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Minimal encoding length (Kolmogorov complexity)
is a measure of information content (randomness) 
the observed data. Algorithmic information theory
studies this quantity in great detail (Chaitin 1987;
Li & Vit~nyi 1993; Cover & Thomas 1991) and pro-
vides a framework for a most general formulation of the
principle of parsimony (Occam’s razor). The principle
of parsimony has been widely and explicitly used in
taxonomy (Sober 1988). Applications have expanded
with the appearance of macromolecular sequence data.
The minimal edit distance criterion, a special case of
the parsimony criterion, has been used for pairwise se-
quence alignment (e.g., (Waterman 1989)). The 
eral principle was often falsely identified with narrow
formulations (e.g., the parsimony principle in taxon-
omy) and then criticized; the possibility of changing
the specific formulation while still applying the gen-
eral principle was often ignored.

In addition to providing a formal framework for a
unified theory of inductive inference, the concepts from
algorithmic information theory have been employed to
obtain a mathematical definition of life (Chaitin 1979).
The definition highlights a fundamental difference in
the structure of knowledge about the living and non-
living worlds, and has enabled a statistical test for
discriminating observations that come from a living
world from those that come form the non-living world
(Milosavljevi6). In the following we provide a brief
outline of the theory of minimal length encoding and
then sketch a few recent applications.

Universal inference
From the viewpoint of algorithmic information the-
ory, the process of inductive inference is a search for
most compact encoding of the observed data. Any spe-
cific parsimony method is determined by the particular
language that is used for encoding; the choice of lan-
guage determines the inductive assumptions ("induc-
tive bias"). When approached with wrong assump-
tions, patterns in the data may be overlooked and
the data may appear complex (have larger encoding
length). The central theorem of algorithmic informa-
tion theory states that there exists a language that

gives encodings of the data that are as compact (up
to an additive constant) as the encodings in any other
language. This universal language is the language of
computer programs: given a string of bits s represent-
ing the observed data, the goal is to find a program
of shortest length that outputs the data. The length
of this shortest program, denoted I(s), measures com-
plexity of the observations. The more pattern there
is in the data, the smaller the complexity I(s). The
program that achieves the most compact encoding of
the data captures all the pattern in s, and thus repre-
sents the best theory about s. The shortest program
can also be shown to give the best predictions about
the unseen data.

Noncomputability and inductive
assumptions

The universality of the language of computer programs
implies that all a priori assumptions have been re-
moved from the process of inference. One could then
hope that there would be a universal program for in-
ductive inference that would take s as its input and
would return a program of length I(s) that reproduces
s. However, it can be shown that such program does
not exist. In other words, universal inference by ma-
chines is not possible. If we were to assume that human
brains and the activities of scientific communities are
in principle simulatable by computers, the same limi-
tation would extend to the whole scientific enterprise.

In order to make inference computationally feasible,
it is necessary to restrict the encoding language and
thus introduce a priori assumptions. (In the Bayesian
framework, the assumptions are expressed in the form
of a priori probabilities, which can also be expressed
in terms of encoding languages.) An optimal choice
of the encoding language is based on the tradeoff be-
tween two conflicting criteria: the a priori assumptions
are minimal (encoding language general enough) and
short encodings can be computed in reasonable time
(encoding language specific enough). In practice, 
encoding language is designed based on the patterns
that are expected to occur in data.
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Discovering simple DNA sequences by
the algorithmic significance method

The recently proposed algorithmic significance method
(Milosavljevi6 & Jurka 1993a) enables discovery of pat-
terns at prespecified significance levels via minimal
length encoding. In essence, the alternative hypoth-
esis in a standard hypothesis testing framework is ex-
pressed not in terms of a probability distribution, but
in terms of an encoding scheme. More precisely, if the
probability distribution of the data P0 assigns proba-
bility po(s) to a sequence s, and I(s) denotes the en-
coding length of s, then

P0{- log p0(s) - [(s) > d} -d.

For an n-letter sequence s in the four-letter alphabet
{A, G, C, T} of DNA, asuming that occurrences of in-
dividual letters are independent and all equally likely,
we have - log po(s) = 2n, which is exactly 2 bits per
letter. However, if a sequence contains regularities, it
may be encoded more concisely. For example, so called
simple DNA sequences contain repetitions of words;
by replacing repeated occurrences of words by concise
pointers to their previous occurrences within the same
sequence we may encode the sequence in fewer bits
and thus discover simple DNA segments at prespeci-
fled significance levels. Note that every bit saved leads
to a twofold improvement in significance. The details
of this method are described elsewhere (Milosavljevi6
& Jurka 1993a).

Comparing DNA sequences by the
algorithmic significance method

Many discoveries in modern molecular biology are
based on comparisons of macromolecular sequences.
Given two sequences, a typical problem is to decide
whether or not they are related by common ancestry.
Currently applied methods take into account only mu-
tual similarity between the sequences. An interesting
problem arises in case of simple sequences: for exam-
ple, two long DNA sequences consisting of repetitions
of the letter ’A’ (denoting adenine base) are identical,
but do not contain evidence about possible shared an-
cestry. The situation would change if they contained a
similar pattern of other letters interspersed among the
A’s as indicated in Figure 1.

Note that the last pair of sequences in Figure 1 ap-
pears most related even though it contains the largest
number of mismatches. From this example one may
draw a general conclusion that both similarity and
complexity of the compared objects must be taken into
account when choosing an optimal theory about their
relatedness.

