O -
\\ / j\ /_,,// V * .
Do

. Artificial Intelligence and & ;
" Neurocognitive Technologies Y ¢

W1todzistaw Duch

Neurocognitive Laboratory
Center for Modern Interdisciplinary Technologies,
and Department of Informatics, Faculty of Astronomy, Physics
and Informatics, Nicolaus Copernicus University

Google: Wlodzislaw Duch
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Plan

Neurocognitive Laboratory.
Al Progress.
What next? Al and neuroscience.

Global and Emerging Brain Initiatives.

Brain networks: space for neurodynamics.
Dynamic functional brain networks.

Neurocognitive technologies.
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Perspectives and benefits.

Duch W, Neurocognitive Informatics Manifesto. In: Series of Information and
Management Sciences, California Polytechnic State Univ. 20009.
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H REGIONAL PROGRAMME B e

Neurocognitive Laboratory
Center for Modern Interdisciplinary Technologies, NCU

Mission: understanding cognitive development, biological basis of
behavior, biomarkers of mental problems, relation between minds and
brains, and using this knowledge for social innovations that help to
develop full human potential during the whole life span.



Do you feel that you have reached
optimal brain development?
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Only humans ...

can do things requiring
intelligence, but every year
this list is getting shorter.

Philosophical critique, ex:
H. Dreyfus ,,What
Computers Can't Do”
(1972; 1992),

,Mind over Machine”
(1986), was true but only
for the symbolic approach
to Al, called now GOFAI.




GOFAI
First wave stumbles ORRPA

2004
# completed: o

2005
# completed: g

DARPA Autonomous Vehicle Grand Challenge
140 miles of dirt tracks in California and Nevada

Perception and control does not work well at symbolic level, so
spoon feeding knowledge had to be replaced by machine learning.



Second wave-statistical learning

Manifolds of handwriting DARPA.
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Colelct a lot of data and train classifiers, creating complex data
transformation to learn structure of image and signal features.



Power of imitation is great

But no real
understanding ...

Third Al wave will
finally come, not
only recognition
but building object
models and causal
models of events.




Al/ML recent milestones

1997 —Deep Blue wins in chess with Kasparov.
2011 — IBM Watson wins in Jeopardy (Va Banque)

2015 — robotic Al controlled lab learns genetic and
signaling pathways regeneracji ptazincow
2016 — Google AlphaGo wins with Lee Sedol

2017 — Libratus (CM) wins in poker
OpenAl wins in Dota 2 with professionals.

2018 — Watson Debater argues better than humans
2019 — AlphaStar wins 5:0 with StarCraft2 players

ALPHAGD
.ﬂﬂﬂ 2:09

:0): Google DeepMind

Challenge Match
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Hype Cycle for Emerging Technologies, 2018

/

Expectations

Digital Twin
Biochips
Smart Workspace
Brain-Computer Interface
Autonomous Mobile Robots

Smart Robots

Deep Neural Network ASICs
Al PaaS

Quantum Computing
Volumetric Displays
Self-Healing System Technology

Conversational Al Platform
Autonomous Driving Level 5

Blockchain for Data Security

Neuromorphic Hardware
Human Augmentation
Knowledge Graphs
4D Printing

Artificial General Intelligence

Smart Dust
Flying Autonomous Vehicles

Biotech — Cultured or
Artificial Tissue

Deep Neural Nets (Deep Learning)

Carbon Nanotube
loT Platform

Virtual Assistants

Silicon Anode Batteries
Blockchain

Connected Home
Autonomous Driving Level 4

Mixed Reality

Augmented Reality

Plateau will be reached in:
© lessthan 2 years
.. 2 to 5 years

@ 5to10years

/\ more than 10 years

As of July 2018




Global Transformation: 4th Industrial Revolution, WEF
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Virtual and Augmented Reality

Sensors




EU steps In

April 2018: Communication from the Commission to the European Parliament,
the European Council, the Council, the European Economic and Social
Committee & the Committee of Regions on Artificial Intelligence for Europe.

“Like the steam engine or electricity in the past, Al is transforming our world,
our society and our industry. ... The economic impact of the automation of
knowledge work, robots and self-driving vehicles could reach between EUR 6.5
and EUR 12 trillion annually by 2025.”

By the end of 2018 EU private investments ~3 G€, USA 12-18 GE£.
EU as a whole ... at least 20 GE€ by the end of 2020, then aim for > 20 G€/y.

* Digital Transformation 2021-27 includes:
supercomputing (2.7 G€ )+ Al (2.5 G€) + cybersecurity (2.0 G€) + advanced
digital skills/use (700 M€).

EurAl CLAIR (~2000 wspierajgcych), 7.09 sympozjum.
ELLIS, European Lab for Learning & Intelligent Systems

* Coordinated Plan on Artificial Intelligence 12/2018
Suddenly Al has embraced machine learning ...



https://ec.europa.eu/commission/sites/beta-political/files/budget-june2018-digital-transformation_en.pdf
https://claire-ai.org/
https://ellis-open-letter.eu/
https://ec.europa.eu/digital-single-market/en/news/coordinated-plan-artificial-intelligence
https://ec.europa.eu/digital-single-market/en/news/coordinated-plan-artificial-intelligence

What next?
Al and neuroscience.



Neuroscience => Al

Hassabis, D., Kumaran, D., Summerfield, C., Botvinick, M. (2017).
Neuroscience-Inspired Artificial Intelligence. Neuron, 95(2), 245-258.

Affiliations: Google DeepMind, Gatsby Computational Neuroscience, Institute of
Cognitive Neuroscience, Uni. College London, Uni. of Oxford.

Artificial neural networks — simple inspirations, but led to many applications.

Bengio, Y. (2017). The Consciousness Prior. ArXiv:1709.08568.
Amoset al. (2018). Learning Awareness Models. ArXiv:1804.06318.

Al Systems inspired by Neural Models of Behavior:

(A) Visual attention, foveal locations for multiresolution “retina
representation, prediction of next location to attend to.

