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Biological organisms must perform computation as
they grow, reproduce and evolve. Moreover, ever since
Landauer’s bound was proposed, it has been known
that all computation has some thermodynamic cost—
and that the same computation can be achieved with
greater or smaller thermodynamic cost depending on
how it is implemented. Accordingly an important
issue concerning the evolution of life is assessing
the thermodynamic efficiency of the computations
performed by organisms. This issue is interesting
both from the perspective of how close life has
come to maximally efficient computation (presumably
under the pressure of natural selection), and from
the practical perspective of what efficiencies we
might hope that engineered biological computers
might achieve, especially in comparison with current
computational systems. Here we show that the
computational efficiency of translation, defined as
free energy expended per amino acid operation,
outperforms the best supercomputers by several
orders of magnitude, and is only about an order of
magnitude worse than the Landauer bound. However,
this efficiency depends strongly on the size and
architecture of the cell in question. In particular, we
show that the useful efficiency of an amino acid
operation, defined as the bulk energy per amino
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At the centre of understanding the evolution of life is identifying the constraints faced by
biological systems and how those constraints have varied across evolutionary epochs. For
example, a question that often arises in evolutionary theory is how relevant the contingent
constraints faced by modern life are for understanding early life or even the origin of life. Another
example is the question of how organisms cope with the constraints of distinct physical scales—a
dependence that by definition does not change across evolutionary epochs.
The laws of thermodynamics restrict what biological systems can do on all physical
scales and in all evolutionary epochs (e.g. [1–12]). In addition, all known living systems
perform computations. Accordingly, the deep connection between computation and the laws of
thermodynamics are a fundamental constraint operating on life across all physical scales and
evolutionary epochs [2–11,13–18]. This implies that, by analysing the thermodynamic properties
of biological computation, and in particular, the efficiency of those computations, we may gain
insight into the changing constraints that have governed the evolution of life.
A deeper understanding of the thermodynamics of biological systems may also help to
address a question that pervades almost all of biology: how to quantify the fitness of organisms
in a more nuanced way than by their instantaneous relative reproduction rates. One way to
make progress on this question is to understand the more fundamental processes that govern
reproduction rates. In this regard, it is worth noting that recent research has derived reproduction
rates (growth rates) of organisms from their metabolic power budgets, thus illustrating the
deep connection between energetic efficiency, the cost of organism functions and reproductive
success (e.g. [19,20]). Another way to make progress is to analyse other important organism
functionalities in addition to reproduction rate. Here too thermodynamics is vitally important.
For example, important organism features, such as the tapering of vascular network structure,
can be predicted from considerations of minimizing energy dissipation [21,22]. Clearly then,
analysing biological systems in terms of their thermodynamic efficiency can provide insight on
how to quantify the fitness of organisms. This approach to defining ‘fitness’ is analogous to
recent efforts that have defined the concept of ‘genes’ and ‘functionality’ in terms of chemical
computations [23].
In this paper, we extend previous work on thermodynamics in biological systems in
several ways. We begin by discussing the surprising ways that the overall thermodynamic
efficiency of different biological architectures, quantified as power per unit mass, varies across
both physical scale and the age of first appearance. These shifts in overall thermodynamic
efficiency provide the backdrop against which we compare shifts in the computational
thermodynamic efficiency within the cell across biological architectures. First, we consider
the thermodynamic efficiency of the cellular computation of copying symbolic strings during
translation in a single ribosome. We then consider the useful thermodynamic efficiency of this
computation at the whole cell level, i.e. the total energy rate for all translation, including
protein replacement, divided by the rate of translation done for replication. This calculation
requires consideration of intracellular decay processes and ribosome and protein scaling. After
a consideration of the computation of translation, we consider the efficiency both of the
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acid polymerization, decreases for increasing bacterial size and converges to the
polymerization cost of the ribosome. This cost of the largest bacteria does not change in cells as
we progress through the major evolutionary shifts to both single- and multicellular eukaryotes.
However, the rates of total computation per unit mass are non-monotonic in bacteria with
increasing cell size, and also change across different biological architectures, including the shift
from unicellular to multicellular eukaryotes.
This article is part of the themed issue ‘Re-conceptualizing the origins of life’.

computation of DNA replication and of maintaining storage capacity, from the scale of cells up
to the biosphere.

