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A novel modality to investigate brain activity?
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Production of mXe (with M. Kowalska at CERN)

* Production of 129mXe and 131mXe via neutron activation of 128Xe and 130Xe at the ILL
and MARIA high-flux reactors (paper submitted soon)

* Production at ISOLDE / MEDICIS (CERN)

* From the decay of Na'31|



Production of mXe from | (simulations)
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Production of mXe from | (experiments)

Measured 1311 Time T between 131] Tyansfer Determined ¥1™Xe Measured ¥1™mXe Efficiency of
ID  Activity at Delivery = EOM and Delivery Rat Activity at EOC Activity at EOC Bimye C lly i
[MBq] * [Days] ep (Given p and «) [kBq] [kBql * e Collection
1 49.0(5) 6 64(1)% 119(4) 99(2) 83(3)%
2 51.1(6) 2 85(2)% 149(5) 131(4) 88(3)%
3 47.5(4) 22 96(2)% 240(7) 204(1) 85(3)%

*—measured with Canberra n-type XtRa detector, model GX6020. EOM—end of manufacturing of 3! capsule.

EOC—end of collection of 131™mXe. p—the transfer rate of T from the capsule to the vial. a—the determined
release rate of 131™Xe at ambient conditions.



Production of mXe from | (experiments)

Measured 1311

Time T between

1311 Transfer

Determined 131™mXe

Measured 131mXe

Efficiency of

ID  Activity at Delivery = EOM and Delivery Activity at EOC Activity at EOC 131m .
[MBq] * [DaYS] Rate P (Given p and a) [kBq] [kBq] * Xe COlleCthn
1 49.0(5) 6 64(1)% 119(4) 99(2) 83(3)%
2 51.1(6) 2 85(2)% 149(5) 131(4) 88(3)%
3 47.5(4) 22 96(2)% 240(7) 204(1) 85(3)%
*—measured with Canberra n-type XtRa detector, model GX6020. EOM—end of manufacturing of 3! capsule.
EOC—end of collection of 131™mXe. p—the transfer rate of T from the capsule to the vial. a—the determined
release rate of 131™Xe at ambient conditions.
100 3 e k3
' 4 95.5 98.1 100.0
g 80 86.0
g 84.0
% 60 ¢ #56.5
g 2 + 55.5
¢ 3;.539"{14.4 4 Sample no. 1
20 29.6
0 50 100 150 200 250 300 350 400
Temperature T, [° C]
100 N 3 .
& 94.8 993 100-0
xR 80 85.7
% + b4 ; 71.7
g t609 641 o
g 4549
a 40 48.6
3;.1 4+ Sample no. 2
200 50 100 150 200 250 300 350 400
Temperature T, [° C]
100 * - . * * +
# 98,5 98.8 99.0 99.2 99.2 100.0
< 80 91.1
‘% 60 6;3
£ a0
4 Sample no. 3
20
0 50 100 150 200 250 300 350 400

Temperature T.[°C]



Where do we stand?




Where do we stand?

 Prototype finished and delivered (soon) to
Geneva.




Where do we stand?

 Prototype finished and delivered (soon) to
Geneva.

+ Prototype to be re-assembled, tested and
calibrated in 2023




Where do we stand?

* Prototype finished and delivered (soon) to
Geneva.

+ Prototype to be re-assembled, tested and
calibrated in 2023

+ First in vivo experiments in 2024




Where do we stand?

Prototype finished and delivered (soon) to
Geneva.

Prototype to be re-assembled, tested and
calibrated in 2023

First in vivo experiments in 2024

Target organ: brain, but others possible




Where do we stand?

* Prototype finished and delivered (soon) to
Geneva.

+ Prototype to be re-assembled, tested and
calibrated in 2023

+ First in vivo experiments in 2024
+ Target organ: brain, but others possible
+ Target pathology: ischemic stroke

(relatively simple animal model and
clinically relevant)




Imaging the brain
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From your body’s perspective,
your brain is rather expensive

» The brain accounts for approximately
a 2% of the total body weight but for
about 20% of the whole body glucose
utilisation.
a » Brain glucose uptake to body'’s resting

metabolic rate (Kuzawa et al., PNAS 2014).
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From your body’s perspective,
your brain is rather expensive

