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Abstract: We survey a few aspects of the thermodynamics of computation, connecting
information, thermodynamics, computability and physics. We suggest some lines of research
into how information theory and computational thermodynamics can help us arrive at a better
understanding of biological processes. We argue that while a similar connection between
information theory and evolutionary biology seems to be growing stronger and stronger,
biologists tend to use information simply as a metaphor. While biologists have for the most
part been influenced and inspired by information theory as developed by Claude Shannon,
we think the introduction of algorithmic complexity into biology will turn out to be a much
deeper and more fruitful cross-pollination.
Keywords: thermodynamics of computation; algorithmic probability; information theory;
computability and Turing universality

1.

Unifying Information and Energy through Computation

When Alan Turing defined the concept of universal computation, he showed that any given Turing
machine could be encoded as the input of another (universal) Turing machine. As Cooper would have
it, this amounted to the disembodiment of computation [1], because Turing made clear that even though
computation seemed to require a physical carrier, the physical carrier itself could be transformed into
information. There was therefore no clear-cut distinction between hardware and software. In some
sense, Turing’s unification is comparable to certain unifications in physics.
Computational thermodynamics, as developed by Szilárd [2], Landauer [3], Bennett [4,5], Fredkin
and Toffoli [6], among others, made a similar breakthrough. These individuals showed that there
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was a fundamental connection between information and energy—that one could extract work from
information—and moreover that this connection could serve as one of the strongest arguments for the
necessity of unifying information and physical properties. Their work provided a framework within
which to consider questions such as Maxwell’s paradox—and its possible solution.
Suggested by Maxwell himself [7], the basic idea conveyed by the paradox is that if a “being” or a
“demon” were placed between two halves of a chamber, one could use knowledge about the micro-state
of the chamber/system to make one side of it hotter, rather than having it reach thermal equilibrium. A
solution emerged from information theory and computation [4,5]. It turns out that the demon would only
be able to do what he was believed capable of by actually delivering more heat to the gate that he was
supposed to be cooling down.
Leó Szilárd established a connection between energy and information [2] when he replaced the
“demon” with a simple machine. The connection is that information can be exchanged for energy
because it can help to extract energy. Gaining information lowers the entropy (uncertainty) of a system.
The use of a fundamental unit of information such as the bit to produce energy, as suggested by Shannon,
is well explained in [8] and [9]. Szilárd showed that if one had one bit of information about a system,
one could use that information to extract an amount of energy given by E = (log2 )kT (where k is
Boltzmann’s constant, and T the temperature of the system).
Landauer studied this thermodynamical argument [3] and proposed a principle: if a physical
system performs a logically irreversible classical computation, then it must increase the entropy of the
environment with an absolute minimum of heat release amounting to E per lost bit. Landauer further
noticed that any irreversible computation could be transformed into a reversible one by embedding it
within a larger computation where no information was lost.
Figure 1. The logical gate and is not reversible as can be seen in this truth table diagram,
because given 0 as output one cannot tell which of the 3 inputs generated it.

