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Inteligencja to tylko

to, czego jeszcze

ni e potraf.
systemy Al?

Hubert L. Drevius

What

,’\ COmputers
| Can’t Do

§ THELIMITSOI
ARTIFICIAL INTELLIGENCI




ALGORITHMIC
THINKING

Al: definicja informatyka

Sztuczna InteligencjéArtificial Intelligence Al)
02 RIAIFO Ay TRANMF N2 A AIDH &Y¥d;
LIN2EOf SY562 REBETINE NBOKOKAS
Dawnief woparciu o0 modelowani&iedzy, przedstawianej w werbalnie
2LIAaéglyes adeyvYoz2fAl0lyeée alLlRrasox 3I0O:
poziomie koncepcyjnym.

Obecnieco 2401 0yAS RSTFReoyY 'L 2Said yAS-¢
YIal ey2geyYs Ol etA NRBILRZIYIGgFYASY
 Rdz0@OK 1T 0A2N} OK RIFIyeOKX TFdzy{i Oez
bl 2l 0yAS2al N G§SOKYyAI N &adlové aat
Technologieneurokognitywneneuro=> cogito

Regulacja Al? To jak regulacja matematyki.



Fhird wave:of: Al
The third wave of Al ofReA

Perceiving

contextual Learn mg
m°de' Abstracting

Reasoning
Imagmatlon & Control

After rule-based (first wave) and statistical approaches (second wave), building
causal models of objects and situations is the next step.

GAN, Generative Adversarial Networkartificial imagination!

T e
e d




Expectations

Gartner Hype Cycle

Secure Access Service Edge (SASE)
. Social Distancing Technologies

Embedded Al

Explainable Al
Data Fabric xplainable

Emerging Technologies
2020

Composable Enterprise
Al Augmented Development

Responsible Al_ Carbon-Based Transistors

Multiexperience ___

Digital Twin of the Person
Packaged Business Capabilities ___
Generative Al __

Composite Al _

Adaptive ML

Citizen Twin

Bring Your Own |dentity

— Social Data
— Private 5G
~. Differential Privacy

. Biodegradable
Sensors

Generative Adversarial .
Networks ™
2-Way BMI (Brain —
Machine Interface)

Ontologies and Graphs

L ) Health Passport
Self-Supervised Learning

Low-Cost Single-Board ———

Computers at the Edge — DMA Computing and Storage

~. Al-Assisted Design
Authenticated

Provenance
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
.
[ ]
Time

Plateau will be reached:
) less than 2 years ® 2to5years @ 5to 10 years A more than 10 years () obsolete before plateau As of July 2020



WEF 4th Industrial Revolution driven by Al/neuro
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3D Printing
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Blockchain ‘ Drones
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Human Enhaﬁrﬂement

Neuroscience
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https://www.weforum.org/
https://toplink.weforum.org/knowledge/explore/4th-industrial-revolution

Kogni
Nauki kognitywne

Biohybrydy

Bio

Nano
Fizyka
Lab Kwantowa
neuro-
kognitywne

Info

Informatyka, inteligencja obliczeniowa/sztuczna,
uczenie maszynowe, sieci neuronowe


https://www.youtube.com/watch?time_continue=98&v=V1D4FPNnoig

Neuromorficznd JNJ @ a1 021

OA ™A WS dINRRESHAd Wimps, o 1/8 £ A
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Integracja:

Nano +
Neuro+
Info +
Kogni

Neural
accelerators
for PC



Neuromorphic Computing Future of AI.mp4

Nano: hybrydowe chmury

Science is moving beyond dedicatsivanced computsystems to make greater
use of hybriccloud: local, public & private, traditional + new ways of computing

Heterogeneityto support seamless workflows across highly diverse resources
Including scientific instruments, sensors, physical devices, and entire labs anc
research organizations.

Distributed farms, data flow machines, FPGA, quantum computing,
neuromorphic computing, hig Y R vy S 62 NJ X

European Open Science Cloud (20d8)ix Nebula Science Cloruh by CERN.

