance 200

) 4 D

Use all available and relevant
information as input, e.g.
measurements from the various
sub-detectors, ...

NeuroBayes will extract statistically

significant patterns in the data to derive
the prediction.

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014

propabilityP

Particle Property

A 4

Prediction will return the best
estimator for a measurement
including a statistically sound
estimation of the expected
spread.



NeuroBayes from Science to Industry

Predictive Analytics in industry

Article size M e.g. Retail
Picture size 21%
'YXXXXY
colour red RO
| \ o;
Previous sales 94 =
brand 171 I XXX X)) Prediction sales

price 19,9

. 4 b 4 A 4

Use all available and relevant

_ _ _ _ NeuroBayes will extract statistically Prediction will return e.g. the most
information as input, e.g. article significant patterns in the data to derive probable sales rate including a
properties, previous sales, etc the prediction. statistically sound estimation of

the expected spread.

NeuroBayes allows data-driven analysis and forecasts — both in science and industry

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



General Overview

Fundamental
Research | Insurance

v Premium
- Optimization v

Sales
Forecasts Sports event
\/ ~ predictions
NeuroBayes®
Fraud blueyonder Patients
: : . treatment
Detection Forward looking. Forward thinking.
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» Bring top scientific methods and thinking into business
» Forecasts and decisions purely data driven and with sound scientific methods

» Replace gut feeling (subjective priors) by objective and generalizable calculations

» Tasks are neither simple nor uninteresting. Real life is a complex system!
» Projects are very demanding! Direct comparison, fast direct feedback.

» Spirit of Blue Yonder similar to CERN.

» More than 70 PhD data scientists and 20 software engineers, mostly physicists
currently dominate the total staff (currently 110)

» Very slim, extremely efficient management, sales, marketing and administration

» Largest private data science group in Europe

» (Compariable to IBM Watson core team, also 70 scientists)

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Blue Yonder provides predictions --- based on data

(scientifically sound — with quantified uncertainty --
testable and falsifiable, as predictive as possible)

Data Mining and conventional Business Intelligence Predictive Analytics

WHAT HAS HAPPENED? WHY? WHAT W'—'— HAPPEN?

: H
PATTERN
PATTERN
DATA — PREDICTIONS

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014



Technology Overview

OPERATIONAL SYSTEM

(Environment)

:. WEB Ul & SERVICES

(industry-specific)

STREAM-
BASED INPUT

Industry-

High Performance
specific Output

Data Transformation

Predictions

....... @ oo Teacher

HISTORICAL EXPERTISE
TRANSACTION DATA (Industry-specific models)

» 7/24 operation needed - high safety

» Software as a Service
» Proprietary (big) data platform for devolopment and operation

Michael Feindt MCNet Meeting Karlsruhe Oct 9, 2014
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Sales Forecast Fashion

Example: OTTO Group

Saison=112 and Katalog=1 and KATALOG_SEITE=74

Per item:

'5"‘99 112/523555/1/32 | sdo—t
> - IRIE 112/523555/1/34 s
’;‘» S 112/523555/1/36 S———— ] » Sales forecaSt
112523555/ 1/38 P———————— .
112/523555 /1 /40 peo— » TWO eStImateS on
112/523555/1/42 | i-ho—i Spread
—— | (68% and 95%
] e confidence intervals)
112/645579/1/34 —————y
112/645579 /1 /36 ' *—i
112/645579/1/38 t >
112/645579 /1 /40 F—e——
112/ 645579/ 1/42 o ——t
/ i e, é
112/762085/6/32 |t
112 /762065 /6 /34 e—i
112 /762065 /6 /36 —
112 /762065 /6 /38 oy
112 /762065 / 6 /40 e
112/762085/6/42 | e
112/762085/ 6 /44 |ies

Saison 0 1 dOO

/ Artikelnummer

G Sales [units]
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Perishable goods in Supermarkets
Meat, fruit & veg, bread, diary, ....

Around 7% of all perishable
foods (e.g. meat, fruit & veg.,
etc) have to be disposed of in
German supermarkets.
That's about 89M tons of food
wasted per year...




Insurance

e.g.
Individual risk predictions
for car insurances:

Accident probability

Claims distribution

Large claim prediction

Contract cancellation prediction

=>» Successfully implemented
at

Badisch gut versichert.

