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Pleasenote

L . as@@ments regarding its plans, directions, and intent are subjechtmge
orwithdrawalg A ( K 2 dzi y 2 ( As@eSdisdrefidR. | G L. a Qa

Information regardingpotential future products is intended to outline our general proddicection
and it should not be relied on in making a purchasing decision.

The information mentionedegarding potential future products is not a commitment, promise,
or legal obligation to deliver any material, codefonctionality. Information about potential
future products maynot be incorporated into any contract.

Thedevelopment, release, and timing of any future featuresumctionality described for our
products remains at our sole discretion.

Performance is based aneasurements and projections using standard IBM benchmarks in
acontrolled environment. The actual throughput or performance that asgr will experience

will vary depending upon many factors, including consideratguth as the amount of
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the workloadprocessed. Therefore, no assurance can be given that an indivseaWwill achieve
results similar to those stated here.



Notices and disclaimers

© 2018 International Business Machines Corporation. gaat of this

document may be reproduced or transmitted in any form without

written permission from IBM.

U.S.Government Users Restricted Rights use, duplication or disclosure
restrictedby GSA ADP Schedule Contract with IBM.

Information in thesepresentations (including information relating to products
that have not yebeen announced by IBM) has been reviewed for accuracy as
of the date of initiabublication anccould include unintentional technical or
typographical errorslBM shall have no responsibility to update this
information.¢ KA & R2 OdzYSy d Aa
express or implied. In no event, shall IBM be liable for any damage arising
from the use of this information, including but not limited to, loss of data,
business interruption, loss of profit or loss of opportunityBM productsand
services are warranted per the terms and conditionthefagreements under
which they are provided.

IBM products are manufacturddom new parts or new and used parts.

In some cases, a product may not be rewd may have been previously
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Any statements regarding IBM's future direction, intent or product plans

are subject to change or withdrawal without notice.
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Performancedata contained hereinvas generally obtained in a controlled,
isolatedenvironments.Customerexamplesare presented as illustrations of

how those

customers have used IBptoductsand the results they may have

achieved Actual performance, cost, savings or other results in other
operatingenvironments may vary.

References in this document tBM products, programs, or services does not
imply that IBM intends to maksuch products, programs or services available ir
all countries in which IBMperatesor does business.

Workshbgs, sesdionKapdiziciatéd ynateriald mMadndave baerk prefaked ByS N.
independent session speakeesd do not necessarily reflect the views of
IBM.All materials and discussions gpeovided for informational purposes only,
and areneither intended to, nor shall constitute legal or other guidance or
advice toany individual participant or their specific situation.

ltistheOdza G 2 YSNIR & tdNdBure i giva domlidnde tivilegal
requirements and to obtain advice of competent legal counsel as to

the identification and interpretation of any relevataws and regulatory
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customermay need to take to comply with such lauBM does not provide

legal advice orepresent or warrant that its services or products will ensure
that the customer follows any law.



Noticesand disclaimers
continued

Information concerning noitBM products was obtained from the suppliers of
those products, their publisheannouncements or other publicly available
sourcesIBM has not tested thosproducts about this publication and cannot
confirm the accuracy of performance, compatibility or any other claims related
to non-IBM productsQuestions on the capabilities non-IBM products should
be addressed to the suppliers of those products. kiBMs not warrant the

quality of any thirdparty products, or the ability of arguch thirdparty

products to interoperates A (i K L . a QIBM dxinaddR dii€riaitnspall
warranties, expressed or implied, including but not limited to, the implied
warranties of merchantability and fitness for a purpose.

The provision of the informatiooontained herein is not intended to, and does
not, grant any right or licensender any IBM patents, copyrights, trademarks or
other intellectual propertyright.
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IBM, the IBM logo, ibm.com and [names of other referenced IBM products an
services used in the presentation] are trademarks of International Business
Machines Corporation, registered in many jurisdictions worldwide. Other
product and service names might ademarks ofiBM or other companies. A
current list of IBM trademarks is available on theb at "Copyright and
trademark information" atwww.ibm.com/legal/copytrade.shtml
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What is the Buzz about ?

[ Machine

@science ] learning
r [ Decision |

optimizl@n_,
@mining ] \} |

Same goal: Extraciformationfrom datato make better, raster,
smarterdecisions& provide betterclient experiences

r

Deep learning

.
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You use data science & machine learning every day while driving your car

How fast am | driving?
How far have | driven

How long before | run out of gas?

[\ Dlstan A

(

What is the fastest route to my destination?