(B) Complementary learning systems and episodic control: fast learning
hippocampal system and parametric slow-learning neocortical system.
(C) Models of working memory and the Neural Turing Machine.

III

(D) Neurobiological models of synaptic consolidation and the elastic weight
consolidation (EWC) algorithm.



Cogni

Cognitive sciences

Biohybrids

Bio

Neuroscience

Nano
Quantum
Technologies

Neurocognitive
Informatics

Info

Artificial/Computational Intelligence,
Machine Learning, Neural Networks


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

AMDC
High-Performance Computing Milestones (1960-2019)

Floating point
operations
per second

| |
exaFLOP iE\DIQ: exaFLOP Barrier To Be Reached?

1x 10"
2018:|Summit Oak Ridge

2009: Cray XT5-HE Goes Live
20092: First World-class GPU-powered Supercomputer
' 2008: PetaFLOP Barrier Broken

2005: Milennium Eun Simutlation

2003: Human Genome Mapped }—

teraFLOP {1898: ASCI Blue Pacific Goes Live |

1x10%

1984: M-13 Supercamputer }V
gigaFLOP

1x10° |
' 1876: Cray 1 Goes Live
| |

1 x10° 1960: Univac LARC Goes Live |

kiloFLOP

1% 103

1993: CM-3M1024 Supercomputer

1960 1970 1980 1990 2000 2010

@200 Advanced Micro Devices, Inc. All rights reserved. AMD, the AMD Arrow logo, combinations thereof,
are trademarks of Advanced Micro Devices, Inc. All other trademarks are the property of thelr respective owners.




IBM TrueNorth

SyNAPSE project created IBM TrueNorth chip in 2015.

1 chip ~1 M neurons, 1/4 G synapses (5.4 G transistors),

1 module=16 chips ~16 M neurons, 4 G synapses, power 1.1 wat!
256 modules ~4 G neurons, 1 T = 102 synapses, power < 300 W.

211

— s

IBM Neuromorphic System
~ brain complexity.

Not easy to program.

Dynamic Vision Sensor + TN
for fast gesture recognition.

Many neuromorphic chips,
including Intel Loihi.

Julich Forschungszentrum ffi‘:‘“i gt ,
36 M€ for neuromorphic oy  Nste | ‘I

and quantum computing.

=


https://newsroom.intel.com/editorials/intel-creates-neuromorphic-research-community/
https://newsroom.intel.com/editorials/intel-creates-neuromorphic-research-community/

Neuromorphic wall

1024 TN chips, or 1 B neurons and 256 B synapses.
Complexity of horse brain, 1/4 gorilla, 1/6 chimpanse.




BICA, Brain-Inspired Cognitive Architecture

Understanding the brain
from engineering perspective

means to build a model of ,{:FTI( -

the brain showing similar

functions. m

Cognitive informatics,
Neurocognitive Informatics.

BICA = Brain Inspired
Cognitive Architecture. RSB ARIE

Review: Duch, Oentaryo,
Pasquier,

Cognitive architectures: wher
e do we go from here

? 2008



https://fizyka.umk.pl/publications/kmk/08-AGI.html
https://fizyka.umk.pl/publications/kmk/08-AGI.html

DREAM top-level architecture

Web/text/
databases interface

~.

Natural input
modules

NLP

Text to
speech

z

M

/ functions
—

Cognitive _*
functions

Behavior
control

Talking
head

e

Affective
functions

)

Control of
devices

A

DREAM project (2003), focused on perception (visual, auditory, text

Specialized
agents

inputs), cognitive functions (reasoning based on perceptions), natural
language communication in well defined contexts, real time control of the
simulated/physical head. Now Amazon, Google, Apple do it ... Now in watches ...



Neuroscience => Al

Examples of recent Al systems inspired by neuroscience:
(A) Intuitive physics knowledge, reason and make predictions about the physical
interaction between objects, predict trajectories, collisions, gravitational forces.

(B) Scene understanding through structured generative models. Recurrent
network attends to one object at a time, infers its attributes, and performs the
appropriate number of inference steps for each input image in realistic scene.

(C) Unsupervised learning of core object properties by deep generative model
based on variational auto-encoder, that can learn intuitive concepts such as
““objectness,” being able to support zero-shot transfer (i.e., reasoning about
position or scale of an unseen object with a novel shape).

(D) One-shot generalization in deep sequential generative models that specify a
causal process for generating the observed data using a hierarchy of latent
variables, with attentional mechanisms supporting sequential inference, mirroring
human abilities to generalize from a single concept.

(E) Imagination of realistic 3D environments in deep neural networks by an
action-conditional recurrent network model, reinforcement learning in
simulation-based planning.



fMRI <~ CNN

Convert activity of the brain
into the mental images that —

. Seen/imagined Feature
we are conscious of. image fMRI activity ~ decader

Try to estimate features at
different brain areas/cortical
layers.

Decoded
_ features
8-layer convolution network, ,
~60 mIn parameters, feature W |||!‘|||I’H| t
vectors from randomly Deep generator ep nefiral nefwork (DNN) |
N network (DGN)
selected 1000 units in each r VW m 1nput image
) i features

e,
layer are used to represent lteratively \
. . optimize image
images at different level of
processing.

Output: vector of features
that may be used to
reconstruct image.

Fiei:nsiruct im'age



Brain activity <~ Mental image

fMRI activity can be correlated with deep CNN network features;
using these features closest image from large database is selected.

Horikawa, Kamitani, Generic decoding of seen and imagined objects using
hierarchical visual features. Nature Comm. 2017.

t ver tterns
S— Category-average patte

most similar =I et
category o H“m,

25 Predicted
fMRI activity Decoder H ‘turtle’

‘leopard’
en or imagined k g | ‘skyscraper’
Training data set .
3 BN ‘ﬂ . “\ ‘\ : “J B ¢ in’
Image ﬂ g A F" : = ‘dolphin
P DR RAEE &

Brain activity 'Fi.. o BB R e N ’m i
Feature pattern .l thudi .o.dl il M‘m “J




Decoding Dreams

Decoding Dreams, ATR Kyoto, Kamitani Lab. fMRI images analysed during REM
phase or while falling asleep allows for dream categorization (~20 categories).

