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YIIOAOT'IXTIKH BIOAOT'TA

ZUYKALoN 600 KAAS WV, TNG VTTOAOYLOTIKNG Kol TNGS BroAoyiag (NikoAdov, 2015)

Ta empépovg medla evaoyodAnong eivat:

o YmoAoylotikn Avatopia (ameltkovion EUPLwV opyavVIoUwV)
o Movtelomoinon BloAoyikwv Zvotnuatwy

o YmoAoylotikn OwkoAoyia

o YmoAoylotikn E€eAiktikn BloAoyia

o YmoAoylotikn l'oviStwpatikn

o YmoAoylotikn Nevpouxlatpik)

o YmoAoylotikn OykoAoyia

o YmoAoylotikn @apuakoAoyia




AOT'IXMIKO THX Y.B.

Spectra Visualization
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I'NQ2XIAKH NEYPOEIHIIXTHMH

Aletiotnuoviko medio ¢ 'vwolakn g WuyxoAoyiag kat g Nevpoemiotung.

'vwolakn
YvyoAoyia

Nevpoemiotnun

J




Kunrnikig Aerrovpyieg
Aot Tikic Aarrovpyieg
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LHMANTIKE2Z HITYXEX
THX 'NOXIAKHX
EIXTHMHX

= [TAaotikotnta (plasticity)

= [Ipoocoyn (attention)

= AloBnon kat avtiAnym (sensation and
perception)

= YuoTnuata kivnong (motor systems)
= Mvijun (memory)
= ["Awooa (language)

= YUVaLoONUATIKOG KoL KOLWVWVIKOG EYKEPAAOG
(social and emotional brain)

= AMm amopacewyv (decision making)

= YVVELONTO (consciousness) @



YIIOAOI'IXTIKH NEYPOEIIIXTHMH

AlemioTnUOVIKO Tedio NG YTTOAOYLOTIKNG Kol TG Nevpoemiotnung

= TLkQveL
= LTl To KAVEL

= [Twg TO KAVEL




O POAOX THX YIIOAOT'IXTIKHX NEYPOEITIIXTHMHX

knowledge Refinement

feedback

Quantitative
Mon-linear dynamics

Information theory

Psychology > Psychology >

Neurophysiology g Experimental Computational E;rﬂm:.f:l Neurophysioclogy g
neuroscience
Neurcanatomy EEEEEEE—— NMeurocanatomy >

Applications
New

questions
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(Bielza&Larranaga, 2020)




2YAAOI'H AEAOMENQN

= “Data driven” emoym
= [TwG TO EKUETAAAEVETAL 1] VEUPOETILO TN UN;

= [TAeovektuata kol Melovektnuota (BelzasLarcanags, 2020




MACHINE LEARNING

H eappoyn eldikd Stapop@wuéEvwy AoYLOUIKWY TA 0Tola
£XOUV TNV SLVATOTNTA VO ATIOKTOOVV YVWOELG AUTOVOUAL.

Eidn:
= Emomtevopevn pddnon (supervised learning)
= Mn emomtevopevn pabnon (Unsupervised learning)

= Evioyvtikn uabnon (reinforced learning)

€



Katnyopleg
HMYOVUKN G
panong
oTNnVv
VEVPOETILO TN
L.

(Myszczynska et al, 2020)

Supervised learning

* A labelled dataset is provided
* Learning is task-driven
* Algorithm trains to improve outcome over time

Training dataset
imwhich known
athological
eatures are

W labelled

Train model to recognize
features

Evaluate model on test data

l

Apply madel to
unsean data

Lnseen data

Diagnostic Diagnostic

class 1 class 2

Unsupervised learning

* Mo labelled dataset is provided and output is

unknown

* Learning based on pattern identification and

recognition

Heterogeneous
patient population

Multimodal
patient data

Unsupervised
clustering on basis of
molecular features

Fatient subtypes
with shared
molecular features
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T

Reinforcement learning

* Based on trial and error with resward or

punishment before repetition

* Algorithm trains to improve outcome over

time

|

Choose and
apply action

Yoy

‘

Measure outcome,
— | apply reward or
punishment

Patients and
their medical
history

Side effects,
adverse
reaction, lack
of treatment
response,
drug-drug
interaction,
disease
progression



SUCCESSOR REPRESENTATIONS
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H 'E®PYPOXH METAZY EIIIZXTHMQN

= TL EvwoOUUE LE TOV 0PO;
= [laTl YPELAOTNKE EVO TETOLO EYXELPMUA ;

= [Tol6 onuavtiko opoonuo fondnoe to eyxeipnua avTo;




(B) W Cognitive science + artificial intelligence
== Cognitive science + neuroscience
= Artificial intelligence + neuroscience

(A) * Cognitive science
mm Artificial intelligence
m== Neuroscience
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C. Comparative Computational Approach

Computational/
Algorithmic/

Implementational

Constraints

Cognition

Neural
Mechanisms

Evolutionary
Constraints/
Choice of Species

<< >

Evolutionary
Constraints/
Choice of
Species

Comparative
Biology

H EPEYNA TOY FITCH

«Toward a computational framework for cognitive biology:
Unifying approaches from cognitive neuroscience and
comparative cognition» - 2014

= [ToAUTIHOG AlBOG OTN
OLETILOTNLOVIKOTN T

= YmoAoylotikn Tplywvomoinon

= Qpun» Emiomun
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A. Traditional Bottom-Up Model of Neocortical Computation

i | - ":
e 'JQ‘L Retinal Input

(from LGN)

<- Bottom-up Information Transfer from low to high levels

B. Mumford‘s Predictive Coding Model of Neocortex

Top-Down Prediction of Expectation ->

C
Retinal Input

(from LGN)

<- Bottom-up Residual Error Transfer: Deviation from Prediction

OEQPIA [IPOI'NQXTIKON
LYXTHMATON

Avo PHOVTEAQ eTTEEEPYAOLOG TTANPOPOPLWV OTOV
EYKEPAALKO PAOLO:

A. ITapadoolaxo Movtedo «Bottom-Up»
= Atadoyikn emegepyaoia amo V1 oe V2 kot MT

B. Movtéio «Predictive Coding» tov Mumford
= Top-Down IIpof3Aeym
= Bottom-Up AlopBwon Zpaipatog

@



Electrode YIHOAOI'IXTIKH EZEAIKTIKH
- BIOAOI'TA KAl ET KEDAAIKA
Electrical EPEOIXMATA
pulse

ontrol
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D ‘ ‘Eva e€exov mapddetypa yia tn Bepameia
™G vooov Parkinson:
(Deep Brain

= H vevpodieyepon DBS
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|lllp|.ll\l(_‘(' ‘- (Brocker et al, 2017)
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LYMITEPAXMATA

EvéAiktwv pebodwv ameikovions &

Aloyelplon AedopEvmwy

ALETILOTNUOVIKN ZUUTIPOEN

YmoAoylotikn BloAoyla




Evyapiotw yia ™ mpoooyn oag,

Povoonc Aplototéing
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