
“Although [complex systems] differ widely in their physical 

attributes, they resemble one another in the way they handle 

information.  That common feature is perhaps the best starting point 

for exploring how they operate.” 

 

−− Murray Gell-Mann, The Quark and the Jaguar, 1995 





First law of thermodynamics:  In an isolated system, energy is 
conserved 
 
Energy:  A system’s potential to do “work” 
 
Energy can be transformed from one kind into another:  

http://www.eoearth.org/article/AP_Environmental_Science_Chapter_1-_Flow_of_Energy 



Second law of thermodynamics:  In an isolated system, entropy 
always increases until it reaches a maximum value. 

h"p://www.flickr.com/photos/ztephen/130961009/sizes/z/in/photostream/	  
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Implications of the Second Law of Thermodynamics  
 

•  Systems are naturally disordered.  They cannot become organized 
without the input of work 

•  Perpetual motion machines are not possible 

•  Time has a direction:  the direction of increasing entropy 

 



James Clerk Maxwell, 1831-1879 

Maxwell’s Demon 



“The hot system [i.e., the right side] has gotten hotter and the cold [the 

left side] has gotten colder and yet no work has been done, only the 

intelligence of a very observant and neat-fingered being has been 

employed.”  



Maxwell:   

The second law of thermodynamics is “a statistical certainty”.   





Leo Szilard, 1898-1964 





A “bit” of information 

Szilard: A bit of information is the amount of information 
needed to answer a “fast/slow” question, or any “yes/no” 
question.  

The field of Computer Science adopted this terminology for 
computer memory.   

 

 



Rolf Landauer (1927−1999) Charles Bennett  









In electronics... 



In biology... 





Thermodynamics:  The study of heat and thermal energy 
 
Statistical mechanics:  A general mathematical framework that shows 
how macroscopic properties (e.g. heat) arise from statistics of the 
mechanics of large numbers of microscopic components (e.g., atoms or 
molecules)  



Example:  Room full of air 
 
 

Macroscopic property (thermodynamics):  Temperature, pressure 
 
Microscopic property (mechanics):  Positions and velocities of air 
molecules 
 
Statistical mechanics:  How statistics of positions and velocities of 
molecules give rise to temperature, pressure, etc.  



Ludwig Boltzmann, 1844-1906 Rudolf Clausius, 1822-1888 

Thermodynamic entropy  
measures the amount of 
heat loss when energy is 
transformed to work 
 
Heat loss ≈ “disorder” 
 
Theory is specific to heat 
 

Statistical mechanics entropy  
measures the number of possible 
microstates that lead to a macrostate 
 
 
Number of microstates ≈ disorder 
 
A more general theory 
 



A slight sidetrack to learn about microstates and macrostates 
Microstates:  specific state of the three slot-
machine windows 
 
Example microstate:  {cherry, lemon, apple} 
 
Note that a microstate here is a triple of fruit 
values, not a  single fruit value.   It is a 
description of the “state” of the slot machine. 
 
Macrostate: Collection (or set) of microstates.   
 
Example macrostate:  Win (collection of 
microstates that have three of the same fruit 
showing). 
 

Question 1:  How many microstates give rise to the Win macrostate?  
 
Question 2:  How many microstates give rise to the Lose macrostate?  



NetLogo Two Gas Model 

Macrostate:  All fast particles  
are on the right, all slow particles  
are on the left.      

Microstate:  Position and velocity of 
of every particle 

Macrostate:  Fast and slow 
particles are completely mixed. 
  

Fewer possible microstates  
à Lower entropy  
à More “ordered” 

More possible microstates  
à Higher entropy  
à More “disordered” 

Start Finish  



Second Law of Thermodynamics:  In an isolated system, entropy 
will always increase until it reaches a maximum value. 
 
Second Law of Thermodynamics (Statistical Mechanics Version):  
In an isolated system, the system will always progress to a 
macrostate that corresponds to the maximum number of microstates. 
 
 



The entropy S of a macrostate is  k times the natural logarithm of the number 
W of microstates corresponding to that macrostate.   
 
k is called “Boltzmann’s constant”.  This constant and the logarithm are just 
for putting entropy into a particular units. 

