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“The best model of a cat is a cat

- preferably the same cat”



I: Dynamics

Breakspear (2004) NeuroInformatics 2: 205-226

Prevailing techniques of analysing neuroimaing data (here fMRI) 
are based upon statistical identification of regions of interest

We adopt an approach which views the whole brain as governed by 
deterministic dynamical processes



1. The Basic Model: Pyramidal Cells

We begin by modelling a local 
ensemble of interconnected 

Pyramidal cells (V) and Inhibitory 
cells (Z).

Potassium channels (W) are also 
modelled dynamically V

Z



1. The Basic Model: Pyramidal Cells

Maximum conductance 
of each ion species

Nernst potential of 
each ion species
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Nonlinear neural ‘activation 
function’ (Freeman 1975,79) 
– also Haken, Lopez da Silva

Proportion of open voltage-
gated ion channels
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This permits an exponential 
relaxation of K+ channels between 

their open and closed conformations 
(other ion channels change directly 

with membrane potential)

1. The Basic Model: Potassium Channels

Morris & Lecar (1981) Biophys. J.
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1. The Basic Model: Inhibitory Cells
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Larter et al. (1999) Chaos.
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1. The Basic Model: Local Subsystem

V
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Larter et al. (1999) Chaos.
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1. The Basic Model: Local Subsystem

V
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Breakspear, Terry, Friston. (2004) Network: Computation in Neural Systems



• Parameters approximate physiological range
• Random initial conditions
• One ‘control’ parameter – such as VT

Steady state:

1. The Basic Model: Local Subsystem Dynamics
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Time series plot Phase portrait



Simple and complex periodic behaviors

1. The Basic Model: Local Subsystem Dynamics
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Aperiodic (chaotic) oscillations

1. The Basic Model: Local Subsystem Dynamics



1. The Basic Model: Local Subsystem Dynamics

.26.0

,0.0

,015.0

3

2

1

−=Λ
=Λ
=Λ

Homoclinic chaos: Lyapunov spectra =



The modular organization of the neuropil 
is a key feature of neural organization.

Modularity is evident across a heirarchy
of scales – neurons, minicolumns, cortical 

columns, cortical regions, etc

1. The Basic Model: Coupled Subsystems

Nunez, PL (1995) Neocortical Dynamics and Human 
Brain Rhythms, Oxford University Press: Oxford.



• A cortical-like neural system is constructed by 
competitive excitatory-to-excitatory synaptic coupling

V j
Z j

V i
Z i

C

Monoaminergic neuron

The strength of this excitatory coupling is modulated by a 
parameter that models ascending monoaminergic neurons

1. The Basic Model: Coupled Subsystems



1. The Basic Model: Coupled Subsystems
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This is achieved by modifying the evolution of the local pyramidal 
cells to,



Without coupling (C=0), the systems evolve independently;

2. Nonlinear interdependence: No coupling
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2. Nonlinear interdependence: Strong coupling

V

Time (ms)V

Z

W

With C=0.2, there is a rapid approach to identical 
synchronization (Vi=Vj)



2. Nonlinear interdependence: Strong coupling

V

Z

W

Vi

Vj

With C=0.2, there is a rapid approach to identical 
synchronization (Vi=Vj)



With C=0.2, there is a rapid approach to identical 
synchronization (Vi=Vj)

2. Nonlinear interdependence: Strong coupling

V
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W

Vi

Vj

Vi=Vj : “Synchronization Manifold”



The dynamics can be divided into those within (L ) and those 
transverse to (�) the synchronization manifold.

2. Nonlinear interdependence: Strong coupling
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‘blowout’ bifurcation (Ott, Sommerer 1994)

2. Nonlinear interdependence: Lyapunov spectra

Breakspear, Terry, Friston. (2003) Network: Computation in Neural Systems



2. Nonlinear interdependence: Lyapunov spectra

C=0 C=0.2



With weak coupling (C=0.05), the systems exhibit 
intermittent desynchronizations

3. Nonlinear desynchronization
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3. Nonlinear desynchronization

Vi

Vj

V
i -V

j

Wi-Wj time

With weak coupling (C=0.05), the systems exhibit 
intermittent desynchronizations
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Breakspear, Williams, Stam. (2004) J. Computational Neurosci.
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4. Cortical Arrays

A cortical array is 
constructed by coupling 

an ensemble of 
subsystems
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The strength of the 
coupling drops inversely 

with subsystem 
separation



c=0; N=0.01
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4. Cortical Arrays
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4. Cortical Arrays
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4. Cortical Arrays: 2-D

H

x
y



5. From model to data: Haemodynamic convolution

Neural activity, V(x,t) Physiological process, P(x,t)

Experimental signal, sk(tk)
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5. From model to data: Haemodynamic convolution

fMRI
data
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Wavelets permit the measurement 
and modelling of inter-scale effects 

in neural systems

II: Wavelets



How does information “cascade” from 
microscopic feature-specific 

neurons/networks to macroscopic 
cortical regions?

Macroscopic

This modular architecture is apparent 
over a hierarchy of spatial scales

Microscopic

The modular architecture of the neuropil is a key 
feature of neural organization



original data

scale j=1 approximation details

scale j=2 approximation              details

scale j=3 approximation details

Wavelets

Wavelets are families of functions 
generated from a single ‘mother’ wavelet 
function � by, 

where j denotes ‘scale’ and k ‘position’
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Wavelets are natural basis functions for investigating 
such phenomena
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Wavelets (and their cousins, 
“scaling” functions) permit a 

“multiscale decomposition” of 
any signal across a hierarchy 

of scales j=1,2,3, …,N



Wavelet decomposition of a ‘chirp’
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Properties

Let Wj be the linear subspace spanned by ψj

and L j be the subspace projector onto W j. 
Then:

1. f(x)∈Wj ⇔ f(2x)∈Wj+1.

