IBS Data & Al
vision and
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“data Is the new oll”

Clive Humby, British mathematician
2006



What Clive meant is that:

“data, like oll, isn't useful Iin Its
raw state.

't needs to be refined,
processed and turned Into
something useful”



HawaTta Len



[lpeansBuKaTencTBea

bropxeT n MlHBecTnumnm
Kbae 1 3a KakBO XxapyunMm

YnpaBsieHne
Kak HanpaBngaBaMe siogkaTta



Kbne otuBaTt $$$

YNpaBNeHCKU peLlleHnd $$$$
yCKopdaBaHe U MHPOPMUPAHOCT

Pe
cvorseTCTBUE SSSSSSS

IHOBaLMK
TbpceHe Ha NpegnMCcTBO $$$



Kbne otuBaT $$$

Onepauunu
MHMPPACTPYKTYPA, NOAOPBIKKA,
NPOMEHN N aKTyanm3auyug




KoHcepBaTUBHO
YnpaBsieHne

KakKBOTO 3HaeM
KaKTO CU/ ro 3HaeMm



»,V/IcCKaxMe pa e no-pobpe,
HO Ce NOoJy4Yn KaKTo BUHaArm™



Data npunoxeHunarta u
NpaBuM BCe APXUTEKTYPU

brooXXeTbT

BpemeTo 3a peannsaumd



OO

Ha pbba Ha
Xaoca

N one |

[ paHMUaTa Ha Xaoca e
HOPMaJIHOTO CbCTOSAHME HA
HelaTa 1 He MoXe ga bbae
CMeKYyeHa camMo OT
TeXHONOoTrnuTe.

CamMaTa npupoaa Ha cucteMuTe
e, ue Te Bb3HMKBAT U ce
pa3BuBaT 6e3 MbNHO
pasbupaHe Ha BCUYKU
3aBUCUMOCTU N NOBEOEHMUS.



KakKBoO e
PeweHueTo?

PeweHnetoe NT
NPaKTUKUTE Oa ce
M3MbJIHABAT C BUCOKO
HUBO Ha OMNCLLMMMHA
NpoLEeC Ha HEMNPEKBbCHATO
nopobpeHmne



3a [Ja He ce noJsy4vyasa




Obnactu no
KOMMNeTeHUNN
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[lpegn3BuKaTesicTBa

[IpOEKTUTE HM OTNPAaBAT NPean3BMKaTENCTBa, a NPeoaoNABaH

MM OCMUCAA HawaTa paboTa!

NHOyCcTpuanHo 3HaHue

[Mo3HaBaHe Ha perynaTopHaTa pamka, yMeHue na
yeTeM perynaummn n aa Tb/iKyBame 3a/10KeHuTe
N3UCKBaHUS

busHec pevyHuk
[la roBopuM Ha eauH e31K 1 ga pasbunpame busHec
NOHATUATA

EKUNHOCT

M3rpaxpaHe Ha ehekTMBHaA paboTHa
KOMYHUKaLUUG Mexay eKunuTe

[lnaHnpaHe u

NpoeKTUpaHe 3a NpoMsAHa

JVHAMWUYHO NPOMEHSALM CE M3UCKBAHUA OT
CcpaHa Ha Perynatopa v/vnu gpyru 3aBUCMOCTU

KayecTBO Ha OaHHUTE
[[OTOBHOCT 3a HaMMpaHe Ha N'pBKaBW PelleHnd

CobCcTBEeHOCT Ha faHHUTe

oeHTudukauma Ha peanHuTe busHec
COOCTBEHMLUM Ha LaHHUTE.
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VImame nn?

vObu, brnsHec peuHnK
vI1paBuna n nonnTrUKKY 3a yrnpaBneHne Ha OAHHUTE

vIIpocneomMocT Ha NbTA Ha JAaHHUTE OT NbPBOM3TOUHMKA
00 KpanmHUs oTyeT

VITonnTrky 3a CMrypHOCT Ha AaHHUTE U CbLLEBPEMEHHO
pasLWnpeH AOCTbN A0 JaHHW Ha NnoBeYve busHec
notpebutenu

vObLww¥ npaBumna 3a NpoBepKa KauecTBOTO Ha AAaHHUTE



Data experts:

"Data Preparation accounts

for about of all the
work’”



b\ ¢
TITTL-




b\ ¢
LK




' WHO will Rule
A the World
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Stephen Hawking:

“Al Is likely to be either
the best or

thing to happen to
humanity”



Artificial Intelligence has evolved significantly in the past year

Intelligence

Artificial the ability to mimic human intelligence
= eg.understand, reason and learn

Traditional AI

Programs that can analyze content to make
predictions and prescribe actions

eg. forecast revenue based on historical sales
eg. prescribe next best offer

eg. visually identify product defect

Analytics Machine Learning Deep Learning

Generative Al

Programs that can generate net new content
and better understand existing content

eg. create image from prompt
eg. answers questions from PDFs

eg. summarize an article

Foundation Models Large Language Models




IBM watsonx.ai

Auto Al
Game changer



IBM watsonx Q @ Q: IBM account v Dallas v

We lCO m e, RO b From the homepage, Rob selects Build machine learning

models automatically with AutoAl to start building her
predictive machine learning model.

Open in: Rob's Sandbox Vv
Train, validate, tune,

N
(P

and deploy Al models.

Experiment with Build machine learning
foundation models and models automatically models using code in R

build prompts or Py

Build machine learning

with Prompt Lab

Recent work Projects + Deployment spaces +
Rob's sandbox Just now
fan) ¢

After you create or join spaces, they will

appear nere.