(i) the opposing power density relationships for bacteria compared with multicellular life;
(ii) multicellular organisms fall along a power density curve that would fall below
astronomical systems at the same scale, implying they would be more efficient (in the
sense of requiring less power density to maintain themselves);
(iii) human societies are well above the average curve for multicellular organisms implying
a possible inefficiency—humanity is extremely profligate, using power for more than
simple maintenance.
In addition, figure 1b provides the power density as a function of the estimated time when each
group of systems arose (in the same way as in [28,29]) and reveals that the biological groups
largely overlap independent of the time of first appearance. Considering the averages of each
group, the surprising feature is that the evolution of biological architecture first increased and
then decreased the power density as a function of first appearance.

.........................................................

In this paper, we frequently investigate features of efficiency by using power laws of the form
Y = Y0 Xβ , where Y0 is a normalization constant, β is the scaling exponent and X represents the
scale of the system. This type of equation makes it easy to relate behaviours at different scales.
For example, if β = 1 then all changes in Y are simply proportional to changes in X. Similarly, for
β = 1 the ratio Y/X will not be constant and will either increase or decrease with increasing X.
Before turning to the thermodynamics of biological computation specifically, it is useful
to consider the scaling of total organismal power usage in order to gain insight on the bulk
thermodynamic efficiency of distinct biological architectures. This perspective will allow us to
separate total power usage from the cost of computational rates within cells and to distinguish
which features are changing (or not) across the evolution of life.
A surprising feature of life at the multicellular scale is that overall metabolic rate does not
simply scale linearly with total body size. This is traditionally know as Kleiber’s Law [21,24],
expressed as a power law with β ≈ 34 . This value of β implies that multicellular life obeys a certain
economy of scale: as organisms grow larger, the metabolic rate required to support a unit of mass
is decreasing and larger mammals support more tissues for the same amount of energy (e.g. [21]).
More recently, it has been observed that this scaling relationship is not preserved across all the taxa
of life [25]. In bacteria β is greater than 1 and in unicellular eukaryotes the exponent is close to, but
slightly smaller than, 1 [25]. These relationships imply fundamentally different scaling behaviour
for each taxa, and are complementary to recent arguments that the epochs of life bring the ability
to harness novel energy sources [26]. The relationships have also been used to derive interspecific
growth trends and the limits for the smallest possible bacterium and largest unicellular eukaryote
[20,27].
Other work has extended a consideration of power usage from the scales of life to comparisons
with astronomical objects. This work has argued that a characteristic of the ageing Universe is the
appearance of structures with ever higher power density (power per unit mass) [28,29]. (We will
return to this specific claim below.)
The scaling relationships mentioned above can also be used to analyse power density across
the epochs of life, since the noted differences in scaling relationships imply very different power
efficiency across each form of life. For example, bacteria require an increasing amount of power
to support a unit of mass with increasing cell size, but are able to reproduce more quickly as a
consequence [20,25]. More generally, in the evolution of life, power density first increases with
increasing size (bacteria), then saturates for unicellular eukaryotes and then decreases with size
for multicellular organisms. It also decreases with size in astronomical systems such as the Sun
and Milky Way (figure 1a). The surprising features here are:
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2. Power usage across biological scales
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Figure 1. (a) The overall power density of various systems in the Universe. The red points and associated red power-law curve
are bacteria, the blue points and curve are unicellular eukaryotes and the orange is for small multicellular eukaryotes, cyan is
modern human society followed by the Sun in purple and the Milky Way in green. (b) Power density as a function of the age
(years before the present) of first appearance of each system. The data shown are a reanalysis of [20,25,28,29], where the time
of first appearance and masses were supplemented by [30–33].
These observations highlight a critical question: How should we interpret power density?
Phrased informally, should a species be proud or ashamed of its power density? The answer
ultimately comes down to how effectively power density is converted into functionality. This
is a challenging question to address, both because function is often hard to quantify in terms
of increased survival, and because it varies widely across species. In bacteria, we know that
the overall power usage predicts the appropriate growth rates from a partitioning between
biosynthesis and repair costs [20]. However, it has been previously noted that this comes
at the cost of a lower efficiency of biomass production [25] compared with unicellular and
multicellular eukaryotes. More generally, organisms with a wide variety of growth rates and
biomass production efficiencies exist in nature. This either highlights very different selective
pressures in different environments (e.g. classic r/K selection theory [34,35]), or shows that there
are other quantifications of functionality that are more uniform across diverse species.
The thermodynamics of computation, which we consider in the rest of this paper, provides a
potential starting place for analysing this issue of function.

