Using information
processing features to
understand neural
properties
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My research focus: how to model information processing in complex systems?

Is this useful for machine learning?
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Biological computation: we need a new perspective

— Mitchell: For complex systems, the “language of dynamical
systems may be more useful than language of computation.”

+ inputs outputs

— Intrinsic information processing (Feldman et al.,, 2008) occurs
whenever a system undergoes a dynamical process changing its
initial state (+inputs) into some later state (+outputs)

D. P. Feldman, C. S. McTague, and J. P. Crutchfield. “The organization of intrinsic computation: Complexity-entropy diagrams and the diversity of natural information
processing”, Chaos, 18(4):043106, 2008.
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Intrinsic computation

— We talk about computation as:

— Memory

— Signalling

— Processing

— Intrinsic computation: dynamical process transforming system state

§ (B

— How can we make these notions more precise?
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Intrinsic computation

— We talk about computation as: — |dea: Model computation via:
— Memory — Information storage
— Signalling ﬁ — Information transfer
— Processing — Information modification

— Intrinsic computation is any process involving these features:

— Goal: by modelling intrinsic computation in the language it is
normally described in, we can better understand e.g. neural
information processing and its deficiencies.
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Contents

— What is information?
— How do we model information processing?

— How can these information processing features be used to
understand neural properties?
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Why use information theory for neural data analysis?

— Allows us to answer questions
that are naturally phrased:

— In a model-free way

— Captures non-linearities

— Estimators for different data
types, and multivariates

1. The nature of neural codes

a. Bridging Marr’s task and
implementation levels

b. Functional relationships

2. Modelling information
processing dynamics
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M. Wibral, J.T. Lizier and V. Priesemann, "Bits from Brains for Biologically-inspired Computing", Frontiers in
Robotics and Al, vol. 2, 5, 2015

Image modified from an original credited to dow_at_uoregon.edu, obtained here (distributed without restrictions)




Modelling information processing dynamics
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Complex system as a multivariate time-series of states
e.g. fMRI, MEG, EEG, efc.
— How can we model neural information processing dynamics?
— It is the output of a local computation within the system
— Model in terms of information storage and transfer
— Bridging Marr’s algorithmic and implementation levels
— Establishing an information-theoretic footprint

J).T. Lizier, “The local information dynamics of distributed computation in complex systems”, Springer: Berlin/Heidelberg, 2013
M. Wibral, J.T. Lizier and V. Priesemann, "Bits from Brains for Biologically-inspired Computing", Frontiers in Robotics and Al, vol. 2, 5, 2015
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Active information storage

— How much information about the next observation X,, of process
[ [ ) k
X can be found in its past state X,(1 ) = (X rs1r e X1, X} 2

Active information storage (AlS)

@W@ Nodes Ax(k) = I(XY; X0 0)

— Average information from past
n-k+1 state that is in use in predicting
' the next value

av(n+1)

n-1

L Local AIS

ntl

— Information from a specific

past state in use in predicting

specific next value

J.T. Lizier, M. Prokopenko, A.Y. Zomaya, “Detecting Non-trivial Computation in Complex Dynamics”, Proc. ECAL, pp. 895-904 (2007).
J.T. Lizier, M. Prokopenko, & A.Y. Zomaya, “Local measures of information storage in complex distributed computation”, Information Sciences 208, 39 (2012)
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Transfer entropy

— How much information about the next observation X,, of process
X can be found in observation Y,, of process Y, in the context of

the past state X,(,Lk) ={X, 141, r Xyy_1, X0} 2

Transfer entropy (TE)
k
Tyx (k) = I (Y3 Xpae [ XS

— Average info from source that
helps predict next value in context
of past.

— Granger-like

y]n

Local TE

— Local TE: info from a specific
source value to predict specific
next value in context of past.

T. Schreiber, “Measuring Information Transfer”, Physical Review Letters, 85(2), pp. 461-4, 2000.

J. T. Lizier, M. Prokopenko, & A. Y. Zomaya. “Local information transfer as a spatiotemporal filter for complex systems”. Physical Review E, 77(2):026110, 2008.
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Example: modelling information processing in CAs

— Transfer entropy perspective aligns with how we describe

complex systems

— Emergent glider structures have strongest information transfer values.
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Blinkers and background
domains are dominant
storage entities!

Links algorithmic and
implementation levels

Gliders are dominant
transfer entities!