Discover Samples Featured
% Foundation models @
Prompts

gpt-neox-20b

as Data

oo ake oT ] oY [ ]
GPT-NeoX-20B is a 20 billion parameter

s autoregressive language model trained on

o  Projecls

the Pile using the GPT-NeoX library. Its
architec
Notebooks is alm

re resembles that of GPT-3, and
identical to that of GPT-1- 6B.

il



Build machine learning models automatically

Define the details te creata an AutoAl experiment asset and open it in the AuteAl tool

[ Define details Define configuration

00 Samples

Mame Watson Maching L

Credit Risk Experiment WatsonMachineLearning

B CPU and 32 GB RAM

This environment definition consumes 20 capacity
units par hour for training. For datails s




¢« | Credit Risk Experiment

Credit Risk Experiment 2z

Add data source

Add data source

Rob is now in AutoAl, a fully automated
machine learning tool in watsonx.ai, With
AutoAl, she can create a model from scratch in
a no-code environment,

Click Select from project.




« Expariment

Credit Risk Experiment £

Add data source

Rob can easily configure details of the
experiment. She decides not to create a
time series farecast for this moedel.

She describes "Risk' as the topic of
pradiction for credit default.

After quickly specifying the details, she is
ready to run the experiment.

Click Run experiment.

Prediction column: Ri

Binary classification

Experiment seftings ] Run experimeant




W Rankby: F

Relationship map @

The experiment starts running and producing results! All Rob did was
pravide the training data set to AutaAl and the whole madel building
process was automated.

Autoal provides her with multiple pipelines, and a ranking system,
which makes it easy for her to select the best model.

Click on the number 1 pipaline.

Algarithm ROC AUC Enhancements Build time

nldaut

Pipeline H-4 O Gradient b
Pipeline G-4

Pipeline H-3
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, , . ) Save as...
F‘||je[|neH-.'i e 597 Gradient boosting estimator HPO-1  FE  HPO-Z

Save as model

Model evaluation @ e e b
Save as noleboak
Model information

Featura summary

Model evaluation
Fairnass
Confusion matrix

Precision recall

(sensitivity)

n
a
o
=

False positive rate (1-specificity]

Model evaluation measures

Holdout score Cross validation score




Deployments

About this model

Status & Last modified

Now Rob can create a new deployment
for this model in the deployment space.

Click New deploymeant,

Maodel ID

Software speci

Hybrid pipeline software specifications
sutaai-kb 10

Create a deployment

lse the New deployment button t




Create a deployment

Define details

# Cradit Risk Modeal

Online Batch

Run the madel on data in Run the model against
real-time, as data is data as a batch process
received by a web

service.

Credit Risk Model Deployment

credit-risk-deployment

Click Create,

I Mo

Create

del onling,




Credit Risk Model Deployment

@ Deployed

API Reference

Code snippets

cURL

Now, Rob can grab the moedel's endpaint
along with multiple different code snippets
that can be copied to embed into an
application,

MNext @




Generative Al is augmenting capabilities of Traditional AI & Analytics

When to use
Traditional AI capabilities

Predictive/ Prescriptive
Structured data analysis, predictions,
forecasting etc.

Directed Conversational Al
Deterministic dialog flows for API
driven conversational Al

Computer Vision Al
Machine Vision for object and
anomaly detection

Process Automation
Robotic Process Automation, Process
reengineering & optimization

Analytics Machine Learning Deep Learning

When to use
Generative Al capabilities

Summarization eg. documents such
as user manuals, asset notes, financial
reports, etc.

Conversational Search eg. SOPs,
troubleshooting instructions, etc.

Content creation eg. personas, user
stories, synthetic data, generating
images, personalized UI, marketing
copy, email/social responses etc.

Code creation eg. Code co-pilot, code
conversion, create technical
documentation, test cases etc.
©0penATI ChatGPT @& Microsoft
iIE3 Google 0OMeta Open Source

Foundation Models Large Language Models

Most use cases with Text/ Image/
Video/ Code generation are good
candidates for Generative Al

Most structured data analysis,
prediction and prescription are
better served with Traditional Al

Generative Al can augment
existing Traditional AI use cases
to enhance natural language
interactions and summarize etc.
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Dido
Atanasov

| Senior Architect,
\\\ IBS
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LLM capabilities

Retrieval-Augmented Generation (RAG)

Based ona set ofdocuments ordynamic content, createa
chatbot ora question-answering feature grounded on specific
content.

E.g., building a Q&A resource from a broad knowledge base,
providing customer service assistance

Summarization

Transform text with domain-specific contentinto personalized
overviews, capturing key points

E.g., sales conversation summaries, insurance coverage,
meeting transcripts, and contract information

Content Generation

Generate text content fora specific purpose.

E.g., content creation for marketing campaigns, job
descriptions, blog posts and articles, and email drafting
support

Named Entity Recognition

Identify and extract essentialinformation from
unstructured text

E.g., audit acceleration, SEC 10K fact extraction

Insight Extraction

Analyze existing unstructured text contentto surface
insightsin specialized domain areas.

E.g., medical diagnosis support, user research findings

Classification

Read and classify written input with as few as zero
examples

E.g., sorting of customer complaints, threat & vulnerability
classification, sentiment analysis, and customer
segmentation



IBS Retrival Augmented Generation

Please upload one file type at a time and delete the file if switching types of files.

Upload a PDF File

D dd file h
rag and drop file here Browse files

Upload a TXT File

Drag and drop file here Browse files

Question
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A . Cyber Goddess

\ ‘Svilen Stanchev’'s
\ Executive Assistant




A reminder:

“Artificial intelligence is
no match for natural
stupidity”




