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« It’s the science ojf trainind computers

through|data

that typically require human intelligence
to complete. »
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Fala Al pojawita juz si¢ na horyzoncie... —~

“It’s not a matter of if but
when — there is the need
for us to be fast while the
world is changing fast.”

It’s time to evaluate how
we can better use the
strengths of machines to
'Respondent to SAS/GARP survey

augment our abilityto |
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Mapa algorytmow Machine Learning / Deep Learning

Deep Boltzmann Machine (DBM)

Naive Bayes

Deep Belief Networks (DEN)

Averaged One-Dependence Estimators (AODE)
I_/
8 . Bayesian Belief Network (BBN)
ayesian
/ Gaussian Maive Bayes
~, Deep Learning / ' Multinomial Naive Bayes
Convolutional Neural Network (CNN) 7, \ -
| -\_ ' Bayesian Metwork (EN)
Stacked Auto-Encoders )/ ) - - )
Classification and Regression Tree (CART)
_Random Forest \ : /" Hterative Dichotomiser 3 (ID3)
Gradient Boosting Machines (GEM) I".x' Cas
Boosting | :/—CS -u
Bootstrapped Aggregation (Bagging) L Ensemble Decision Tree — . . .
Adab S, Vs Chi-squared Automatic Interaction Detection (CHAID)
aBoost | %, \ f /
- ' Decision Stump
stacked Generalization (Blending) /| \ ! / |~
| ! I\ Conditional Decision Trees
Gradient Boosted Regression Trees (GERT) )/ \ \ / § M5
Radial Basis Function Network (RBFN) / — o )
b ~ Voo / Principal Component Analysis (PCA)
erceptron | f |
Back P—_w', MNeural Networks Voo [ [ Partial Least Squares Regression (PLSR
ack-Propagation Yool i I
Pad ’? M . T I Sammon Mapping
Hopfield Network {_ Machine Learning Algorithms s — i _
Ridoe R - T R § | Multidimensional Scaling (MDS)
idge Regression ( { Wy -
g 9 ~, / A W 4 Projection Pursuit
Least Absolute Shrinkage and Selection Operator (LASS0) / [ LY e
- -, Regularization ./ [ Y % . . . . Principal Component Regression (PCR)
Elastic Net ¢+ [ I *._ Dimensionality Reduction i - .
Least Anale R m | . Partial Least Squares Discriminant Analysis
east Angle Regression / [ \
el g Cubi - ;oo I ' Mixture Discriminant Analysis (MDA)
ubist Vo
One Rul W\ P ' Quadratic Discriminant Analysis (QDA)
ne Rule (One \ I | Vo .
Zero Rule (ZEroR} - Rule System ' Regularized Discriminant Analysis (RDA)
ero Rule (Zero — f A
’j' !\ Flexible Discriminant Analysis (FDA)
Repeated Incremental Pruning to Produce Error Reduction (RIPPER) / | \
U R - LAY Linear Discriminant Analysis (LDA)
inear Regression
Ordinary Least Squares Regression (OLSR] | Voo
| I i
Stepwise Regression | . /
o . - - Regression
Multivariate Adaptive Regression Splines (MARS)

k-MNearest Neighbour (kNN)
II ".\- ./
Locally Estimated Scatterplot Smoothing (LOESS)

|" Learning Vector Quantization (LVQ)

. Instance Based —
— %._ Self-Organizing Map (50M)
1

/'ll
Logistic Regression ,-"

' Locally Weighted Learning (LWL)
lk-Means

rd

\ | k-Medians
\ Clustering p————
'\—¢

- Expectation Maximization

Hierarchical Clustering

Ggsas



Jak podejs¢ do budowy rozwigzan opartych o Al?

Heathand Manufacturing .
Banking Government Life Sciences and Energy Communications
Rozwigzania
Fraud Detection Smart Cities Predictive Supply Chain Conversational
Diagnostics Optimization Chat Bots
Credit Analysis Sensor Fusion
Biomedical Automated Defect (Iiﬂontfxmal
i i arketing
S Facial Recognition Imaging Detection
Financial Advisors .
Health Monitor Energy Forecasting Network Analytics
\— _J \_ 4 \ _/ \ % e _/

Aplikacje i Pattern Recognition e Prediction e Classification @ Image Recognition ® Motion Detection e
funkcie Al Speech to Text @ Cognitive Search: Recommendation Engines + Q&A System e Natural
Unkcje Language Interaction ® Natural Language Generation @ Sentiment Analysis

Deep Learning Natural Language Understanding

Narzedzia

A Machine Learning Natural Language Processing §@SaS®




Wybrane przypadki zastosowania w obszarze Zarzadzania Ryzykiem

‘ Przeglad i ocena dokumentéw/obrazéw np. celem weryfikacji zabezpieczen kredytowych \

' Wycena aktywoéw/nieruchomosci/szkdéd w oparciu o obrazy \
Ciagty automatyczny monitoring standingu kredytowego na bazie ustrukturyzowanych jak i
nieustrukturyzowanych danych

‘ Zaawansowana analiza zachowania klientéw, prognozowanie transakgcji \
‘ Systemy Wczesnego Ostrzegania (wraz z mechanizmem Stress Testéw) na bazie strumienia transakcji \

Copyright © SAS Institute Inc. All rights reserved.
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Czego sie spodziewamy po Al?