' d{ ® 5SLI NOYSYd 2F 9ySNHeQa wSaSlk NX
COVIEL9 High Performanc€omputing hugeconsortium donating free

computer time: 50.000 GPUs, 618n cores, 600Pflops 100 projects.

43 consortiummembers: USA national lal$ASA, NSNIH, Amazon, Google,
Dell, HP, Intel, Microsoffjvidi&x wL Y9 b X

The COVID-19 High Performance
Computing Consortium



https://www.hnscicloud.eu/
https://covid19-hpc-consortium.org/
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DEEP BLUE

The Historic Chess Malch Belween Man ang machine

Lon WATSON

Info/neuro+nano AI/DNN

1997¢ szachyDeepBlue wygrywa z Kasparowem.

2011¢ IBM Watsonwvygrywa z dwomanistrzami
teleturnieju Jeopardy(VaBanqueg

2015¢ zrobotyzowane laboratorium + Al odkrywa

Il OASO1A 3ISYySiaeolySkaedayl

2016¢ GoogleAlphaGowvygrywa z Le&edolem

2017¢ Libratuso / a0 @& 3ANEB gL 1 f
OpenAlg @ ANEB gl ¢ 5201 H

2018¢ WatsonDebaterwygrywa z filozofami.

2019¢5 2 0 H RNStcEafLA s XS 02 |

d:
|

°.'\: Google DeepMind
Challenge Match

" LEESEDOL
00:34:31)




Artificial General Intelligence (AGI),-Memphis 20(




ReasoningAlphaGazero learns from O!
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=== AlphaGo Zero 40 blocks e AlphaGo Lee ssees AlphaGo Master

Playing against itself, now at superhuman level, beats all human experience.
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Deep NN for protein folding .-\

The ability to accurately

predict protein structures STRUCTURE SOLVER

: : : DeepMind’s AlphaFold 2 algorithm significantly
from their a_mmGaCId outperformed other teams at the CASP14 protein-
sequencewill vastly folding contest — and its previous version’s
accelerate efforts to performance at the last CASP.
understand the building :
blocks ofcells,and enable 90\ ......................................................... AlphaFold 2
qguicker and more advanced 80~ A score above 90

is considered roughly
equivalent to the
experimentally
determined structure

drug discovery.

AlphaFold2 using deep neura
networks has made great
Improvement, over 2/3 of
predicted structures are
equivalent to experimental
Nature, 30.11.2020

Perception+learning+reason 2006 2008 2010 2012 2014 2016 2018 2020
Contest year
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https://www.nature.com/articles/d41586-020-03348-4

Perception: superhuman

Automaticanalysis of facenages:
prediction ofphysical properties
gender age, racegemotions, BMI.

Surprise!Social angbsychological
propertiesare also predicted with
much higher accuradyan
humans can: sexual preferences,
criminality, political and religious
attitudes.

Gay/heteromen in 926 ofcases,
and in83% for women (5 images
per person)35human judges
guessed 6% men/54% forwomen

(b) Three samples in non-criminal ID photo set S,

Facialrecognition applied to images of >1M individuals predicts with 72%
accuracy liberglconservative orientation; human accuracy is 55%.
Criminal tendencies tested dk0,000 facialmages, CNIdchieved 97% test
accuracy (paper retracedue to the lack of ethical committegpproval).



Political preference is in your face?

Facialrecognitionof >1M individuals predicts with P2accuracy libera]
conservative orientation; humans 55% (M2 a A 3ca Rep. 2021).

---------------------------------------------------------------------------------- - Algorithms: emotions (3)

M Entire sample
H Controlling for demographics

----------------------------------------------------------------------------------- = Algorithms: sexual orientation (7)
73%
71% 71%

72%

ACCURACY

----+ Algorithms: personality (20)

,»Humans: personality (22)
---+Humans: sexual orientation (7)
“» Humans: political orientation (15)

,»Chance accuracy

u.S. Canada UK u.S. Accuracy of other face-based

predictions
(n=862,770) (n=67,122) (n=47,885) (n=108,018)

Dating Website Facebook



Control: robot movements

Behavioral intelligence: build robot and teach it like a child.