A nand irreversible gate, for example, can be embedded in a bijection known as a Toffoli gate [10].
The Fredkin gate [6] is another example of a reversible logical gate, capable of implementing universal
computation as well as computing with no energy (in principle). When several input states are mapped
onto the same output state, then the function is irreversible (e.g., Figure 1), since it is impossible to
identify the initial state if one knew only the final state.
Using these ideas, Feynman invented a simple physical model [8] of a one-bit register to set up a
“piston Turing machine” with which to illustrate the processes that require and those that do not require
thermodynamic work, and Bennett [11] used it to illustrate how to produce thermodynamic work (other
good accounts can be found in [9] and [12]). The machine consists of a cylinder divided into two
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compartments by a central partition (a piston). The cylinder contains a molecule that can either be in the
left compartment (representing a 0) or in the right compartment (representing a 1). From Landauer [3]
we know that the cost of resetting such a machine is M (log2 )kT every time M bits are erased. We
have a good sense of how to connect these concepts using algorithmic information theory. If a string is
algorithmically random, for example, there is no way the machine can be set up to make it produce usable
work, because the more predictable the string (the lower its algorithmic—Kolmogorov—complexity [13,
14]) the more the quantity of work that can be extracted from it. This is consistent with the second law
of thermodynamics—computational thermodynamics basically says that one cannot extract work from
an (algorithmically) random string. The machine would either not be able to fully predict the incoming
input or it would require more energy to actually predict its bits and prepare itself to take advantage of
the incoming input and produce work. In the words of Feynman ([8]), a random tape has zero fuel value.
So how exactly would one design a useful piston machine? The best approach is to use the concept
of universal gambling, based on algorithmic probability [15,16]. The machine would try to evaluate
the complexity of the incoming string by, for example, using a compression algorithm or an a priori
distribution indicating the probability of the frequency of the next bit being 1 or 0 (interpreted as being
on one side or the other of the piston box), and quickly slip the piston into position accordingly (see
Figure 2).
But imagine a random stream of bits serving as input to the machine with a piston. The piston needs
to be set in such a way that if a bit comes in then it moves to the correct side and returns to wait for the
next push. If the string is known to be a sequence of 1’s, for example, one can just set the piston in such
a way that it will always expand in the same direction and will produce work (e.g., movement or heat).
But if the string is random there is no way to set the piston correctly because it will get as many pushes
in one direction as in the other—so if the piston is used for motion the machine will move back and
forth. If the string is uniformly random, it will describe a one-dimensional random walk and end up not
far from its original point of departure. In this case, adding more pistons will not work either, because
if each piston moves according to adjacent contents of the tape and the tape is random, the machine will
produce as much energy as it loses.
Figure 2. A bit for work regarded as a particle pushing the piston if it is known whether the
bit will be 1 or 0 (interpreted as coming from one direction or the other). Every bit in the
sequence determines whether the piston will expand one way or the other, but in order to do
so the piston has to be in the right position.

1.1.

Thermodynamics, Computation and Computability

Algorithmic probability (just like algorithmic—Kolmogorov—complexity [13,14]) is
non-computable [14,16], which means that one cannot predict an incoming string with complete
accuracy, and therefore that there is no way, not even in principle, to extract work from a piston Turing
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machine if the incoming input is random. It also means that the more one wishes to extract, the more
one needs to invest either in producing the a priori distribution or in trying to compress the incoming
sequences in order to evaluate the complexity of the string and to predict what the forthcoming bit is
likely to be, which is time and energy consuming because the resources available are finite and the
machine will likely need to reset the memory at least once in a while if not every time. Given that by a
simple combinatorial argument (there are far fewer binary programs strictly shorter in length than binary
strings), there can only be more algorithmically random strings than non-random ones. This strongly
suggests that one would in general need to invest more energy than it would be possible to extract from
a Turing machine fed with a random input. Beyond the dissipation of an actual physical piston Turing
machine, which would release heat (e.g., because of the friction of the pistons against the cylinders and
the movement of the head over the tape), there is an even more fundamental reason to avoid building
a perpetual motion piston Turing machine: the eventual need to erase or reset the machine because
its resources are finite, resulting in the release of heat, as found by Landauer and Bennett [3,4]. The
other reason—from computability theory—is that algorithmic randomness is uncomputable, that is,
there is no Turing machine that, when given a string, can decode it into its minimal description by
finding the regularities in it. In other words, no algorithm can predict the next bit of an algorithmically
random sequence.
2.

