@ e

Sztuczna inteligencja I neuronauki.
Stan obecny, zastosowania, $ o)

perspektywy. 2
- % &
2 02RI AaOl g 5 dzOK

Katedra Informatyki Stosowanej, INT WFAIIS UMK
Neuroinformatyka i Sztuczna Inteligencja, CD DAMSI
Laboratorium Neurokognitywne, ICNT
Google: Wlodzislaw Duch

Czwartkowe Kolokwium Fizyczne, WFAIIS 4/03/2021



CD DAMSI

y A
5 8

VA 5 S NE ¢
as5eyl

& { / @020) Wiaviact IRUB]
YA fAT L YIFIGSYI (@

W Dynamika i teoria ergodyczna.
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https://damsi.umk.pl/en/research/recent-publications/neuroinformatics-and-artificial-intelligence/
http://snob.ippt.pan.pl/
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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 IntelligenceAl)
02 RIAIFIO AYyF2NXIFGEalA TFayd
LIN2EOf SY562 REBETINE NBOKOKAS
Dawnief w oparciu 0 modelowanie wiedzy,
przedstawianejv werbalnie opisywany, symboliczny
aLI2As80s56YAS Tl 2Ydz2nol
poziomiekoncepcyjnym.

Obecnieco 24 0F 0yAS RS{IFRé&ouy |
uczeniemY | al @8y2geYzX Ol &fA N
odkrywaniemwiedzyw Rdzd @ OK | 6 A2 NJ} OK Rl y& OKZX
intuicyjnie.b 26 0y AS2al | S OKetinduroowes A St 2
Technologieneurokognitywneneuro=> cogito

Regulacja Al? To jak regulacja matematyks 3 dzf dz2S aAt 1 | &



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

Perceiving
D A contextual Learnlng
o m°de' Abstracting

Reasoning
Imagmatlon & Control

Pierwszdala (1980)systemyNBS 3 dzieRspe8owe, klasycznenGOFAI.
Drugafala (2000)L32 RS21 OAS adl GeadeoOl ySxz 2L N
2014:GAN Generative Adversarial Networks [ (1 dzOl y I 1g& 2 6 NI 1



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

12 Alsubjects

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

Flateau will be reached:
() less than 2 years ® 2to5years @ 51010 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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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
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Integracja:

Nano +
Neuro+
Info +
Kogni

NeuralAl
accelerators



Neuromorphic Computing Future of AI.mp4

Nano: hybrydowe chmury

Science is moving beyond dedicated advanced compute systems to make gre
use of hybrid cloud: local, public & private, traditional + new ways of computin

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 huge consortium donating free
computer time: 50.000 GPUs, 618n cores, 600Pflops 100 projects.

43 consortium members: USA national labs, NASA, NSF, NIH, Amazon, Gooc
Dell, HP, Intel, Microsoffyvidi&z wL Y9 b X

The COVID-19 High Performance
Computing Consortium



https://www.hnscicloud.eu/
https://covid19-hpc-consortium.org/
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Rozumowanie 199%szachyDeepBlue wygrywa w
szachy; 2016AlphaGowygrywa w Go;
Percepcjarozpoznawaniéwarzy,?2 6 NJ teshg >
282020621 OAY LINBFSNBYyO2A
Strategia | sterowanie201€OpenAlwygrywa w
PokeraiDota2; 208 1 F NONJ Fd LL X
Eksperymenty naukowe2015! L 2 R NE g |
ASySieoOl ySkaedayl v2¢6S NB3
2020! f LIKIF C2f R v 1T 6A2F OALl T
RobotykaY H n H n pafcduiiBastdn RAynainics,
autonomiczne pojazdy na drogach.

Y NB I (1 e y@d a0 NVAi iirfe brogramy
muzyczneDeepArti programy malarskie.