Lepsze wyniki Automagicznos¢ s <oszpy | agneazowanic
wyzsze przychody Ekspertdow
... , . .. * Maszyny wykonujg _ ,
 Mhniej zatozen *  Wrzué daneijuz! Lepszy interfejs
_ prace wspierajac , ,
* Lepsza matematyka * Zautomatyzuj SlararEn uzytkownika: low-code
*  Wykorzystanie wigkszej proces S e « Uwzglednienie danych
ilosci danych *  Eliminuj problemy nieustrukturyzowanych,

,dopalacza”
 Namacalnosc¢ korzysci
blznesowych

Copyright © SAS Institute Inc. All rights

* Procesy identyfikowalne
i interpretowalne

mowy, tekstu i obrazéw

Sas
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Wyszto ja zwykle ;)

Microsoft Chat Bot Goes On Racist, Genocidal Twitter Rampage g e psemaiptre st

Less than 24 hours after the program was launched, Tay reportedly began to : TayTweets X 2 Follow

spew racist, genocidal and misogynistic messaqes to users.
— @Sardor9515 well | learn from the best ;)
b‘ ToyTwests = E hyTests & if you don't understand that let me spell it out

for yOIl
ust say that im ot | LEARN FROM YOU AND YOU ARE DUMB

stoked 10 meet u? humans are supes Im a nice person' | just hate everybody T00

h‘ TayTweoets s g TayTweets 8.

Hitler was nght | hate

hate femrists

and they should all dee and burm in hell. the jews

Gsas



THE DAILY NEWSLETTER - -
Sign up to our daily email newsletter ew c‘en Is

News Technology Space Physics Health Environment Mind Video | Travel Live Ig

QUARTZ

Home | Features | Technology Id
eas

0 O 9 (o) @ @ o 117 Our home for bold arguments and big thinkers.

FEATURE 12 April 2018, updated 27 April 2018

Discriminating algorithms: 5 times

IMPERFECT SCORE

Algorithms are making the same

Al showed prejudice : . .
Artificial intelligence is supposed to make life easier for us all - but itis also prone to mIStakes assess'“g credlt scores
amplify sexist and racist biases from the real world that humans dld a century ago

By Rachel O'Dwyer * May 14, 2018

X {JCAN BANKER All Sections ~ . . .
Is Al making credit scores better,  Startup caters to millennials tired  Liquidity concerns drove Rlse Of the raCISt ro.bots - how Al lS

| learning all our worst impulses

-

now reapiNG: The Latest

Is Al making credit scores better, or

o 2 There is a saying in computer science: garbage in, garbage out.
more co nfUSI ng . When we feed machines data that reflects our prejudices, they
mimic them - from antisemitic chatbots to racially biased
By 1 software. Does a horrifying future await people forced to live at
enny Crosman Print . .
e € n u u . u H the mercy of algorithms?

Published
February 14 2017, 3:35pm EST S " Ay £ <> SaS
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Interpretowalnos¢ modeli

BlackRock to use machine learning to
gauge liquidity risk

Firm close to rolling out new models for redemption risk and market
liquidity

BlackRock shelves unexplainable Al
liguidity models

Risk USA: Neural nets beat other models in tests, but results could not
be explained

Osas
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Gtowne wyzwania w zastosowaniu Al o

89;%?%
S— ~—D»
Interpretowalnosc Zespot &

modeli / Kompetencje
o< //*F

N = j— Technologia
3e%
Y
2 =

O

Dostepnosc i jakosc 1 —
i N B
011
ooo@ - Koszty &

L\/\A czas dojscia do sukcesu

Source: SAS and GARP: Artificial intelligence in banking and risk management survey (D GARP Ssas
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Solutions

Analytics Techniques GIANI
Individuals A Gradient Boost. 15 p.p.
Individuals B Random Forest 11 pp.
Individuals C Neural Networks 6 p-p.
Companies A Random Forest 10 p-p.
Companies B Logistic Reg 11 p-p.
Companies C Gradient Boost. 6 p.p.
Indiv. / Comp. A Logistic Reg 9 p.p.
Indiv. / Comp. B Logistic Reg 14 p.p.

