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Generative Al
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M8 Al(Generative Al)

User What is unusual about this image?

& OpenAl
ChatGPT

Source: Barnorama

GPT-4  The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.



M8 Al(Genarative Al

DAIL-E 2

DALL-E 2 is a new Al system that can create realistic images and
@ from a description in natural language.

TextPrompt ~ @n armchair in the shape of an avocado. ...

Al Generated
images




M Al(Genarative Al
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M8 Al(Genarative Al)

x — f—=>y—>g90) — ¥




M Al(Genarative Al)

VAE: maximize x |_,| Encoder Z Decoder B2
variational lower bound 7e(2|x) po(x|z)
GAN: Adversarial ' " _PDiscriminatnr z | Generator 4
training D(x) G(z)




GAN(Generative Adversarial Network)

MOjE A MY

Generative Adversarial Nets

Lan J. Goodfellow. Jean Puu.get-.-ﬂi.hudie,l Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair! Aaron Courville, Yoshua Bengio’
Département d’ informatique et de recherche opérationnelle

Université de Montréal
Montréal, QC H3C 317

2014




GAN(Generative Adversarial Network)

MOiE 4 NFY
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1000 X 1000 X 3 = 3000000 Columns
—

10000 X Rows

=8 HIolE{ (8 OlolE)

100 Columns
— [N X ]

1 [1SSU1_NO|ITTM_531 ITTM_532 IT1M_533 ITIM_534 ITIM_535 ITIM_536 TTM_537 ITIM_538 ITTM_539 IT1M_S31(IT

2 |7015-2022 7 10 7 7 7 9 10 9 10 5
3 :701572022 3 2 9 4 6 1 3 10 3 5
4 |7015-2022 5 7 6 6 1 6 5 3 4 3
5 |7015-2022 9 10 10 6 8 4 10 10 9 10
6 |7015-2022 9 10 9 9 6 7 8 3 10 9
7 |7015-2022 9 10 8 6 6 7 6 3 6 7
8 7015-2022 8 10 8 5 5 1 2 1 2 4
o [7015-2022 10 10 8 2 5 7 2 1 4 3
10 |7015-2022 5 5 8 6 8 1 10 1 10 6
R :701572022 7 10 8 1 1 1 1 1 1 7
12 |7015-2022 8 10 8 8 4 6 10 8 6 8
13 |7015-2022 3 1 9 2 1 1 5 1 1 4
14 7015-2022 10 10 9 6 8 4 10 4 10 7
ROWS 15 (70152022 9 10 9 6 8 6 3 1 6 6
16 |7015-2022 1 1 4 2 1 1 2 1 4 1
17 |7015-2022 9 10 8 4 6 8 2 1 6 3
18 |7015-2022 8 10 6 4 6 8 5 4 3 4
19:701572022 7 9 9 4 1 1 2 9 2 3
20 |7015-2022 6 6 8 4 6 10 1 1 2 3
21 17015-2022 8 9 8 4 1 1 3 1 2 4

Let's add Text data(NLP)... ey
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Data Mining

(ClolE] Bt ISX|s 23 7HE)
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KDD(Knowledge Discovery in Databases, Farrad, 1996)

CRISP-DM
(Cross Industry Standard Process For Data Mining, ESPRIT, 1996)
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Synthetic Datag 4, 44, xis gols)

Generator

G(z)

Discriminator

D(x)

Real Data
b
Synthetic
Data
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Synthetic Data Use case(Tesla)

5. Scenario Reconstruction




Synthetic Data Use case(Financial services)

J.P.Morgan Solutions  Insights News  AboutUs  Contact Us

Synthetic Data > Payments data for Fraud Detection

Synthetic Data

Qverview .

Payments data for Fraud Detection

Data representing transactions from a subject-centric view with the goal of identifying fraudulent transaction. This data contains a large

Anti-Money Laundering variety of transaction types representing normal activities as well as abnormal/fraudulent activities that are introduced with predefined

(AML) probabilities. The data was generated by running an Al planning-execution simulator and translating the output planning traces into
tabular format. Parameters of the data generation model include the number of clients, time duration and probabilities of fraud.