Dreams, thoughts ... can one hide what has been seen and experienced?



./Japanese%20Dream%20Recording%20Machine.lnk
./Reading%20minds-sleep.lnk

Features are discovered,
and their combination
remembered as face, but
precise recognition needs
detailed recording from
neurons — 205 neurons in
various visual areas used.

L. Chang and D.Y. Tsao,
“The code for facial
identity in the primate
brain” Cell 2017

DARPA (2016): put million
nanowires in the brain!
Use them to read neural
responses and 10% of
them to activate neurons.

Neural screen

1. We recorded responses to parameterized faces from macaque face
patches

2. We found that single cells are tuned to single face axes, and are blind

to changes orthogonal to this axis
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3. We found that an axis model allows precise encoding and decoding of

neural responses
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Mental images

Facial identity is encoded via a simple neural code that relies on the ability of
neurons to distinguish facial features along specific axes in the face space.

Predicted

face

L. Chang and D.Y. Tsao, Cell 2017



Al=>Neuroscience a3ns
Sl ~
Ihx:--‘-t‘: =
ML techniques are basic tools for analysis of neuroimaging data. "”-Ig;:_ft@—'f"g: A
N P

Ideas from animal psychology helped to give birth to reinforcement
learning (RL) research. Now key concepts from RL inform neuroscience.

Activity of midbrain dopaminergic neurons in conditioning paradigms has a
striking resemblance to temporal difference (TD) generated prediction errors -
brain implements a form of TD learning!

CNN < interpret neural representations in high-level ventral visual stream of
humans and monkeys, finding evidence for deep supervised networks.

LSTM architecture provides key insights for development of working memory,
gating-based maintenance of task-relevant information in the prefrontal cortex.

Backpropagation with symmetric feedback and feedforward connectivity is not
realistic, but random backward connections allow the backpropagation algorithm
to function effectively through a process whereby adjustment of the forward
weights allows backward projections to transmit useful teaching signals.



Global Brain Initiatives



International Brain Initiatives

Canadian Brain
Research Strategy

European L!nion )
Human Brain Project Korea Brain Inltlatwe\

U.S. BRAIN Initiative l
China Brain Pro;ect]

| Japan Brain/MINDS

Australian Brain Initiative




BRAIN

INITIATIVE

BRAIN Funding

Advance Opportunities
/\ Neurotechnologies
L\Kﬁ 17! | Accelerate the development and Support multi-disciplinary teams and
\_\ [ — application of new neurotechnologies. stimulate research to rapidly enhance current
11 neuroscience fechnologies and catalyze
o
innovative scientific breakthroughs.

Human Brain Project, EU Flagship, and Obama BRAIN Initiative (2013):
Brain Research through Advancing Innovative Neurotechnologies.

“Develop new technologies to explore how the brain’s cells and circuits
interact at the speed of thought, ultimately uncovering the complex links
between brain function and behavior. Explore how the brain records,
processes, uses, stores, and retrieves vast quantities of information. Help
bring safe and effective products to patients and consumers.”

Since 2013 numerous exciting developments in neurotechnology and our
understanding of the brain have been made by scientists across the globe.



Join the IEEE
Brain Community

JOIN FREE

The mission of IEEE Brain is to facilitate cross-disciplinary collaboration and
coordination to advance research, standardization and development of
technologies in neuroscience to help improve the human condition.

20 IEEE Societies are involved, including:

IEEE Computational Intelligence Society; Computer Society; Consumer
Electronics Society; Digital Senses Initiative; Robotics and Automation Society;
Sensors Council; Signal Processing Society; Society on Social Implications of
Technology; Systems, Man, and Cybernetics Society, International Neuroethics
Society, and a few other societies.

Most these societies are also involved in artificial intelligence.

Satya Nadella (CEO, Microsoft): to celebrate National Disability Employment
Awareness Month, I’'m sharing examples of how technology can be applied to
empower the more than one billion people with disabilities around the world.



https://lnkd.in/g-_CGTw

Workshop on Brain-Machine Intefface Systems
Global Current and Emerging Brain Initiative Meeting

2018 |EEE International Con ere!

Brain Hackathon . ) T e

Presic
Icome from IEEE P!
s James A. Jefferies

Systems, Man, and Cybernetics Society

Part of the Brain-Machines Interface Workshop and SMC2018.

The IEEE SMC Society and the IEEE President, James Jefferies, are proud to
invite you on to a special meeting of Global Current and Emerging Brain
Initiative leaders and representatives from other groups working on large-
scale multi-year brain projects from Australia, Canada, China, Europe (HBP),
Japan, Korea, New Zealand, Poland, Russia, and US (NSF and NIH), with
representatives from the IEEE Brain Initiative, International Neuroethics
Society, industry, and other stakeholders.

IEEE welcomes collaborative discussions with all stakeholders to better align
and integrate |IEEE with other existing brain efforts.



Neuro

ancf Informatics 2019

International Neuroinformatics Coordination Facility (INCF) goal: integrate and
analyze diverse data across scales, techniques, and species to understand the
brain and positively impact the health and well being of society.

Polish INCF Node, established in Warsaw at Nencki Institute, since 2017 at the
Nicolaus Copernicus University in Torun.

12th INCF Congress on Neuroinformatics and INCF Assembly, Warsaw 9/2019.
Neuroimaging, computational neuroscience, artificial intelligence.

Polish Ministry of Science and Higher Education has signed Memorandum of
Understanding opening the way to full INCF membership.

Polish Brain Council (Polska Rada Mdzgu) started in 2013, working on “Brain Plan
for Poland — Strategy for People with Brain Diseases”.


https://www.incf.org/
https://www.incf.org/
https://www.incf.org/
http://www.neuroinformatics2019.org/
http://www.neuroinformatics2019.org/
http://www.neuroinformatics2019.org/

Brain networks:
space for neurodynamics



Brains <& Minds

Define mapping S(M)<>S(B), as in BCI.
How do we describe the state of mind?
Verbal description is not sufficient unless words are

represented in a space with dimensions that
measure different aspects of experience.

