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Abstract

In this paper I present an outline of a philosophy of information from
a systematic and a historical point of view. In the first part I discuss
the concept of a Turing machine and various concepts of information,
mainly focusing on Shannon information and Kolmogorov complexity. I
show that these concepts can be interpreted as mathematical guises of
a common notion of information that is associated with the entropy of
data sets. Issues concerning the methodology of science, optimal coding,
data compression and induction are discussed in this context. In the
second part of the paper I show that these notions are rooted in the
history of philosophy and that a philosophy of information can be seen as
the resolution of an age old philosophical ambition to create a universal
language of science.

1 Introduction

According to the legend Theseus forgot to change the sail of his ship from black
to white on his return from Crete. He had promised his father to do this as a
sign of the fact that he had successfully defeated the Minotaur. The old Aegeus,
standing on the lookout, thought his son was dead and threw himself from the
cliffs. Any computer scientist could have pointed out that it is dangerous to use
a non-redundant one bit coding scheme for such an important message. This
example shows that our thinking about information encoded in bits has evolved
far beyond the traditional application in computer programs. Information seems
to be everywhere and almost everything seems to be associated with information.
The notion of information is a key category of modern science. In this paper I
will examine some of the roots of the concept of information and its relevance
for philosophy.

The central motivation for the philosophical study of information, in my
view, is the fact that the concept of information with its embedding in a fun-
damental mathematical framework is the closest we can get at this moment in
history to the realization of two very old philosophical ambitions:

e A unified mathematical description of reality and
e A unified scientific language.

I do not claim that these two ambitions are completely resolved, nor that philo-
sophical reflection on information is in any way finished, but I do claim that
recent insights in this domain shed new light on older philosophical research
programs and in some cases allow us to revitalize them. It is the aim of this



paper to sketch the contours of such a philosophy of information that can be
defined as:

e The philosophical analysis of the concepts of ’information’ and ’computa-
tion’.

o The philosophical analysis of the role of information in nature, science and
culture.

e The analysis of the notion information in the context of traditional philo-
sophical disciplines like metaphysics, methodology of science, epistemol-
ogy, ontology, ethics and aesthetics.

Philosophy of information is a young discipline with unclear boundaries.
A valuable attempt to define the subject is the paper of Floridi in this book,
who lists 18 open problems (See also: FLoridi [2004]). If anything, this list
shows that philosophy of information is far from mature. The length of the
list is rather depressing. The internal relation between the various problems is
unclear and the importance of the problems varies. The ambition of this paper
is to present a coherent view on the subject. I am well aware of the fact that this
view is debatable and that other approaches to the philosophy of information
are possible, but I think that the value my contribution lies in the fact that it
can be a starting point for further study and discussion.

There is no ambition to be comprehensive. One of the major problems in
writing this paper was selection of the material, especially for the historical
paragraphs. There are a lot of relevant sources that I do not mention because of
lack of space, personal preference, or possibly because I was not aware of their
existence. What is presented could be compared a bus tour through the domain,
pointing out interesting locations for further study. Given the present state of
the subject I think this ad hoc approach is justified. The paper is intended as a
sketch of a research program that I hope will take shape in the coming decades.

This paper is organized in three sections. I start with a description of the
current views on information. Then I continue with a section on history where
I show how the concept of information in the context of notions of a mathesis
universalis and a unified language for science is deeply rooted in the history of
philosophy. In the last section I analyze some of the central problems in the
current philosophical reflection on the notion of information.

2 Concepts

Information’ is a term that is much like ’energy’, ’entropy’ or force’. It has half
a dozen or so precise mathematical definitions and an almost unlimited num-
ber of colloquial meanings. The starting point of our investigation will be the
mathematical concepts of information as they are treated in basic introductory
texts in computer science (e.g. Hopcroft-Ullman, Cover, Li -Vitanyi). Some
competing notions of information are:



Information as a common sense concept.

Shannon information: bits: I(z) = —logs P(z).