3. The thermodynamics of computation
In this section, we first provide background on the modern understanding of the thermodynamics
of computation, grounded in non-equilibrium statistical physics. We then discuss the different
kinds of computation that take place in biological systems, clarifying the (very narrow) set of
computations that we consider in this paper.

.........................................................
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power density (W g–1)

(a)

(a) Formalizing and generalizing Landauer’s bound

(b) Thermodynamics of biological computation
In artificial digital computers, there is no uncertainty about what precise dynamical process
constitutes a ‘computation’. Things are not so clear-cut with biological systems, however. One
natural criterion is to characterize a biological process as a ‘computation’ if it is reliable and
repeatable, and especially if it can clearly be modelled as a digital operation [86,87]. We adopt this
criterion here, viewing any system that meets these criteria as performing a ‘computation’. (At
a minimum, we feel that such systems perform ‘computation’ at least as much as does a binary

.........................................................

where S(.) is Shannon entropy and x lives in a countable space X. This lower bound on the work
is achieved if and only if the process implementing the transformation is thermodynamically
reversible [58,73,78]. This theoretical result is now being confirmed experimentally [79–83]. (If the
Hamiltonians are not uniform at both times, then the change in expected value of the Hamiltonian
must be added to equation (3.1).)
This recent work—and in particular (3.1)—has fully clarified the early reasoning of Landauer
et al. To see how, suppose that the state space X is binary, P0 (x) is uniform and P1 (x) is a delta
function about x = 0. So the transformation is bit erasure, with a uniform initial distribution of the
state of the bit. For this special case, the bound in (3.1) giving the minimal work is just kT ln(2),
Landauer’s bound. Note that for a different initial distribution P0 (x), the minimal work will be less
than kT ln(2). More importantly, note that the bound in (3.1) is achieved with a thermodynamically
reversible process; in general, logical irreversibility and thermodynamic irreversibility need not
imply one another [84]. (Indeed, if we use a thermodynamically irreversible process to implement
the logically irreversible map from uniform P0 (x) to delta function P1 (x), then the total work used
exceeds Landauer’s bound of kT ln(2).)
Viewed as a computation, bit erasure has the very special property that its output (namely
the value 0) is independent of its input. Obviously, this is not true for the vast majority of
computations that we might wish to implement in the real world; in almost all computations of
interest the output depends crucially on the input. Moreover, the analyses that have been used to
derive (3.1) implicitly exploited this feature of bit erasure; they only work for physical processes in
which the output is independent of the input. This restriction means we cannot use those analyses
to analyse more general types of computation.
To rectify this, in [85] a physical process was analysed that can implement an arbitrary
computation in a thermodynamically reversible way, even a computation whose output depends
on its input [58,86]. That analysis established that (3.1) still applies for arbitrary computations.
Importantly, this result—which we call the generalized Landauer bound—holds even if the
conditional distribution P(x1 | x0 ) is not a single-valued map. Indeed, that conditional distribution

is not directly relevant; only the resultant marginal distribution P(x1 ) = x0 P(x0 )P(x1 | x0 ) arises
in the generalized Landauer bound.
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There has been great interest for over a century in the relationship between thermodynamics and
computation [36–51]. A breakthrough was made with the semi-formal arguments of Landauer,
Bennett and co-workers that there is a minimal thermodynamic cost of kT ln(2) required to run a
2-to-1 map like bit erasure on any physical system [44,49,52–63]. A related conclusion was that a
1-to-2 map can act as a refrigerator rather than a heater, removing heat from the environment [44,
52,56,57]. For example, this occurs in adiabatic demagnetization of an Ising spin system [52].
More recently, there has been dramatic progress in our formal understanding of nonequilibrium statistical physics and its relation to information processing, in general [61,62,64–78].
In particular, to focus on the specifically computation-based thermodynamic cost of a process,
suppose that at any given time t all states x have the same energy. It is now known that in this
situation the minimal work required to transform a distribution P0 (x) at time 0 to a distribution
P1 (x) at time 1 is exactly
(3.1)
kT[S(P0 ) − S(P1 )],
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Figure 2. The hierarchies of biological computation ranging from subcellular processes to interactions within collections of
multicellular organisms. At each level of biological organization, a few examples of the dominant computational processes
are provided, where it should be noted that the highest levels of biological computation integrate the lower levels [88,89].
For example, while neurons are integrated into a complicated cognitive process they also contain the string writing processes
of basic protein translation.