The Role of Information in Physics

Black holes are objects theoretically predicted by general relativity (and discovered experimentally).
Surprisingly, they play a central role in the application of information theory to physics, for several
reasons. Black holes are, as it were, the meeting places of physical theories describing the largest and the
smallest objects in the universe, i.e., general relativity theory and quantum mechanics. This is because
black holes are so massive that they produce what the core of Einstein’s relativity theory predicts as
being a consequence of gravity (the deformation of space-time due to a massive object), a singularity
point with no length, which therefore subsists on a subatomic scale. The quest to unify the theories has
therefore focused its attention on black holes. A second interesting property of black holes is that they
recapitulate what is believed to have been the condition of the universe at its inception. If we assume
the expansion of the universe and move backwards in time we arrive at a situation exactly like the one
that obtains with black holes, where a great amount of mass is concentrated in a very small (ultimately
null) space, since according to the Big Bang theory everything started out of nothing—or out of what we
have no idea of, to put the matter more accurately, since both theories, general relativity and quantum
mechanics, fail to offer a persuasive account of what is obtained at the singularity moment (or for matter
before that moment). But there is a third reason why black holes play a pivotal role, the reason that
matters most to us here, and that is their relation to matter and energy, and indeed to information itself.
What falls into a black hole was once thought to be lost, because by definition not even light can make
it out of a black hole’s event horizon. The first law of thermodynamics, however, asserts that no mass
or energy is ever lost. In terms of information, the world is reversible in theory [11], but if things fall
into black holes information would be lost forever with no way to recover it, not even in principle. It
was found, however, that black holes “leak” information to the outside due to a quantum phenomenon
occurring at the event horizon [17,18].
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That black holes “evaporate” in this way is important because there is a connection to the first and
second laws of thermodynamics. The first law of thermodynamics is concerned with an important
symmetry property of the world. The first law is the law of energy conservation, which says that though
processes involve transformations of energy, the total amount of energy is always conserved, implying
time-translation symmetry. In other words, there is no distinction between past and future, as time can
be reversed and the laws of physics would still hold; they remain invariant under time transformations.
Unlike the first law, however, the second law introduces an apparent asymmetry, but it is an asymmetry of
a statistical nature. There are many statements of the second law, all of them equivalent. The best-known
formulation is that of Clausius [19]: “The entropy of the universe tends to a maximum”. This is of
course a simplified version of a more complex mathematical description that has the following form for
an isolated system: ∂S/∂t ≥ 0, where S is the entropy and t is time.
More recently, an even deeper connection between physics and information has been suggested in
the context of theories of quantum gravity, which involves the relation between the mass of what falls
into a black hole and the size of the black hole (the surface area of its event horizon). The so-called
Holographic Principle [20–22] states that the description of a volume of space can be thought of as
encoded on a boundary of the region. In fact, ’t Hooft uses a cellular automaton to speculate on the
constraints faced in constructing models of quantum gravity [23]. In ’t Hooft’s own words:
It is tempting to take the limit where the surface area goes to infinity, and the surface is
locally approximately at. Our variables on the surface then apparently determine all physical
events at one side (the black hole side) of the surface. But since the entropy of a black hole
also refers to all physical fields outside the horizon the same degrees of freedom determine
what happens at this side. Apparently one must conclude that a two-dimensional surface
drawn in a three-space can contain all information concerning the entire three-[dimensional]
space. ... This suggests that physical degrees of freedom in three-space are not independent
but, if considered at Planckian scale, they must be infinitely correlated.
According to some theories of quantum gravity, this suggests that black holes are acting as data
compressors for information.
Wheeler identified the shortest possible scales at the quantum size (∼ 10−33 cm and ∼ 10−43 s) at
which general relativity breaks down and should be replaced by laws of “quantum gravity” (Wheeler is
also credited with having coined the terms Planck time and Planck length). Wheeler [24] thought that
quantum mechanics would eventually be rooted in the “language of bits”. According to [25], Wheeler’s
last blackboard contained the following, among several other ideas: “We will first understand how simple
the universe is when we recognize how strange it is.” Wheeler himself provides examples of the trend
from physics to information in his “it from bit” programme, suggesting that all of reality derives its
existence from information. He asserted that any formula with units involving the Planck length h̄ would
be indisputable evidence of the discrete nature of the world. It was perhaps not by chance that the
same person who coined the term “black hole” for the strange solutions that general relativity produced,
leading to singularities, proposed the “it from bit” dictum, suggesting that everything could be written
in, and ultimately consisted of, bits of information.
In fact, Wheeler thought that it was possible to translate all physical theories into the language of bits,
and no account of information in relation to energy could be considered complete if it does not take into
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account the possible interpretations of quantum mechanics. Physical information and its connections
to reversible computation are of particular importance in the theory of quantum computation, as it
has been proven that if something can be reversibly computed it can also be computed on a quantum
computer [11].
According to classical mechanics, randomness is apparent in the macroscopic world, but under the
standard interpretation of quantum mechanics things may be fundamentally different. The position that
the history of the world is computationally reversible [5] is compatible with the determinism imposed by
classical mechanics, despite the arrow of time derived from the second law of thermodynamics, which
makes it impossible in practice to reverse any conceivable process in the world. At the quantum scale,
however, it would seem as though entangling a particle would cause it to irretrievably lose track of its
previous state, leaving no avenue for obtaining information about it. Quantum logic gates, however,
are all reversible because events occur by unitary transformations [11,26], which are bijective and
therefore invertible (but the measurement problem is not so). According to Bennett, there is no current
evidence or known phenomenon that would imply a real loss of information [4,11], so physical laws are
fully reversible.
As surprising as it may seem, this is the position of some who are considered digital ontologists in
the tradition of Wheeler, Feynman and Wolfram (Wheeler was a professor of Feynman and Feynman of
Wolfram). Wolfram’s position, contrary to common belief, is also mostly epistemic in character, as is
shown by his approach to natural science [27].
3.