Michael Feindt MCNet Meeting
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Correlations to target variable
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NeuroBayes® delivers precise

prognoses for the customer-individual
number and height of claims

Premium differentiation:

NeuroBayes® adjusts premium to
customer-individual risk

Customer structure optimisation

Bind your “good”“ customers and

take the ,bad“ customers

Rentability improvement:

Simultaneously increase your
total premium volume and
decrease your claims rate with a
more just tariff system

Risiko

0 500 1000 1500 2000
Bisheriger Tarif

Anzahl Kunden

bisheriger Tarif
neuer Tarif

0.5

T T

5 2 25 3
Pramie, normiert

35

Premium volume

Alter Tarif NeuroBayes®

Claims rate

Alter Tarif NeuroBayes®




Private health insurance claims per year

anything but normally distributed...

NeuroBayes® has the solution for difficult distributions of type

() =(1="P) 8(t)+P- f(t1t>0)
‘ )

Many insured persons (fraction1-P)

Q
§ R p do not generate any claim
T
2 P When there is at least one claim, (fraction P), these
% A are distributed according to f(t|t>0). This distribution
o has “fat tails“ (extremely high claims).
c
[
L
O
a2
L
3]
= t
e ———
Leistungsbetrag Difficult to handle by

classical methods
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NeuroBayes® calculates for each insured person the

individualised Bayesian probability density.

NeuroBayes® has the solution for difficult distributions of type

f(t x)=(1—P(x)%-cS(t)+P(x)-f tlt>0,x)

A

Insured person x will have no claims

@
< | with probability 1-P(x)
O
5 y 3
21
S q If insured person x will have any claim,
§ the costs will be distributed according
[= to f(t[t>0,x)
@
N o
Q
a2
L
)
= t
e ———

Leistungsbetrag
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Healthcare insurance — long term prediction from

anamnesis

NeuroBayes® Expert Estimation (risk premium loading)

ayejs-AnaIysé'der'Dia@nosen
: : Daten aus 2005
Kuhden sei§ 1< Jahré <2
b Kuinden-seif 2<-Jahrg <

Kunden seit 1< Jahre < 2
b Kririden seit 2< Jahre
: Kunden seit 5< Jahre
~Kunden seit >10dahre

Kunden seit 5< Jahre <
~Kundenrseit >10Jahre

_~
(=)
(=
|
=
i
©
-
o
Q2
=
£
A
o)
c
=
=
K7
(o}
|
S
N
(=
Q2
N
&=
5
©
c
2
%)

Signal-Effizienz (Leistung > mittlere Leistung)

0.2 0:3 0:4 0:5
Effizienz

0.2 0.3 0.4 05 0.6 0.7 0.8
Effizienz

» Expert estimations are at best random —
for patients with a long history even systematically wrong.
> NeuroBayes® forecasts costs correctly and significantly beats expert estimations
more than 10 years into the future
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Revenue Forecast

Example: dm- Large German drug-store chain

Filiale 307
Filiale 308
Filiale 309
Filiale 311
Filiale 312

Forecasts for individual stores it

Filiale 314

Prediction of the full probability Filale 315

Filiale 316

density function. Filiale 317

Filiale 318 —

Precise forecast of the expected —_— S m 95%-intervall
revenue including exptected Filile 321 : ey

- Prognose
Filiale 323

wahrer Umsatz
spread Filiale 324

(68% and 95% confidence intervals) Filiale 325
Filiale 326

Filiale 327
Filiale 328
Filiale 329
Filiale 330
Filiale 331
Filiale 333
Filiale 337
Filiale 338

w

N

-

o

6000 8000 10000 12000 14000

revenue

Probabijlity density func
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forwa rdx%demand

» Just released: First big data

predictive analytics
standard software solution

» Precise sales forecasts for
retail and CPG

» Access to big data
predictive analytics for B2B
end users

» Easy handling through
intuitive web-Ul

» Software-as-a-Service
allows usage of Forward
Demand without high in-
advance investments into
software, infrastructure or
highly skilled personell

Michael Feindt MCNet Meeting
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abmelden

Prognoseanalyse Datenmonitoring
Auswahl- 01.05.2013 - 30.08.2013 | Lokationen (1), Produkte (4)
© Auswahl

Zeitraum 01.05.2013 - 3008 . 2013

Lokationen

> v |*

Aggregation ez

nnnnnnnnnn

ssssss

aaaaaaaa

®© Kontextfaktoren

Produkte

Protokoll

@ -
DAlle (16)

P-BF-59967 Tomaten-Netz 500gr ...
() P-IA-38857 Joghurt Karamell 11...
P-IA-98829 Bananen 500gr
P-IW-34791 Kartoffeln 500gr Fe...
(JP-JS-5772 Spinat Bund 750gr De...