Algorithmic information: Ky (z|y) = min{|p|:p € {0,1}*,U(p,y) = z}.

Fisher information: I(p) = [ [%(%%de.

e Quantum information stored in qubits

All of these concepts, except Fisher information, are treated extensively in this
volume. Later we will see that the historical background and the cultural impact
of these mathematical definitions for science and for every day life are vast and
highly non-trivial, but for the moment we will be naive and stick to standard
formal definitions. These notions are associated with a number of very powerful
ideas that are crucial for information theory:

e The mathematical definition of the concept information in terms of the
probability of a message.

e The definition of the bit as fundamental unit of information. The bit is
defined as the maximal amount of information that one can obtain from
a yes/no question (See Harremogs and Topsge in this book).

e The association of mathematical proof with computation as a sequence of
well-defined events in the physical world.

o The definition of the a priori probability of a binary object in terms of its
computational complexity.

The concept of a message sent from a sender to a receiver can be seen as a
true paradigm of modern science in the Kuhnian sense, just as the notion of
a perfect collision between bodies is a fundamental paradigm of Newtonian
physics and the notion of the primal scream (Uhrschrei) is a founding concept of
romantic thought. If one tries to deconstruct the modern notion of information
the following elements seem to come in to play:

e An underlying transaction. The notion that information flows between
the sender and the receiver and the notion that the information of the
receiver grows as a result of reception of the message.

o A code system. The notion that messages can be coded in terms of systems
of arbitrary signs.

o A mathematical measure of information content of the message.

One of the philosophical conceptions underlying this information paradigm is
a radical re-interpretation of the importance of language that took shape in
the twentieth century. Anything that science can say about the world has to
be expressed in language and therefore the starting point of any philosophical



reflection should be an analysis of language. The history of this development is
well-known and can be followed in any adequate textbook on philosophy. Traces
of these views can be found in the work of philosophers as diverse as Boole,
Frege, Husserl, Russell, Wittgenstein, Carnap, Heidegger, Feyerabend, Popper,
Lakatos, Searle, Austin and Derrida. An emerging philosophy of information
builds on these developments. It would, in my view, be wrong to interpret
the task of philosophy of information as a mere continuation of these ideas. Its
claim to fame is that it brings a form of mathematical rigor to the discussion that
carries the promise of philosophy as a real foundational discipline. It sheds new
light on a number of central philosophical problems, not only in the domains of
philosophy of knowledge and methodology of science but possibly even in ethics,
esthetics.

The universal Turing machine and a universal language of science

There are various possible notions of the concept of computation. To name a
few:

o Pythagoras’ model: addition, substraction, multiplication, division.

o The Godel model: recursive functions.

The Turing model: Turing machines.

The Church model: the lambda calculus.

The Wolfram model: cellular automata.

e The Quantum model: quantum computing.

A discussion of the technical issues concerning the concept of information is not
possible without an understanding of the concept of a Turing machine. In its
simplest form a Turing machine is a device with a read-write head, a infinite
working tape on which symbols can be read and written and a finite determin-
istic program for the manipulation of symbols. The only symbols needed are
’1’, ’0” and ’b’ (blank). The machine starts its calculation by reading input
from the tape, its stops when a certain predefined final state is reached. Not all
programs will stop. In fact Turing proved that there does not exist a program
that decides in all cases whether a certain machine will stop given a certain in-
put (undecidability). The combination of machines and programs that stop in
finite time is known as the Halting Set. This set could be seen as a transcendent
object in computer science: we know it exists, but it can not be constructed.
There are a number of reasons why Turing’s device can claim to be associated
with a universal scientific language. First of all the set of all possible programs
for a Turing machine is the set of all possible binary strings {0, 1}*, which is
equivalent to the set of natural numbers. Secondly, one can define a "universal’
Turing machine, that emulates all possible computations of all possible Turing
machines by first reading a definition of a machine from the tape followed by
the definition of the program and the execution of the program on the emulated