Customer Journey Event sample data
PAY-BILL-3589 CLIENT-3566 | ACCOUNT-3578 USA 21264 cce COMPANY-3574 | ACCOUNT-3587 GERMANY 492.67 0 MAKE-PAYMENT
) WITHDRAWAL 3591 | CLIENT-3566 | ACCOUNT-3579 UsA 18385 cce 383.92 0 WITHDRAWAL
Markets Execution Data MOVE-FUNDS-3528 CLIENT-3508 ACCOUNT-3520 USA 4309 ccB COMPANY-3516 | ACCOUNT-3527 GERMANY 280.7 0 MOVE-FUNDS
WITHDRAWAL3529 | CLIENT-3508 | ACCOUNT-3519 USA 7455 cCB 118.14 0 WITHDRAWAL
QUICK-DEPOSIT-3471 CLIENT-3042 | ACCOUNT-3461 UsA 105.16 0 DEPOSIT-CASH
QUICK-DEPOSIT-3473 CLIENT-3442 | ACCOUNT-3460 UsA 164.97 0 DEPOSIT-CASH
PAY-BILL-3404 CLIENT-3384 | ACCOUNT-3395 USA 36316 ccB COMPANY-3392 | ACCOUNT-3401 GERMANY 456.89 0 MAKE-PAYMENT
QUICK-DEPOSIT-3406 CLIENT-3384__| ACCOUNT-3336 UsA 413.17 0 DEPOSIT-CASH
Payments data for Fraud PAY-CHECK-3347 CLIENT-3330 ACCOUNT-3341 USA 36194 ccs CLIENT-3333 ACCOUNT-3338 CANADA 377.65 0 PAY-CHECK.
. PAY-CHECK-3348 CLIENT-3330 | ACCOUNT-3340 UsA 20626 ) CLIENT-3333 | ACCOUNT-3338 CANADA 338.03 0 PAY-CHECK
Detection MOVEFUNDS-3292 | CLIENT-3272 ACCOUNT-3284 UsA 21568 ccs CLIENT-3275_| ACCOUNT-3281 CANADA 100.85 0 MOVE-FUNDS
MOVE-FUNDS-3294 | CLIENT-3272_ | ACCOUNT-3284 USA 29040 cce CLIENT-3273__| ACCOUNT-3289 UsA 276.66 0 MOVE-FUNDS
PAY-BILL-3232 CLIENT-3203_| ACCOUNT-3222 UsA 27393 cce COMPANY-3210 | ACCOUNT-3218 GERMANY 23488 0 MAKE-BAYMENT
QUICK-DEPOSIT-3234 CLIENT-3203__| ACCOUNT-3222 UsA 945.22 0 DEPOSIT-CASH
DEPOSIT-CASH-3163 CLIENT-3139 | ACCOUNT-3152 USA 655.09 0 DEPOSIT-CASH
) PAY-BILL-3162 CLIENT-3133 | ACCOUNT-3153 UsA 25066 cce COMPANY-3147 | ACCOUNT-3160 GERMANY 675.37 0 MAKE-BAYMENT
Synthetic Documents for WITHDRAWAL-3100 | CLIENT-3075 | ACCOUNT-3030 UsA 22778 cce 319.95 0 EXCHANGE
L QUICK-PAYMENT-3095 | CLIENT-3075 | ACCOUNT-3091 USA 33013 ccB CLIENT-3078 | ACCOUNT-3087 TAIWAN 771.54 0 QUICK-PAYMENT
Layout Recognition PAY-BILL-3036 CLIENT-3016 ACCOUNT-3023 UsA 43951 ccs COMPANY-3022 | ACCOUNT-3033 GERMANY 730.69 0 MAKE-PAYMENT
Synthetic Equity Market References
Data