. 1mile Faster route now available
165} Exit left to merge onto -85 N toward :
Nashville Save 10 minutes

5NandI[-5N

%) 30.5 miles

Continue onto I-40 W

Reroute
_ 1.9 miles
& Take exit 208 on the right onto 1-65 N towar ‘
I1-24 W, Lovisville b No thanks
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to decide (prescribe) something

Marketing Sales Finance IT Operations HR

Predict Campaign Revenue per  Rates of Help desk Demand Employee
ROI territory return workload retention

Prescribe Plan Assign Optimize Assign Plan sales Plan

marketing territoriesto  investment helpdesk & compensation

(0 ptimi Ze) campaign  sales team portfolio staff operations & training
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Since 1936, Data Science and Machine Learning delivered massive ROI

2 Chilean Forestry firms Timber Harvesting $20M/yr + 30% fewer trucks

UPS Air Network Design $40M/yr + 10% fewer planes

South African Defence Force/Equip Planning $1.1B/yr

Motorola Procurement Management | $100M-150M/yr

Semiconductor
Manufacturing

Samsung Electronics

50% reduction in cycle times

SNCF (French Railroad) Scheduling & Pricing $16M/yr rev + 2% lower op ex

Continental Airlines Crew Re-scheduling $40M/yr

AT&T Network Recovery 35% reduction spare capacity

Grantham Mayo van Otterloo Portfolio Optimization $4M/yr

Source: Edelman Finalists, http:// www.informs.org  or http:// www.scienceofbetter.org

37 years, 37 Edelman winners, upwards of $200 billion cumulative ROI



Researchers overcame 3 major challenges to data science adoption

In the recent past

Scale

Py
MULTIPLE CORES THOUSANDS OF CORES

GP

Falling hardware prices & GPU
accelerators led to dramatic
speedups

Payasyou-go cloud means
infrequent expensive
computation is now affordable

Models that learn &

adapt
P(::. "
—» [
—» S
¥ o
—H\__ : Cutput layer

M Hidden s yer

[nput layer

Ay, Target

Algorthmic ML advances
vastly improved accuracy &
reliability

Optimization algorithms can
solve millions of simultaneous
decisions

Facebook recognizes friends
Cars drive themselves

Cosmetic apps analyze your
selfie & recommend
treatments



Machine Learning & Decision Optimization
- how does it work?
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Machine Learning i Fundamentals
Input

Image Audio Text DB Table

Supervised Unsupervised
Learning Learning Classification Regression

Each object haa

label No labels Category for a Value for a Grouping of

specific object certain object similar objects




Machine Learning for Predictive vs Optimization for Prescriptive

Machine Learning 101 Decision Optimization 101
A Basic (supervised): ydmow the answerand A YouR2y Qi 1Y 26, andKotteathy & .
youtrain the machine how to find it the machine the logic to find it
A More advanced, unsupervised, A More advanced; robust/stochastick

reinforcement, & deep learning

Decision variables

Sample data
Prediction Decisions, plans,
(optional) schedules,
KPIs
Prediction, | Business
Observations pattern, I goals

classification

Business
constraints



Predictive vs Prescriptive

Predictive model:
For given data, fit/find a model such as
- Regression
Neural Network
CHAID

- X

- X

Unknowns

The data is scattered above
and below the plane

Qé

o g Tanpuw



Predictive vs Prescriptive

OptimizationProblem:

Define business objectives and constraints, find decisions

Production Facility (PF) PF1 PF2 PF3
# Units to Produce ? Ul u2 U3
Production Cost / Unit 100 150 80
DATA
Production Capacity 500 350 300

Total Demand = 1100

Optimization Model

Decision Variables:

Objective Function
Minimize Total Cost

Total Cost =
100XJ1 + 150xU2+ 80)U3

Unknowns /Decision Variables

Constraints:
Ul<=500 J2<=350 U3<=300

Ul+U2+U3==1100




Use case: Job shop scheduling

17



You are a production planner

I decide how to sequence jobs in such a way that setup costs are minimized

A Input

Setup cost

(output from a machine learning model)

A Decisions

Select the order in which jobs will be run
A Rules or Constraints

Start with job 1

All jobs must be run once
A Obijective

Minimize total setup cost

1 2 3 4 5
1 X 3) 8 4 3
2 X X 1 10 15
3 X 3} X 12 5
4 X 7 9 X 3
5 X 3 7 13 X

Setup cost switchind fromjob4tojob3=9




Example: Heuristic Approach: Pick lowest cost

A~
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To B 1 2 3 4 )
From A
1 X 5 8 4 @
@

2 X X @@ 10 15
3 X 5 X 5

4 X 7 9 X 3

5 X @2 7 13 X

TotalCost: 3+3+1+12=19




Example: Optimization Approach

Iy KSfL) @€2dz FAYR (GKS NAIKG &SljdzsSyOS IyR | @g2AR NX:

To BA 1 2 3 4 )
From A

1 X 5 8 (j) 3
@
2 X X 10 15

3 X 5 X 12 5

Total Cost: 4+3+3+1=11



How did you do?

