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Local information storage in cortical processing

Big picture: we want to measure operations of information process-
ing, and in particular measure their spatiotemporal dynamics.

Proof of concept regarding utility of local characterisation of infor-
mation storage dynamics in neural data:
• Use local active information storage to
• Measure dynamics of information processing during visual stim-

ulation of a cat, using VSD imaging data from area 18.
Results:
• Reveals stimulus preferences and surprise upon unexpected

stimulus change.
• Implications for theories of predictive coding.
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Motivation: measuring neural information processing

It is easy to identify which components store, transfer and modify
information in a PC.

Yet it is not so easy to identify these Turing operations in neural
information processing:
→ These operations seem to occur simultaneously
Q. How can these operations be decomposed and measured?
Q. How can we identify them on a local scale in space and time,

so as to study the dynamics of how neural processing unfolds
in space and time, i.e.

– ”When and how much information is transferred from region
A to region B?”
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Information dynamics

Studies computation of the next state of a target variable in terms of
information storage, transfer and modification: (Lizier et al., 2008, 2010, 2012b)

The measures examine:
• State updates of a tar-

get variable;
• Dynamics of the mea-

sures in space and time.
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Information storage

Zipser et al. (1993) contrast two ways of storing information:
• passive storage – in synaptic changes, and
• active storage – in maintaining neural activity
→ link to short-term or working memory.
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Information storage

Zipser et al. (1993) contrast two ways of storing information:
• passive storage – in synaptic changes, and
• active storage – in maintaining neural activity
→ link to short-term or working memory.

Active storage has been used with some success to:
• analyze cerebro-vascular dynamics (Faes et al., 2013), informa-

tion processing in swarms (Wang et al., 2012), and
• to evolve (Prokopenko et al., 2006), and optimize (Dasgupta

et al., 2013) artificial information processing systems
Yet it has not received the same attention as passive/structural stor-
age in neural dynamics . . .
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Active information storage (Lizier et al., 2012b)

Mutual information I(Xn+1;X
(k)
n ) between the past state X

(k)
n of a

process X = {. . . , Xn−1, Xn, Xn+1, . . .} and its next observation
Xn :

Active information storage:
AX = I(Xn+1;X

(k)
n )

=

〈
log2

p(xn+1|x
(k)
n )

p(xn+1)

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

Features: model-free; captures non-linear relationships.
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Active information storage: mechanisms

I(Xn+1;X
(k)
n )

• Physical mechanisms:
– Internal memory: decay function, refractory period;
– Network structure: feedback cycles and feedforward loops

(Lizier et al., 2012a; Zipser et al., 1993)

• Input-driven storage (Obst et al., 2013)
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Active information storage (Lizier et al., 2012b)

Is related to several other information-theoretic measures:
• Complementary to:

= Approximate Entropy (Pincus, 1991)
= Sample Entropy (Richman and Moorman, 2000)
= Corrected Conditional Entropy (Porta et al., 1998)
= Entropy rate (Crutchfield and Feldman, 2003)

• Component of:
= Excess entropy (Crutchfield and Feldman, 2003)
= Predictive information (Bialek et al., 2001)

• Complementary to: Transfer entropy (Schreiber, 2000)
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Local active information storage (Lizier et al., 2012b)

Mutual information I(Xn+1;X
(k)
n ) between the past state X

(k)
n of a

process X = {. . . , Xn−1, Xn, Xn+1, . . .} and its next observation
Xn :

Active information storage:
AX = I(Xn+1;X

(k)
n )

=

〈
log2

p(xn+1|x
(k)
n )

p(xn+1)

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

Local active information storage:

aX(n) = log2
p(xn+1|x

(k)
n )

p(xn+1)

Information from a specific past state
that is in use in predicting the specific
next value.