JIDT

J. T. Lizier, M. Prokopenko, & A. Y. Zomaya.
“Local information transfer as a spatiotemporal
filter for complex systems”. Physical Review E,
77(2):026110, 2008.

J.T. Lizier, “JIDT: An Information-Theoretic toolkit

for studying the dynamics of complex systems”.
Frontiers in Robotics and Al, 1:11, 2014.
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Analysing neural information processing

Key question: What such modelling tells us about neural
information processing?

1. Characterising
different regimes
of behavior

3. Effective network

modelling
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Relevance to machine learning:

1. Principled feature selection aligning with hypotheses
2. Explainable Al
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1. Characterising different regimes of behaviour

Aim: to characterise behaviour and responses in terms of
information processing

— For example:

W.r.t neural conditions:

ASD vs controls W.r.t different stimuli

© significant

© no significant
decrease of active
information storage
for ASD patients
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Does information storage use change in ASD?

Two MEG studies contrasting active <8 )
° . ° ° o o 1 1 ol i ?.
information storage in resting state activity AN =™
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— hippocampus [1],

— precuneus, posterior cingulate cortex,
supramarginal gyrus (all DMN) [2].

of Autism Spectrum Disorder subjects.

[1] C. Gémez, et al., “Reduced predictable information in brain signals in autism spectrum disorder”, Frontiers in Neuroinformatics, 8:9+, 2014.
[2] A. Brodski-Guerniero, et al., “Predictable information in neural signals during resting state is reduced in autism spectrum disorder”, Human Brain
Mapping, 39(8):3227-3240, 2018
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Does information storage use change in ASD?

— Lower information storage overall and in <83
M ° 1 ‘_.'. - -
particular areas for ASD subjects. i R
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— Decrease correlates with symptom g
severity (ADI-R rit) for cerebellum and
precuneus.

— No significant changes for o power, ACT
nor signal entropy.

[1] C. Gémez, et al., “Reduced predictable information in brain signals in autism spectrum disorder”, Frontiers in Neuroinformatics, 8:9+, 2014.
[2] A. Brodski-Guerniero, et al., “Predictable information in neural signals during resting state is reduced in autism spectrum disorder”, Human Brain
Mapping, 39(8):3227-3240, 2018
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2. Space-time characterization of info processing
Aim:
— Highlight info processing hot-spots;

— Use info processing to explain dynamics;

— Validate conjectures on neural information processing.
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E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018
J.T. Lizier et al., "Spatiotemporal information transfer pattern differences in motor selection", BMC Neuroscience 12 (Suppl. 1): P261, 2011
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2. Space-time characterization of info processing

Predictive coding makes conjectures regarding when and where
information should be stored and transferred in layered structure.

In our MEG recordings from a Mooney face /house detection
experiment (52 subjects, 260 trials), suggests that when priming

for a face:
fop
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Transfer oc a./p v
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Storage T 4
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Storage o performance

A. Brodski-Guerniero, et al., “Information theoretic evidence for predictive coding in the face processing system”. J. Neuroscience, 37(34):8273-8283, 2017

The University of Sydney Page 17



3. Effective network modelling

— Information transfer is ideally placed for the “inverse problem”
— effective connectivity analysis — inferring a “minimal circuit
model” that can explain observed dynamics

— Aim: Model the computation taking place in the system, revealing
emergent computational structure.

TRENTOOL

+ \JIDT

+ Multivariate extensions, GPU & efficiencies

= https://github.com/pwollstadt/IDTxI

Bossomaier, Barnett, Harré, Lizier, "An Introduction to Transfer Entropy: Information Flow in Complex Systems", Springer, Cham, 2016; section 7.2
L. Novelli, P. Wollstadt, P. Mediano, M. Wibral, J.T. Lizier, "Large-scale directed network inference with multivariate transfer entropy and hierarchical statistical
testing”, Network Neuroscience, 3(3), 827-847, 2019
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3. Effective network modelling
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Summary

— Information dynamics delivers measures to model operations on
information in complex systems.

—> We no longer have to rely on conjecture on computational properties

— What can it do for us in a neuroscience setting?
— Characterising different regimes of behaviour;
— Space-time characterisation of information processing dynamics;
— Effective network inference;

— efc...

— Relevance to machine learning in health via: JIDT
— Understanding neural information processing
— Principled feature selection

— Explainable Al
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Questions