A The best possible total cost is 11
A Sequential rules would fail to find this solution
A Consider how difficult this would be if there were

- Additional rules orconstraints
- 2 million jobs



IBM Machine Learning & Decision Optimization
for Enterprise Applications
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IBM SPSS Modeler, IBM Machine Learning, and IBM Decision Optimization

are coming together in:

IBM Data Science Experience Local

Self-contained, collaborative, data science platform to build & deploy analytics
applications, combining the best of open source with the best IBM proprietary tools



IBM Data Science Experience Local: Predictive Model Development

Open source IDEs:
Jupyter Zeppelin, H20 FlowrStudio

IBM Machine Learning

IBM SPSS Flows: ML wizard foiSparkMLmodels
Visual model builder

Tools  Community ~ Services

1BM Data Sclence Experience Projects

Collecting branca (from folium)
Downloading branca-0.2.0-py2-none-any.whl

Requirement already satistied: in /usr/local/sr _jupyter_bundle.

ckages (from Jinja2->folium)

Installing collected packages: branca, foliua

Suecessfully installed branca-0.2.0 folium-0.3.0

IBM Data Science Experience Local v

1ib/python2.7/site-pa

Telco_Automatic

Select a technique

In [11): ismport folium
p_osm = folium.Map(locat . 1 sois 53 6y 5291, Z00m_start=1l)
for library in libraries:
t = library.y
lg = library.x

Select Data

Column value to predict (Label Cal)

folium.Marker([1t, 1g]).add_to(map_osm)
Out[11]: El | > + i} -] CHURN v
= Binary = Multiclass 4 Regression
. é
Cl i i C i i
[l 2 B Classity new dats ints aefined Classify new data inta aefined Pragict valuss from 2

categories based on existing categories based on existing continuous set of values.
asta. Ghoose if your label asta. Ghoase if your label Ghoose if you label ealumn
column centains twe distingt column cantains a disaete contains a lerge number of

categories. number of categaries. values

O "t e o - N = [ i
> e .
Validation Split
NBA_Inpur Offe.
@ mutrmon. o o PR PR P PR —— °
E 15 Pl

Holdout: 20

Y Respomse Channed Anahis

ata by




IBM Data Science Experience Local: Decision Optimization

DecisionOptimization for Data Science (DODS)
U Model building, Scenario Managemerdand Data VisualizatiorDashboard for Decision Optimization (CPLEX)
U Modeling Assistancas well as Python notebooks
U Model deployment capability

Select the method to formulate
your model
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IBM Machine Learning & Decision Optimization
for Manufacturing
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Endto-End Value Chain Optimizatiqivehicles & parts example

2 88 B aF Y.
(v | [ oty | [vonwwr ] [owwsor | [ s |

Market Introduction Planning

Product Design and Engineering Inventory Optimization

Supplier Footprint Production Planning & Scheduling Pricing Optimization

Sales & OperationBlanning




Production Planning & Scheduling

Business needs:

i Sequence products on assembly lines

Typical Challenges:

i Very complex, manual and time consuming process

i Lack of ability to quickly reschedule

Expected Benefits: ST e e

OooooOR 00 OO0 00000000000 0000E RO 00000
OO0 0OO00OeOOHERO0O00e 000000 0000000000000,
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i Reduce setup and cleaning costs

T Increased throughput 0 00080
CHOHEHHHEHCH O HOCHE O H OO HEH
OOOCRORCOOODORCORD

. /i o aaiciatcletalate/nnaiuiaiatsiete/eie/eliais{uintsictele/e'ei
i Increased schedule adherence SooboSooooooooooEoooooooocoosdomoooon
HOHOHCHOHOHHOHOH

i Scheduling effort down to minutes

OO H HEH OO OO

OOOCOOOOOROoROODCO0000D0D00000ORO0nD
{58 ) O O 6 O 6

I Rescheduling effort down to seconds

5!




Product Design and Engineering

Business needs:

i Increase prototype utilization (reduce product development cost) for
various tests including stress tests.

i Meet critical product development deadlines with limited resources
(labs, personnel, prototypes)

Typical Challenges:

i Very complex and mission critical process

i Collaborative effort with many stakeholders

i Program changes require quickseheduling
Expected Benefits:

i Fast, automated and optimal schedule creation

i Ability to integrate with web based software solution for broader
visibility and collaboration

i Better handle on milestone visibility