machine. This allows us to interpret the Turing machine as a universal comput-
ing device. Thirdly, all the current definitions of the concept of computation
(Lambda, calculus, combinatorial logic, recursive functions, etc.) are known to
be Turing equivalent, i.e. can be emulated on a Turing machine. This fact has
lead to the formulation of the so-called Church-Turing thesis, which states ev-
erything computable is computable on a Turing machine. It is hard to imagine
how this claim could ever be verified. In the worst case it is destined to be an
unproven metaphysical claim for ever. The thesis could easily be falsified by a
conception of calculation that can not be emulated on a Turing machine, but
sofar these conceptions of computation escape our imagination. From a tran-
scendental point of view the Turing machine encapsulates fundamental notions:
The local physical storage and processing of a finite set of discrete symbols as a
sequential finite discrete process in time according to a finite set of (determin-
istic) rules. The apparent universality of these notions lead to what one might
call the central working hypothesis of modern computer science:

Conjecture 2.1 Any finite discrete system or process can be described in terms
of a program for a Turing machine.

Personally I expect this claim to be falsified (or at least amended) somewhere
in the future, but for the moment it gives the foundation for a methodological
research program that is rich in perspectives and far from exhausted. It defines
a universal scientific methodology. For any system X we have to ask ourselves
the fundamental question: is X a finite discrete system? If so we can apply
our methodology and try to construct an adequate program to model it. The
decision to consider a certain phenomenon X (say a financial administration,
turbulence around a sail, human consciousness, the human cell, a black hole or
the universe as a whole) to be a finite discrete system can be controversial from
a philosophical point of view and require a separate philosophical motivation.
These questions are not part of our current analysis. For the moment I aim at
clarification of the central concepts and not at an analysis of their applicability.

The association with the old philosophical ambition of a mathesis universalis
is immediately clear from the Turing equivalence of recursive functions, which
lead to the following collorary:

Corollary 2.2 Any finite discrete system or process can be described in terms
of operations on natural numbers.

This analysis of Turing machines does not lead to a theory of information. It
is a theory neutral conception of manipulation of binary strings. In order to
determine what kind of information, and how much of it, is contained in these
strings we need separate definitions. Even within this context there are a number
of competing conceptualizations of the notions of information that need to be
treated here.

Shannon Information and optimal codes

The idea that the frequency of a letter is associated with the information it
contains (or its value) is well known to any person who solves a crossword puzzle



or plays Scrabble. If one knows that a word contains a ’z’ this is more informative
than an ’e’ because there are less words with a ’z’. This ’information’ about the
'z’ implies a bigger reduction of the search space. The crucial insight that has
lead to a mathematical theory of information is formulated by Shannon [1948].
Here the information content of a message is defined in terms of its probability:

Definition 2.3 The Shannon information contained in o message z is I(x) =
log1/P(z) = —log P(z),

where I(z) is the amount of bits of information contained in z and P(z) is a
probability distribution (0 < P(z) < 1). Note that': If P(z) = 1 then I(z) = 0.
I(z and y) = I(z) + I(y).

From a philosophical point of view it is important to note that Shannon
information says nothing about the meaning of the messages, nor about their
epistemological status. If z is a message and P(z) = 272 then the amount of
information contained in z is three bits and an optimal code for z would use
three bits, say 001. Apart from this z could have any meaning, varying from
” John has passed his exam” to ” Goldbach’s conjecture is true”. In itself this is
strange. We are inclined to say that if we get the information that John passed
his exam from a reliable source we consequently know that John passed his exam.
A simple bit code like 001 does not convey this information. Apparently there
are meanings of the term ’information’ that are not fully covered by Shannon’s
definitions. Shannon himself, by the way, would be the first to acknowledge
this. Also there is no straightforward translation of Shannon’s definitions in to
a theory of knowledge. A valuable attempt fill this gap is made Dretske (1981,
also this book ). The least one can say is that, on top of the formal definitions
that are offered by Shannon, the factual information that is transferred from
a sender to a receiver is dependent on the context of the dialogue and on the
background knowledge shared by parties involved in the exchange of messages.