2. ¯ j∈ZWj=L2(R) and ¨ j∈ZWj={0}.

3.
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Wavelet decomposition: Mathematical form



Wavelet decomposition of a ‘chirp’

j=1
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1. Wavelet decomposition of fMRI data
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1. Wavelet decomposition of fMRI data
),(1 tY xΛ ),(3 tY xΛ

),(4 tY xΛ ),(5 tY xΛ



1. Wavelet decomposition of fMRI data
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2. Multiscale connectivity in a neural model

x

xx

Projection of V(x,t) onto 
orthogonal wavelet 
subspaces WjV(x,t)

j=1,2,…,5

c=3; N=16

V(x,t)

WjV(x,t)



2. Multiscale connectivity in a neural model
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c=3; N=16
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Convolution with 
wavelet functions to 

yield detail coefficients

j=1,2,…,5



2. Multiscale connectivity in a neural model

c=3; N=16
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This can be decomposed into its time symmetric and 
anti-symmetric components,

Note that EE(I,0)=0: Hence EE can be interpreted 
as information ‘flow’ between scales

from (Nakao et al. 2001 IJBC 11: 1483)
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2. Multiscale connectivity in a neural model
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2. Multiscale connectivity in a neural model
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2. Multiscale connectivity in a neural model
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2. Multiscale connectivity in a neural model

c=4; N=16
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2. Multiscale connectivity in a fMRI data:

2.1 Two discrete regions
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Within or between-scale correlations of fluctuations centred at two discrete points x1 and x2 can be defined as,

Note that CC(x1,x2,0) is not symmetric and hence does not permit the same decomposition (into DD and EE). 
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2. Multiscale connectivity in a fMRI data:

2.2 One discrete region and one brain network
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Within or between-scale correlations of fluctuations between a discrete point x1 and a brain ‘domain’ � can be 
obtained by spatial integration,

Again CC(x1,�,0) is not symmetric and hence does not permit the same decomposition (into DD and EE). 
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2. Multiscale connectivity in a fMRI data:

2.3 Within a brain network (between scales)
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Between-scale correlations of fluctuations within a brain ‘domain’ � can be obtained by spatial integration,
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As with the neuropil, the vasculature of the brain also exhibits a multiscale architecture 
(major and minor arteries, arterioles, capillaries, venules, etc.)

3. Multiscale neurovascular coupling

The BOLD signal Y contains signal from all such vessels ,

where Aj is the contribution of signal yj at scale j to Y.
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We permit scale-specific neuro-vascular coupling and blood flow parameters as,

where is the metabolic demand function
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Breakspear & Stam. (2005) Phil. Trans. Royal Soc. Lon. B



3. Multiscale neurovascular coupling

Buxton & Frank (1997), Friston et al. (2000)

V(x,t)
(neural 
activity)

Y(x,t)
(BOLD)
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3. Multiscale neurovascular coupling

V(x,t)

Y(x,t)
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3. Multiscale neurovascular coupling
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3. Multiscale neurovascular coupling
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As with functional connectivity, multiscale connectivity does not directly reflect neural effects 

Neural Dynamics Neural Data
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5. General multiscale brain theory

Coupling causes scale-free and scale-specific emergent phenomena in the spatial domain:

Unlike many ‘scale-free’ physical systems, the brain has an a priori (multiscale) architecture 
from which such scale-free dynamics emerge

� How to model scale-free dynamical systems interacting within a multiscale architecture?

Spatial frequency (image-1)  
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Multiscale Neural Modelling

Emergent phenomena are reflected in the wavelet subspace projections

Base Dynamics
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0 x 64

Multiscale Neural Modelling

Why not add larger scale systems and use the scale-congruent projections to drive them? 

Base Dynamics
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0 x 64

Multiscale Neural Modelling

Why not add larger scale systems and use the scale-congruent projections to drive them? 

Base Dynamics
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Multiscale Neural Modelling

Recursive application of subspace projection and coupling enables construction of a dynamic multiscale hierarchy
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Multiscale Neural Modelling

Addition of a time-scale multiplier also permits geometric temporal multiscale nesting (following Fujimoto & 
Kaneko Physica D 180: 1-16.)
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T <1 ensures the smallest spatial scales have the fastest time 
scales



Multiscale Neural Modelling

Uncoupled fine grained system, cj=0 and T=1.
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Synchronized fine grained system, cj=0.6 and T=2.
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Multiscale Neural Modelling

Synchronized fine grained system, cj=0.6 and T=2.

time 
(ms)

N

cJ=0.35 cJ=0.35 cJ=0.35

cj=0.6

C=0 C=0.025 C=0.075

time 
(ms)

time 
(ms)

time 
(ms)

( )txV i
jjJ ,)()(Λ

<V> <V> <V>



Multiscale Neural Modelling
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Fine grained travelling waves, cj=0.54 and T=1.
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Fine grained travelling waves, cj=0.54 and T=1.
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Three tiered system
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Three tiered system
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Hence, a multiscale neural evolution equation:

and a scale-specific projections of neural data into measurement space,

5. General multiscale brain theory
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