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Complex systems

Fish by Bruno de Giusti; CC BY SA 2.5 IT; Ants by kodomut @ flickr; CC BY 2.0; Fireflies by s58y @ flickr, CC BY 2.0; Brain by aboutmodafinil.com @ flickr; CC BY 2.0

My research focus: how to model information processing in complex systems ?

https://upload.wikimedia.org/wikipedia/commons/3/32/Moofushi_Kandu_fish.jpg
https://www.flickr.com/photos/kodomut/4150000020
https://www.flickr.com/photos/s58y/7552791722
https://www.flickr.com/photos/125992663@N02/14414434209/
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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.”

– 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.

+ inputs

dynamical process

outputs



The University of Sydney Page 4

Intrinsic computation

– We talk about computation as:
– Memory
– Signalling
– Processing

– Intrinsic computation is any process involving these features:

– How can we make these notions more precise?

Fish by Bruno de Giusti; CC BY SA 2.5 IT; Ants by kodomut @ flickr; CC BY 2.0; Fireflies by s58y @ flickr, CC BY 2.0; Brain by aboutmodafinil.com @ flickr; CC BY 2.0
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https://www.flickr.com/photos/kodomut/4150000020
https://www.flickr.com/photos/s58y/7552791722
https://www.flickr.com/photos/125992663@N02/14414434209/
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– We talk about computation as:
– Memory
– Signalling
– Processing

– 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.

Intrinsic computation

Fish by Bruno de Giusti; CC BY SA 2.5 IT; Ants by kodomut @ flickr; CC BY 2.0; Fireflies by s58y @ flickr, CC BY 2.0; Brain by aboutmodafinil.com @ flickr; CC BY 2.0

– Idea: Model computation via:
– Information storage
– Information transfer
– Information modification

https://upload.wikimedia.org/wikipedia/commons/3/32/Moofushi_Kandu_fish.jpg
https://www.flickr.com/photos/kodomut/4150000020
https://www.flickr.com/photos/s58y/7552791722
https://www.flickr.com/photos/125992663@N02/14414434209/
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Contents

– How do we model information processing?

– How can we apply this to flocks/swarms/schools?
– What can this reveal about the flocking?

Fish by Bruno de Giusti; CC BY SA 2.5 IT

https://upload.wikimedia.org/wikipedia/commons/3/32/Moofushi_Kandu_fish.jpg
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Modelling information processing dynamics

– 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
– Establishing an information-theoretic footprint

Complex system as a multivariate time-series of states
e.g. fMRI, MEG, EEG, etc.

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 AI, vol. 2, 5, 2015

http://dx.doi.org/10.3389/frobt.2015.00005
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Active information storage

– How much information about the next observation 𝑋𝑋𝑛𝑛 of process 
𝑋𝑋 can be found in its past state 𝑿𝑿𝑛𝑛

(𝑘𝑘) = 𝑋𝑋𝑛𝑛−𝑘𝑘+1, … ,𝑋𝑋𝑛𝑛−1,𝑋𝑋𝑛𝑛 ?

Active information storage (AIS)
𝐴𝐴𝑋𝑋(𝑘𝑘) = 𝐼𝐼(𝑿𝑿𝑛𝑛

𝑘𝑘 ;𝑋𝑋𝑛𝑛+1)

– Average information from past 
state that is in use in predicting 
the next value

Local AIS
– 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 𝑋𝑋𝑛𝑛 of process 
𝑋𝑋 can be found in observation 𝑌𝑌𝑛𝑛 of process 𝑌𝑌, in the context of 
the past state 𝑿𝑿𝑛𝑛

(𝑘𝑘) = 𝑋𝑋𝑛𝑛−𝑘𝑘+1, … ,𝑋𝑋𝑛𝑛−1,𝑋𝑋𝑛𝑛 ?

Transfer entropy (TE)
𝑇𝑇𝑌𝑌→𝑋𝑋(𝑘𝑘) = 𝐼𝐼 𝑌𝑌𝑛𝑛;𝑋𝑋𝑛𝑛+1 𝑿𝑿𝑛𝑛

𝑘𝑘

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

– Granger-like

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.

tim
e

(a) Raw CA (b) Local AIS

(c) Local TE right (d) Local TE left

cells

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 AI, 1:11, 2014.

Gliders are dominant 
transfer entities!

Blinkers and background 
domains are dominant 
storage entities!

Links algorithmic and 
implementation levels
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How can we apply such analysis to swarms?

– How do flocks/swarms operate?
– Boids model: 3 rules within radii

– Alignment: move in same direction as neighbours
– Separation: avoid collision with neighbours which get too close
– Cohesion: move towards neighbours

Reynolds, C. W., “Flocks, Herds, and Schools: A Distributed Behavioral Model”, in Computer Graphics, 21(4) (SIGGRAPH '87) pages 25-34, 1987
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How can we apply such analysis to swarms?

– Issue 1: Fluidity of interactions
– Issue 2: Not enough samples

– Approach part 1: assume homogeneous behaviour across 
agents and gather all interacting samples into the PDF

Wang X.R., et al., "Quantifying and tracing information cascades in swarms", PLOS ONE, 7, e40084, 2012
Wang, X. R., et al., "Measuring Information Storage and Transfer in Swarms", ECAL 2011, ed. T. Lenaerts, et al., pp. 838–845. MIT Press, 2011
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How can we apply such analysis to swarms?

– Approach part 2: examine interactions relative to target 
heading

– Approach part 3: which variables to select?
– Align with 3-zone model understanding

SourceTarget

TE as information:
– From relative source heading 

and/or position and/or speed
– To target update of heading 

and/or speed,
– Given previous target updates 

and/or current speed

Wang X.R., et al., "Quantifying and tracing information cascades in swarms", PLOS ONE, 7, e40084, 2012
Wang, X. R., et al., "Measuring Information Storage and Transfer in Swarms", ECAL 2011, ed. T. Lenaerts, et al., pp. 838–845. MIT Press, 2011
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How can we apply such analysis to swarms?