Stream of mental states, movement of thoughts
< trajectories in psychological spaces.

Two problems: discretization of continuous
processes for symbolic models,

and lack of good phenomenology — we are
not able to describe our mental states.

Neurodynamics: bioelectrical activity of the
brain, neural activity measured using
EEG, MEG, NIRS-OT, PET, fMRI ...

W. Duch, Mind space (1994);
E. Schwitzgabel, Perplexities of Consciousness. MIT Press 2011.



http://www.is.umk.pl/~duch/projects/projects/platonic.html

Mental state: strong coherent activation

. f
5 4
-l I !

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 winner-takes-most mechanism leaves only the strongest.
How to extract stable intentions from such chaos? BCl is never easy.



On the threshold of a dream ...

Final goal: optimize brain processes! -

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

1. Find fingerprints of specific activity of brain
structures (regions, networks) using neuroimaging
technology (and new neurotechnologies).

2. Create models of cognitive architectures that help to
understand information processing in the brain.

3. Create new diagnostic and therapeutic procedures.

Use neurofeedback based on decoding and changes
in connectivity and close-loop system that directly
stimulate the brain.

G-tec wireless NIRS/EEG on my head.

Duch W, Brains and Education: Towards Neurocognitive Phenomics. 2013




Multi-level phenomics

Cf

Negative affect

Instead of classification of mental ACC/MPEC
disease by symptoms use Research |
Domain Criteria (RDoC) matrix
based on multi-level
neuropsychiatric phenomics
describing large brain systems

Insula Insula

<’ SLEA Amygd&'a Amygdala

d | . Mindfulness, 9 Serotonin © Cognitive
eregu ation. self context _ reuptake behavioural
3 therapies, TMS 1| inhibitors, DBS therapies
1. Negative Valence Systems, P ;
2. Positive Valence Systems
Positive affect Attention Cogpnitive control
3. Cognitive Systems dACC/VMPFC msPFC DLPFC DLPFC
. LPFC
4. Social Processes Systems |
ALY al al™ . | PCG PCG
5. Arousal/Regulatory Systems , ' LIPL
Include genes, molecules, cells, Striatbm - | Striatum DEC Vi
circuits, physiology, behavior, self- PrecUneus

reports and paradigms. Dopamine- Attention ® (ognitive
noradrenaline training, training, TMS
reuptake stimulants
inhibitors
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Human connectome and MRI/fMRI

Node definition (parcelation)

Structural connectivity Functional connectivity

L ]
'& ;
s
AN
:‘1“-
\ . Correlation
calculation H
0
3.
Graph theory Whole-brain graph Tine i)

= Modularity |
.
Correlation
matrix

Many toolboxes available for such analysis. Bullmore & Sporns (2009)



Neurocognitive Basis of Cognitive Control
s & ' Networks

FPN (fronto-parietal)
. CON (cingulo-opercular

| .SAN (salience)

¢ “\ = ' .DAN (dorsal attention)
allaniol] Flexib

L e ’ S VAN (ventral attention

(FPN)

I OMN (defauttmode)

Motor & somatosensory

Central role of fronto-parietal (FPN) flexible hubs in cognitive control and
adaptive implementation of task demands (black lines=correlations significantly
above network average). Cole et al. (2013).




Brain Fingerprints

fMRI: fingerprints of brain cognitive activity = V(X,t) voxel intensity of fMRI
BOLD signal changes, contrasted between task or reference/resting state.
EEG: spatial, spatio-temporal, ERP maps/shapes, coherence, various phase
synchronization indices.

Spatial/Power: direct localization/reconstruction of sources.
Spatial/Synch: changes in functional graph network structure.
Frequency/Power: ERS/ERD smoothed patterns E(X,t,f).

ERP power maps: spatio-temporal averaged energy distributions.
EEG decomposition into components: ICA, CCA, tensor, RP ...

EEG microstates, sequences & transitions, dynamics in ROl space.

Model-based: The Virtual Brain, integrating EEG/neuroimaging data.

N e ey

Spectral fingerprinting (MEG, EEG), power distributions.

Neuroplastic changes of connectomes and functional connections as results of
training for optimization of brain processes.



In search of the sources
of brain's cognitive activity

Project ,,Symfonia”, 2016-21

¥ WA CENTRE FOR MODERN ﬂl.‘"j'lLﬂ_“l__"ﬂ INSTITUTE OF PHYSIOLOGY ki
INTERDISCIPLINARY
WSS EcHnoLoGies |f.|m1. TJ AND PATHOLOGY OF HEARING /\ Denckl institute

of experimental biology



Finn et al. (2015), Functional connectome fingerprinting: identifying
individuals using patterns of brain connectivity. Nature Neuroscience.
Top: highly unique; Bottom: highly consistent connections.

S
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Number of time points (x100)
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128345678 Task Rest+  Rest
Networks only task only




ASD: pathological connections

Comparison of connections for
patients with ASD (autism
spectrum), TSC (Tuberous
Sclerosis), and ASD+TSC.

Coherence between electrodes.
Weak or missing connections
between distant regions prevent
ASD/TSC patients from solving
more demanding cognitive tasks.

Network analysis becomes very
useful for diagnosis of changes
due to the disease and learning;
correct your networks!

TSC with ASD

J.F. Glazebrook, R. Wallace, Pathologies in functional connectivity, feedback
control and robustness. Cogn Process (2015) 16:1-16



Data Acquisition
(three sites in Japan)

Tfi‘r’
ASD
(N=74)

fisd

'T
TD

(N=107)

D)

Time course from

Diagnosis based on fMRI

Image Preprocessing

each region

‘ Per subject

Correlation matrix
among 140 regions

Feature Selection

Demographic
properties

181 matrices with
diaanostic labels
AUC = 0.57

P=0.65

AUC =0.93
a P=6.7x10"% /_ ASD
//‘
//
b AUC = 0.65
P=0.012

.