A second observation that is philosophically relevant is that Shannon in-
formation as such is independent of the notion of a Turing machine. Shannon
defines information in terms of bits and Turing machines operate on strings of
zeros and ones that could be interpreted as bit strings. In this terms Turing
machines could be seen as information processing devices, but this is only a
very weak connection. Shannon’s notion of information and Turing definition of
computation seem to orthogonal. Shannon uses the notion of a bit to measure
amounts of information, but his theory does not say anything about the amount
of information that is stored in a string of bits itself.

The concept of Shannon information only makes sense in the context of a
set of potential messages that are sent between a sender and a receiver and a
probability distribution over this set. If we have such a setting we can design
an optimal code system. Suppose X is a set of messages z;(I = 1,... n) the
communication entropy of X is:

H(X)=- Y P(z;)log P(z;)

i=1,n

Llog is used for logs



. The Maximal entropy of a set of n messages, if P(z;) = 1/n for each I:
Hpmao(X) = —n(1/n) log (1/n) = logn

The Relative entropy: H, = H/H,,,;, the Redundancy: 1 — H,, the
Optimal code (that minimizes the expected message length) assigns —logP(z;)
bits to encode message z;. One finds an extensive discussion of these definitions
in the chapter by Harremoés and Topsge. The notion of optimality of a code
system is associated with the idea of compression of a set of messages. Suppose,
for the sake of argument, that we want to develop an optimal code for a certain
book, say Dickens’ ”A Tale of Two Cities”, and that we simplify the task to
finding an optimal code for an alphabet of 26 letters. 2 We can code each of
the 26 letters with a standard length of 5 bits. A set of messages in which the
frequency of each letter would be equal (1/26) has maximal entropy. Of course
such a set would contain only nonsense. It could not be normal English since
the frequency of letters in English varies greatly. Therefore a standard 5 bit
code is redundant and can be optimized. We can assign shorter codes to more
frequent letters. Giving up the fixed code length implies that our code has to
be prefiz free: no code can be a prefix of any other code. Standard Huffman
code provides an optimal solution for this problem. Using Huffman code one
can compress ”A Tale of Two Cities” 0.81 bit per character comparison with
the 5 bit code. We can ask ourselves if Huffman code is the best solution for
compressing a book. In a sense it is, if one sticks to compression of characters,
but there is no reason to do this. One could try to compress words instead or
maybe one could use an analysis of idiosyncrasies of Dickens’ style. This poses
an interesting theoretical problem: what would be the theoretical shortest code
for ” A tale of Two Cities”? In order to find an answer for this question we have
to turn our attention to a different definition of the concept of information that is
intricately related to the notion of a Turing machine: Algorithmic Information.

Algorithmic information

We have seen that with the theory developed by Turing we can define a universal
Turing machine. In fact there are an infinite number of such universal Turing
machines, so let us select a standard (small) one and call it U. The input of U
consists of two parts: a definition of a special Turing machine 7; in prefix code,
followed by the input code, or data D for T;. Observe that using Huffman code
we can create a program the reproduces ” A Tale of Two Cities” as output on U.
The crucial insight is that it is easy to construct a Turing machine that decodes
Huffman code. Let Dyorc,myy be the Huffman code for ” A Tale of Two Cities”
and let T,y be a Turing machine that decodes Huffman code in the standard
prefix free input format of U. The text of ” A Tale of Two Cities” can be coded
as
U(Txus + Drore,muf)

2This example is discussed extensively by Harremoés and Topsge.