GAN, ‘Generative Adversarietworks

ldea (2014): one network creates false examples distorting learning data in latel
space, another learns to distinguish them from natural onésagination

> T |
~ ‘
v | U

2014 2015 2016 2017

This bird is The bird has Thisisasmall, This bird is
This bird is This bird has A white bird white, black, small beak, black bird with  white black and
Text blue with white  wings that are with a black and brown in with reddish a white breast yellow in color,

-

description and hasavery  brownand has  crown and color, with a brown crown and white on with a short
short beak a yellow belly yellow beak brown beak and gray belly the wingbars. black beak
. -

Stage-II
images

Results from StackGAN Paper
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Living portraits

DeepfakeVideos Are GettinReal] Gender swap of composers
GoogleDeep Dream



https://www.youtube.com/watch?v=p1b5aiTrGzY
https://www.youtube.com/watch?v=mUfJOQKdtAk
https://www.youtube.com/watch?v=Ex83dhTn0IU&feature=emb_logo
https://www.classicfm.com/discover-music/snapchat-gender-swapping-filter-composers/
https://deepdreamgenerator.com/#gallery

GoogleDeepDreani DeepStyle &Generator Gallery
LAGatys ASEcker M Bethge A Neural Algorithm of ArtistiStyle(2015)



https://www.instagram.com/deepdreamgenerator/
https://deepdreamgenerator.com/gallery
https://deepdreamgenerator.com/#gallery

Creativity AlVirtual Artist

AIVAC Al Virtual Artistmember of author's rights societ\s ACE)] 206 works.
AIVA YouTubehannel,Youtubed_etzmakeit happerf, Op. 23

SoundCloughannel
Spotify and Apple channel

AIVA

.AMONG THE STARS

385 (Vol. 3 from artificial
composer Aiva)

Aiva Aiva

Among the Stars (For
Symphonic Orchestra and..

ON THE EDGE MIDNIGHT SUN

1 A D RO SIC BY AIVA
Genesis ORIGINAL COMPOSITION BY AIVA

1 for Piano and Symphonic Orchestra

On the Edge (Ai-Generate

) Midnight Sun
Genesis Rock Music by Aiva)

Aiva
Aiva Aiva

Duch W]|ntuition, Insight, Imagination and Creativity

IEEE Computational Intelligence Magazine 2(3), August 200Z0-482.


https://www.aiva.ai/about
https://repertoire.sacem.fr/resultats?filters=parties&query=aiva#searchBtn
https://www.youtube.com/channel/UCykVChITx5kqBoGkzfz8iZg
https://www.youtube.com/watch?v=H6Z2n7BhMPY
https://soundcloud.com/user-95265362
https://open.spotify.com/artist/785Ystnoa1blYHi5DmBcqp
https://itunes.apple.com/us/album/genesis/id1193203860
file:///D:/public_html/cv/07-Creativity-CIM.pdf
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Just.choose your method

classification . scikit-learn
v e . algorithm cheat-sheet

Ensemble

Classifiers || SGD
NOT }(Iq *
WORKING eighbors Classifier
Classifier

regression

NOT

/l'; l\ WORKING r /
sve f Regressor

S

redicting a

. catego SVR(kernel="rbf")
A

RoT ﬁm\; » : 4

’ »
Spectral QORINS ! labeled <100K fe‘l\: f\eli:;li)res G /

Clustering > m NO dim/ samples : ism;ortari WORKING A

GMM B YES y,
= @lﬂg a f RidgeRegression
number of quantity | SVR
YES o /

(kernel="linear’)

YES , tegories
: known NO
clusterin ~—4
g <10K > .
: - somap
il Spectral
1k | (fooking =

WORKING

= x YES \’IO";?(:NG 205
MeanShift <10K 3 ' . ) .
> 2 L) amensonaliy
tough ﬁt‘;lng . approximation .
| 1uck/ ' o) reduction

Applications of machine learnirgecome rather easywith hundreds of open
software packages and thousands of applications.