SCZ

AUC =0.48

P=0.83

5
.

MDD

N. Yahata et al, Psychiatry and Clinical Neurosciences 2017: 71

2N

Model for ASD

SLR

L1-SCCA

Models for other covariates

Medication
status

Accuracy



Selected connections

C Superior

a Anterior

Anterior
o
10118]1S0d

Left

Inferior

Posterior
N. Yahata et al (2016): 29 selected regions (ROI) and 16 connections are sufficient
to recognize ASD with 85% accuracy in 74 Japanese adult patients vs. 107 people

in control group; without re-training accuracy was 75% on US patients.



Propensity to 4 disorders

Functional connectivity-based Recasting current nosology in more
classifiers for mental disorders biologically meaningful dimensions

Normal
(typically-developed)

Each axis represents proneness to
a specific disorder derived from the
corresponding FC-based classifier.

MDD, major depressive disorder, SCZ, schizophrenia, OCD, obsessive compulsive
disorder, in ASD and SCZ axis. Experimental biomarkers based on fMRI data.
N. Yahata et al, Psychiatry and Clinical Neurosciences 2017; 71: 215-237




Ciric et.al. (2017). Contextual
connectivity: A framework for
understanding the intrinsic
dynamic architecture of large-
scale functional brain
networks. Scientific Reports.

Correlations of 6 canonical
networks + subcortical (SC) nad
cerebellum (CB).

Perception,
Action-attention
DMN (Default Mode Network)

Each has up to 10 different
network connectivity states

¥ EEF:E '
.EE!EEEHEE i i!EE ;:.".:j_
(NC-states), rather stable for 'E:Ei & ﬁm EE

single subjects, ex. i P | g ".'iE!FIEIEn" EEI “Egild:!ﬁ
DMN has usually 7-9. 0. CORRELATION
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Dynamic functional
brain networks



Brain modules and cognitive processes

Simple and more difficult
tasks, requiring the whole-
brain network reorganization.

Left: 1-back
Right: 2-
back

Average
over 35

participants.

Left and
midline
sections.

Fronto-Parietal (FP)

I Memory (MEM)
Somato-Motor (SOM)

B Dcfault Mode (DM)
B ventral Attention (vA)
B salience (sa)

B cingulo-Opericular (CO)
] Auditory (AU)

B subcortical (SUB)

B Dorsal Attention (DA)

Visual (VIS)
Other

K. Finc et al, HBM (2017).

; ~
s *

1l-back Q=0.29

2-back Q=0.20



Brain modules and cognitive processes

Simple and more difficult tasks, requiring
the whole-brain network reorganization.

Provincial hubs

Left: 1-back local hubs
Right: 2-back local hubs

Average over 35 participants.

Dynamical change of the landscape of
attractors, depending on the cognitive
load. Less local (especially in DMN),
more global binding (especially in PFC).

|| Fronto-parietal (FP) | [l Defauit Mode (oM) [l Cinguio-Opericuiar (co) ] Dorsal Attention (DA)

. Memory (MEM) - Ventral Attention (VA) D Auditory (AU) I:I Visual (VIS)
|| somato-Motor (SOM) Salience (SA) Subcortical (SUB) [ ] other

K. Finc et al, HBM (2017).



Brain modules and cognitive processes

Simple and more difficult tasks, requiring
the whole-brain network reorganization.

Connector hubs

Left: 1-back connector hubs
Right: 2-back connector hubs

Average over 35 participants.

Dynamical change of the landscape of
attractors, depending on the cognitive
load — System 2 (Khaneman).

DMN areas engaged in global binding!

|| Fronto-parietal (FP) | [l Defauit Mode (oM) [l Cinguio-Opericuiar (co) ] Dorsal Attention (DA)

. Memory (MEM) - Ventral Attention (VA) || Auditory (AU) |:| Visual (VIS)
] Somato-Motor (SOM) Salience (SA) Subcortical (SUB)

K. Finc et al, HBM (2017).



Functional connectivity changes

Influence of brain games on functional connectivity: Phase Locking Value
(Burgess, 2013; Lachaux 1999), phase differences between signals
measured at each electrode. PLV => synchronization maps, info flow.




Lehmann et al.

EEG microstate
duration and syntax
in acute, medication-
naive, first-episode
schizophrenia: a
multi-center study.
Psychiatry Research
Neuroimaging, 2005

Khanna et al.
Microstates in
Resting-State EEG:
Current Status and
Future Directions.
Neuroscience and
Biobehavioral
Reviews, 2015

Symbolic dynamics.

Microstates

Schematic

Controls vs, SCZ
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SCZ vs. Null
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T B

Percent change in microstate duration of

condition vs. control
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Model of reading & dyslexia

Emergent neural simulator:

Aisa, B., Mingus, B., and O'Reilly, R. The
emergent neural modeling system.
Neural Networks, 21, 1045, 2008.

3-layer model of reading:

orthography, phonology, semantics, or
distribution of activity over
140 microfeatures defining concepts.

In the brain: microfeature=subnetwork.
Hidden layers OS/OP/SP_Hid in between. DysiexiaNet Value: act

Phonology

Learning: mapping one of the 3 layers to the other two.
Fluctuations around final configuration = attractors representing concepts.

How to see properties of their basins, their relations?
Model in Genesis: more detailed neuron description.



Recurrence Plot (flag)
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Transitions to new patterns that share some active units
(microfeatures) shown in recurrence plots.