Boltzmann Entropy 

Boltzmann’s tomb, Vienna, Austria 

General idea:  The more microstates that give rise to a macrostate, the more  
probable that macrostate is.  Thus high entropy = more probable  
macrostate.    	  



Second Law of Thermodynamics (Statistical Mechanics Version):  

In an isolated system, the system will tend to progress to the most 

probable macrostate.  

 

 



Shannon Information 

Claude Shannon, 1916-2001 

Shannon worked at Bell Labs (part of  
AT&T) 
 
Major question for telephone 
communication:  How to transmit signals 
most efficiently and effectively  
across telephone wires?  
 
Shannon adapted Boltzmann’s statistical 
mechanics ideas to the field of  
communication.   
 
 



Shannon’s Formulation of Communication 

Message Source Message 
Receiver 

Message (e.g., a word) 

Message source : Set of all possible messages this source 
can send, each with its own probability of being sent next.  
 
Message:  E.g., symbol, number, or word 
 
Information content H of the message source:  A function of the  
number of possible messages, and their probabilities 
 
Informally:   The amount of “surprise” the receiver has upon  
receipt of each message 



Message source: One-year-old 
 
Messages:  
“Da”     Probability 1 
 
InformationContent (one-year-old) = 0 bits 
 

No surprise;  
no information content 



More surprise;  
more information content 

Message source: Three-year-old 
 
Messages: 500 words (w1 , w2 , ... , w500) 
Probabilities: p1 , p2 , ... , p500 
 
InformationContent (three-year-old) > 0 bits 
 



How to compute Shannon information content 



Shannon Information Boltzmann Entropy 
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where W is the number of microstates 
corresponding to the macrostate. 
S is measured in units defined 
by k (often “Joules per Kelvin”) 

Shannon Information 

S(macrostate) = k logW

Boltzmann Entropy 



•  Assume k = 1.  Slot machine example.  Calculate S = log W for 
two macrostates.   
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General formula for Shannon Information 
Content 

Let M be the number of possible messages, and pi be  the 
probability of message i.  Then 

H (messagesource) = − pi log2
i=1
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H (one-year-old) = − pi log2 pi
i=1

N

∑ =1∗ log2 1= 0 bits

Message source: One-year-old: {“Da”, probability 1} 





H (fair coin) = − pi log2 pi
i=1

N

∑

= − .5log2 .5( )+ .5log2 .5( )#$ %&

= − .5(−1)+.5(−1)[ ]
=1 bit   (on average, per message)

Message source: Fair coin:  
(“Heads”, probability .5) 
(“Tails”,   probability .5) 



H (biased coin) = − pi log2 pi
i=1

N

∑

= − .6 log2 .6( )+ .4 log2 .4( )#$ %&

= .971 bits   (on average, per message)

Message source: Biased coin:  
(“Heads”, probability .6) 
(“Tails”,   probability .4) 
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≈ 2.58 bits (per message, on average)

Message source: Fair die:  
(“1”, probability 1/6) 
(“2”,   probability 1/6) 
(“3”, probability 1/6) 
(“4”, probability 1/6) 
(“5”, probability 1/6) 
(“6”, probability 1/6) 
 



Text Analysis 

•  Text info content: 

One way to do text analysis  
 
Info content of text [one way to measure it]:  based on relative 
frequency of word in the text.    Roughly measures *compressibility* 
 
E.g., “to be or not to be” 
to: 2    relative frequency:  2/6 
be: 2    2/6 
or: 1    1/6 
not: 1    1/6 
Total words: 6   
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More generally:  Information content = average number of bits it 
takes to encode a message from a given message source, given an 
“optimal coding”.   
 



More generally:  Information content = average number of bits it 
takes to encode a message from a given message source, given an 
“optimal coding”.   
 
H(“to be or not to be”) ≈ 1.92 bits per word on average 
 
 
This gives the compressibility of a text.  
 
See “Huffman Coding”. 
 



Shannon Information Content versus Meaning 

Shannon information content does not capture the notion of the 
function or meaning of information.   
 
The meaning of information comes from information processing. 
 
More on this in Unit 7 (Models of Self-Organization) 
 