When confronted with the input Txy ¢ + Drorc,myus our universal machine U
will first read the definition of Ty, reconfigure itself as an interpreter for
Huffman code and then start to interpret Dyorc,myy resulting in the text of ”A
Tale of Two Cities” as output. The bit string Thys + Drorc,Huy can be seen
as a program for the text of ”A Tale of Two Cities”. Let |D| be the length in
bits of the data set D and let Dyorc, spie be the 5 bit code for ”A Tale of Two
Cities. We will have:

|Trup + Drorc,vur| < |Drorc, spit]

Given the fact that a Turing machine for interpreting Huffman code is not
complicated the set Tryy + Drore,muy Will be shorter than the original 5 bit
code for ”A Tale of Two Cities”. In this way we have created a computer
program that generates the text of ” A Tale of Two Cities” on a universal Turing
machine. The bit code of this program is shorter than the original text. We
could go on and try to find more clever code systems that compress the text even
more. Such a code system, say Tcodesystem; could make use of the frequency of
words in the text, knowledge about the grammar of English and idiosyncrasies in
the style of the author. Such a code system would be *better’ than the Huffman
code if:
|TCodeSystemi + DToTC:il < |THuf + -DToTC,Hufl

where Dr,7c.; is the text encoded in the new code.

We can now answer the theoretical challenge from the previous paragraph:
the theoretical shortest code for ” A tale of Two Cities” would be the shortest
program that generates this text on U. In order to find this program ideally,
what we have to do is enumerate all possible programs for U, test them, and
select the shortest that generates ” A Tale of Two Cities”. Alas this is impossible
because of the uncomputability of the halting set. We know that such a program
exists, but it remains an intensional object.

This fact gives rise to a different definition of the concept of information. Li
and Vitanyi [1997] The descriptive complexity of a string z relative to a Turing
machine T and a binary string y is defined as the shortest program that gives
output & on input y:

Kr(zly) = min{|p| : p € {0,1}*, T (p,y) = =}

One can prove that there is a universal Turing machine U, such that for each
Turing machine T there is a constant c¢p, such that for all  and y, we have
Ky(z|ly) < Kr(z|y) + cr 3. This definition is invariant up to a constant with
respect to different universal Turing machines. Hence we fix a reference universal
Turing machine U, and drop the subscript U by setting K (z|y) = Ky (z|y). We
define:

Definition 2.4 The Prefiz Kolmogorov complezity of a binary string z is K(z) =
K (z|e). That is the shortest prefix free program that produces x on an empty
input string.

3For an extensive discussion of these definitions, see the chapter by Griinwald and Vitanyi
in this book.



A unified view on Shannon information and Kolmogorov complexity

We are now in a position to evaluate the difference between Shannon information
and Algorithmic information, i.e. Kolmogorov complexity 4. Suppose we have
a data set encoded in bits, say a five bit code of the text of ”A Tale of Two
Cities”. We can analyze this set from two perspectives:

e From a Shannon perspective as a collection of messages. In this we can
construct an optimal code using variation in frequency of the messages.
This leads to a relative compression of the set of messages that can be
computed. More frequent messages get shorter codes and contain less
information. We could call this concept of information relative.

e From a Kolmogorov perspective as a single message. In this case relative
frequency has no meaning, but there exist an optimal compression of the
message in terms of the shortest program on a Turing machine. The length
of this program is an absolute measure for the amount of information
contained in the message. This program is an intensional object and can
not be computed as such. Messages that are highly compressible contain
little information. This could be seen as a concept of absolute information.

As an example, suppose we have a bit string 0101010101010101010101010101.
We can recode this string in Shannon’s sense as ’01’=1;11111111111111, or
we can reprogram it in Kolmogorov’s sense as for x = 1 to 13 write ’01°.
Both structures are shorter than the original code reflecting the fact that the
string shows a regular pattern. In this case both the Shannon and the Kol-
mogorov compression do their work. In my view both algorithmic information
and Shannon information are different mathematical guises of one and the same
concept of information that is associated with entropy of data sets.

Claim 2.5 Information is associated with the entropy of data sets. Data sets
with low entropy can be compressed and contain less information than data
sets with mazimal entropy, which cannot be compressed and contain exactly
themselves as information. There are various ways to explain these relations
mathematically.