tiopen / wahlen

24 [JP-MV-7008 Joghurt XX 500gr

(D P-NJ-50554 Magerquark XX 500gr

() P-OM-71554 Joghurt 0,1% XX 500..
(JP-OT-18969 Joghurt Bio Himbeer

() P-OW-48050 Gurke Bio Stk Deu
(JP-QK-29424 Joghurt Bio Schoko-...
(JP-QX-6103 Mango Stk

(JP-WV-6186 Kohlrabi Stk Ger
[C1PAAN/R8RAR Frdhesren Ger A0Nar 7

forward ¥/demand

neue Analyse
-
I —
w Linea: [ O
1 2 3 34
® PCS (1)
— Prog
&) — Abverkauf
B berschatzt
| B | | -
] [ -
u m
Kw B unterschatzt

www.blue-yonder.com/forwarddemand

Oct 9, 2014



Just launched:

[E) forward demand blue yonder - ... % | 0 Blue Yonder

DATA SCIENCE

<1 | @ www.datascienceacademy.co.uk

ACADEMY

Q) (4] (a) (B~

DATA SCIENCE
ACADEMY

Michael Feindt

Background Questionnaire Academy News | Deutsch

At Blue Yonder our motto is, “No problem is too complex for the right team.” A
decade of research at CERN, KIT, and other leading scientific institutes and years
of helping our clients to become predictive businesses has prepared us, a leading
software provider for predictive analytics in Europe, to deliver groundbreaking new
approaches to solving the world’s most challenging problems. For this reason, Blue
Yonder has founded The Data Science Academy (DSA). The goal of the academy
is to promote awareness of big data within business enterprises and to foster the
progress of a data science revolution.

We would like to know
what topics and forms of training interest you?

Simply fill out the questionnaire

This looks like an interesting training model.
Please keep me up to date on it.

Register for Academy news

n In order to use big data correctly,

you need intelligent and well trained people.

www.datascienceacademy.eu
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Prognosis of sports events from historical data:
NeuroNetz .,

Prognosen 8. Spieltag

@ FC Bayem Mlnchen - SV Werder Bremen (03)

) 1.FSV Mainz 05 - FC Augsburg
Hannover 96 - Bor. M'gladbach
SC Freiburg - VIL Wolfsburg
VIB Stuttgart - Bayer 04 Leverkusen

1. FC KéIn - Bor. Dortmund

FC Schalke 04 - Hertha BSC Berlin

Hamburger SV - 1899 Hoffenheim

®
@
=
&
" r !
O
'-%.

SC Paderbom 07 - Eintr. Frankfurt

Results: Probabilities for
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Blue Yonder trends in data analytics: data bases

» Excel is standard in many departments in most companies

» Graphical data representations are largely unavailable / unknown

» SQL already is advanced for many users

» Many data warehouses are “write-only“, analysis access too slow / restricted

The advanced stuff is:

» Vertical data bases! (columnar ntuples for 25 years already in HEP)
» In-memory data bases (mostly SQL-based)

» Not one optimal solution for all problems of the world.

» MAP/REDUCE (Hadoop)



Blue Yonder trends in data analytics...

» Fast interactive parallel data analysis / model development important for
professional data scientists:

» PIAF/PROOF too much forgotten
» MAP/REDUCE not the answer to everything (good: CPU at data)

» Combine goodies of both...
» root / C++ too complicated and not flexible enough (e.g. store new columns)

» Simplicity (important even for super data scientists): C++ = Python
» Python: numpy, pandas etc very effective, CPU time is (largely) NOT a limitation

» Machine Learning community often thinks too deterministic, no good
upderstanding of (no interface for) statistical errrors and weights



Blue Yonder trends in data analytics...

Article Why cutting edge technology matters for Blue Yonder solutions
» http://www.blue-yonder.com/en/resource-center/research-papers.html

gives overview on our view on algorithms.

We consider as important keywords:

To know what makes a good prediction...