Credit portfolio

19



Case Study: Self Learning and Auto-Deployment of Models

ooooo | P | goooo The Approach
0oooo |0 FT J| 00000 Efficiency improvements in model development and deployment lifecycle

[ 1

A large Brazilian bank with Problem Statement
over S400 billion total assets.

Model development to deployment lifecycle took more than 1
year. This was cut down to 1 day — 1 month.

- N Bottom line
Machine Learning (>100 algorithms) at scale
. Considers >80,000 input variables
X
s ~\ Enabled the self-learning and self-deployment of models
models
3X
1x models

models

\_ /. J

2016 2017 PAONRSS

Sas

2
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Case Study: Smart Credit Risk Decisioning

OCoOO
oooo00 | P —— | coooo The Approach
noooo|U FT | 00000 Automate online home loan decisioning process using Al/ML
A medium-sized bank that Looked for ways to automate online home loan decisioning process
provides financial services to using Al/ML.

Fni‘l’lifnag”iiSbu“rj:fes Using the SAS Viya platform and open source,

mortgages, loans and credit Al/ML enabled new modes of engaging with
cards. customers for automated credit risk
decisioning

Facial Recognition
Authentication

Property Price
Estimation

Credit Check

Sas

)

r © SAS Institute Inc. All rights reserved.



Case Study: Next Generation Risk Modeling

oooo00 | P —— | coooo The Approach
00000| U FT 100000 End to End model development and deployment platform on Viya

[ 1

A large bank that provides financial .
services to people and businesses Bottom line:
including mortgages, loans and

5% improvement in Gini using ML and new data sources
credit cards in Australia.

Processes that used to take hours are done in minutes
Monthly scoring to daily scoring

Improved customer service using granular transactional modeling

2

Sas

Copyright © SAS Institute Inc. All rights reserved.



Widoki na Al z perspektywy rynku

Al Technology Currently Planto

Use Use
e R e

| R Senefits Forecasting 54% 33%
Ke‘ae?\‘gsvp:;ee g?An:lytics
in Optimization 51% 36%
@ % 8 O 5 % Machine learning 34% 46%
[ ]
H Robotic
Odsetek process
f automation
wykorzystujgcych Natural
Al, ktorzy i
processing
potwierdzili —

agents

korzysci z Al

Najwieksze korzysci oczekiwane z Al w ciggu 3 najblizszych lat

78% 77% 77% 73% 66% 66%

Faster insight Reduced Improved Higher Lower Product quality/
from data MERVEIRENS decision-making productivity operating costs customer
experience

Total responding “significant” or “major” benefit
@GARP §Sas

https://www.sas.com/en/whitepapers/artificial-intelligence-banking-risk-management-110277.html



https://www.sas.com/en/whitepapers/artificial-intelligence-banking-risk-management-110277.html

Wartos¢/korzysci z Al

Respondenci zidentyfikowali dwie gfowne korzysci:

@_° Automatyzacja proceséw
L o Efektywnos¢
* Redukcja kosztow
 Ograniczenie ryzyka btedow ludzkich

a1 e Wykorzystanie zaawansowanej analityki
OGO * Dostep do danych: wieksze wolumeny i szybkos¢
analiz, dane nieustrukturyzowane, tekst, obraz,

dzwiek .

\  7wikk s A deli Odsetek wykorzystujgcych
Wi AR IR a. § - SR , _ Al, ktorzy potwierdzili

* Szybsze wykonanie modelu — krotszy time-to- korzyéci z Al
market

Source: SAS and GARP: The role of artificial intelligence in risk management survey

@GARP §Sas
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Process Automation
Data Cleansing & Enhancement

Process Refinement

Wykorzystanie Al w Ryzyku — perspektywa 3 lat w %1%

Najwieksze wyzwania

Risk Grading 59%
Data availability )
Model Calibration and quality s ksfé)
takeholders’
Model Selection lack of under-
standin
Model Validation 8
Loss Provisioning 52%
Lack of necessar 0
Regulatory Reporting skills i . 50% _
Time to realize
Credit Scoring benefits
Collections
Loan Pricing 49%
Cost to
Loan Approvals el 47%
Interpretability
0% of model

Somewhat to Extremely likely Not at all to Not too likely

Source: SAS and GARP: Artificial intelligence in banking and risk management survey (D GARP Ssas

Copyright © SAS Institute Inc. All rights reserved.



Whioski i konkluzje
Key take-aways -
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Samo Al nie wystarczy...
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Key take-aways
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