Shannon information starts with a segmentation of the set. In the limiting
case where we have very few segments, or only one, Shannon’s theory collapses
in to Kolmogorov’s conception of information. Kolmogorov’s conception of in-
formation is more powerful, but the price we have to pay is threefold: it is
non-constructive, therefore it can only be approximated and it is asymptotic.

Lemma 2.6 The concepts of Kolmogorov complexity and Shannon information
are equivalent in the case of data sets with mazimal entropy.

4For a more extensive discussion of these issues, see the chapter by Griiwald and Vitanyi
in this book.



Proof: In Shannon’s conception a set of messages can not be compressed if
they all have equal probability. Suppose we have a sequence of k messages with
maximal entropy based on a code system of 2" code words of n bits, then this is
equivalent to a random string of [ = kn bits and thus it can not be compressed
in Kolmogorov’s sense. Suppose, conversely, that we have a random bit string
I = kn bits with [ fixed, then for each segmentation of [ in k¥ messages the
entropy is maximal thus it can not be compressed in Shannon’s sense.

Given the equivalence of Shannon information and Kolmogorov complexity
one would expect that also in the limiting case of considering a bit string as one
unsegmented message it is possible to assign a probability to it. This is indeed
the case. Using results of Solomonoff Solomonoff [1997, 2003] and Levin we can
define an a priori probability of a finite binary string.

Definition 2.7 (Solomonoff, Levin) The universal ¢ priori probability Py (z)
of a binary string x is
Py(z) = Z 9-Ip|

U(p)==

This is the sum of the probabilities of all the programs that generate z on
a universal Turing machine on an empty input string. Thus strings with a
low Kolmogorov complexity, i.e. the ones that are compressible, get a higher
a priori probability. Associated with with a universal a priori probability we
expect to get a universal distribution. We can define a semi-measure along
these lines. A recursively enumerable semi-measure g on NN is called universal
if it multiplicatively dominates every other enumerable semi-measure p' i.e.
w(z) > ey (x) for a fixed positive constant ¢ independent of z. Levin proved
that such a universal enumerable semi-measure exists. Since there might be
more we fix a universal semi-measure m(x). The semi-measure m(x) converges
to 0 slower than any positive recursive function which converges to 0. Of course
m(x) itself is not recursive. We now give without proof a theorem that relates
all these concepts with each other:

Theorem 2.8 (Levin)
—logm(z) = —log Py(z) + O(1) = K(z) + O(1)

The philosophical importance of these concepts can not be overstated. They
offer new general solutions for age old problems. The universal distribution
has quite wonderful qualities and its philosophical relevance has hardly been
explored up till now.

A universal a priori near optimal Shannon code based on Kolmogorov
complexity

Levin’s theorem allows us to explore the relation between Shannon information
and Kolmogorov complexity at a more fundamental level. We define the stan-
dard bijection b between the set of binary strings {0,1}* and the set of natural
numbers N as

b(0, €), b(1,0),b(2, 1), b(3,00), b(4,01), ...

10



Where € denotes the empty word. We can define the function S : {0,1}* —
{0,1}* as:

Definition 2.9 S(z) = min;en{p : b(¢,p),U(p,€) = z}

Here U is a universal Turing machine. S associates each binary object z with
the first program that produces  on U with empty input.

Corollary 2.10 S is a universal a priori near optimal code associated with m
for binary strings in Shannon’s sense.

Proof: According to Shannon an optimal code for z given m would be — log m(x)
bits long. According to Levin we have —logm(z) = K(z) + O(1). But then
S(z) is such an optimal Shannon code, because by definition |S(z)| = K(z)
since S(z) is the first, and thus the shortest, program that produces z on U.
The code is near optimal, because of the factor O(1) in Levin’s theorem. S(z)
will always be maximally O(1) removed from the factual optimal code.