Other important parameters:
– Selecting embedding length k
– Fit source-target lag
– Use a good estimator such as KSG
– Which neighbours to analyse as sources?

Wang X.R., et al., "Quantifying and tracing information cascades in swarms", PLOS ONE, 7, e40084, 2012
Wang, X. R., et al., "Measuring Information Storage and Transfer in Swarms", ECAL 2011, ed. T. Lenaerts, et al., pp. 838–845. MIT Press, 2011
A. Kraskov, H. Stögbauer, and P. Grassberger, "Estimating Mutual Information", Phys. Rev. E 69 (6): 066138, 2004
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Other approaches to transfer entropy for swarms

– Lord WM, Sun J, Ouellette NT, Bollt EM, “Inference of causal 
information flow in collective animal behaviour” IEEE Trans. Mol. 
Biol. Multi-scale Commun. 2, 107–116, 2016

– Orange N, Abaid N, “A transfer entropy analysis of leader-
follower interactions in flying bats”, Eur. Phys. J. Spec. Top. 224, 
3279 –3293, 2015

– T. Tomaru, et al., "Information transfer in a swarm of soldier 
crabs", Artificial Life and Robotics, 21(2), pp. 177-180, 2016

– Hu, F., Nie, L. J., & Fu, S. J., “Information dynamics in the 
interaction between a prey and a predator fish”, Entropy, 
17(10), 7230-7241, 2015

– Butail, S., Ladu, F., Spinello, D., & Porfiri, M., “Information flow 
in animal-robot interactions”, Entropy, 16(3), 1315-1330, 2014
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Analysing information processing in flocks/swarms

Key question: What such modelling tells us about information 
processing in flocks/swarms?

2. Characterising
different regimes
of behavior

1. Space-time 
dynamics
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1. Space-time characterization of info processing
Aim:
– Highlight info processing hot-spots;
– Use info processing to explain dynamics;
– Validate conjectures on information processing in flocks.
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1.a Quantifying Trafalgar effect as information transfer

– Experiment: annular ring, 5 fish recorded in 10x1hr trials
– Annular ring → main dynamics of interest are U-turns (455)

E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018

Hemigrammus rhodostomus
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1.a Quantifying Trafalgar effect as information transfer

– Video: information transfer concentrated at collective turns

E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018
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1.a Quantifying Trafalgar effect as information transfer

– Order of Information transfer at collective turns

E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018
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1.a Quantifying Trafalgar effect as information transfer

– Order of Information transfer at collective turns

– Trafalgar effect = cascade of information transfer

E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018
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1.a Quantifying Trafalgar effect as information transfer

– How does relative position relate to information transfer?

E. Crosato et al., "Informative and misinformative interactions in a school of fish", Swarm Intelligence, 12(4), pp.283-305, 2018

TE out from a source at centre facing up
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1.b. Spatial layout of informative sources
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1.b. Spatial layout of informative sources

Fish image by Unknown Author is licensed under CC BY-SA

Where are neighbours of a target? Information flows w.r.t. source position?

Transfer between headings only.

Currently working on applications to real fish data

http://commons.wikimedia.org/wiki/File:Fish_icon_(The_Noun_Project_27052).svg
https://creativecommons.org/licenses/by-sa/3.0/
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2. Characterising different regimes of behaviour

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

– For example: how hunger or speed changes interactions
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2.a Effect of hunger on schooling

– Experiment: annular ring, groups of 8 with some not fed recently, 2 
mins of trials for analysis
– 11 trials for each mix of fed/hungry fish

A. Wilson, et al., "Conformity in the Collective: Differences in Hunger Affect Individual and Group Behaviour in Fish", Behavioral Ecology, 30(4), 968–97, 2019

– Groups with a greater 
proportion of hungry fish 
swam faster and exhibited 
greater nearest neighbor 
distances
– No difference in speeds within 

groups
– No difference in polarisation 

across groups
– Stronger transfer for groups 

with more hungry fish!
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2.b Speed mediated flocking properties

– Much remains unknown regarding how speed and polarisation relate
– Experiment: annular ring, groups of 5, 5 min trials

– Trials classified into slow/fast average speeds and low/high alignment (>120 
for each category)

Kent MIA, Lukeman R, Lizier JT, Ward AJW, “Speed-mediated properties of schooling”, Royal Society Open Science, 6: 181482, 2019.
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2.c Mixed species shoals
– Mixed species shoals rarely studied
– Experiment: annular ring, 6 fish recorded in 5 min trials:

– 3 species present - threespine sticklebacks (3SS), ninespine sticklebacks (9SS) & roach (R)
– 6 trials for each single species or 3&3 from pairs with 3SS

– Single species groups more polarised and cohesive
– Some differences in inter-individual distances
– Asymmetries in TE reveal more about interactions, e.g. 9SS → 3SS stronger

A.J.W. Ward, et al., “Cohesion, order and information flow in the collective motion of mixed-species shoals”, Royal Society Open Science, 5: 181132, 2018
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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.

https://github.com/pwollstadt/IDTxl

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", arXiv:1902.06828, 2019

Needs alterations for application to flocks/swarms

https://github.com/pwollstadt/IDTxl
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Summary

– Information dynamics delivers measures to model operations on 
information, on a local scale in space and time, in complex 
systems.
→We no longer have to rely on conjecture on information processing 

properties

– What can it do for us regarding flocking/swarming?
– Space-time characterisation of information processing dynamics;
– Characterising different regimes of behaviour;
– Effective network inference ?
– etc. …
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Questions


