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Introduction

Most patientswho suffer functionalimpairmentsafter brain damagamprove over
time1 observedn motor,visual,language

Degreeof functionalrecoveryis highly variableandlesiondependent
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Introduction

Most patientswho suffer functionalimpairmentsafter brain damagamprove over
time1 observedn motor,visual,language

Degreeof functionalrecoveryis highly variableandlesiondependent

Project aim: To establishatheoreticalaccountof how resistancedo functionallossis
supportedy particularrecoverymechanisms

(Alstott et al. 2009jrle 1987; Chen et al. 200Briston, FitzGerald, et al. 2017



Recovery mechanisms

Distinguish between two routes for recovere[iroplasticity:

Learningdependent mechanisms engaging residual components
[EXperiencedependent plasticify

Using other intact neural structures that can reproduce the same functional
output Degeneracy

(Warburton et al, 1999; Tononi et al 1999; Price and Friston 2(
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Active Inference

Bayesian account of how agents engage with a given environment

Environment Agent

~

Or edo

= orealdo

(Friston et al, 2017, Friston et al, 2018, Sajid et al 20
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Active Inference

Bayesian account of how agents engage with a given environment

Environment Agent

r

Or edo

Or e ald 6

Calibratethe generativanodelto bestexplainthea g e sensorsobservations
F= PKL[Q(E) ” P(S)J -FS~Q(5) [Iog F( dS?]

complexity accuracy

Reducinguncertaintyaboutthe environment

G(t ) E;#00(Q(s 10)- 10g(QAs 1 0, .. ) & § Q8 R 0))

h'd A4
-ve mutual information expected log evine

(Friston et al, 2017, Friston et al, 2018, Sajid et al 2|



Simulating in-silico lesions

In-silico lesions can be simulated by manipulating precision.

e estimate

precise (narrow)
distribution

Probability distribution

Imprecise (flat)
distribution

Sajid et al 2020a

(Sajid et al 2020a; Sajid et al, Under Revie
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Redundancy

Redundancy and degeneracy

1

M Redundancyrefers todifferent structures

that perform the same function

Structure Function

(Barlow HB 1974; Tononi et al. 1999; Friston and Price, 2



Redundancy

Degeneracy

Redundancy and degeneracy

1

@ Redundancyrefers todifferent structures

| that perform the same function
» ;

Structure Function

-— Degeneracyrefers to when many structures can

"""" @ yield one function

£ Left HandA Lift Cup
Structure Function Right HandA Lift Cup
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Redundancy

Degeneracy

Redundancy and degeneracy

1

M Redundancyrefers todifferent structures

that perform the same function

Structure Function

1

Degeneracyrefers to when many structures can

@ yield one function

Z Left HandA Lift Cup X

Structure  Function Right HandA LiftCup
C If one degenerate structure is damaged, the function can be retained by
the remaining structures

%

(Barlow HB 1974; Tononi et al. 1999; Friston and Price, 2@&gjhier& Price, 2018



Free energy, degeneracy & redundancy

F =D [QUIIIP(9]- Eolin R d 3

_ complexity accuracy
Complexity scores the

degree to which
posterior beliefs have to
move away from prior
beliefs to explain the
data at hand

(Sajid et al 2020k



Free energy, degeneracy & redundancy

F =D Q9 Il P(3]- Eqlin R 4 3

complexity accuracy Entropy is the
Complexity scores the uncertainty of
de_gres tI(') \;Vh;]Ch approximate posterior
posterior beliefs have to = E [ In P(s 9] - Eg[ 4n @ 4 Delies
y from prior N iy AN -~ b
beliefs to explain the energy entropy

data at hand

(Sajid et al 2020k



Free energy, degeneracy & redundancy

F =D [Q(9 | A(3]- Eglin R 4 3

com?oflexity accuracy
DEGENERACY
REDUNDANCY =Eol-InP(s 9]- Eg[ 4n @ ]
energy entropy

C Degeneracy affords a flexibility that offsets the cost of redundancy

(Sajid et al 2020k
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Auditory word repetition

Although word repetition is amongst the simplest of language tasks, it involves many
different brain regions whose functions are not yet fully understood

Please repeat the
following word:
triangle

Triangle..

Experimenter Subject

Experimenter Subject

(Hope et al, 2014; Hanley et al., 20@R04).
* Simplified version of the comprehensive aphasia test simple word repetitio{Stastourn, Porter et al. 2004)
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In-silico lesion studies
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Free energy, degeneracy, and redundancy
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Free energy, degeneracy, and redundancy
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Learning after in-silico lesion

Long-term experience
dependent plasticity in the
alternative system

CONTROL LESION 2

(Sajid et al Under Review