Neurons

Simplest inspiration: neurons (100 G) => perceptron func8OW*X+g)

Reality: diverse types, ion channels, output __ axon ___
neurochemistry, complegpatiotemporal cell body,
integration, >10 K\ y LJdz(i & X integration otential

. . . N A
Detailedbiophysicamodels of neurons are i dendrifes
required for neuropsychiatric disorders, ynapses

Detector Neuron

iInfluence of neurotransmitters, drugs, etc.

Somatodendritic Axonal

Intracellular recording Action potentials

Lxcitatory inputs ‘. ‘vl e LR |
ying : Kv3 throughout dendrite i S
/\N\/\ & Proximal 'l::‘(r:t‘ naptic
7 % dendri Kv2.1 AT
FPS e . dendrites v S

e = | -

"I / A I,

/’/

ﬂ terminals

Distal
dendrites

Noces of Ranvier
nhibitory AIS Nav. KCNO, Kv3.1b
”( N nouts f\.w, \'('f\()

Dendritic action potentials PSPs

e Neurotransmitter
Back prapagation release




Based on:

Selfridge, O. 6. (1959). Pandemonium: A A Senso ry Stimulus

paradigm for learning. In Symposium on the
mechanization of thought processes (P 4
513-526). London: HM Stationery Office.




Methods: NN for images

Feature representation
e tsedidl
b C R  3rd layer
Input data OahenNn “Objects”

" - .’
y &y .

r , A.')%"‘.
"‘".-q.__:’. 2nd layer
L AR ETLT|  “Object parts”
uis -kﬁ.’ I

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully conn




Tensorization of Convolutive Deep Learning N

Most neural modelsnetworks

of simple nonlinearneurons
(recentlyRelLuy simplest) exchanging
iInformation via fixed connections,
adaptingsimple parameters téearn

vector mappings

But backproplike learning has no

biological justification.

Ex: tensor networks
Cichocki Lab, RIKEN B

Support Feature
Machines(2011).

We do not know how
to use oscillators for
computations.

Deep neural network

: hidden layer 1 hidden layer 2 hidden layer 3
input layer

output layer

»

G S C; S n; n;

mput fcamrc‘m.\ps feature maps feature maps feature maps out{:out
32x 32 28x 28 14x 14 10x 10 5x35 Y,
< g
5 N— N\ 0, 0N\ 0
| | r{//' i <
3 N N\ N\
Sxd \r ) (k"‘;‘;'\ \\ CC \
h) &) X2 h) &) : (0)
convolution \ subsampling  convolution 2x2 \ \ (o fully \
\ subsampling \ \ connected L

feature extraction classification



https://fizyka.umk.pl/publications/kmk/11-Features-Meta.pdf

he Society of Mind

NN people ignored Al people (amd). Will more sophisticated version of
pandemoniumg based on deep learninglead to AGI?

TheSociety of MindMinsky 1986presents theoryof natural intelligence
based on interactions of mindless agents constitutiig & 2 GoRk YSAUYER € 3
or multi-agent model, but at the symbolic level.

DuchW, MandziukJ,Quo Vadis Computational IntelligerrcAdvancesn
Fuzzy SystemsApplications and heory Val21, WorldScientific2004,3-28.

Minsky+Papert MLPs is universapproximatorbut
cannot solveconnectednes®roblem.

rd

Y NCE, modules, more internal knowledge, adding phase Perceptrons
solves it, opens new complexity problem class.
This shows importance of various transfer functions an
led to the FSM model with separable transfer functions.


file:///D:/public_html/cv/04-Challenges.html

S.

Brain Inspirations

Simple neurons, 1 parameter, fixed synaptic connectio
Yperceptrons MLPs

Complex neurons, microcircuits, small neural cortical ensembles with
structural connections (fixed, or slowly changing).