AX = 〈aX(n)〉

aX(n)
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Interpreting local active information storage

aX(n) = log2
p(xn+1|x(k)

n )
p(xn+1)

1. p(xn+1 | x(k)
n ) > p(xn+1) past state was informative aX(n) > 0

2. p(xn+1 | x(k)
n ) < p(xn+1) past state misinformative aX(n) < 0
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Interpreting local active information storage

aX(n) = log2
p(xn+1|x(k)

n )
p(xn+1)

1. p(xn+1 | x(k)
n ) > p(xn+1) past state was informative aX(n) > 0

2. p(xn+1 | x(k)
n ) < p(xn+1) past state misinformative aX(n) < 0

Cellular automata example:
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(b) LAIS

time

cells
Informative storage during regular pat-
terns;
Misinformative storage at gliders, with
change in phase or pattern of activity

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

Lizier et al. (2007-2012)
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Experiment

• Voltage sensitive dye (VSD) applied to visual cortex (area 18)
of anaesthetised cat
• Imaged at 30 µm2 per pixel and 6.7 ms per frame (150 Hz)
• 64 × 2 sec trials: 1 sec of isoluminescent grey screen, then

stimulus with 1 sec of 384 randomly positioned dots moving co-
herently in one of 8 directions;

• Blank trials used to subtract artifacts out.
• LAIS measured using JIDT open source code (Lizier, 2012), via

kernel estimation, with k = 10, τ = 2 embedding.
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Results: 1. Temporally-specific LAIS patterns

40 ms-74.5 ms 126.5 ms 227 ms 327.5 ms 428.5 ms

-60  60 a.u.
4.11 mm2.

20
 m

m

direction of motion:180 deg.

Baseline Stimulus onset Stimulus

1. Larger AIS values under stimulus than baseline;
2. Sharp drop in LAIS values across region – many pixels indicat-

ing misinformation from their past – just after stimulus onset;
→ Could be a useful general indicator of stimulus regime changes

3. Recovery and sustained rise of LAIS during stimulus.
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Results: 1. Temporally-specific LAIS patterns
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1. Larger AIS values under stimulus than baseline;
2. Sharp drop in LAIS values across region – many pixels indicat-

ing misinformation from their past – just after stimulus onset;
→ Could be a useful general indicator of stimulus regime changes

3. Recovery and sustained rise of LAIS during stimulus.
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Results: 2. Spatially-specific LAIS patterns
Mean VSD Mean LAIS during stimulation

• Stimulus-dependent, spatial patterns
of LAIS

• Effects largest in spatially-segregated
regions

• More stimulus dependent than raw
VSD activity?
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Results: 3. Correlation to raw local VSD activations?
Mean VSD Mean LAIS during stimulation

Weakly correlated when viewing all epochs,
but:

• Strongly anti-correlated during base-
line and stimulus onset;

• Strongly correlated during later stim-
ulus.

Complex relationship: LAIS certainly ex-
tracts novel insights into information pro-
cessing.
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Further comments

• Recovery time of the stimulus-induced LAIS drop was∼ 34 ms:
– giving an insight into intrinsic info storage time scales;
– corresponds to high β band.

• Connection to theories of predictive coding: that a system is
generating predictions of incoming sensory input to adapt inter-
nal behaviour and processing (Rao and Ballard, 1999)

– LAIS in activity is tied to predictability seen downstream.
– Cost of reduced LAIS would be more frequent signalling of

prediction errors (metabolic cost).
– LAIS may enable us to test theory rather directly...
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Summary

Local active information storage reveals dynamics of storage opera-
tions in neural information processing:
• Reveals strong prediction of future values from past – indicating

e.g. entrainment to stimulus;
• Reveals misinformation from past values about future – indicat-

ing e.g. stimulus regime changes;
• Adds significant insights beyond raw activation levels.

Other studies using active information storage planned / in progress,
e.g.:
• May be useful in testing theories of predictive coding;
• Has indicated reduced predictivity in dynamics in Autism spec-

trum disorder (Gomez et al., 2014).



21. Local active information storage in distributed cortical information processing– NeuroEng 2014, Adelaide, Feb 2, 2014

References
W. Bialek, I. Nemenman, and N. Tishby. Complexity through nonextensivity. Physica A: Statistical Mechanics and its Applications, 302(1-4):

89–99, 2001.
J. P. Crutchfield and D. P. Feldman. Regularities unseen, randomness observed: Levels of entropy convergence. Chaos, 13(1):25–54, 2003.
S. Dasgupta, F. Wörgötter, and P. Manoonpong. Information dynamics based self-adaptive reservoir for delay temporal memory tasks. Evolving

Systems, pages 1–15, 2013.
L. Faes, A. Porta, G. Rossato, A. Adami, D. Tonon, A. Corica, and G. Nollo. Investigating the mechanisms of cardiovascular and cerebrovascular

regulation in orthostatic syncope through an information decomposition strategy. Autonomic Neuroscience, 2013.
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