Wt T 201kIBM Watson wygrywa \¥eopardyVa

Banqug; 2018 WatsonDebaterwygrywa z filozofami,
2020: BERT odpowiada na pytania z &@uAD

Cyborgizacja. / L X 2LJiéYlFf Al Il O2l



https://aiartists.org/ai-generated-art-tools

Artificial General Intelligence (AGI),-Memphis 20(
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Preferencje wymalowane na twarzy?

lyFfATF TRE2tO Gg6FNI & Bma 2dieminet2l &
12YyaSNBlaegysSe NRA Sy i O8chRep. 40211 A 2 &

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

M Entire sample
H Controlling for demographics

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

72%

>
O
<
o
=
O
O
<

----+ 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




Kontrola: sterowanie robotami
LYGStA3aSyoO2l o0SKFEgAZ2ZNI tylFY VyI dz7
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Text

2014

This bird is
blue with white

description and has a very
short beak

Stage-II

images

This bird has

wings that are
brown and has
a yellow belly

2015

A white bird
with a black
crown and

yellow beak

This bird is
white, black,
and brown in
color, with a
brown beak

Results from StackGAN Paper

2016

The bird has
small beak,
with reddish
brown crown
and gray belly

AN, ‘Generative Adversarial Networks

3§yél\mzaé Tl

Ol e

(0 2

2017

This is a small,
black bird with
a white breast
and white on
the wingbars.

This bird is
white black and
yellow in color,
with a short
black beak

LINJ



GANanimacja
Obrazyy 20 VI £2d28 6 ARBEYASYAO | dzi2 Yl
wSFtAaGeol ye Y2RSt geéeyYl 3l |
az2z0yl (SO R2RI 6 N»OYyDND ST aLINB

Living portraits

Genderswap ofcomposersOl @ f A ' L 1T YASYAl LIOSOH

.81 LA3AdzoS] 6 NJ dzOF ye OK L2 {NERe22Ydz R


https://www.youtube.com/watch?v=p1b5aiTrGzY
https://www.classicfm.com/discover-music/snapchat-gender-swapping-filter-composers/

Deepfakevideo
YI OYR2R0 S & (idecpiNictedd o
az2z0yl (04SO0 R2RIG NlOYyND S{TaLINBaaS AYAl
DeepfakeVideos Are Qettinq RealGender swap of composers
GoogleDeepDream Ol €t A | YRNRARE T yAND 2 St S|



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 Artistic Sty{2015)



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

YNEFuegyzZ2l oY | L
AIVAG Al Virtual ArtistLINJ & 2SACBM{ B2 6+ NJ €&l Sy A S
Y2YLRIT &0 2 NF gMueyc2nyeRrangjjoe8%lzi o 2. Nk &
AIVA YouTubehannel,Youtubed_etzmakeit happert, Op. 23
SoundCloud@hannel Spotify | Apple channel

ON THE EDGE
AIVA

. /'..‘
Y T e e ] 4 \ 1V
, 2 oA Ean s o, ) S
) (T Sty S AN = * e
AIVA S
ol e Tt B S ; P
_AMONG THE STARS g WaTyls N NS - T
: ae Tove mel v e =
: . RS2 1t S ~

vol. | for Piano and Symphonic Orchestra

3% (Vol. 3 from artificial Among the Stars (For ) On the Edge (.Ai-Gerterate Midnight Sun
composer Aiva) Symphonic Orchestra and.. Genesis Rock Music by Aiva) o
Aavn Aiva Aiva Aiva

Duch W]|ntuition, Insight, Imagination and Creativity
IEEE Computational Intelligence Magazine 2(3), August 2007, $1. 40

MIDNIGHT SUN

= AIFCENERATED ROCK MUSIC BY AIVA
Genesis ORIGINAL COMPOSITION BY AIV


https://www.aiva.ai/about
https://repertoire.sacem.fr/resultats?filters=parties&query=aiva#searchBtn
https://repertoire.sacem.fr/en/results?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

Kontrola: sterowanie robotami
LYGStA3aSyoO2l o0SKFEgAZ2ZNI tylFY VyI dz7
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Nature, 30.11.2020

STRUCTURE SOLVER

e

S8 DeepMind’s AlphaFold 2 algorithm significantly

N outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.

Rozpoznawanie struktur +

)
'~ A ~ . ; = 0 equivalent to the
dzOl SYAS aAt b § g experimentally
S 3 determined structure
c AL e ~ Y
t NJ Sﬁ)_\ReﬂI-}_/)\S EE'
na podstawie sekwencj =53]
FYAy216tass 2|
LJ2 &1 dz‘[)\é YV AL
LINP2S1 G261 VAL
LI20NRI ye OK g0 2006 2008 2010 2012 2014 2016 2018 2020

Contest year



https://www.nature.com/articles/d41586-020-03348-4
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classification . scikit-learn
v e . algorithm cheat-sheet