The function S is interesting because it brings the concepts of Shannon
information and Kolmogorov complexity together. On one hand |S(z)| is the
Kolmogorov complexity of z, on the other S(z) is an optimal a priori code for
z. Of course S can never be computed, but suppose that some Platonic oracle
would give us S. In that case we would have a universal a priori solution to the
problem of induction. S(z) reflects any regularity (e.g. deviation from mazimal
entropy, i.e. compressibility) that can be expressed solely in terms of the internal
structure z. Observe that S(z) will itself always be ’nearly’ random (and thus
incompressible) because it is the first program that computes z. If S(z) would
be compressible, it would itself have been identified much earlier by S. It is
important to note that, although S can not be constructed, it nevertheless
really exists. S is the closest we can get to a universal language of science, given
the current state of research in computer science.

To give some examples. S would make it easy to find binary expansions of
transcendent numbers like m and e. There are simple programs for these exten-
sions. In fact S would identify almost any discrete object of any mathematical
interest for us. On top of that S would give us an optimal code for the text
of ”A Tale of Two Cities” and indeed of any other conceivable poem, novel,
piece of music, movie or any work of art in digital code. The same would hold
for any digital data set that scientific inquiry could produce. S would ’explain’
the regularities and idiosyncrasies of these data sets in so far as they can be
expressed in terms of deviation of maximal entropy.

Let us have a closer look the relation between S and the problem of induction.
In one special guise induction amounts to selecting the most probable hypothesis
to explain a given data set. In terms of Bayesian learning this task can be
formulated as follows. Mitchell [1997] The prior probability of a hypothesis
h is P(h). Probability of the data D is P(D). The Posterior probability of
the hypothesis given the data is:

P(h)P(D|h)

P(RID) = =77

11



Theorem 2.11 Suppose that h,D € {0,1}*, i.e. both the data set and the
hypothesis range over the full class of finite binary strings. Selecting the Max-
imum A Posteriori hypothesis (MAP) to explain D, amounts to selecting
the hypothesis that minimizes the length in bits of

S(h) + S(D|h)

Here S(h) is the universal optimal Shannon code for the hypothesis and S(D|h)
is the universal optimal Shannon code for the data set given the hypothesis.
Proof:
hymap = argmaznen P(h|D)
= argmaznen (P(h)P(D|h))/P(D)

(since D is constant)
= argmazpcp (P(h)P(D|h))

= argmazycp log P(h) + log P(D|h)
= argminpcn — log P(h) — log P(D|h)
(Since h, D € {0,1}* and according to Shannon —log P(h) is the optimal code
for the hypothesis and — log P(D|h) is the optimal code for the data given the
hypothesis.)
= argminpecuS(h) + S(D|h)
This result is closely related tot the so-called:

Definition 2.12 The Minimum Description Length principle (MDL):
The best theory to explain a set of data is the one which minimizes the sum of

o the length, in bits, of the description of the theory and
o the length, in bits, of the data when encoded with the help of the theory

This principle was first formulated by Rissanen. Rissanen [1999] Research in this
domain is far from finished and these concepts are still the object of fierce debate
(M ref Domingos). A common misconception is the idea that the minimum
description length principle can be transformed in to a methodology for the
construction of a sequence of improving theories by means of an incremental
compression of the data set. Suppose that S;, h;, Sp and h, are arbitrary
coding schemes and hypotheses such that:

|S(h) + S(DIh)| < |Si(h;) + Si(D|h;)| < |Sp(hg) + Sp(D|hy)| <|D|
Although h is the best theory it is not necessarily the case that that h; is

better than h,. This can only be guaranteed if S = 5; = Sp, i.e. when the code
is optimal (ref !!! Adriaans and Vitdnyi, forthcoming).

12



Translating these observations to the domain of methodology of science gives
us a number of interesting insights: The regularity of the world we observe
around us is extremely improbable. The process of reducing a set of observations
to a general theory explaining these observations can be described as a process of
data-compression. A universal methodology of science would have the following
form:

e Represent your data set D in binary format.

e Select a hypothesis h in binary format such that |S(h) + S(D|h)| is mini-
mal.

