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“If you understand, things are as they are.
If you do not understand, things are as they are.”

Gensha, Zen master



Premise

• Brains may or may not be
– computational systems
– information processing systems
– systems that utilize a “neural code”

• But brains do
– consist of elements that enter into causal interactions with 

one another, as well as with the surrounding body and the 
environment



Outline

• Granger causality

• Causal connectivity of a neurorobotic system

• Causal cores (the effect of synaptic plasticity on 
causal connectivity)

• Causal density … if time allows



Granger causality



Granger causality
Causality based on prediction: If a signal X1
causes a signal X2, then knowledge of the 
past of both X1 and X2 should improve the 
predictability of X2, as compared to 
knowledge of X2 alone.

( ) ( ) ( ) ( )

( ) ( ) ( ) )(22
1

221
1

212

2
1

121
1

111

tjtXAjtXAtX

tjtXAjtXAtX

m

j

m

j

m

j

m

j

ε

ε

+−+−=

+−+−=

∑∑

∑∑

==

1
==

If the variance of the prediction error ε2
is significantly reduced by the inclusion of 
X1 in the second equation, then we say that  
X1 Granger-causes X2, and vice-versa.



Granger causality

• Statistical, not physical
• Causality can be unidirectional or reciprocal
• Does not require lesions, perturbations, etc.
• Many extensions to suit neurodynamic analysis:

– Multivariate Granger causality
– Frequency domain Granger causality
– Non-linear Granger causality
– Short time window Granger causality



Granger causality graphs

• Represent Granger causality interactions as a 
directed graph

• Allows useful summary statistics, e.g.,
– Causal flow
– Causal density

Seth, A. (2005). Network: Comp. Neur. Sys. 16(1):35-54.

cd = α/n(n-1), where α is the total 
number of significant (Granger) causal 
links observed, and n is the number of 
elements in the network.



Brain-based devices / Neurorobotics

• Embodied morphology (including sensors)
• Neural simulation 
• Value system / synaptic plasticity

develop
theory

test with neurorobot

create 
simulation

analysis

Darwin IX



• The brain is embodied, the body is embedded.
• The perception – action cycle.



Darwin X:
Spatial memory and navigation

• Putting together the ‘what’, 
‘when’ and ‘where’ of 
events.

• In humans and animal 
models, the hippocampus
is crucial for this function, or 
functions.

Krichmar, J., Seth, A., et al. (2005). Neuroinformatics 3(3):197-222

Seth, A., & Edelman, G. (2007). Neural Computation 19:1-24.

Krichmar, J.  et al. (2005). PNAS.



Hippocampal neuroanatomy
“place cells”



Spatial memory in the Morris water maze 





Typical training run

Block 1

Block 2

Block 3

Block 4



Granger causality graphs

Tri-synaptic pathway Perforant pathway



Causal connectivity 
before and after learning

Trial 17Trial 1

Reciprocal causality

One-way causality

CA1 cell ‘place field’



Causal connectivity
before and after learning 

• Proportion of tri-
synaptic pathways 
decreases with 
experience.

• Proportion of 
perforant pathways 
increases.

• May reflect greater 
need for integration 
early in learning.

21.6 14.8Perforant

29.0 42.0 Tri-synaptic

Trial 17 
(n=162)

Trial 1 
(n=231)

Percentage of Causal Pathways



Causality between hippocampus 
and cortical regions

• Cortical regions are causing or driving the hippocampus
• Hippocampal regions tend to be driven or balanced



Causal ‘cores’

Seth, A., & Edelman, G. (2007). Neural Computation 19:1-24.



a. Pick a ‘Neural 
Reference’ (NR)

b. Identify the 
‘context network’
(by a ‘backtrace’).

c. Granger 
causality analysis 
for each synapse.

d. Identify causal 
core.

e. The causal 
core ‘in vivo’.



Darwin X: Context network



Darwin X: ‘Granger’ network



Darwin X: Causal core

• A causal core is that subset of a context network which is 
causally significant for the corresponding neural reference.



Network composition

• Causal cores are much smaller than context networks, and they 
frequently reflect trisynaptic and perforant pathways.



Causality between hippocampus 
and cortical regions

• Cortical regions are causing or driving the hippocampus
• Hippocampal regions tend to be driven or balanced



Do causal cores reflect only 
strong synaptic connections?



Multilevel dynamics of learning

How to get from this … … to this

• Different spatial scales
• Different time scales
• Influence of neuronal populations



time (# trials during learning)

Causal cores during learning



Only causal cores get smaller

• As a result of experience, causal cores become progressively 
smaller, whereas context & Granger networks do not.

• Causal core “refinement” results from the modulation by 
synaptic plasticity of causal pathways within neuronal 
populations. Seth, A., & Edelman, G. (2007). Neural Computation 19:1-24.



• The concept of a causal core provides a novel means 
of linking neuronal interactions in large populations to 
specific events.

– No assumptions about population ‘codes’
– No assumptions about population ‘representations’

• Neuronal variability may reflect a diverse repertoire, 
and not ‘noise’ to be removed by averaging.

• Recent methodological advances may allow analysis 
of similar phenomena in biological systems.

Causal cores
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Summary
• Granger causality allows inference of causal interactions in 

neural network dynamics.

• Analysis of a neurorobotic device reveals causal circuits that are 
modulated during learning.

• At a fine-grained level of analysis, we can find causal cores
that are tied to particular neuronal events.

• These causal cores shrink during learning, suggesting selection 
of particular functional pathways from a diverse repertoire.

• Causal density may provide a useful as a measure of 
dynamical complexity in networks.

More details, papers, MATLAB code etc.,  on www.anilseth.com