Trajectory visualization

Recurrence Plat
1800
1600
1400
1200
1000
800
BO0
400
200

200 400 GO0 800 1000

Recurrence plots and MDS/FSD/SNE visualization of trajectories of the brain
activity. Here data from 140-dim semantic layer activity during spontaneous
associations in the 40-words microdomain, starting with the word “flag”.
Our toolbox: http://fizyka.umk.pl/~kdobosz/visertoolbox/



http://fizyka.umk.pl/~kdobosz/visertoolbox/
http://fizyka.umk.pl/~kdobosz/visertoolbox/
http://fizyka.umk.pl/~kdobosz/visertoolbox/

EEG early ASD detection

Bosl, W. J., Tager-Flusberg, H., & Nelson, C. A. (2018). EEG Analytics for Early
Detection of Autism Spectrum Disorder: A data-driven approach. Scientific
Reports, 8(1), 6828.

EEG of 3 to 36-month old babies, 19 electrodes selected from 64 or 128.

Daubechies (DB4) wavelets transform EEG signal into 6 bands.

7 features from Recurrence Quantitative Analysis (RQA): RP entropy, recurrence
rate, laminarity, repetition, max/mean line length, trapping time.

In addition sample entropy and Detrended Fluctuation Analysis was used.

Nonlinear features were computed from EEG signals and used as input to
statistical learning methods. Prediction of the clinical diagnostic outcome of
ASD or not ASD was highly accurate.

SVM classification with 9 features gave high specificity and sensitivity,
exceeding 95% at some ages. Prediction using only EEG data taken as early as 3
months of age was strongly correlated with the actual measured scores.
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Simultaneous EEG/fMRI

g

3

Raw EEG Data

Functional MRI

Anatomical MRI

)

Artifact-free EEG
.'. Global Field Power
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Co-registered and
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8 large networks from BOLD-EEG
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DMN, FP (frontoparietal)-left, right, sensorimotor, ex, control, auditory, visual
(medial), (H) visual (lateral). Yuan ... Bodurka (2015)




14 networks from BOLD-EEG

Data preprocessing

bad-channel reparation filtering ICA denoising re-referencing
J

N

inverse solution

pre-process

J' ICA decomposition

Volume conduction model creation Conneclivity analysi
nnectivity analysis

co-registration

Electrode s L
positions .

forward

solution  Head
—> model

segmentation

Liu et al. Detecting large-scale networks in the human brain. HBM (2017; 2018).




Spectral ﬁngerprmts

Scatter Plot and Fitted Gaussian Mixture Contours

Single
subject

[
d € ROI

€

Precentral Gyrus (left)

N Plctures from Keltel & Gross 2016 and Fieldtrip Group model

A. Keitel i J. Gross, ,,Ind|V|duaI human brain areas can be identified from their
characteristic spectral activation fingerprints”, PLoS Biol 14(6), €1002498, 2016




Spectral fingerprints
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A. Keitel i J. Gross, ,Individual human brain areas can be identified from their

characteristic spectral activation fingerprints”, PLoS Biol 14, e1002498, 2016




From Two-way to Multi-way Analysis
Integration and Fusion of Various Modalites

A. Cichocki Lab EEG+fNIRS +fMRI

RIKEN Brain Science Inst.

s

Time

Exploratory and multi-way blind source separation and tensor
factorizations: unsupervised learning methods and software to
find the hidden causes & underlying hidden structure in the data.



Tensorization of Convolutive Deep Learning NN

"Non-deep" feedforward Deep neural network
neural network

hidden laver ) hidden layer 1 hidden layer 2 hidden layer 3
N input layer

C, 5 C; S; m u;
nput feature maps  feature maps feature maps feature maps output
32x32 1Bx 28 14x 14 10x 10 Ix
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Neurocognitive technologies

There are about 100,000 cyborgs worldwide.
The human augmentation market may grow tenfold, to $2.3 billion, by 2025.

Bloomberg Businessweek 10/2018



Used in clinical
practice, o/0
rhythms for
relaxation.

W. Duch,
Elektronika

| stresy,
Przekrdj 1978!

Critical review of
existing literature
shows that this is
not effective.

New forms based
on brain
fingerprinting
needed.

Neurofeedback: first BCl

adjust motivational

naeurofeedback



BCl: wire your brain ...

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

Supervised

Classifiers
(LDA, SVM)

I/0O Models for

Frequency Regression

Analysis BN Decision
(Continuous) Generative

Rate Coding

(Semi- Semi-Supervised

Continuous) Reinforcement
Learning

Spikes : Trajectory
(Point Unsupervised
Process) Correlation
Metrics

State
Machines




Brain-Computer-Brain Interfaces

; . . = . N ¥/ External
Hemses ! Encode “::" | Controller
Wireless data :
& power *

Recording
-amplifier

Sense & Actuate

Record \ ,"# Stimulate brain for

brain _ -a—m; sensory feedback
signals -

Closed loop system with brain stimulation for self-regulation.
Body may be replaced by sensory signals in Virtual Reality.




Brain stimulation

Noninvasive Brain
Stimulation

Electrical

Magnetic
Stimulation

Stimulation

[ Transcranial H Transcranial ‘

i . Transcranial | Transcranial
Single il : Transcranial S ;
pulse Pa|r$d gulse Repelitive TMS Pal}erréed Direct Current Néf’urﬁitr;?g Rﬂg‘ijs‘:'em
™S M rmM Stimulation gl : ;
| (IDCS) Stimulation Stimulation
| {tACS) | (tRMS)

V_—]—| ’—I—| I r 1

| Cortico- | . . Continuous || Intermittent | .
_ iC S low- A5 high- 1 S o
Intracortical cortical ;ﬂ‘;ﬁgﬂ‘: T;[:qi.:::. . theta-burst (|| theta-burst Cathodal Anodal
(M1-only: (M1+other (1 Hz); (5 Hz): stimulation stimulation DCS; IDCS;
single coil) region; two Bl : ” (cTBS); (iT8s); hibitory excitatory

EX DRy

_ JN__cols) ) R J , an
; PHYSIOLOGY Jl— NEUROMODULATION %

TMS tDCS

| excilalory |

ECT — Electroconvulsive Therapy
VNS — Vagus Nerve Stimulation
Ultrasound, laser ... stimulation.

Complex techniques, but portable
phones are also complex.

TMS: 15 MW/pulse!




HD EEG/DCS?

EEG electrodes + DCS.