system undergoing a 2-to-1 map, which ever since Landauer has been viewed as a canonical
model of a computation.)
However, even having settled on a clear criterion for what constitutes a biological
computation, there is still a major challenge in accurately identifying and then counting all
the computation operations in a biological system. This is because so many computational
processes operate at so many levels of biological organization (e.g. [88–90] for a review, discussion
and formalism). For example, simply counting the number of bit operations in the multiple
interactions of any given chemical in a metabolic network is quite difficult, let alone the bit
operations involved in controlling all cellular processes such as uptake rates, chemotaxis and
metabolic regulation. Similarly, for human cognition it is necessary to consider not only the input–
output operations of each separate neuron, but also the ‘software’ of overall human cognition,
which of course involves vast numbers of neurons and is yet to be fully understood.
Adopting a broad perspective, we can loosely think of each organism as having their own
biological computational hierarchy, where each level in the hierarchy contains all of the lower
levels of computation, combining them to form unique higher-level computations. For example,
the bacterial cell not only contains the basic computations of the ribosome, but also combines
the produced proteins to run more advanced computations at the level of metabolic networks.
Similarly, a mammal contains computations ranging from translation within its individual
eukaryotic cells up to signalling networks coupling those cells, and at a higher level, participates
in social organization [88–90]. Thus, a full treatment of the energetics of computation requires
not only understanding how power usage varies over different levels of biological organization
(as we addressed above), but understanding the associated hierarchy of computations straddling
those levels. Figure 2 illustrates this nesting and gives examples of the new types of computation
at each level of biological organization.
A full treatment of this nested computation is a huge task, which will be central to
future work in the emerging field of biological computation [88–90]. Here we only present
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— translation
— DNA replication

bacteria

In this section, we start by considering the thermodynamic efficiency of translation, first by
analysing the efficiency of the ribosome as the basic unit for translation, and then by analysing the
efficiency of translation for replication at the level of the entire cell, which includes the overhead
costs of protein replacement. We pay particular attention to how these efficiencies vary with the
size of the cell, and therefore across evolutionary scales. We then broaden our scope to consider
other ways of measuring how the amount of computation varies with size. We conclude by
scaling up our analysis to consider the thermodynamic efficiency of the translational computation
performed by the biosphere.

(a) Thermodynamic efficiency of computation of translation
First, we consider the energetic efficiency of translation, which represents the simple computation
of writing free-floating amino acids into distinct strings. Translation is a particularly well-defined
biological computation because it produces a repeatable output (the polymerized amino acid
chain) from a given input (mRNA) with a high degree of reliability, which as we argued above
qualifies it as a computation. (It also should be noted that this computation is more complex than
the simple bit erasure considered in analyses of the Landauer bound.)
We have long known that it takes four ATP equivalents for the ribosome to add an amino
acid to the growing protein chain [9,91,92]. There has been much past theoretical and empirical
work on the energetics of translation, ranging from arguments of kinetic proof reading [92] to
the ratio of forward and backward reaction rates [7]. However, each of these contexts relies on
knowledge of the actual chemical process of translation in terms of either natural reaction time
scales or the free energy change of certain reactions [7,92]. Our goal here is to compare translation
to any physical process performing the same abstract operation. It should be noted though that the
expenditure of these four ATP equivalents is partitioned into two key steps: charging the tRNA,
which requires two ATP, and forming the peptide bond between amino acids, which requires
another two ATP equivalents (e.g. [9,91]). These two chemical processes are used together to take
the amino acids out of solution and bind them together.
Biological translation is a computation that writes a specific string of length lp using a 20 letter
alphabet (figure 3 and table 1). It is achieved with a specific chemical process involving tRNA,
mRNA, amino acids and the ribosome. We are interested in quantifying how thermodynamically
efficient this chemical process is by comparing its thermodynamic cost to the smallest possible
thermodynamic cost that would be incurred by any physical process that performs the same
computation. The generalized Landauer bound provides us with precisely such a ‘scale’ for
assessing the thermodynamic efficiency of biological translation compared with all possible
processes performing the same operation.
We can apply equation (3.1) to calculate the minimal free energy required to implement
the many-to-one mapping that transforms a pool of free-floating amino acids (a bath of a
large number of uniformly distributed amino acid abundances) into the prescribed amino acid
sequence of a particular protein. Since there is only one final state, the final entropy is SF = 0, and