Ensemble 5,
Classifiers SGD
NOT 1
woring [ KiNeighbors Classifier
Classifier
NO

” | regression

NOT

/r;r WORKING YES <100K /
x ! " — ElasticNet
2ata Linear SRS - asticNe!
: Lasso
svC predicting a Regressor

ves || category ESVR(l;ir;elfrbf')
nsembleRegressors
" g
NOT ﬁm\'e = > =
Spectral HORIING ! labeled <100K @ures e /

Clustering v NO data samples : §hould be WORKING A
GMM B YES important y,
= - @mg 2 RidgeRegression
number of anti 1 SVR
s YES Ka/‘ h } (kernel="linear’)

tegories
: known NO
clusterin —
& ok : _
: - somap
o <10K ﬁ Spectral
samples loomng NOT "Embedding
WORKING

: ~r. NOT LLE
MiniBatch & ok WORKING

KMeans —
MeanShift <10K ’ . ) .
> 2 L) amensonaliy

tough ﬁt‘;lng . approximation .
| ¥structure reduction

luck

wmlagdgz2az2él yAl YSUi2R @&@NS VA B mMmafiy deki@ ¢ 2
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p ]
RINY2geéOK riN&omahlgorysmami, ApHkacy.
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Based on:

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

paradigm for learning. In Symposium on the
mechanization of thought processes (Pp.
513-526). London: HM Stationery Office.
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Feature representation
et
b C R  3rd layer
4ol balhe “Objects”
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"&'.‘-Q.__:;. 2nd layer
N[BT  “Object parts”
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Feature maps

Convolutions Subsampling Convolutions Subsampling Fully conn




Tensorization of Convolutive Deep Learning N

2 At 1. é.i 2 ‘I' o 3 A @o@viele Deep neural network
LINP Al é OK NBEBYSY a4z
elementarne nieliniowe funkcje

s hidden layer 1 hidden layer 2 hidden layer 3
input layer

(p-1 k61 O1F YReL) Ay A MRS
68YASYAlI 2N0OS Ay THRe :
ustaloneLJ2 ONOT Sy Al & e >
FRELIGE Od_2yS galLls 8
a Arénsformaciji.Algorytmy 4=
uczenialbackproy Y A S Y I =
biologicznych podstaw.
Ex: tensor networks o fngsu(z}:;ws few;x;%'x;:ws mlrgx(ix;;ws fem:%x:nps Y o
Cichocki Lab, RIKEN B il ANt N
A ) M0 oN\e 0,

WD: Support Feature X 1 s \\ T
Machines(2011). 3 =N s "‘f-'-'-_ b ﬁﬁ

x5 \r 2x2 ""(\“\ | \ \ \
DAS 6ASYE N e = AN
2 O f I 02 ‘B o feature extraction T CFS’SifTﬂ(iOll



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

Neurony

Najprostsza inspiracja: neurony (100 G) => funkcje progdué X-g)

Biologia: wieleN2 R1 | 25 g% { | output __ axon __
neurochemia, skomplikowana integracja cell body,

membrane
potential

czaseprzestrzenna, >10 K S 21 6 X [EEEEE

{T()TSHSUZ@S OAZ2TFAIl & Shpuis dohdritZs
LJ2 U NJ S oyS a Dé LB 825K ynapses
)/ S dzNPR u NJ y aAY A S NE & 5 Detector Neuron

Somatodendritic Axonal

Intracellular recording Action potentials

Excitatory inputs < (v3e sndrite :
ying X Kv3 throughout dendrite Nav, Kv1. Cav
/\N\/\ & Proximal "::“:l"ﬂl" i

Y 4 ) sndri Kv2.1 YO

EPS e % GO Soma terminals =

| ':"‘ - s ﬂ < X j|

; 7 \ - -'-' \A\ Vv

Ji - . f

/

\./ |

nhibitory
nputs
Dendritic action potentials PSPs

~— Neurotransmitter

Back prapagation release

Distal
dendrites

Nodes of Ranvier
AlS Nav. KCNQ, Kv3.1b

HCN Nav, KCNQ




he Society of Mind

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

The Society of Min@Minsky 1986presents theory of natural intelligence
o0l aSR 2y AYUSNIOGA2ya 2F YAYREt Saa
or multi-agent model, but at the symbolic level.