Reading brain states

=> transforming to common
space

=> duplicating in other brains
Applications:

depression, neuro-plasticity,
pain, psychosomatic
disorders, teaching!

Multielectrode DCS
stimulation with 256
electrodes induces changes
in the brain increasing
neuroplasticity.




Neuromodulation

Cochlear implants are common, but deeper implants that stimulate or even
replace some brain structures start to appear, not only for deficits at the
level of perception, but to regulate neural processes.

OCD' h—— & @ Depression?
L 775,000
Parkinson's Disease @ :
216,000 § Epilepsy’ N o
— 245,000 m
<L  Essential Tremor : <
O 80,000 Neurodegenerative p
@ _ Diseases {drug-dev'tce}i‘fo
1T Dystonia’ 3,500,000 o
= .
=  Severe Spasticity Migraine ﬁ
o) 1,200,000 Headache Pain® =
904,000 ]
O Chronic Pain
1,300,000 Nonopioid
: Chronic Pain*
Gastroparesis' 653,000

Overactive Bladder

and etention
1,800,000

Fecal Incontinence-
692,000

1 Flumanitanan Device Exemplion (HDE), 2. Investigational Lise Only (IDE], 3. Ressarch, % Medtronic
4. Imeestigational Mew Drug Fahent #'s = LES Met Prevalence (indicaled, addressable population] .



Epilepsy

The RNS® System

Responds in real time

1% of population suffers from epilepsy, if pharmacology does not help
neurostimulation based on close loop may help — RNS system is now commercial.




Neurofeedback may repair network?

(a) Functional (f) Feedback of the
image acquisition Score to a participant

!-#' ¢
WARRRRRIRREDINRN - | | g

[ |

y 1
Egm S [1 - exp( ﬁCw)]

(b) Real-time (e) Conversion to the

image reconstruction ; feedback score

(c) Extraction of (d) Calculation of
BOLD time course functional connectivity
from ROls among ROls

Megumi F, Yamashita A, Kawato M, Imamizu H. Functional MRI neurofeedback
training on connectivity between two regions induces long-lasting changes in
intrinsic functional network. Front. Hum. Neurosci. 2015; 9: 160.



Synchronize PFC/PC

Violante, I.R. et al. Externally induced frontoparietal synchronization modulates
network dynamics and enhances working memory performance. ELife, 6 (2017).

A

Choice Reaction Task N-back Task tACS synchronous -0

-
N
1

Reaction Time (s)
Reaction Time (s)
Reaction Time (s)

0° 180° sham 180° sham



BCBI for skills/memory training

N. Ketz et al., A

i _ . 2 Post-Sleep Tests
Baseline Test U -
J. Neuroscience aseline Tes |n|ng Pre-Sleep Test (Moming, Afternoon)
8 (33) 2018 - S

Closed-Loop
Slow-Wave tACS
Improves Sleep-
Dependent Long-

Respond: 1 mA anodal tDCS at F10, cathode left arm " Hesﬂ""% - R?Sﬁ"”_?;w :
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BCBI for learning o

Your brain knows better what is interesting than you do!
How to make this information consciously available?

1.

Externally induced frontoparietal synchronization modulates network
dynamics and enhances working memory performance (Violante 2017).

Natural brain-information interfaces: recommending information by
relevance inferred from human brain signals (Eugster et al. 2016).

Teaching skills by stimulating cortex: microstimulation too low to evoke
muscle activation, applied in premotor cortex, instructed specific actions.
Mazurek & Schieber (2017). Injecting Instructions into Premotor Cortex.
Neuron, 96(6), 1282—1289.e4.

Neuroimaging based assessment strategy may provide an objective
means of evaluating learning outcomes in the application of Universal
Design for Learning (UDL), an educational framework created to guide the
development of flexible learning environments that adapt to individual
learning differences.



Startups around the world

&5 BOOSTING THE BRAIN: 17 Startups to Watch
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Intendu

NeuroSky Y/ |

Body and Mind. Quantified

v ybrain

NEURONETICS

: » C B | N S | G H T S www.cbinsights.com Featured Image Courtesy: www.darpa.mil




Sounds and music
may have arousing or
relaxing effects.

Melomind:

Simple EEG determins
the relaxation level
and adaptively creates
sounds to increase it.

Neuro-relax




Neuropriming

Effort, stamina, force in sports requires strong activation of muscles by motor
cortex. Synchronize your effort with direct current cortex stimulation.

MEASURABLE GAINS

See how QOlympians, professional athletes, and top
teams hawve unlocked double-digit performance

gains.

Seea the Case Studies g

Haloneuro.com



DCS for attention/relaxation

Focusing attention for a long time requires effort: PFC activates brain regions
processing signals from various modalities. External stimulation using
alternating currents (tDCS) or magnetic pulses (rTMS) gives good results in
case of games, pilots, combat soldiers. Control yourself with a smartphone!
Thync arouses the brain before action and relaxes after.




Military applications

Engagement Skills
Trainer (EST) procedures
are used by USA army.

Intific Neuro-EST uses
EEG analysis and mulit-
channel transcranial
simulation (HD-DCS) to
pre-activate the brain of
the novice in areas
where the expert brain is
active.

Real-life transfer
learning ...

HD-tDCS may have 100
channels, neurolace and
nanowires much more.



http://www.cubic.com/Global-Defense/Leading-Edge-Solutions/Immersive-Simulation-intific
http://www.cubic.com/Global-Defense/Leading-Edge-Solutions/Immersive-Simulation-intific

Targeted Neuroplasticity Training

e Neurostimulation device activates peripheral nerve(s)

@ Neuromodulators boost synaptic plasticity

Neuronal connections
are tuned to improve
cognitive skills

DARPA (2017): Enhance learning of a wide range of cognitive skills, with a goal of
reducing the cost and duration of the Defense Department’s extensive training
regimen, while improving outcomes.

TNT could accelerate learning and reduce the time needed to train foreign
language specialists, intelligence analysts, cryptographers, and others.


https://www.darpa.mil/program/targeted-neuroplasticity-training

Million nanowires in your brain?

