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The "Big Bang" of Information Theory

10

History

Shannon, C. E. (1948): A mathematical theory of communication, Bell system technical journal, 27, 623-656

Bild: www.theguardian.com
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Information = # of optimal binary questions between prior and posterior state of uncertainty

1 question = 1 bit
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Uncertainty = missing information
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Any set of symbols can be expressed in a 1/0 alphabeté

é and can be interpreted as a sequence of answers on Yes/No questions

H20 = 1001000 110010 1001111
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0 1 p

The smaller the probability of a signal, the more informative it is

Information is additive (probabilites are multiplicative)
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Entropy = Average # of questions
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H(A) = 2 bit H(B) = 0 bit H(C) = 1.75 bit



How much information can we transmit with different alphabets?
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How much information can we transmit with different alphabets?
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chineseenglish

french german H = 4.0 bit

H = 4.2 bit H = 9.6 bit

H = 3.9 bit



What happens if the probability distribution is more than 1-d?

Joint Entropy

22

Basics

0.1 0.1 0

0 0.2 0.1

0.3 0 0.2

X

Y
1

'10' '20' '30'

'1
'

'2
'

'3
'

0.2

0.3

0.5

X

Y
1

'any'

'1
'

'2
'

'3
'

0.4 0.3 0.3

X

Y

1

'10' '20' '30'

'a
n
y'

p(X)

p(Y)

p(X,Y)

Ὄὢȟὣ ὴὼȟώ ɇὰέὫὴὼȟώ

Joint entropy is the entropy of a 

joint distribution

Can be calculated for an any-

dimensional distribution

Can be interpreted as the average 

number of binary questions 

required to guess a paired signal 

(x,y)



What happens if we have prior knowledge of y when guessing x from (x,y)?

Conditional Entropy
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Information inequality

Compared to entropy H(X) of the target, conditional entropy is the 
reduced uncertainty thanks to having advance knowledge of y when 
guessing x of a pair (x,y)

While for a particular yj, H(X|Y=yj ) can be >, <, or = H(X),                    
on average it holds
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Ὄὢ Ὄὢȿὣ

Information can't hurt! (but there is a catch)



The relation between Joint Entropy, Entropy, and Conditional Entropy

Mutual information

X knows in absolute terms as much about Y as Y knows about X!

In relative terms it may differ
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Variability (system)
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Crossentropy
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Crossentropy
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Crossentropy measures total uncertainty from 

Variability (data-uncertainty)

Representativity, Consistency, Compression (model-uncertainty)
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Kullback-Leibler divergence
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Kullback-Leibler divergence measures model-uncertainty

Ὀ ὢȿȿὢ Ὄ ὢȿȿὢ (8
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Entropy limits
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H(B) = 0 bit H(A) = 2 bit =  log2(# of bins)



Entropy limits
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Limits

H(A) = 2 bit =  log2(# of bins)H(B) = 0 bit



Entropy limits

Maximum Entropy principle for inference

Jaynes (1957, 2003): "given all known constraints, 
all remaining unknowns should be represented by 
maximum entropy estimates"
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Limits

Jaynes, E. T. (1957), Information Theory and Statistical Mechanics, Physical Review, 106(4), 620-630.

Jaynes, E. T. (2003), Probability Theory: The Logic of Science, Cambridge Univ. Press, Cambridge, UK.

H(B) = 0 bit H(A) = 2 bit =  log2(# of bins)



Koutsoyiannis (2014)

Uses elementary physical constraints and the Maximum Entropy Principle to derive ideal gas law, 
Clausius-Clapeyron relation, and others
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Limits

Koutsoyiannis, D. (2014), Entropy: From Thermodynamics to Hydrology, Entropy, 16(3), 1287.


