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“[The] mechanism of our body is so constructed that simply by this gland's being
moved in any way by the soul or by any other cause, it drives the surrounding spirits
towards the pores of the brain, which direct them through the nerves to the muscles;
and in this way the gland makes the spirits move the limbs.”

—René Descartes, Passions of the soul (1649)



"Souls are immaterial subjects of mental properties. They have
sensations and thoughts, desires and beliefs, and perform intentional
actions. Souls are essential parts of human beings..."

—Richard Swinburne, The Evolution of the Soul (1997)

"[T]he most commonsensical solution to the biocentrism
problem parallels an elaboration that naturally
accommodates personality survival. Neither of these
elaborations appears to require any basic change in the
orthodox theory. But both require a relaxing of the idea that
physical and mental events occur only when paired
together."

—Henry P. Stapp, Compatibility of Contemporary Physical
Theory with Personality Survival (2015)




A moral man, Phineas Gage

Tamping powder down holes for his wage
Blew his special-made probe

Through his left frontal lobe

Now he drinks, swears, and flies in a rage.
— Anonymous
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WATCH WHAT I CAN :
MAKE PAVLOV DO.

AS SOON AS I DROOL,
HE'LL SMILE AND WRITE
IN HIS LITTLE BOOK.

' l’- ) Sl ]
@ Daily-Comix.co -t

IP Pavlov

@ that fire together, wire togeth)
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Amari-Hopfield Model
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J.J. Torres et al. | Neurocomputing 58—60 (2004)



Assortativity
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Enhancing neural-network performance via assortativity

Sebastiano de Franciscis,” Samuel Johnson,' and Joaquin J. Torres'




Assortativity
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Entropic Origin of Disassortativity in Complex Networks

Samuel Johnson, Joaquin J. Torres, J. Marro, and Miguel A. Mufioz



Evolving networks

PHYSICAL REVIEW E 79, 050104(R) (2009)

Nonlinear preferential rewiring in fixed-size networks as a diffusion process

Samuel Johnson, Joaquin J. Torres, and Joaquin Marro

Evolving networks and the development
of neural systems

Samuel Johnson, J Marro and Joaquin J Torres



Evolving networks

p(t): Synapses/ums

80

70

60

50

40

30

20

20 10° | Supercritical 20 &
3 -1
10 [ o* 10 £
;0 2.510° 40 2510°
£
0 b e 10 oL
0 510* 0 510*
Time (MCS) Time (MCS)
t=10° ® Kkt t=10°
t=10§ A “ t=102 A
= 107 4 -
.t 10° & 'ﬂ. t=10" @
hd 1 L .'~.| - ®e
102 10% 100 10’ 102 10%
k
Cortical layer1 m 80 F
Cortical layer2 o
Z
0 ol | f
100 1000 10000
Conceptual age (days)
]{ L]
| | | |
5000 10000 15000 20000 25000

Conceptual age (days)



Evolving networks
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Computation at the Edge of Chaos

SJ, J Marro & JJ Tores, EPL (2008)



Computation at the Edge of Chaos

SJ, J Marro & JJ Tores, EPL (2008)
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Short-term memory
Long-term potentiation (LTP) and depression (LTD):

time scales of minutes. Good for long-term memory.

Sensory memory:
timescale of seconds.

7\

Working memory:
the brain’s RAM




How can we remember new things so quickly?

Cellular bistability?
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Problem: not very robust with notoriously
noisy neurons



Cluster Reverberation?
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It’s enough for the network to be clustered
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...and LTP/LTD === modularity



Conclusions

® Simple neural-network models can provide insights into the
mechanisms behind certain cognitive processes.

® Network topology is important.
® Ourignorance is still far greater than our knowledge.

® We really need to understand neural coding.

Thank you for your
attention!

Joaquin J Torres
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