This program fails because of the uncomputability of S but it can serve as as
a regulative ideal for the study of methodology of science. In certain cases the
theoretical results allow us to solve real life problems (ref !!! incompressibility
method) and to develop more efficient algorithms.

3 Historical roots of the concept of information

One can safely say that the explicit abstract notion of information as it was in-
troduced in twentieth century computer science was absent in antiquity. When
we read the pre-Socratic philosophers like Zeno, Parmenides or Plato with our
modern mind, we feel uneasy about the undifferentiated mix of formal, epis-
temological, ontological, ethical and esthetical questions. It is all there, but
without the distinctions. The same holds for the notion of information. With
hindsight one could say it has played a role in philosophy from the beginning,
without being recognized as such. The history of the concept of information
is related to, but should not be identified with: the history of the term ’in-
formation’, the history of the computer, the history of logic or the history of
epistemology. The intention of the following paragraphs is not to give a full
fledged history of information, but more to point at interesting ancestors of the
modern approach.

A note on the history of the term ’information’

The notion that knowing something implied knowing its form’ goes back to
Plato’s theory of ideas as forms. Aristotle’s more empirical doctrine of the four
causes (causalis, finalis, formalis and efficiens) also distinguishes the notion of
form as a crucial element of knowledge. The original technical notion of the
Latin word ’in-formare’ (giving form to something, impressing ideas/forms in
the mind in the Platonic sense) that is found in the writings of Cicero (1! ref)
and Augustine seems to have played no role in the emergence of the modern
concept of information. In the 15th century the French term ’information’
finds its way into the colloquial vocabulary of European languages with various
subtle difference in meaning, clustering around meanings like ’investigation’,
’education’, ’the act of informing or communicating knowledge’, ’intelligence’
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etc. After Descartes the technical term seems to vanish from the philosophical
debate. It does not play any specific role in the work of a broad philosopher
like Kant. There is no lemma, on information in Windelbands famous *Lehrbuch
der Geschichte der Philosophie’ from 1889. Even Edward’s Encyclopedia of
Philosophy from 1967 does not have a separate lemma on information. [ed.]
The same holds for the well-known History of Logic written by Kneale and
Kneale that first appeared in 1962. In short the term ’information’ seems to
have been absent from the philosophical dialogue for a couple of hundred years.
The history of the emergence of the technical term ’information’ in the 19th
and 2 th century has yet to be written. It appears however that it is closely
connected with the rise of modern intelligence services and the development of
new means of communication like the telegraph. At the end of the 19th century
several countries created departments with the responsibility to collect military
information. In 1866 the German government started a oreign ce Political
ield Police with the mission to procure intelligence about the Austrian enemy
army. After the ranco-German war in 187 the rench created a and
ilitary econnaissance ection italics mine with the specific task to collect
information on German military operations. In 187 the ritish War ce
established an Intelligence ranch sta ed by twenty-seven military and civilian
personnel. In the A a ce of aval Intelligence was established in 1882
followed by a ilitary Division ID italics mine -with one clerk
and one o cer- in 188 . Its task was to collect military data on our own and
foreign services which would be available for the use of the War Department and
the Army at large. see A entury of pies by e rey T. ichelson . The
enormous in uence of intelligence services in the 2 th century is well-known. An
e ample of modern general use of the term information in this conte t can be
found in the World act ook an annual publication of the IA

The shift in
meaning of the term ’information’ from ’information as the act of informing’
to the ’information as the result of the act of informing’ to ’information as
something that is contained in the message that is used to inform’ is striking
and relevant.

oding systems are as old as language itself. The ambition to hide information
in messages and to decode these messages without knowing the key has always
e isted. ef Kahn . easar already used code systems to communicate with
his generals. Technically one has to distinguish various techni ues use
letter transposition and substitution systems easar alphabet cipher disks i-
genere tablau Enigma . consist of lists of codewords and code numbers.
The idea that it is e cient to assign the shortest codes to the most fre uent
signals was known long before hannon defined its mathematical basis in 19 8.
With the invention of bookprinting in the 1 th century typefounders directly



















