DARPA (2016): Neural Engineering System Design (NESD)
Interface that reads impulses of 10° neurons, injecting currents to 10° neurons,
and reading/activating 103 neurons.

DARPA Electrical Prescriptions (ElectRx) project enables “artificial modulation of
peripheral nerves to restore healthy patterns of signaling in these neural circuits.
ElectRx devices and therapeutic systems under development are entering into
clinical studies.”

Neural lace i neural dust project for cortex stimulation.

ultra-thin
- mesh



https://www.darpa.mil/program/electrical-prescriptions
https://www.darpa.mil/program/electrical-prescriptions
https://www.darpa.mil/program/electrical-prescriptions
https://www.darpa.mil/program/electrical-prescriptions

Memory implants

Ted Berger (USC, Kernel): hippocampal neural prosthetics facilitate human
memory encoding and recall using the patient's own hippocampal
spatiotemporal neural codes. Tests on rats, monkeys and on people gave
memory improvements on about 35% (J. Neural Engineering 15, 2018).

DARPA: Restoring
Active Memory
(RAM), new closed-
loop, non-invasive
systems that leverage Multi-Site
the role of neural Electrode Array
“replay” in the
formation and recall
of memory to help
individuals better
remember specific
episodic events and
learned skills.

Hippocamptis 3 //



https://kernel.co/news/
https://iopscience.iop.org/article/10.1088/1741-2552/aaaed7/meta

Perspectives
and benefits.



Expected benefits

Monitoring development of children and infants, perception,
working memory, curiosity, unfolding full potential of children!

Enabling early ASD diagnosis and other developmental problems.

Precise diagnosis of various subtypes of mental disorders: organic
problems, schizophrenia, epilepsy, learning disabilities, depression,
anhedonia, mild cognitive impairment, Alzheimer etc,

based on brain connectivity and functional large scale networks.

Novel more effective forms of neurofeedback; for attention deficits,
drug addiction, ASD, MCI and other problems.

Nonpharmacological approaches to various forms of pain
management through neuromodulation; distinguishing between
organic, chronic, psychogenic and faking pain, and provide treatment
based on neuromodulation.

Estimation: 27 BS market for neural devices in 2025.



More benefits

Closed loop neurofeedback for neurorehabilitation: discovering
deficits in information flow in the brain, targeting neuroplasticity in
specific brain areas to form new functional connections.

Improvement in EEG-based brain-computer interfaces, new
neurofedback/BCl in information retrieval and situation awareness.

Disorders of consciousness — better diagnosis and communication
with patients in coma.

Applications in education: testing for problems such as dyslexia or
dyscalculia, lack of musical imagery, objective assessment of learning
outcomes and individual learning differences.

Memory improvement through neuromodulation and in future deep
brain stimulation.

Neurocognitive technologies for general optimization of brain
processes, for entertainment, games.



Strategic Questions

Neurocognitive technologies are complex. Any volunteers?

Al and neurocognitive informatics are mutually beneficial, and give a chance
to build artificial general human-level intelligent systems, but only the best Al
groups understand it and use inspirations from neuroscience.

Roadmap: Brain neuroimaging <~ models of brain processes < links with Al
mental models <> closed loop BCBI for conscious control/brain optimization.

Neuromorphic hardware with complexity beyond the human brain is coming
and we should learn how to use it in practical applications.

Basic research: methods for discovering brain fingerprints of cognitive
activity, mapping between brain and mental states is our main goal.

Brain reading, understanding neurodynamics and neurocognitive phenomics,
are the key to self-regulation of brain functions, and therapeutic applications.

Should we improve over our weaknesses in strategic areas, or focus on a
few already developed Al research areas? Can we afford ignorance?

With new global Al initiatives anything is possible!



Few Steps Towards Human-like Intelligence

IEEE Computational Intelligence Society Task Force (J. Mandziuk & W. Duch),
Towards Human-like Intelligence.

IEEE*Symp smrn rmes,g;a Computatlonal Intelllgencé
- ;";!;,L._, EEZSSCL 2013
- ;15,.Ma,n..—-1 meApﬂl 2313, .Smgapnre -

@ IEEEI lm‘ }'l i‘ . 1‘ il l :’ Computational
Call for Papers http://www.ieee-ssci.org/ o "iolisence

IEEE SSCI 2018 Symposium on Computational Intelligence for Human-like
Intelligence, Honolulu, HAWAII, USA, 27.11 -1.12.2017.
18-21.11.2018, Bengalur, India

AGI: conference, Journal of Artificial General Intelligence comments on Cognitive
Architectures and Autonomy: A Comparative Review (eds. Tan, Franklin, Duch).

BICA: Annual International Conf. on Biologically Inspired Cognitive Architectures,
8rd Annual Meeting of the BICA Society, Moscow, August 1-5, 2017

Brain-Mind Institute Schools, International Conference on Brain-Mind (ICBM) and
Brain-Mind Magazine (Juyang Weng, Michigan SU).



http://www.brain-mind-institute.org/

Soul or brain: what makes us human? Monthly international
Interdisciplinary Workshop with theologians, developmental seminars
Torun 19-21.10.2016 (2017): Infants, learning,

1 \ and cognitive development

konferencja ogélnopo|ska

NeuroMa

Torun 02-03.06.2018

Disorders of consciousness

17-21.09.2017

Autism: science, therapies
HOMO COMMUNICATIVUS

WSPOLCZESNE DBLICZA KOMUNIKACJI | INFORMACJI

Torwn, 26-25 V1 2013 r.

Cognitivist Autumn in Torun 2011

PHANTOMOLOGY:

2011 Torun, Poland

Cngnitivist Autumn in Toruan 2010

‘MIRROR NEURONS: | coenimivisT
| AUTUMN IN

April, 14-16 2010 Torun, Poland



Thank you for
synchronization
of your neurons

Google: W. Duch
=> talks, papers, lectures, Flipboard ...
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