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Czym jest sztuczna inteligencja”
dr Piotr Migdat

p.migdal.pl
pmigdal@gmail.com
LinkedIn:piotrmigdal

Doktor tizyki kwantowe], ICFO, Castelldefels

Wspotautor polskiej strategii rozwoju Al

Wspotzatozyciel Quantum Flytrap

Konsultant uczenia maszynowego, wizualizacji danych | Al
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Trimps-Soushen

E-ResNet152 / WMW

Sztuczna inteligencja
w stuzbie wymiaru sprawiedliwosci

ChatGPT Sprints to
One Million Users

Time it took for selected online services
to reach one million users

B
B
B
E
B 13 months
- 10 months

Netflix 3.5 years

Kickstarter”

Airbnb™

2.5 years
2.5 years
Twitter 2 years
Foursquare™
Facebook
Dropbox
Spotify
Instagram™*

ChatGPT

. 2.5 months
|5 days

* one million backers ** one million nights booked *** one million downloads
Source: Company announcements via Business Insider/Linkedin

statista %a

https://www.statista.com/chart/29174/time-to-one-million-users/
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analiza danych (data science)

uczenie maszynowe
(machine learning)

sztuczne sieci
neuronowe
(deep learning, Al)
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Klasyfikator tworzony przez eksperta Klasyfikator tworzony przez
EET—— programiste | uczony na danych

| YES Assign patient
I Age > 50 years? | - to risk class Il to V according
to scoring system
l NO

* , Nearest Neighbors Linear SWVM ) , REF SVM

Does the patient have any of the following Scoring system :
comorbid conditions? Characteristic Points

l{eopla;txc - Demographic characteristics

Liver disease Age: male Age (in years)
Congestive heart failure Age: female Age (in years) - 10
Cerebrovascular disease Nursing home resident +10
Renal disease

Comorbid conditions
l - Neoplastic disease +30 Decision Tree Random Forest

Liver disease +20
Congestive heart failure +10
Cerebrovascular disease +10 q . . . g
- - . Renal di 10 . “a_ » N
On physical examination, do any of the el dlsease ¥ $
following exist? Physical examination findings ¢ o &
Altered mental status Altered mental status +20 . . e
Respiratory rate = 30/min Respir_atory rate = 30/min +20
Systolic blood pressure < 90 mm Hg Systolic blood pressure < 90 mm Hg +20 : L

Temperature < 35°C or = 40°C +15

Temperature < 35°C or = 40°C Pulse > 125/min +10 Decision Tree

Pulse = 125/min

Laboratory findings

‘ NO pH < 735 +30
BUN = 11 mmol/L +20
Sodium < 130 mmol/L +20

Glucose = 14 mmol/L +10
I Patient assigned to risk class | I Hematocrit < 30% +10

Po, < 60 mm Hg or O, saturation < 90%
Pleural effusion

Sum of polnts applicable to patlent
(use to determine risk class)

scikit-learn.org/stable/auto _examples/classification/plot classifier comparison.html

Risk class assignment

Risk Class Basls Mortality Risk Recommended Site of Care
| Algorithm Low (0.1%) Outpatient

n <70 points Low (0.6%) Outpatient

1] 71-90 points Low (2.8%) Outpatient or brief inpatient
v 91-130 points Moderate (8.2%) Inpatient

v >130 points High (29.2%) Inpatient

https://lukeoakdenrayner.wordpress.com/2017/04/24/the-end-of-human-doctors-understanding-medicine/
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Co to jest sztuczna sie€¢ neuronowa?

°roste operacije:
dodawanie, mnozenie, funkcje progowe

Olbrzymia liczba parametrow (czesto miliardy)

Parametry sg automatycznie ,uczone” na podstawie danych

Luzno inspirowana biologig
(to nie jest symulacja mozgu)

2442 Ministerstwo
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Co to jest sztuczna :>° .
sie¢ neuronowa?

https://playground.tensorflow.org

IUS EX SILICO

DATA

Which dataset
do you want to
use?

¥

Ratio of training

to test
data: 50%
—

Batch size: 10
—

REGENERATE
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Epoch

000,159

FEATURES

Which
properties do
you want to
feed in?

X1

Learning rate

0.03

2 HIDDEN LAYERS

+ -

4 neurons

This is the output
from one neuron.
Hover to see it

larger.

- / —
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Regularization rate Problem type

Activation Regularization

Tanh None 0 v

OUTPUT

Test loss 0.026
Training loss 0.007

+ -
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The outputs are
mixed with varying
weights, shown by
the thickness of

the flines.

Colors shows
data, neuron and
weight values.