Complex network states: rich internal knowledge in modules interactin
In a flexible way, functional connections activated by priming, working
memory control. Attractors of neurodynamics that synchronize many
cortical ensembles, solving novel combinatorial problems.

Society of mindsfor different tasksausing flexible arrangement of
functional connections between specialized brain regions, a lot of
knowledge in such modules, no fixed connections.

Societyof brains: collaboration between brains on symbolic level.

These inspirations led me to creation of many interesting ideas and
algorithms. Some ideas are now verified experimentally using neuroimagir

Still, we do not know how to compute using oscillations.



[ransformatiopbased framework

Find simplest model that is suitable for a given data, creatingsgmthat is
easy to handle: simpler models generalize better, interpretation.

Compose transformations (neural layers), for example:

W Matching pursuit network for signal decomposition, QPC index.
W PCA network, with each node computing principal component.
W LDA nets, each node computes LDA direction (including FDA).
W ICA network, nodes computing independent components.

W KL, oKullbackLeiblernetwork with orthogonal or nororthogonal
components max. of mutual information is a specase.

W ¢? and other statistical tests for dependency to aggregate features.
W Factor analysis network, computing common and unique factors.

Evolving Transformation Systen{&oldfarb19902008),giving unified
paradigm for inductivéearning, structural processes as representations



[-based metaearning

To create successful metearning through search in the model space fine
granulation of methods is needed, extracting info using support features,
learning from others, knowledge transfer and deep learning.

Learn to compose, using complexity guided search, various transformations
(neural or processing layers), for example:

W Creation of new support features: Iingar, [adial, E:ylindriAcaI, [e§tr[cted
localized projectiondjinarizedX FSI| 0dzNB aSt SOUAZ2Y

W{LISOAITfAT SR UNIYaATFT2NXIUOGA2YVEA AY |

(W Matching pursuit networks for signal decomposition, QPC index, PCA or
components, LDA, FDA, max. of mutual information etc.

W Transfer learning, granular computing, learning from successes: discove
Interesting highetorder patterns created by initial models of the data.

Stacked models: learning from the failures of other methods.

Schemes constraining search, learning from the history of previous runs
the metalevel.

e &
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Science cycle

. Explore the scientific literature

Find the most relevant papers in a sea of millions,
rack new topics as they emerge.

Semantic Scholar
A search engine that
extracts not just words

Science

Iris.Al

A browsing tor
scientific pape
concepts that

4. Interpret data

Make sense of the flood of genetic and biochemical
results that now flow from biological experiments.

&y

Nutonian
A software platform

that ingests very large
data sets and spits out

a mathematical theory
that explains the patterns
in the data.

from papers, 2, Design experiments
and"influentic £ind the right trade-off between exploration of
ground and exploitation of well-trodden phenoi

. Run experiment
Keep track of thousands of tiny tubes, molecules,
and cells, minimizing the imprecision and mistakes
hat ruin careers.

Transcriptic,

Emerald Cloud Lab
Cloud-based robotic
laboratories for remotely
doing automated
molecular and cellular

biology experiments.
A company with an Al

tattracs thousancs o [T

variables while tvg_Write scientific paper

mic_robte geno'1";;380 far the closest thing to a paper-writing Al is a postdoc
LR b )8ut even writing papers can be enhanced with software
that can read the draft of your paper.

Zymergen

Citeomatic

A free online tool that
reads your paper and
predicts what citations
are missing.

HOWMUCH OF SCIENGH be delegated to machidearningsystems?
Scienc@017 Cyberscientist thédzf G A Y 0SS 32| f

ARY G dzz


https://science.sciencemag.org/content/357/6346/18.full
https://www.datarobot.com/nutonian/

Humanexpertdriven and episodic, depending on the field of stud

W
W

2 o

W

Discovery: bottlenecks

Finding good questionsequire increasingly deep and broad expertise. -

Floodof scientific papersand growingknowledge: > 2 millioarticles
In 30,000 scientific journals eagfear, >74,00thhew COVIEL9 papers added
to the PubMed in2020.