.........................................................
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results based on the most conservative counting of the number of bit operations performed
by several of the simplest biological processes, focusing on translation and replication. These
results are meant to provide intuition on the overall efficiency of the cell, but by no means
account for all bit operations in the cell. In addition, our approach only provides a lower
bound on the thermodynamic expenditures of those processes that we do consider, modelling
those processes as the writing of one-dimensional strings, without considering the additional
thermodynamic costs of those processes associated with changes in particle number or
positional entropies.
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Figure 3. Minimal free energy required for the string writing process of protein translation, taking a uniform bath of amino
acids to a specific protein. The formula for the generalized Landauer bound is given, along with the initial and final entropies
of writing a specific string of length lp (the average length of a protein in amino acids) from a set of 20 objects (amino acids).
Table 1. Definitions of parameters and constants.
parameter

units

definition

td

s

division time

l̄r

bp

length of all ribosomal proteins

l̄p

bp

..........................................................................................................................................................................................................
..........................................................................................................................................................................................................

the average length a protein

..........................................................................................................................................................................................................

r¯r

bp · s

η

s

−1

φ

s−1

μ

−1

−1

ribosomal base pair processing rate

..........................................................................................................................................................................................................

specific ribosome degradation rate

..........................................................................................................................................................................................................

specific protein degradation rate

..........................................................................................................................................................................................................

s

specific growth rate

..........................................................................................................................................................................................................

Np

total number of proteins

Nr

total number of ribosomes

..........................................................................................................................................................................................................
..........................................................................................................................................................................................................

γ

fraction of translation dedicated to making ribosomes

..........................................................................................................................................................................................................

Vc

3

m

cell volume

..........................................................................................................................................................................................................

amino acids · s

−1

amino acids · s

−1

Ut

amino acids · s

−1

Et

J · amino acids−1

Rt

repair translation

..........................................................................................................................................................................................................

Tt

total translation

..........................................................................................................................................................................................................

useful translation

..........................................................................................................................................................................................................

energy per amino acid polymerization

..........................................................................................................................................................................................................

if we generalize slightly to a scenario of C possible amino acids, we get
SI = −

m

i=1

pi ln(pi ).

(4.1)

.........................................................

i=1

E

8

pf ln (pf)

SF = −
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kT (SI − SF)

NF

lp !

k=1 (nk !)

,

(4.2)

.........................................................