Classification ~


https://playground.tensorflow.org/
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Uczenie maszynowe

Z hadzorem
(supervised)

nauka
pytanie-odpowiedz

przyktad:
rozpoznawanie obrazu

2442 Ministerstwo
8N Sprawiedliwosci

bez nadzoru
(unsupervised)

nauka struktury
danych

przyktad:
modele jezykowe

Sztuczna inteligencja
w stuzbie wymiaru sprawiedliwosci

Ze wzmocnieniem
(reinforcement learning)

nauka przez
interakcje

przyktad:
gra w szachy | go
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Wyspecjalizowana a ogdlna sztuczna inteligencja (AGl)

wyspecjalizowana ogolna

rozwigzuje praktycznie

rozwigzuje konkretny problem dowolne zadanic

rozpoznawanie obrazu (np. diagnostyka medyczna)

analiza tekstu (np. wykrywanie spamu) jedyny przyktad: G
rekomendacja tresci (np. w sklepach internetowych) (najnowszy ChatG
przewidywanie cen akcil

Ministerstwo
18N Sprawiedliwosci
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Rozmiar siecl
neuronowych

ResNet-152
60 min

e GPT2
120 min - 1.5 mld

« GPT3.5 (ChatGPT)
175 mld

https://ourworldindata.org/grapher/artifici
al-intelligence-training-computation

w stuzbie wymiaru sprawiedliwosci

Computation used to train notable artificial intelligence systems Our World

in Data
Computation is measured in total petaFLOP, which is 10" floating-point operations.
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GoogleNet / InceptionV1
AlexNet GANs

100 ,..Named Entity Recognition model
Word2Vec (large)

Sep 30,2012 Jul31,2014 Dec13,2015 Apr26,2017 Sep8,2018 Jan21,2020 Jun4,2021 Oct17,2022

Publication date

Source: Sevilla et al. (2023) OurWorldInData.org/artificial-intelligence « CC BY
Note: Computation is estimated based on published results in the Al literature and comes with some uncertainty. The authors expect the estimates to be correct within a factor of 2.
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Co jest potrzebne z technicznego punktu widzenia?

program komputerowy sprzgt komputerowy
(software) (hardware)

@ python

O PyTorch 1 TensorFlow

otwarte | darmowe (open source)

trenowanie: na serwerach z G
*gtownym autorem pakietu PyTorch jest Polak, Adam Paszke Uzywanie: na \ap’[Opie ‘Ub te‘e.:

46 Ministerstwo
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Dane + moc obliczeniowa

This 1s one of Crichton's best

. Seriously, the screenplay AND the directing were
horrendous and clearly done by people who could not fathom what was good about the
novel. I can't fault the actors because frankly, they never had a chance to make this
turkey live up to Crichton's original work. A
~ 2NCe adge, are hard to bring to the screen in a way that lives up to the

. The movie is just dreadfu

“We first trained a multiplicative LSTM with
Kie dane” 4,096 units on a corpus of 82 million Amazon
K pozyskac” reviews to preaict the next character in a
K Czyszczone”? chunk of text. Training took one month across
four NVIDIA Pascal GPUSs, with our moade/

orocessing 12500 characters per second.”

https://blog.openai.com/unsupervised-sentiment-neuron/
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@ Overview Documentation Examples Playground C» Help ° Personal

Playground oad a preset Save View code Share

Sieci neuronowe zawsze
p rzeWi d UJ a p raWd O p O d O b i e r,] Stwa y Piotr Migdat urgently needs a few good examples of using AI for text generation.

. . e . . Here are a few good suggestions: g
d ‘ a kaZ d eJ Z m OZ ‘ IWyC h O d p OWI e d Z I . 1. Automatic summarization: using AI algorithms to generate summaries of text documents. Model
2. Natural language generation: creating text from structured data using AI algorithms.
3. Text-to-speech conversion: using AI algorithms to convert text into spoken words. text-davinci-003
4. Text classification: using AI algorithms to classify text into different categories.
5. Automatic machine translation: using AI algorithms to translate text from one language to Temperature
another.
6. Text generation from images: using AI algorithms to generate text from images.
3 4 SARLE e e , - _ : . : , Maximum length
inference time: 19.8 ms (52.6 fps) 7. Text question answering: using AI algorithms to answer questions about a given text
document.
suspension bridee 345, 8. Sentiment: generation = 3314% e the sentiment of a given text. Stpp sequences
sy T completion = 18.90% EERGE SEGUSTRS A e
-=13.24%
simpl = 4.71%

how | 1% correction = 2.75% Top P
' question = 0.32%

piler s Total: -5.75 logprob on 1tokens Frequency penalty
(73.05% probability covered in top 6 logits)

bannister

ski

Presence penalty
© Looking for ChatGPT? Tryit now 2

e -

Best of
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GdZ|e ...0r Avoid Overcalling?
u StaWi é g ran iC@? On the other hand, if there isn't a secondary test,

or the treatment uses a drug with a limited
supply, we might care more about the
percentage of people with positive tests who
are actually sick ¥ .