Information and Biology

If Wheeler’s aphorism applies anywhere in physics, it certainly applies to biological systems. Over
the past decades the concept of information has also gained a prominent place in many areas in biology.
A central element in living systems turns out to be digital: DNA sequences (a digitised linear polymer),
refined by evolution, encode the components and the processes that guide the development of living
organisms. It is therefore natural to turn to computer science, which possesses concepts designed to
characterise digital information, but also to computational physics in order to understand the processes of
life. Terminology such as reading and writing is routinely used in discussing genetic information, while
genes are described as being transcribed, translated and edited, in a purely informational/computational
narrative over and above simple analogy.
Computer simulations performed as part of research in artificial life have reproduced various known
features of life processes and biological evolution. Evolution seems to manifest some fundamental
properties of computation, and not only does it seem to resemble an algorithmic process [27,28], it often
seems to produce the kind of persistent structures and output distributions that a computation could be
expected to produce [29], including links to optimisation programs [30,31].
The order we see in nature is clearly at least partly a result of self-assembly processes (e.g., molecules
and crystals, multicellular organisms and even galaxy clusters, to mention just a few examples).
Among the most recent discoveries in molecular biology is the finding that genes form the building
blocks out of which living systems are constructed [32,33], a finding that sheds light on the common
principles underlying the development of organs as functional components rather than mere biochemical
ingredients.
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Recently there has been an interest in the “shape” of a self-assembled system as output of a
computational process [34–38]. These kinds of processes have been modelled using computation
before [39], and the concept of self-assembly has been extensively studied by computer scientists since
von Neumann (and Ulam) [40], who studied features of computational systems capable of displaying
persistent self-replicating structures as an essential aspect of life, notably using cellular automata.
Eventually these studies produced systems manifesting many features of life processes [27,41,42], all
of which have turned out to be profoundly connected to the concept of (Turing) universal computation
(Conway’s game of Life (Figure 3), Langton’s ant, Wolfram’s Rule 110). Some artificial self-assembly
models [35], for example, demonstrate all the features necessary for Turing-universal computation and
are capable of yielding arbitrary shapes [43] such as a Turing-universal biomolecular system.
Figure 3. A step configuration of Conway’s Game of Life [41] (each cell looks to its
neighbours to stay alive or die—stay black or white). Surprisingly, simple processes like
this rule system, today called a cellular automaton, can capture fundamental aspects of life
such as self-assembly, robustness and self-replication, and are capable of the most important
feature of computation: Turing universality. von Neumann [40] sought to model one of
the most basic life processes—reproduction—by designing these kinds of lattice-based rules
where space is updated altogether in discrete steps for studying self-replication.