Challengesn developinghypotheses there are about 1 potential drug
like molecules, ouknowledge is incredibly sparse comparedhat.

There aregapsin testing, including bridging digitahodels/physical testing.

Ensuring reproducibilitys hard, especially in social science, medicine,
psychology: 7% of scientists have at least orfededto replicate
experimentsof other scientists. Statistics conceals individual differences.

Scaleout, ortranslation into practiceis slow.

Al enables knowledgextraction, integration, reasoning at a large scale with
knowledgefrom real data. The steps in scientific method are accelerating.

Speedup, scaleup and scale out!



Accelerated discoveries

Al tools support discovery process at every step, from questions to reports
TryLabwormilist of tools.

Extraction, integration, and Generative models automatically
reasoning with knowledge propose new hypotheses that

at scale ———— expand the discovery space

>
Hypothesize
»

Tools help identify new Accelerated Robotic labs automate
questions based on needs * Question scientific experimentation and bridge digital
and gaps in knowledge method models and physical testing

N\

Machine representation —— — Pattern and anomaly detection is
of knowledge leads to new integrated with simulation and
hypotheses and questions experimentation to extract new insights



https://labworm.com/

BERT epC

Language models may encode knowledge about relation of words in comp
network structures. In 2018 Google group created BERT, language model
trained on aarge textcorpusto gain ageneralpurposed f | y 3 dzl 3 S
dzy’ RS N& U I y Rddgfidthe finétlhédifor specific NLRskssuch as
guestion answering or semantic information retrieval.

W BidirectionalEncoderRepresentations from Transformer(8ERYT.
Transformefbasedmachine learnindechniquefor (NLP)re-training.

W Englishlanguage BERT: two networks, smaller 110M parameters, and
larger mode| a24-layer 340Mparameterarchitecture trained on the
BooksCorpugvith 800M words, andVikipediawith 2,500M words

W 12/2019 BERT worked in 70 languages, in 2020 many smeginained
models withthe whole word maskingpen software models were
published inGitHub repository

W Masking some words the system leatoredict them, ex:
Input: the man went to the [MASK1] . he bought a [MASK2] of milk.
Labels[MASK1] = store; [MASK2pallon

W Superhuman Q/A orStanfordQuestion Answering DatasésQuAlD



https://www.wikiwand.com/en/BERT_(language_model)
https://www.wikiwand.com/en/Transformer_(machine_learning_model)
https://www.wikiwand.com/en/Machine_learning
https://www.wikiwand.com/en/English_Wikipedia
https://github.com/google-research/bert
https://rajpurkar.github.io/SQuAD-explorer/

State of the art

W Superhuman Q/A orStanfordQuestion Answering Datasé€sQuAlD

Speech & NLP Technologies are Evolving Quickly

2012-present

Neural Networks & Al
Meural networks re-emerge as top machine-
learning models, yielding state-of-the-art GT
rgle

results aoross fields such as image,
videno, text and speech processing.
Ernartphcuneremlutlon
2020-GPT-3

=g, d Platform)
F"-.n'ful'“"mput"s, with robust sensor .2[}1? BERT Approaching human
packages in the palmof the consumer’s H“"“"’“E{“T"?J'j.lg‘zm\?“d capabilities in many
Cargrehe NLP benchmarks

hand
Siri — first sucoessful PA introduced in 2011 .I"u'1 R Kot Cinsd ASH e e
| . Anre Ciad ASH e reme

: 1 S rts
Mid 1980's T Al et
Task-specific Argument Extraction

[e.g., Nuance, SpeschiWorks)
User: “l want to fly from Boston to Mew York .EEIH}" 2000's

nesxt week.” koot Determination

2020

Deep NLP systems surpass humans on the
SuperGLUE benchmark consisting of 11 NLP
fasks

“Jd OPTUM



https://rajpurkar.github.io/SQuAD-explorer/

NLP-supermaodels

OpenAlGPT3 model with 175 B parameters! See itaiction here

Google Switch Transformer ~1.6 trillion parameters

Numbers of Parameters (in Millions)

XINET
Carneghe
Mellon
Uniiversity



https://openai.com/
https://beta.openai.com/

Accelerated discoveries (IBM)

Al support in materials design.

