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(1)
The “multi-level” organization of the
brain
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The cerebellar network
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Neurons generate
complex patterns of
action potentials
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Neurons
communicate
through the
synapses and store
memory as long-term
synaptic plasticity
(LTP/LTD)
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Multiple neurons A Ti:Sa LASER
discharge together

SLM-2PM

Gandolfi, Mapelli, Pozzi, Tognolina,
D’Angelo , submitteed
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A1

complex spike

simple spike
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A1 Granule cells A2 Purkinje cell
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Neuron discharge is probabilistic
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Spontaneous
activity
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Neural circuits show
complex spatio-temporal
dynamics
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Neural circuits show
resonance and
oscillation

Tuned resonant receiver:

granular layer

Oscillating transmitter:
Cortico-thalamic system
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Neural circuit responses are
tolopogically organized

P LR v A Pre-TES Post-TBS Plasticity map

Norm AFfFo

spke

I =
7

+ amy 10mYy | O.5%aFFa
oms Im
- H -‘1. H

N O
th’ \ 1:!3?\ " 004

! ; B OSTAFFe o .
W | P s | al, W00

100m

C 704 n=13 slices
H TP -
. O wro n=34000 pixels
m B Wouer
L gl £ **
H ML 1
Mapelli et al., 2010 a,b e
T T T T 104
M «0 s =1 1M 17 14 &
time Cmin) -
kw 10
u.
LTP LT MWa war
B center surround
I.
2= o n=11 slices et
. LI
m n=19500 pixels *
i5 o *
i L
» o
- ﬁ"‘
4" e g os o= 1 i W50
-0 1 - * normn &F ! Fo W a0
=15 4 LY L1
= 4 -
.E.

Gandolfi, Mapelli, Solinas, D’Angelo , in preparation



Neural circuits have complex architecture
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Multizonal
Microcomplex
(module)

Neural circuits have modular organization
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Long-range connections

Basal ganglia

Paelsi et , submitted

Castellazzi et al., submitted



The brain is a

“‘complex adaptive system”

[ Consequences }
Real I
world Description Selective effect
Predicj[ion on scheme
Behaviour survival and on
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\ among
Present data transformation schemes
Complex
ad aptive Regularity identification and compression

system



In summary, beyond general molecular and cellular
properties, the brain cannot be investigated as the
other tissues

* Is organized in meta-levels
« Has extreme structural and functional complexity
*Operates as a complex adaptive system
» Shows emergent properties like behavior and consciousness
*The output is often hard to quantify

» Requires multidisciplinary analysis (Neuroscience)

- Extended implications for medicine, engineering, phylosophy,
ethics, society



Moreover, brain function does not compare well to computers

Brain vs. computer:
» Slow (2100 Hz vs. =0.1-1 GHz)

* Imprecise (10° less than a CPU)

*However, the brain can operate in real time identifying a face among
thousands in just 100 ms, a performance out of reach for the most powerful
computer.

*Poorly sensitive to hardware break-down (graceful degradation)
*Self-repairs and modifies with learning (plasticity)

» Has a parallel and hierarchic organization

 Memory and computation exploit the same structural elements

* Elaborates about 1018 synapse operations/sec
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The “bottom-up” modeling strategy

Biological
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Electrophysiology and imaging —

validation in vivo
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The membrane equation
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The “gating” of ionic channels
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Dinamiche presinaptiche di rilascio del neurotrasmettitore
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Modelling HH-style
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Single cell modeling
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Reproduction of 4D activity patterns

s 8 with detailed microcircuit models
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(3)
Network models in closed-loop
simulations

Unreaveling the relationship between single neuron
properties and ensamble brain activity



Simplified real-time spiking model of the granular layer

(" Ao e e )
Granule Cells [4500]

Stellate Cells [300]

SC-GoC
inhibition

Mossy Fibers [350)
|

Galgi Cells [27]

7 (Y
inhbiton

GrC PSTH

network

Cell Number

Input/Output Offset (ms)

~— Maximize Transmission
Maximize Precision
Maximize Filtering
— Maximize Doublets

Input/Qutput Offset (ms)

GrC GoC
350 a— 27 T
s c
. -2
1} Co] g
. % : £E
. e H Xa
: ; : =5
0 : H =
-10 0 10 20 -10 0 10 20
3505 27 7
L S
: % [ -]
. . N
H E8
i ®B
I & E
. H =a
o 0 0 10 20 910 0 10 20
350 27
H fo
58
Sic
-0 0 10 20 -10 0 10 20
350 27 i
$ :
. i g 2
H Es
. k] 3
, % o
: ; g5
| t f
0 0
-10 0 10 20 0 10 20
Input/Output Offset (ms) Input/Output Offset (ms)
1 C .
T
o o 08
@0 2
i 8
= ‘s 06
2 c
g 2 04
= 2 o
g 8
§ 2 o2
=z e ™
0
3 1 2 3
Number of spikes

Garrido et al., , 2013



Adaptive learning in arobotic simulator incorporating the
cerebellar network and synaptic learning rules
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Distributed neuromotor control system embedding the
cerebellum model
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Multi-level organization and neurological diseases
/ Global brain functioning
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(3)

Conclusions

» Large-scale realistic models of brain circuits can be
constructed and tested

» These models can help explaining howlow-veled cnnect
to high-level brain functions

» These models can ne applied to computational and
robotic control

» These models can foster biomdeocal research and
applications in the clinical sector.
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