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ü  Complexity and Self-Organisation 

 

ü  Information structure: 

ü artificial life 

ü biological networks 

 

ü  Information dynamics:  

ü Cellular Automata 

ü brain connectivity 

ü information cascades in swarms 

 

ü  Information thermodynamics  

ü Random Boolean networks 

 

 

 

Outline 



Complex Systems and Self-Organisation 

Å . . . a set of dynamical mechanisms whereby structures appear at the global 

level of a system from interactions among its lower-level components 
 

Å  The rules specifying the interactions among the systemôs constituent units 

are executed on the basis of purely local information, without reference to the 

global pattern, which is an emergent property of the system rather than a 

property imposed upon the system by an external ordering influence 

      [Bonabeau et al., 1997] 

 



Complex (ñweaveò)  vs  Complicated (ñfoldò) 

ü Complex system 
 

ü Evolved adaptive response 
 

ü Emergent non-deterministic patterns 
 

ü Self-organisation:  hard to predict 
 

ü Resilient to perturbations 
 

ü Interdependent networks 
 

ü Deals with information 

ü Complicated system 
 

ü Designed for performance 
 

ü Predictable deterministic regimes 
 

ü Blueprint:  verification and testing 
 

ü Brittle to malfunctions 
 

ü Centralised management 
 

ü Deals with data 



Ç  An array of cells that have a discrete value 

Ç  Future states determined by: 

ÁThe input from the neighbourhood 

ÁCurrent state of cell 

ÁThe rules that are applied to the input 

Case study: complexity of Cellular Automata 



Ç  Binary representation of 1-dimensional rules 

http://mathworld.wolfram.com/ElementaryCellularAutomaton.html 

Wolframôs representation 



Complexity and self-organisation in CA 

Chris Langton,  ñComputation at the edge of chaos:                                  

  Phase transitions and emergent computationò (1990):   
 

ü  how can emergence of computation be explained in a dynamic setting? 

ü  how is it related to complexity of the system in point? 

 
complex high-level structures 



Information:  source Ÿ receiver  (Shannon)  



Information-theoretic modelling  



Towards task-independence: Entropy  and  information 



Entropy  and  information 

 

               receiverôs diversity   



Entropy  and  information 

 

                                                      equivocation of receiver about source 



The ñmagicò formula 

Mutual information =  

               receiverôs diversity  ï  equivocation of receiver about source 



Predictive information = excess entropy 



Case study:  coordination in modular robots 



Richness / complexity of structure 

Á Objective: 

Á evolve snakebots for robust locomotion 

Á Conjecture: 

Á robust locomotion  needs  coordinated actuators 

Á Technical questions:  

Áhow to estimate ñirregularityò of multivariate time series in space & time? 

Áhow to quantify ñstructureò within the series? 

Space 

Time 



Maximising excess entropy 

rich structure  Ÿ  high excess entropy  =  fitness function (max) 

Space 

Time 



Results: actual angles 



Results: excess entropy (generalized) 



 

Information ñtransferò within the network  =   

diversity in the network  ï  assortative noise in the network 

 

Complex  networks  (Sole & Valverde) 



Complex  networks  (Sole & Valverde) 



Information content in directed networks 



Information content in directed networks 

ñRegulatorsò ñRegulateesò 



Information content in directed networks 

ñRegulatorsò ñRegulateesò 



Adaptation  =  increase in the mutual information between the system and the 

environment. 

ñEvolution increases the amount of information a population harbors about its niche" 

(Adami) 

 

Adaptation and evolution  (Adami) 



Adaptation and evolution  (Adami) 

Adaptation  =  increase in the mutual information between the system and the 

environment. 

ñEvolution increases the amount of information a population harbors about its niche" 

(Adami) 

 

Mutual information =  diversity  ï  equivocation (assortative noise, conflicts) 



The magic formula 

 

Structure  =  diversity  ï  assortative noise 

 

 



Time 

series 

üInformation storage: info in past of an agent relevant to predicting its future 

üActive info storage = mutual info between past and next step: 
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Active Information Storage (AIS): ñmemoryò 
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Transfer Entropy (TE): ñcommunicationsò 



storage transfer  

transfer  separable  

Java Information Dynamics Toolkit (Joseph Lizier): http://code.google.com/p/information-dynamics-toolkit/ 

Information  Dynamics of Cellular Automata  



Revisiting our motivating questionsé 

Chris Langton,  ñComputation at the edge of chaos: 

Phase transitions and emergent computationò (1990):   
 

- how can emergence of computation be explained in a dynamic 

setting? 

- how is it related to complexity of the system in point? 

 complex high-level structures 



Information dynamics of distributed computation in terms of 3 

components of Turing universal computation: 

Information 

modification 

Information 

transfer 

Information 

storage 

Particles (gliders)  

in CAs 

Particle collisions in CAs 

Blinkers in CAs 

Information dynamics: axis of complexity 



Local  Information Dynamics  



Coherent computation:  can it be used for GSO?  