AI and Quantum-enriched / Generative models

simulation 10x faster designs

Identify knowledge gaps
and generate new

A ——— \\\ ///
4 material candidates
Quantum
///'\\\

2-40x faster screening %
Automatically determine . Wy
the right multi-physics >

Al

simulation workflow /

o

r
e

N

Cloud-based AI-driven
Deep search / 1 autonomous labs

1000x faster ingestion 100x faster synthesis
Ingest and structure Synthesize and validate
technical literature at scale 3 most suitable candidates

Communities of Discovery are becoming the new paradigm for the practice a
advancement of scientific discovery.




Communities obDiscovery

Sharing resources and skills in an open collaborative environment.

Community
open + collaborative

K Open data
~ / FAIR data
7

Partnership /

closed + collaborative ’/ Open access Open

Open fora

Open source Discovery notebooks

_ . pre-prints /hardware
Institution \

/
proprietary + siloed
Open
annotation
. science blogs

Open peer
review

COVIEL9 High Performanc€omputing, hug@ublicprivate partnership in
molecular medicine, protein interaction, epidemiology, dozefsonsortium
members fromop governmentindustry, and academia institutions.
JEDthallenge 54billion moleculesagainst COVHD9 screened in phase 1 of 3



https://covid19-hpc-consortium.org/
https://www.jedi.foundation/home

Serious: application

Tshitoyan M®  JaiX A. (2019). Unsupervised word embeddings capture
latent knowledge from materials science literatup¢ature, 571(7763), 95

Materialsscience knowledge present in the published literataea be
efficiently encoded as informatiedense wordembeddings withouhuman
supervision Without any explicit insertion of chemidahowledge, these
embeddings capture complex materials science concgyptt aghe
underlying structure of the periodic table astructuregproperty

relationships in materials.

Anunsupervised method
canrecommend materials for
functional applications several
yearsbefore their discovery.

GPT Cruslsee applications in
businessdesign, education,

philosophy research, creative
writing and many other areas.

Output layer Context word
(softmax) probability

thod
Hidden layer cathodes

{linear)
electrochemical

properties

o

LiCoO, [0]
LiMn,O,

neurons

500,000 500,000
vocabulary words neurons


https://doi.org/10.1038/s41586-019-1335-8
http://gptcrush.com/

Applications in-chemistry/materials

W A. CVaucher F.Zipol; J.GeluykensV. H. Nair, Fschwaller T.Laing
Automatedextraction of chemical synthesis actions from experimental
procedures Nature Communication2020.

W P. BWDAA SN, &.5y¢hmidt, OVinther, DeepGenerative
Modelsfor MolecularScienceMolecularinformatics 2018.

W D. Schwalbekoda R. GomeBombarellE &G DSY SNJI G A
1 dzG2YFO0AO / KSYAOlFt 5S2009y > ¢ | _
w T. Maziarka A.Pocha J. Kaczmarski, Rataj T.Dane| M.2 | NQK 2 O

Mol-CycleGANa generative model for molecular optimizatialournal
of Cheminformatics2020.

W C.W ColeyN.S Eyke K.E JensenzAutonomousdiscovery irthe chemical
sciences part I: Progressartll: Outlook arXiv:2003.13754v12020.