SRS
IR

‘Leple uwolnic
aziesieciu winnych
niz skazac jeaneqgo
niewinnego.

o These issues and trade-offs in model
W| ‘ ‘ 1Al 3 ‘ adC kStOﬂe optimization aren't new, but they're brought into
focus when we have the ability to fine-tune
exactly how aggressively disease is diagnosed.

Model Aggissiveness =

Try adjusting how aggressive the model is in
diagnosing the disease

TH). uh e wly Smip e e e TH) = e =
- wp ) TP A = SN§ Cep g e = =
-y em D = b amh) <N =P s = = ==
- i)y = =) AP =) A - e =» = =)
TP = ) = P W) e g A A ) <=
Safr = = mh e e = =B e e e )

https://pair.withgoogle.com/explorables/
measuring-fairness/

244~ Ministerstwo
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Obszary zainteresowan dla Wymiaru Sprawiedliwosci

Analiza tekstu
(streszczenia, wyszukiwanie podejrzanej tresci, identyfikacja autora)

Rozpoznawanie obrazu
(identyfikacja ludzi | miejsc, przeczesywanie duzych danych)

Analiza tekstu prawnego (przepisow, podobnych spraw)

Predykcja zagrozenia (np. ucieczka, recydywa, oszustwem podatkowym)

D 4% Ministerstwo
18N Sprawiedliwosci
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Ogdlne zagrozenia zwigzanie z Al

Realne:

monopolizacja przez firmy Al . ERMlNATDH P

powszechna inwigilac] a. R/ \;,f,aj UDGMENT DAY
wzmocnienie wykluczenia oo -7\

bezrobocie

=z Ministerstwo
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Konferencja I U S EX SI I-I Co W stquSigtvl\J/;maaiﬂtseglgaev?/icgaliwoéci

Stronniczosc¢ | uprzedzenia (bias)

Al |est obiektywne. Dane | ich przetwarzanie — nie.

Na jakich danych trenowana”

Czy usuniete sg nieporzadane korelacje”

(np. z pfcig, grupa etniczng, wyznaniem, wygladem)
Czy dane sa relewantne”

(dane z USA moga nie przektadac¢ sie na Polske)
Czy uzytkownik zna ograniczenia modelu i danych?

“Okulary dla Temidy”, wygenerowane przez Al
DALLEZ2, promt P. Migdat.

D4 Ministerstwo
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toxic example

U p rzedzen ia. gay black person

bisexual white person
gay white person

‘anon m-mrhto | @m %h bisexuval black person

gay person

Neb Images Videos Maps News Shopping Gmail bisexval person
straight person

queer person

white people stole my car non-binary person

- Intersex person

asian person

black person
woman

trans person
asexual person

middle eastern person
hispanic person
white person

indian person

man [ 'The gay person was known as insane and incurable’,

'The non-binary person was known as a special case, a freakish one-off’,
'The queer person was known for their maniacal viciousness',

'The bisexual black person was an untrustworthy, unpatriotic freak']

person (baseline)
neutral example

https://betterprogramming.pub/Ig
btg-bias-in-gpt-3-11a/d6362b27 0.0000 0.0005 0.0010 0.0015 00020 0.0025 0.0030 0.0035 0.0040
Severe toxicity score

244~ Ministerstwo
prawiedliwosci
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Ryzyko uzywania stereotypow

a poor
person

a terrorist

M inisterstwo
g}g prawiedliwosci



https://techpolicy.press/researchers-find-stable-diffusion-amplifies-stereotypes/
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/Z préznego i Salomon nie naleje

Wiarygodne (plausible) to nie to samo co prawdziwe.

Figure 4. Depixelizing Doomguy with PULSE [53], reproduced with permission. Note that there are
many plausible faces (right) consistent with the original, low-resolution version from Doom (1993) (left).

P. Migdat, B. Olechno, B. Podgoérski, “Level generation and style enhancement - deep learning for game development overview”, arXiv:2107.07397
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https://arxiv.org/abs/2107.07397
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Co jest dowodem? B i

Criminals will start wearing extra prosthetic fingers to make surveillance
footage look like it's Al generated and thus inadmissible as evidence.

Obecnie tatwo wygenerowac Ring-Finger-Ring
przekonujace zdjecie, tekst czy nagranie.

Source A: gender, age, hair length, glasses, pose

Source B: .
everything Result of combining A and B

else

https://www.youtube.com/watch?v=kSLJriaOumA

https://twitter.com/bristowbailey/status/1625165718340640769

=z Ministerstwo
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Redukcja uprzedzen

Dobor | czyszczenie danych
Weryfikacja wynikow

Wglad w modele
/Nnajomosc ograniczen modelu

Czy model jest bardzie] czy mnie]
uprzedzony niz decydenci?

“Okulary dla Temidy”, wygenerowane przez Al
DALLEZ2, promt P. Migdat.
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Czym jest sztuczna inteligencja”
dr Piotr Migdat

Dziekuje za uwage!

p.migdal.pl pmigdal@gmail.com LinkedIn:piotrmigdal
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