Case study:  computational neuroscience 



Computational neuroscience:  visuo-motor task 

Å  extremely complex pathways 

Å  limited data resolution 

Å  very sparse data 

Å  multiple (concurrent) information flows 

Å  experimental constraints 

 

 

 



üCognitive task:  visuo-motor tracking 

- control a mouse with right hand to track a moving target on a computer screen  

- 4 levels of difficulty 

- 8 subjects  

- functional Magnetic Resonance Imaging (fMRI) measurements 

- brain activity in 16 localized regions  

- resolution:  typically, hundreds of voxels in each regions 

 

 

üResearch aim:  information flow 

- underlying  directed  interaction structure between region pairs  

- changes in the structure as a function of the tracking difficulty 

 

Experiment (BCCN, Berlin, Germany) 



Objectives 

  

Å  How to build a network? 

 

Å  What is the information flow? 



Multivariate Information Transfer 
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Approach 

  

Å How to build a network?    

                                                                  add  links  if  information transfer  is significant 

Å What is the information flow? 



Directed information structure 

Statistical significance of the information transfer against the null hypothesis of having no  temporal 
relationship within a region pair 

Thickness of lines indicates the number of subjects which had a statistically significant connection 

planning 

control of 

perception 

execution 



Visuo-motor task:  results 

 

ü 3-tier inter-regional structure 

- movement planning 

- sensor (visual) processing  and  control of eye movement 

- motor (movement) execution 

 

 

ü as task becomes more difficult, there is an increased coupling 
between regions involved in 

- (a) movement planning (left SMA and left PMd)   and  

- (b) execution: 

- right cerebellum for hand movements 

- right SC for eye movement 



Motivating example:  information cascades in swarms 



Information cascades in swarms 



Results ï experiment 1 



Results (AIS):  constrained model (single swarm) 



Results (TE):  constrained model (single swarm) 



Results ï experiment 2 



Results (AIS):  constrained model (three swarms) 



Results (TE):  constrained model (three swarms) 



ü  information cascades occur in waves rippling through the swarm 

 

ü  swarmôs collective memory: active information storage (AIS) 

 

ü  swarmós collective communications: transfer entropy (TE) 

 

ü  ambiguous external stimuli:  positive and negative local TE 

 

ü  guidance: fixed velocity affects coherence 

 

Swarms:  lessons 



Case study:  Random Boolean Networks (RBNs) 

Y1 

B X 

A 

Y2 

RBNs have: 

Å N nodes in a directed structure 

Å which is determined at random 

from an average in-degree     

Each node has: 

Å Boolean states updated 

synchronously in discrete time 

Å update table determined at 

random,  with some bias  r 
K



Dynamics in RBN 
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Random Boolean Networks ï phases of dynamics 

üOrdered 

- Low connectivity (small K) or activity (r close to 0 or 1) 

- High regularity of states and strong convergence of similar global states 
in state space 

 

üChaotic 

- High connectivity and activity 

- Low regularity of states and divergence of similar global states 

 

üCritical 

- The ñedge of chaosò, separating ordered and chaotic phases 

- Change at a node in the network spreads marginally 

- Compromise between ñstabilityò and ñevolvabilityò 

- Given bias r, can calculate K 



Phase transitions in RBNs 
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Phase diagram 



Information transfer in RBNs? 



Information dynamics during phase transitions 

 

- order parameter sharply changes in response to a change in 

control parameter 

 

- what is the best generic (information) measure of 

- order parameter?  

- the rate of change in the order parameter? 

 

- specific questions: 

- what is the order parameter for RBNs? 

- what is the derivative of RBNôs order parameter? 

 



Phase transitions and order parameters 



Derivative of order parameter (divergence) 

(1987) 



RBNs:  searching for divergence at critical pointé  

(2008) 



RBNs:  searching for divergence at critical pointé  

Wang et al. (2011) 



Fisher Information 

A way of measuring the amount of information that an observable 

random variable X has about an unknown parameter ɗ 

Fisher information is not a function of a particular observation, 

since the random variable X is averaged out 



...connection to thermodynamics 



Fisher Information and order parameters 

Rate of change of the 

order parameter ! 

Fisher information matrix 



Fisher Information for RBN 

The discrete form of Fisher information is: 

 where   

 

 

 

The average Fisher information of the individual node, i:  



Fisher Information  ï  finite-size RBNs 



Phase diagram ï revisited  



Phase diagram ï via Fisher information 

rmax 



Fisher information:  summary  

 

üFisher information about the control parameter has maxima at the 

critical (K, r) points 

 

üPhase diagram plotted using rmax, where the maximum Fisher 

information occurs w.r.t. r for fixed K, reveals expected phases 

 

üFisher information is proportional to the rate of change of the 

order parameter 

 

 



Conclusions  

üInformation structure = diversity ï mismatch 

 

 

 

 

üInformation dynamics 

 

 

 

 

 
üInformation thermodynamics 
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Thank you!                   ...MCXS:  starting in 2017 



Master of Complex Systems (MCXS):  starting in 2017 
 Anticipate, Control and Manage Complexity of the Unexpected 

MCXS 

Research 
methods 

Biosecurity 

Engineering Transport 

Ecology 

bit.ly/MCXS-USYD 