» The brain accounts for approximately
a 2% of the total body weight but for
about 20% of the whole body glucose
utilisation.
a » Brain glucose uptake to body'’s resting

metabolic rate (Kuzawa et al., PNAS 2014).
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Modelling energy-related processes at synapses:
A holistic approach to brain networks
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Modelling energy-related processes at synapses:
A holistic approach to brain networks
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Modelling energy-related processes at synapses:
A holistic approach to brain networks
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Modelling energy-related processes at synapses:
A holistic approach to brain networks
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Synaptic function is energetically
expensive but not particularly reliable
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Synaptic function is energetically
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This configuration can be
explained by representing
the optimal energetic

d@SIgﬂ. Harris et al., Neuron 2012
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Optimal energetic design of CNS synapses
requires failures of presynaptic release
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Information flow Iin the visual pathway
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Information flow Iin the visual pathway
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Information flow Iin the visual pathway
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Information flow Iin the visual pathway

from visual cortex to visual
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Information vs energetics
in the visual pathway

from visual cortex to visual
cortex
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Information vs energetics
in the visual pathway
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in the visual pathway

from visual cortex to visual 1200

cortex

T

1000}

800}

600}

400}

EPSC energy use (%)

|

() dynamic clamp x |

200} real stimulation

0 2 4 6 8 10 12

gsyn / (normal ggy )

600

500

400}

300}

Information (%)

200}

relay 100¢
neuron 0

0 2 4 6 8 10 12
gsyn / (normal ggyp)

from retina thalamus



Information vs energetics
in the visual pathway

from visual cortex to visual
cortex
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Information / EPSC

All these results can be reproduced in an
Hodgkin-Huxley model of LGN cells

0

linear NMDAR I[-V relation
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Harris*, Jolivet* et al., Current Biology 2015



What happens at the next synapse
in the visual pathway?

Multicompartment simulations
(layer 4 spiny stellate cells)

Optic nerve
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@ —inh

100 ym

Lateral geniculate nucleus
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Electrophysiology experiments

(layer 4 spiny stellate cells)
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L

Visual cortex

Goldstein, Sensation and Perception (4th Ed.), 1996




NEURON simulations
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NEURON simulations
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NEURON simulations
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» Low release probability (presynaptic
side) can be explained as a way to
maximise not information transfer (bits/
sec) but information over concomitant
energy consumption (bits/ATP).
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» ‘Imperfect’ action potential transmission
at relay synapses in the visual pathway
(postsynaptic side, i.e. number of
receptors inserted in the membrane) can
be explained as a way to maximise not o
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» Network of Hawkes neurones with reset after spiking;
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with an additional “energy” term (E): f = MI - y - E;



How is learning in neural networks
affected by energetic constraints?

Network of Hawkes neurones with reset after spiking;

Maximise Mutual Information (Ml) between inputs and outputs,
with an additional “energy” term (E): f = MI - y - E;

Derive learning rules as a gradient descent optimising this
function f.



How is learning in neural networks
affected by energetic constraints?

2.5 1

2.0

1.5

V)1

1.0

0.5 1

0.0

T
0.0

T
0.2

T
0.4

T
0.6

T
0.8

T
1.0

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

2.5 1

2.0

1.5

V)1
eeeses @

Rare inputs 101
evoke weak U/
activity (dark)

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

2.0

1.5

V)1
eeeses @

Rare inputs 101
evoke weak U/
activity (dark)

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

2.0

[ ]
1.5 4
] O
=Y 0
. 5
Rare inputs 101 o
evoke weak 1%

activity (dark)

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
¥

Increasing energetic
constraint

=

The quality of inference decreases by ~1/3

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

@
8 @
o
@ e
2.0 O * * ®
° @ * ] L
L @ ® e L L
b
=1 e e e e ° o -
= & @ ® ® ® L
. : o o * L L ]
Rare inputs AL A e S o ¢
e @ e
evoke weak / ¢ £ $ £ ., . ¢
- ‘ * 3 S ¢ o
activity (dark) o
0.0 1
O.IG O.I2 0:4 O.Iﬁ O.IE l.IO
¥
Increasing energetic | —p
constraint |

The quality of inference decreases by ~1/3

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

Rare inputs
25 T evoke strong
S . s activity (dark)
M
159 & ® e ® @
S T T S
Rare inputs 10{8 o 2 o s * 3 . .x
evoke weak % * $ 80 . s ¢
activity (dark) * s :
0.0 0.2 0.4 , 0.6 0.8 1.0
Increasing energetic | —p
constraint |

The quality of inference decreases by ~1/3

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

Rare inputs
25 T evoke strong
S . s activity (dark)
M
159 & ® e ® @
S T T S
Rare inputs 10{8 o 2 o s * 3 . .x
evoke weak % * $ 80 . s ¢
activity (dark) * s :
0.0 0.2 0.4 , 0.6 0.8 1.0
Increasing energetic | —p
constraint |

The quality of inference decreases by ~1/3

Grytskyy and Jolivet, in preparation



How is learning in neural networks
affected by energetic constraints?

» ltis possible to derive learning rules that are reminiscent of
synaptic learning rules observed biologically;

» But they are three-factor rules, i.e. they include the pre- and
post-synaptic activities, and a third global term.
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Computational studies of the trade-offs between
information flow, learning and energy
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