Natural selection works well for systems that have evolved a heritable system of replication, but
natural selection comes into play only after life has emerged. In his computer experiments, A.N.
Barricelli concluded that “mutation and selection alone... [prove] insufficient to explain evolutionary
phenomena” [44,45]. According to Dyson, the engineers at Princeton (where Barricelli worked) in
charge of running Barricelli’s experiments were actually incredulous, and believed that there was
something in his code that they had not been apprised of. George Dyson [46] reads this as a reflection
of the engineers’ surprise that a set of simple instructions could generate such apparent complexity. As
Wolfram has shown [27], systems such as Conway’s game of Life do not have any special features;
they do not stand out from a set of similar rule systems capable of the same complexity. In fact, today
we know that the elements necessary for (Turing) computational universality are minimal, as shown by
Wolfram’s Rule 110 and tag systems that have led to the construction of the smallest Turing machines
capable of universal computation [27,47,48].
Dyson suggests [46] that biology was ported to computers just as they were born, that computers
imported the concept of natural selection into machines from the inception. Barricelli’s main contribution
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consists in viewing the world, particularly life processes and life itself, as software. It was a later
development than—though it is not connected with—what is today a collection of nature-inspired
techniques of heuristic search problem solving, such as evolutionary computation [49,50], and even
more radical forms of unconventional computation (e.g., [51]).
Many fundamental challenges in biology require an understanding of how environmental change
impacts the dynamics of interacting populations. If biological systems can be regarded as computational
systems, one may inquire into biological systems as one would into computational systems. This is not
a strange position, and indeed an informational/computational perspective on biological processes has
begun to be adopted in the literature (as an example see [52]).
In [53], Chaitin also suggests that biological evolution can be studied with tools from software
engineering and information theory. An organism can then be seen as a computer program and mutations
as changes to the program rather than to (or on top of) DNA loci, leading to subroutines that produce
more coherent and reusable changes, which natural evolution can then test in the field more efficiently
than would be possible with incremental punctual mutation.
But if algorithmic concepts can be successfully adapted to the biological context, key concepts
developed in computation theory may not only be relevant to biology but also help explain other
aspects of biological phenomena. For example, it has recently been shown that information is a
fitness-enhancing resource, as acquiring information will eventually pay off against the alternative of
remaining ignorant [54]. We are also suggesting how algorithmic probability may explain simplicity
bias in biological distributions (e.g., the distribution of biological shapes) [55] and interactions with
computational thermodynamics, leading to what we believe is a fundamental trade-off between energy
and information in biological systems, as related to fitness. We have made some connections between
computational thermodynamics and predictability in the relation between organisms and their stochastic
environments [56], connections such as we have made before between the power of artificial neural
networks and the mind [57].
To understand the role of information in biological systems, one can think of a computer as an
idealised information-processing system. Converting energy into information is fairly easy to understand
today from a practical point of view [3,4,8]. Computers may be thought of as engines transforming
energy into information. Instead of having to use “fuel binary tapes” one need only connect one’s
computer to the electrical grid in order to have it perform a task and produce new information at the cost
of an electricity bill.
Even if the trade-off is not yet precisely understood in detail, it is clear how animals convert
information into energy—for example, by using information to locate food [58], or in learning how
to hunt [59]. Similarly, it is clear that energy can be used to extract even greater quantities of energy
from the environment—through investment in the construction and operation of a brain. From this it
follows that the extent to which an organism is adapted to or able to produce offspring in a particular
environment depends on a positive exchange ratio between information and energy.
3.1.

Computational Thermodynamics and Biology

The discrepancies between energy and information are not entirely incompatible. Imagine an animal
sharing information about the location of food. The amount of food is finite and will have to be split
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between two organisms having knowledge of it; sharing the information will not produce more food.
However, if the food supply were large enough to feed both organisms, both would benefit from sharing
the information. So in fact here the exchange makes sense despite the fact that information and energy
(in the form of food) have radically different properties.
In exchanging information for energy and energy for information, some energy inevitably escapes into
the environment (see Section 1 and [3]). Hence this is also a subject relevant to ecology, and ultimately
to climate change. Dissipation is a general phenomenon in the real world and it tells us that something
is lost in the exchange process, something which itself interacts with the environment, affecting other
organisms. In accordance with the second law of thermodynamics, one can see this as information
about the system’s irreversibility. In biology, this kind of exchange happens all the time. Neurons, for
example, dissipate about 1011 kT per discharge [4]. Computers (mainly because of their volatile memory
devices—the RAM memory) also dissipate energy by at least 1kT per bit [3,4], which is also the reason
computers heat up and require an internal fan.
4.

Concluding Remarks

As pointed out in [60], natural selection can be seen as extracting information from the environment
and coding it into a DNA sequence. But current efforts in the direction of quantifying information
content typically do not venture beyond Shannon’s communication theory [61]. Nevertheless, as we
are suggesting, analogies with computation and algorithmic complexity may help us understand how
selection accumulates and exchanges information and energy from the environment in the replacement
of populations, as they have already helped connect computation and physics in thermodynamics.
In this short review, we have seen how information and computation play an increasingly important
role in modern physics. Information will continue to play a role in unifying the seemingly disconnected
fields of knowledge. It will also turn out to be a serviceable tool for biology, constituting a powerful
unifying apparatus as well as a resource for modelling living systems phenomena and thereby advancing
the life and environmental sciences.
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