W E O.PyzetKnapp, TLaino(eds) = dal OKAYS [ SI N¥AY
S5NAGSY ! fI32NAGKYazZ [ SI NIB26y2mo.{ & a i
W P. Schwaller T.Laing T.Gaudin P.Bolgar C. A. Hunter, Gekas A. A.
[ SSZ ada2f SOdzf I NJ ¢ NI} yaTz20diratedy !  a
| KSYAOLFf wSI OACSZght. 5chIBR21583) 2029y = €




More chemistry/materials

®W N.Noseng& G/ Iy @&2dz (S| OK NatireRs3R (R0, 814

W L.Himanen A.Geurts A. S. Foster, P. Rinke, DBiaven Materials Science:
Status, Challenges, and Perspectivedvanced Scienc20109.

w D. C. Elton, BoukouvalasM.D.Fuge t & 2 & [/ Kdzy3az a'!
molecular designl NB GA Sg 27T (0 KXiv:E03:04388vR T
[cs. LG], 2019.

W P. Staar M. Dolfi, C. AuerCorpusProcessing Service: A Knowledge
Graph Platform to perform deep data exploration corpora

Authorea2020 v &y |
W S Takeda, et aMolecularinverseDesign Platform for N |
Material IndustriesProc. ACMKDDB2020 kl::ﬁ
W _ Waziarka T.Dane| S.Mucha K.Rataj J. Tabor, \||/“‘“"f

S.JastrzebskiMolecule Attention Transformer. I
arXiv:2002.08264v[cs.LG 2020. i__~

DuchW andDiercksenGHF (1994)eural networks as
toolsto solve problems in physics and chemis@iC 82, 9103.



https://fizyka.umk.pl/publications/kmk/94-nnfit-abstract.html




Geometric model of mind

Braine Psyche
Objectivee Subjective

Neurodynamics: bioelectrical activity of the
brain, neural activity measured using
EEG, MEG, NRH, PETMRI, other technigues.

MappingS(Mg S@B) but how to describe
the state of mind?Brainfingerprints?

Verbal description is not sufficient.
A space with dimensions that measure
different aspects of experience is needed

Mental states, movement of thoughts
e trajectories in psychological spaces.

Problem:good phenomenologyVe are not
able to describe our mental states

Hurlburt & SchwitzgabeglDescribingnner Experienc MIT Pres2007



Mental state: strongcoherent - activation

Many processes go on in parallel, controlling homeostasis and behavior.
Most are automatic, hidden from our Self. What goes on in my head?

Various subnetworks compete for access to the highest lefvebntrol -
consciousness, the winnéakesmost mechanism leaves only the strongest.
How to extract stable intentions from such chaos? BCI is never easy.



hy U0KS 0KNBSaKz2ft R

Final goal optimize brain processds

Although whole brain is always active we are far from
achieving full human potential. To repair damaged bre
and increase efficiency of healthy brains we need to
understand brain processes: M

1. Findfingerprints of specific activitgf brain ?‘A
structures (regions, networks) using neuroimagin¢ -

technology (and newmeurotechnologiel

2. Createmodels of cognitive architecturehat help
to understand information processing in the brain.

Createnew diagnostic and therapeutic procedures

4. Useneurofeedback based on decoding and chan
In connectivityand closdoop system that directly
stimulate the brain

e

Gtec wireless NIRS/EEG on my he
Duch WPBrains and Education: Towards Neurocognitive Phenof04s8



BCY

GANB & 2 dzNJ 0 |

Noninvasive, partially invasive and invasive signals carry progressively mor
information, but are also harder to implement. EEG is still the king!

Frequency
Analysis
(Continuous)

Rate Coding
(Semi-
Continuous)

Spikes
(Point
Process)

Supervised
Classifiers

(LDA, SVM)
I/O Models for
Regression
(FIR, NN)
Decision

Generative Process
Models

Semi-Supervised
Reinforcement
Learning
- Trajectory
Unsupervised Control
Correlation
Metrics
State
Machines




Brain activitye: Mental image

fMRIlactivity can be correlated with degpNNnetwork features;
using these features closest image from large database is selected.

Horikawa Kamitanj Generic decoding of seen and imagiragjects using
hierarchical visudeatures.Nature Comm2017.