The comparison problem can be stated in terms of
minimal length encoding: does it take significantly
fewer bits to encode sequences sl and s2 jointly us-
ing I(sl,s~) bits then it takes to encode them sepa-
rately using I(st) I( s2) bi ts? The di fference between

AAAAAAAAAAAAAAAA

AAAAAAAAAAAAAAAA

AAGAAAAACAAACGAA

AAGAAAATCAAAAGAA

CAGACCAACAGACGAG

CAAACCATCAGAAGAG

Figure 1: Comparing sequences of different complexity.

the two encodings is roughly the mutual information,
denoted I(st; s2). If sequences are very similar, then
I(st,s2) ~ I(sl) /( s2); th is is because we mayen-
code one of the sequences first and then encode the
second by specifying the few differences between them.
Thus, I(st;s2) ~ I(st) ~ I(s2). However, in order
for mutual information to reach significant value, com-
plexity of the sequences must be significant as well,
otherwise if I(st) ~ I(s2) thenalso I(sl ;s2) ~ 0.

In the general case of encoding by computer pro-
grams, the difference between the sum of the individual
encoding lengths and the joint encoding length is de-
fined as algorithmic mutual information. The extended
algorithmic significance method is based on a theorem
to the effect that d bits of algorithmic mutual informa-
tion imply dependence between sequences st and s2 at
the significance level 2-d+°O). More precisely, if P0
denotes universal distribution, we may write

Po{I(st;s2) > d} 2- d+°(O

The extended method has been successfully applied
in a heuristic framework to discover relationships be-
tween sequences of arbitrary complexity, as described
in (Milosavljevi~ 1994; ).

Discovering patterns in the living world
The definition of algorithmic mutual information can
be extended to include more than two objects. Con-
sider the case in which a universe of observations is
split into disjoint "windows" st, s2,.., sm of diameter
D. Mutual information between windows can rougly
be measured as the difference between the sum of in-
dividual encoding lengths of windows on one side and
the joint encoding length on the other. As an exam-
ple, consider the square pattern in Figure 2. If the
four windows were joined together, then the positions
of shaded fields can be described by encoding posi-
tions of three shaded fields in the corners of the square
and somehow specifying that the complete figure is a
square. A position of shaded field can be encoded in
2log 16 = 8 bits and we may assume that the type
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Figure 2: The presence of the global pattern implies
high algorithmic mutual information between individ-
ual windows.

of figure can be specified in 2 bits, giving a total of
3 * 8 + 2 = 26 bits. However, if the positions of the
shaded fields were to be specified window per window,
a total of 80 bits would be required, assuming that we
can take advantage of segments. For example, the top
right window can be described in 20 bits: the leftmost
shaded field is encoded by itself using 2.log 8 = 6 bits,
the endpoints of the segment are encoded in 12 bits,
and 2 bits are needed to specify that the figure is a
segment. By subtracting 26 from 80 we obtain 54 bits
of mutual information. (We should note that this is
a rough estimate since we have ignored certain minor
encoding overheads; e.g., one also needs to encode how
are the windows put together and the encodings need
to be self-delimiting.)

Chaitin (Chaitin 1979) considers mutual information
as a function of diameter D: for small D, the windows
are too small to capture global patterns, and mutual
information is significantly high; as D grows, mutual
information decreases. It is of particular interest to
determine the minimal diameter D for which mutual
information drops to zero.

Chaitin observes that patterns typical for the living
world are global, so that mutual information remains
high even for large D. As an example, Chaitin con-
structs hierarchical repetitive patterns that resemble
repetitive DNA and that may arise as a consequence
of replication, point-mutation and recombination. In-
tuitively, if replication occurs at different hierarchical
levels, then the repetitions at the highest level may re-
main invisible unless the windows of observation are
large enough to capture them. Chaitin argues that in
the physical non-living world much smaller diameters
D would suffice, so that the presence of high mutual
information for large D can be taken as the defining
property of the living world.

Interestingly, the extended algorithmic significance
method can be directly applied to discover life at pre-

specified significance levels by Chaitin’s definition: it
suffices simply to test whether, even for large D (after
all "interference" from physical laws of the non-living
world disappears), the number of bits of algorithmic
mutual information suffices for the prespecified signif-
icance level (Milosavljevid).

The mathematical definition of life may also be in-
terpreted as a statement about the structure of biolog-
ical knowledge: in biological sciences, the amount of
information that must be digested in order to formu-
late theories is typically much larger than in physical
sciences. The requirement for a large diameter of ob-
servation implies the need for a large memory on part
of the discoverer of new knowledge. Since comput-
ers do not suffer from the raw memory limitations of
humans, one may argue that computers have a funda-
mental advantage over humans when it comes to dis-
covering patterns in the living world.

An interesting recent example illustrating the need
for large diameters of observation is the reconstruc-
tion of the evolution of Alu sequences (Milosavljevi~
& Jurka 1993b; Jurka & Milosavljevi~ 1991). Alu’s
are the most numerous repetitive element in the hu-
man genome. The standard "bottom-up" methods for
evolutionary reconstruction that are based on pairwise
sequence comparisons have failed in case of Alu’s be-
cause the global evolutionary pattern remained invis-
ible when only two Alu sequences were considered at
a time, as in (Bains 1986); the evolutionary pattern
became visible only through a "top-down" approach
in which a large number of Alu sequences were consid-
ered simultaneously using a minimal length encoding
method (Milosavljevi~ & Jurka 1993b).
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