Duch WMandziukJ,Quo Vadis Computational IntelligerfttAdvances in
Fuzzy SystemsApplications and Theory Vol. 21, World Scientific 20628.3

Minsky+Papert MLPs is universapproximatorbut
cannot solve connectednegsoblem.

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 tasks using flexible arrangement of
functional connections between specialized brain regions, a lot of
knowledge in such modules, no fixed connections.

Society of brainscollaboration 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
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Meta-Learninc
mbpecision
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Meta-dzOT Sy ASs Ol &fA 21 &aiat dzO01l é&o oeé
TransformatioAbased learning, Support Feature Machines, Universal Learning
Machiness @A St S Ayyeée OK cpmceialtepstcdi&k LJ2 Yeé &



https://www.is.umk.pl/~duch/cv/WD-topics-exp.html#NN




Science cycle

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

. 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
from papers. 2, Design experiments

and "influentic rind the right trade-off between exploration of
Iris.Al ground and exploitation of well-trodden pheno
A browsing tor
scientific pape

Transcriptic,

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

Science

Zymergen
Goncepts that A company with an Al
e € s tovsncso. T
4. Interpret data variables while tvg_ Write scientific paper
Make sense of the flood of genetic and biochemical :];Logifeno'%e)st) far the closest thing to a paper-writing Al is a postdoc
results that now flow from biological experiments. Y-P-2)Byt even writing papers can be enhanced with software

that can read the draft of your paper.
Nutonian

A software platform
@ ‘ that ingests very large _ .
data sets and spits out Clteomat_lc
a mathematical theory A free online tool that
\.’ that explains the patterns reads your paper and
in the data. predicts what citations

are missing.

HOW MUCH OF SCIENGE be delegated to machidearning systems?
Scienc@017 Cyberscientist XK S dzf GA Yl GS 3J2 1 ¢


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. -

Flood of scientific paperand growing knowledge: > 2 million articles
In 30,000 scientific journals each year, >74,000 new CQ¥lkapers added
to the PubMed in 2020.

Challenges in developing hypothesdakere are about 1% potential drug
like molecules, our knowledge is incredibly sparse compared to that.

There aregaps in testingincluding bridging digital models/physical testing.

Ensuring reproducibilitys hard, especially in social science, medicine,
psychology: 70% of scientists have at least once failed to replicate
experiments of other scientists. Statistics conceals individual differences.

Scaleout, ortranslation into practiceis slow.

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

Speedup, scaleup and scale out!



Accelerated
discoveries!

Altools support
discovery
process at
everystep,
from questions
to reports.

Labwormlist
of tools.

Garuda Tools from:SBl

Garuda discover tools for data and the scientific questions you wish to addres:

Al FOR SCIENCE

MATHEMATICAL
MODELING
and SIMULATION STUDIES

COMPUTATIONAL
PLATFORMS
for

SYSTEMS BIOLOGY (CPSB)

A! for Science

KNOWLEDGE
AGGREGATION,
INFERENCE and

HYPOTHESIS

GENERATION

Artificial intelligence (Al) is poised to
change the way science is done. Our
work revolves around using the best
of Al technologies to the theme of
bettering our understanding of

biological systems.

TEXT, IMAGE AND VIDEO
UNDERSTANDING FOR
HEALTHCARE AND
BIOMEDICINE

MACHINE LEARNING FOR
BIG DATA IN HEALTHCARE
AND BIOMEDICINE

THEORETICAL
STUDIES
BIOLOGICAL ROBUSTNESS

FUNDAMENTAL SYSTEMS
BIOLOGY STUDIES
(YEAST, CORAL REEFS etc.)

SYSTEMS DRUG, COMBINATION
THERAPIES
AND THERAPY DESIGN


http://www.garuda-alliance.org/
https://labworm.com/

Accelerated discoveries (IBM)

IBM example: Adupport in materials design.

AI and Quantum-enriched / Generative models

Smujation \ / 10x faster designs
2-40x faster screening Identify knowledge gaps
Automatically determine and generate new

.

~
~ N

\\ S P 4
i : " b o \ °3 : :
the right multi-physics > material candidates
simulation workflow
Al Quantum
///'\\\
/// \\\\

Cloud-based AI-driven
Deep search / L9 autonomous labs

1000x faster ingestion / 100x faster synthesis
Ingest and structure 5 A Synthesize and validate
technical literature at scale N most suitable candidates

Communities of Discovery are becoming the new paradigm for the practice a
advancement of scientific discovery. Al tools support discovery process at e
step, from questions toeports. Tryabwormlist of tools.



