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Showcase: Info theory using JIDT and IDTxl

Session outcomes:
1. Appreciation of what information theory can tell us about 

neural data
2. Understanding of what JIDT offers and able to get started:
– AutoAnalyser and Short course

3. Understanding of IDTxl for
effective network inference

– Primary references (see tute web page):
– Papers
– Lizier, "JIDT: ...", Frontiers in Robotics and AI, 

1:11, 2014.
– Wollstadt et al., “IDTxl: ...” Journal of Open 

Source Software, 4(34), 1081, 2018.
– Github:
– http://github.com/jlizier/jidt/
– https://github.com/pwollstadt/idtxl

– Short course: http://bit.ly/jidt-course-alpha

http://doi.org/10.3389/frobt.2014.00011
https://doi.org/10.21105/joss.01081
http://github.com/jlizier/jidt/
https://github.com/pwollstadt/idtxl
http://bit.ly/jidt-course-alpha
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– JL: “Information is all about questions and answers”

– Information is the amount by which
– one variable (an answer/signal/measurement)
– reduces our uncertainty or surprises us
– about another variable.

– We need to quantify both:
– Uncertainty (entropy)
– Uncertainty reduction (information)

– This was quantified by Claude Shannon

Defining information – first pass

C. E. Shannon. A mathematical theory of communication. Bell System Technical Journal, 27(3–4):379–423, 623–656, 1948.
T. M. Cover and J. A. Thomas. Elements of Information Theory. Wiley-Interscience, New York, 1991.
D. J. C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press, Cambridge, 2003
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Fundamental measures

Entropy (uncertainty) Mutual information

Average

Pointwise/local

H(Y)H(X)

+ +

H(X,Y)

++H(X|Y) H(Y|X)

I(X;Y)I(X;Y)

Can define:
• Joint versions,

• e.g. H(X,Y) or H(X); and
• Conditional versions,

• e.g. H(X|Y), I(X;Y|Z)
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What can you measure with information theory?

– How surprising is sex = F?
– How much uncertainty is there about 

the identity?
– Uncertainty reduction about 

identity from hair colour?
– Information about identity from 

hair = red?
– Information about sex = F from 

hair = red?
– Information about sex = F from 

hair = red given hat = yes?

Image credit: Matěj Baťha [CC BY-SA 3.0], from Wikimedia Commons

– How surprising is object = face?
– How much uncertainty is there about 

the object?
– Uncertainty reduction about object 

from area-1?
– Information about object from 

area-1 = 0.8?
– Information about area-1 = 0.8 

from area-2 = 0.2?
– Information about area-1 = 0.8 

from area-2 = 0.2 given area-3 
= -0.2?

Image modified from an original credited to dow_at_uoregon.edu, obtained here (distributed without restrictions)

https://commons.wikimedia.org/wiki/File:Essen08_-_Kdo_jsem.jpg
http://markdow.deviantart.com/art/Brain-chips-46501716
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Why use information theory for neural data analysis?

– How surprising is object = face?
– How much uncertainty is there about 

the object?
– Uncertainty reduction about object 

from area-1?
– Information about object from 

area-1 = 0.8?
– Information about area-1 = 0.8 

from area-2 = 0.2?
– Information about area-1 = 0.8 

from area-2 = 0.2 given area-3 
= -0.2?

Image modified from an original credited to dow_at_uoregon.edu, obtained here (distributed without restrictions)

– Allows us to answer questions 
that are naturally phrased:
– In a model-free way
– Captures non-linearities
– Estimators for different data 

types, and multivariates

1. The nature of neural codes
a. Bridging Marr’s task and 

implementation levels
b. Functional relationships

2. Modelling information 
processing dynamics

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://markdow.deviantart.com/art/Brain-chips-46501716
http://dx.doi.org/10.3389/frobt.2015.00005
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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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JIDT and IDTxl - use cases

Also depends on:
– You: coding/info theory beginner or like GUIs? JIDT
– What you want to measure:
– Raw information measures? JIDT
– Information decomposition? IDTxl

– The scale you’re working at:
– Network inference / explore which relationships exist? IDTxl
– Measuring relationships b/w/ selected ROIs? JIDT

IDTxl



The University of Sydney Page 9

Java Information Dynamics Toolkit (JIDT)

– JIDT provides a standalone, open-source (GPL v3 licensed) 
implementation of information-theoretic measures of 
information processing in complex systems

– JIDT includes implementations:
– Principally for transfer entropy, mutual information, their conditional 

variants, active information storage etc;
– For both discrete and continuous-valued data;
– Using various types of estimators (e.g. Kraskov-Stögbauer-Grassberger, 

linear-Gaussian, etc.), including GPU

– Available on github: http://github.com/jlizier/jidt/

http://github.com/jlizier/jidt/
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Java Information Dynamics Toolkit (JIDT)

– JIDT is written in Java but directly usable in Matlab/Octave, 
Python, R, Julia, Clojure, etc.

– JIDT requires almost zero installation.