1. Generating Synthetic Data in Finance: Opportunities, challenges and pitfalls. S Assefa, D Dervovic, M Mahfouz, R Tillman, P Reddy, T



Synthetic Data

By 2030, Synthetic Data Will Completely Overshadow Real Data in Al Models

i

« Artificially Generated Data

« Generated From Simple
Rules, Statistical Modelling,
Simulation and Other
Techniques

FutureAl — ——

Data Used
for Al

Today’s Al

« Obtained From Direct
Measurements

» Constrained by Cost, Logistics,
Privacy Reasons

2020 2030
Time

Source: Gartner

Gartner



CreDB Synthetic Data
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Synthetic Data by GAN

from ctgan import CTGAN

real data = df GAN

discrete columns
1 -

ctgan = CTGAN(epochs=18)
ctgan.fit(real data, discrete columns)

synthetic data = ctgan.sample(100000) _
sv', index= i

synthetic data.to csv('TCB synthetic data 2@

CTGAN

(Conditional Tabular Generative Adversarial Network)
HOl= YEiQ| o= dd ol L A= HIO|E(==X])2t
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ynthetic Data
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Synthetic Data

real
350 : . ; : E
300 4 2 H ° E ‘ o
H :
250 1 : o
L
2001 § j ¢
~ ] . . o
@ 150 - ‘
H . ]
100 s g é
50 - g g
a :'E‘
] 8
o] I :
300000 —200000 ~100000 0 100000 200000 300000 40000
PC1
real
0 ™ ° [
...l Lo [ .. . . .
44 \!&“'ﬁ y . r!'ﬁg ('.!“-"ﬁ“.. e ®0®
Wﬁ' R .o -~ @ﬁ,‘ ey 1 g
S m%ﬁi"fﬂww e ® o e
o rETE- - ﬁ'g.;if.w ;“ gﬁﬂﬁ'ﬁ"
(e o Pl o o e )
0 - ol . 0 257 ?i’m s se|
St (ﬂ@ﬂwﬁwa:r@ & %"
[} T g.} . o
e
S et g « o
'ﬂiﬁ‘lﬁ;ﬁ“ ‘gnl -. . -ul-'i o ...!,‘ 5"“ °
aB T gt T
—4 @ﬂﬂ'ﬂﬁﬁm 2
0 50 100 150 200 250 300 350
pC2

2

PC3

PCA(FEd& 24)

(Principal Component Analysis)

> G|ojE| 4 Afo]2] o &S

synthetic
350 1 L ] .
: . . H
300 4 -4 . : * 3 .
2 ] e @ L]
# e 3§ ]
250 4 a ; ]
g
200 1 5 é
150 E E: g
: g g
100 g !
Pl
50 4 1
o ‘ i H
s U 8 ’
730(‘)000 720(‘)000 710(‘)000 (I.'l lOOI(JOO 200‘000 300600 400500
PC1l
synthetic
-
P L
] . !l"-”m" * . *° -
) M&mm-"ﬂm woagen®” e
2 llhf'ﬁ-‘ﬁ'_ !'-‘.E.jiil! o ® e ® *®
M ® i (ol
aranea® e ——
m’pl .-pﬁg-!-‘ii' i -» s * o
| Mﬁ“‘ﬁ” A ) g0 " o ™®
2 o e orae*® .
L ) i} g
PR L Vs - ._ m’iﬁ!‘iﬂ' . Wi.[i!@ ‘ o ® .
o4 - soms® . ﬁﬁ!ﬁ'—' -
mijjﬁiﬂi""! gt J— e wio?
s mi‘i]ilm * .
« )
o4 o .
g = L}
e - & .
mﬂ!ﬁ’jﬂ.‘ i “F;m‘l't' oee ©
1 e
Ll
T T T T T T T T
o] 50 100 150 200 250 300 350

PC2




Synthetic Data Value
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Data retention

Synthetic data
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