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 a large text corpus to gain a gendrddizN1J2 8 S af | y 3 d
dzy RSNE UG YRAY I£ © stlhedfor SPECIRCINLP tasks suclkKas
guestion answering or semantic information retrieval.

W Bidirectional EncodeRepresentations from Transformer(8ERYT.
Transformefbasedmachine learnindechnique for (NLP) preraining.

W Englishlanguage BERT: two networks, smaller 110M parameters, and
larger model, a 24ayer 340M parameter architecture; trained on the
BooksCorpusvith 800M words, andVikipediawith 2,500M words.

W 12/2019 BERT worked in 70 languages, in 2020 many smallnapred
models with the whole word maskimagpen software models were
published inGitHub repository

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

W Superhuman Q/A orStanford Question Answering DatagS8QuAlD



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 orStanford Question Answering DatagS8QuAlD

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-supermodels

OpenAlIGPTo Y2 RSt YI wmMT1p Yi{R LI NE2YSWNE S
Firstof-its-kind APl can be applied to any language task, and currently serves
millions of production requests eaday.

Google Switch Transformer ~1.6 trillion parameters

Numbers of Parameters (in Millions)

XINET)
Carneghe
Mellon
Uniiversity



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

Communities of Discovery

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, huge publprivate partnership in
molecular medicine, protein interaction, epidemiology, dozens of consortium
members from top government, industry, and academia institutions.

JEDI challeng®4 billion molecules against COMI®screened in phase 1 of 3



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

Serious: application

Tshitoyarx + @ X WEAYZ !'®d oHnAnMPpLD | Yyadz
latent knowledge from materials science literatup¢ature, 571(7763), 95

Materials science knowledge present in the published literature can be
efficiently encoded as informatiedense word embeddings without human
supervision. Without any explicit insertion of chemical knowledge, these
embeddings capture complex materials science concepts such as the
underlying structure of the periodic table and structgpeoperty
relationships in materials.

Output layer Context word
(softmax) probability

An unsupervised method
can recommend materials for Hidden layer
functional applications several
years before their discovery.

cathodes

electrochemical

properties

GPT Cruslsee applications in
business, design, education,

philosophy, research, creative UC%E_ @

writing and many other areas. HMnO,

500,000 500,000
vocabulary words neurons

magnetic



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
Automated extraction of chemical synthesis actions from experimental
proceduresNature Communication020.

w P. BWDAHA SN &.5¢hmidt, OVinther, Deep Generative
Models for Molecular Scienc&olecular Informatics2018.

w D. Schwalbd&oda R. GomeBombarellE &G DSY SNJI G A
1 dz02Yl 0AO / KSYAOL! 5Sa)\5|)/28

w T.Maziarka A.Pocha J. Kaczmarski, Rataj T.Dane| M.2 | NQK 2 O
Mol-CycleGANa generative model for molecular optimizatialgurnal
of Cheminformatics2020.

W C.W. Coley, N.&yke K.FJensenzAutonomous discovery in the chemical
sciences part I: Progress, part Il: OutloakXiv:2003.13754v12020.

W E. OPyzetKnapp, TLaino(ed®) = dal OKAYS [ SI N¥AY
S5NAGSY !'f3I32NAGKYazZ [SIENYyAy3I {eal
W P.Schwalley T.Laing T.Gaudin P.Bolgar C. A. Hunter, Gekas A. A.
[ SSZ ada2f SOdzf I NJ ¢ NI} yaTz20diratedy !  a
| KSYAOLFf wSI OACSZgnht. 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. Auer. Corpus Processing Service: A Knowledge
Graph Platform to perform deep data exploration on corpora.

Authorea2020. r > L
W S. Takeda, et al, Molecular InveiBesign Platform for =~ ™ ' 7
Material IndustriesProc. ACM KDBR02Q k
W _ Waziarka T.Dane|] S.Mucha K.Rataj J. Tabor, \|/““

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

Duch W andDiercksenGHF (1994)eural networks as
tools to solve problems in physics and chemistiyC 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 & SchwitzgabelDescribing Inner Experience? MIT Press 2007



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 level of control
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.

Horikawg Kamitanj Generic decoding of seen and imagined objects using
hierarchical visual featuredlature Comm2017.