Domain knowledge in different industries

NeuroBayes

Neural Networks

Bayesian statistics

Deep learning

Reinforcement learning

Correlation and Causality -- automatic interventions

Big data

Parallelization -- enhance NeuroBayes to arbitrary large training sets



Blue Yonder — fastest growing Bl company in Germany

Aufsteiger: Top 10-Anbieter von Business-Intelligence-
Software nach Umsatzzuwachs

Umsatzwachstum | Softwareumsatz

Untemehmen 2011-2012 2012 (in Mio. €)
Blue Yonder 175% 3,3
Talend 100% 8,5
Splunk 100% 7,0
Rapid-I 78% 1,6
Jedox 43% 3,0
Tibco Spotfire 40% 18
LucaNet 39% 6,4
Bissantz 38% 6,2
SAP 37% 240
Datawatch 35% 23
Bl-Gesamtmarkt 13,0% 1190
Quelle: ,Der Markt fiir Business Intelligence in Deutschland 2012", BARC.
BARC

Career opportunities in Karlsruhe, Hamburg and London:

http://www.blue-yonder.com/unternehmen/karriere.html

http://www.blue-yonder.com/en/company/career.html
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blueyonder

Forward looking. Forward thinking.

Philosophy
Awards
Press
Careers
Events
Information

oo heine

axel springer gl

References

Industries

Services

Company | Careers

Are you a visionary treasure seeker?

We take a company’s data and use it to develop visions. In doing so, we will always give our customers the
best we have to offer: the expertise of our employees. Whether experts in their industry or in forecasting
and data pattern recognition, every one of our staff is a true specialist in their particular field, with a passion
for big data that is mc The team is made up of distinguished physicists and
information scientists, including specialists from institutes such as the CERN European Organization for
Nuclear Research. This allows us to develop solutions that help our customers make well-founded, reliable
decisions and also prevent them from wasting valuable time and resources.

With our strategic investor involvement, we combine and connect the reliability of a major corporation with
the speed and fiexibility of a young, growing start-up experiencing expansion on a global scale. We provide
services for globally active Blue Chip clients, predominantly using cloud-based Software-as-a-Service
solutions that are based in our high-availability computer center.

In order to strengthen our team even further, we are looking to hire qualified professionals fo join our
Offices in Karisruhe and Hamburg as soon as possible. We are looking forward receiving your application.

» Team Lead for Cloud Archi 1C p Center in the Area of SaaS
» Team Lead for Product Develompent

» Application Developer

» Senior Key Manager Predictive Analyti

» Sales Manager Predictive Analytics SaaS
# Direct Sales Manager Predictive Analytics Saas

» Inside Sales

Y

# Physicist / Scientist for Highly C

» Graduate Project Managers/Consultants
» gi

# Software engineers in the field of databases

#» System Manager for IT Infrastructure and SaaS

dm

-——
QER BIN ICH MENSCM
e Witk kaus (o0 B

¢

vodafone

BADISCHE VERSICNERUNGEN.

Bbreumnger SportScheck WBURGEL

s ne!

Schwsb B

With our strategic investor involvement, we combine and connect the reliability of a major corporation
with the speed and flexibility of a young, growing start-up experiencing expansion on a global scale.
We provide services for globally active Blue Chip clients, predominantly using cloud-based Software-
as-a-Service solutions that are based in our high-availability computer center. In order to strengthen
our team even further, we are looking to hire qualified professionals in the area of data analysis.

Physicist / Scientist for Highly Complex Statistical Data
Analysis (m/w)

Tasks:

We are always looking to hire motivated individuals who have an outstanding university education
behind them (to bachelor degree, master’s degree or doctorate level) in the subjects of Physics,
Mathematics, Information Sciences, Business Informatics or similar.

As a member of our rapidly growing company, you will be responsible for creating highly complex data
analyses and developing forecasting models for our clients using the very latest statistical methods as
a basis. If you have a strong interest in data analysis, multivariate statistics and programming (either
with or without previous professional experience), ideally coupled with some expertise within these
areas, and if you see yourself becoming part of an ambitious high-tech company, please send us your
+4 full application as we want to hear from you. You will be part of a young, intelligent and outstandingly
adept team of technical scientists based in Karlsruhe or Hamburg.

g On a case-by-case basis, we also offer the chance to receive financial support for your doctoral thesis.

® Working within challenging and demanding data analysis projects for various industries such as
retail, finance and insurance
o Part of a highly motivated team of data analysts and software developers

Your Profile:

Excellent university degree

Ideally many years of experience involving data analysis

Programming

Outstanding analytical skills

Flexibility and excellent team spirit

Independent, results-oriented approach with a will to succeed

Excellent references

English and German language skills, additional languages advantageous

If you would like to become part of a demanding, highly-innovative and extremely sustainable software
market by joining our young and highly-motivated team, we want to hear from youl

Please send your full set of application documents in electronic form to
We look forward to receiving your application.

jobs@blue-yonder.com.

www.blue-yonder.com

Crate&Barrel
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Gesundheit bewegt uns.
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