– JIDT is associated with:
– A paper describing its design and usage:

• J.T. Lizier, Frontiers in Robotics and AI 1:11, 2014; arXiv:1408.3270
– Full Javadocs and wiki;
– A course (in progress; tutorial and exercises for now).
– A suite of demonstrations, including in each of the languages listed 

above;
– A GUI for push-button analysis and code template generation;

– Code credits: JL, Pedro Mediano, Ipek Özdemir, …

http://arxiv.org/abs/1408.3270
https://github.com/jlizier/jidt/wiki
http://bit.ly/jidt-course-alpha
https://github.com/jlizier/jidt/wiki/Demos
https://github.com/jlizier/jidt/wiki/AutoAnalyser
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Auto Analyser GUI (Code Generator)

– Computing MI could not be easier:

Just follow the GUI:
1. Select estimator
2. Select data file
3. Identify source/target 

columns in data OR
click “All pairs”

4. Fill out properties (use tool tip 
for descriptions)

5. Click “Compute”
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Auto Analyser GUI (Code Generator)
– Clicking “Compute” then gives you:

1. The estimated result of the measure
2. Code to generate this calculation in Java, Python and Matlab
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Iterative/greedy approaches

… … … … … … … … … … …

… … … … … … … … … … …

tim
e

variables

Max time 
horizon

Target embedding candidates

Target embedding selections

– Instead, infer parents one by one in a greedy fashion:
0.         Embed target past
1. Start with empty parent set P
2. Evaluate TE from each source to target, conditioning on P.
3. Add the source with max cond. TE to P if p-value is statistically significant.
4. Go back to step 2 if a new parent was added, else go to step 5.
5. Prune redundant links in context of final set P.
6. Perform statistical test of whole parent set P.

Source candidates

Source selections (parent set P)
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IDTxl software

– IDTxl implements the greedy algorithm, including:
– Various pluggable estimators, for TE and MI

• Nonlinear and linear
• CPU (JIDT) and GPU (OpenCL), parallelisable

– Various I/O functions

1. Wollstadt, P., Lizier, J. T., Vicente, R., Finn, C., Martinez-Zarzuela, M., Mediano, P. A. M., Novelli, L., Wibral, M. (2019). IDTxl: The Information 
Dynamics Toolkit xl: a Python package for the efficient analysis of multivariate information dynamics in networks. Journal of Open Source 
Software, 4(34), 1081. https://doi.org/10.21105/joss.01081

2. Novelli, L., Wollstadt, P., Mediano, P. A. M., Wibral, M., & Lizier, J. T. (2019). Large-scale directed network inference with multivariate 
transfer entropy and hierarchical statistical testing. Network Neuroscience, 3(3), 827–847. https://doi.org/10.1162/netn_a_00092 

– Handles TE parameter selection, 
non-uniform embedding / delay 
selection of sources;

– Hierarchical statistics, including 
“Max statistics” for multiple 
comparison correction in parent 
selection.

https://github.com/pwollstadt/IDTxl
https://doi.org/10.21105/joss.01081
https://doi.org/10.1162/netn_a_00092
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Sample code
# Import classes
from idtxl.multivariate_te import MultivariateTE
from idtxl.data import Data
from idtxl.visualise_graph import plot_network
import matplotlib.pyplot as plt

# Generate test data
data = Data()
data.generate_var_data(n_samples=1000)

# Initialise analysis object and define settings
network_analysis = MultivariateTE() 
settings = {'cmi_estimator': 'JidtKraskovCMI',

   'max_lag_sources': 5,
   'min_lag_sources': 1}

# Run analysis
results = network_analysis.analyse_network(settings=settings, data=data)

# Plot inferred network
plot_network(results=results, weights='max_te_lag', fdr=False)
plt.show()
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Validation of effective network inference

1. Novelli, L., Wollstadt, P., Mediano, P. A. M., Wibral, M., & Lizier, J. T. (2019). Large-scale directed network inference with multivariate 
transfer entropy and hierarchical statistical testing. Network Neuroscience, 3(3), 827–847. https://doi.org/10.1162/netn_a_00092 

2. Novelli, L., & Lizier, J. T. (2020). Inferring network properties from time series via transfer entropy and mutual information: validation of 
bivariate versus multivariate approaches, arXiv:2007.07500  http://arxiv.org/abs/2007.07500 

https://doi.org/10.1162/netn_a_00092
http://arxiv.org/abs/2007.07500
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Showcase: Info theory, JIDT and IDTxl: summary

Session outcomes:
1. Appreciation of what information theory can tell us about 

neural data
2. Understanding of what JIDT offers and able to get started:
– AutoAnalyser and Short course

3. Understanding of IDTxl for
effective network inference

– Primary references (see tute web page):
– Papers
– Lizier, "JIDT: ...", Frontiers in Robotics and AI, 

1:11, 2014.
– Wollstadt et al., “IDTxl: ...” Journal of Open 

Source Software, 4(34), 1081, 2019.
– Github:
– http://github.com/jlizier/jidt/
– https://github.com/pwollstadt/idtxl

– Short course: http://bit.ly/jidt-course-alpha

http://doi.org/10.3389/frobt.2014.00011
https://doi.org/10.21105/joss.01081
http://github.com/jlizier/jidt/
https://github.com/pwollstadt/idtxl
http://bit.ly/jidt-course-alpha
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Questions