m = C
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In particular, if we have a uniform pi , i.e. pi = p = 1/Clp , then there are a total of m = Clp states,
and SI = −mp ln(p) = − ln(1/Clp ). In many of the calculations below, C is taken to be 20, the
actual number of amino acids; we have left the value general in some of our formulae so that
considerations
of
a reduced amino acid pool, although unlikely, could be considered.
Given that the average protein length is l̄p = 325aa (see [27] for a review of values), for
20 unique amino acids, we have that pi = p = 1/20325 = 1.46 × 10−423 , where there are 20325
states, such that the initial entropy is SI = −20325 p ln(p), which gives the free energy change of
kT(SI − 0) = 4.03 × 10−18 (J) or 1.24 × 10−20 (J per amino acid). This value provides a minimum
for synthesizing a typical protein. We can also calculate the biological value from the fact
that if four ATP equivalents are required to add one amino acid to the polymer chain with
a standard free energy of 47.7 (kJ mol−1 ) for ATP to ADP, then the efficiency is 1.03 × 10−16
(J) or 3.17 × 10−19 (J per amino acid). This value is about 26 times larger than the generalized
Landauer bound.
It should be noted that the efficiency of the translation system is much closer to the Landauer
bound than estimates for other biological processes. For example, synapses have been estimated
to be 105 to 108 times worse than the Landauer bound [93].
These results illustrate that translation operates at an astonishingly high efficiency, even
though it is still fairly far away from the Landauer bound. To put these results in context, it
is interesting to note that the best supercomputers perform a bit operation at approximately
5.27 × 10−13 (J per bit) [94,95]. In other words, the cost of computation in supercomputers is
about eight orders of magnitude worse than the Landauer bound of kT ln(2) = 2.87 × 10−21 (J) for
a bit operation, which is about six orders of magnitude less efficient than biological translation when
both are compared to the appropriate Landauer bound. Biology is beating our current engineered
computational thermodynamic efficiencies by an astonishing degree.
As elaborated in the appendix, to focus solely on the cost of the computation, we only calculate
changes in the Shannon information contribution to the thermodynamic work. We do not account
for changes in the chemical binding energies during the copying process, changes in momentum
degrees of freedom, energy levels of the vibrational modes of the folded protein, etc. Our focus is
on estimating the computational part of the string writing process in isolation. As such it is also
worth noting that two ATP are being spent to pull the amino acid out of solution and bind it to the
tRNA and two are being spent to actually polymerize the amino acid once the tRNA has docked
via random processes. Thus, if we focus purely on the computational process of string writing,
the cost is only two ATP equivalents; the other two ATP equivalents can be seen as an upstream
process, whose efficiency we are not analysing. This would halve the biological cost calculated
above and bring it closer to the Landauer bound for the idealized string writing process.
There are several other subtleties in our analysis, concerning the choice for how to define
the set of states of the system undergoing translation, and therefore, the cost of the associated
changes in entropy. The calculation above of the change in entropy during string writing is based
on the specific situation of an infinite bath of uniformly distributed amino acids. We note that,
although this is a reasonable zeroth-order approximation of the cellular environment, it is an
underestimate of the thermodynamic efficiency of translation, since only some of the entropic
costs of translation have been accounted for. In particular, the entropic cost to pull amino acids
from a three-dimensional bath into a one-dimensional string is neglected. Thus, there are other
entropy accountings that are worth investigating, including one that begins to approximate the
three-dimensional problem. Below we provide a few of these alternatives.
First, consider the case where a particular protein is being written from a pool of only the exact
amino acids (both number and composition) required for that protein. In this case, the number of
distinguishable states is given by

10
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where C is the number of distinct amino acids used, nk is the number of amino acid of type k and
C
k=1 nk = lp . The initial entropy is then calculated using SI = −mp ln(p) with p = 1/m. In the case
where all amino acids are used in equal proportion, this alternative would be m = lp !/[(lp /20)!]20 ,
which, using the values above, gives a Landauer bound of 3.86 × 10−18 . This value is very
close to the bound calculated above for the case of an infinite uniform bath. The maximal
thermodynamic cost in equation (4.2) decreases as the number of amino acid types employed
decreases. The smallest non-zero value is given by employing two amino acid types with only a
single amino acid from one of the types, in which case m = lp !/[(lp − 1)!]. This gives a Landauer
bound of 2.40 × 10−20 , which is about two orders of magnitude smaller than the original
bound above.
As we have mentioned, this process of string writing underestimates the change in entropy
because it does not account for the three-dimensional positional entropies of each amino acid.
One way to start to address this challenge, which still underestimates the positional entropy, is to
consider each individual amino acid as distinguishable from the others regardless of type. Under
this condition m = n!, and the Landauer bound would be 6.46 × 10−18 , which is about 1.6 times
the original estimate from the uniform bath.
The energetics of copying a polymer have been considered before [12,16–18,96]. These earlier
analyses choose different subsystems of a cell to identify as the ‘computer’, and/or different times
to identify as ‘initial’ and ‘final’ moments of the computation. These different choices alter both
what we calculate as the actual thermodynamic cost in a real cell and what we calculate as the
minimal cost over all possible physical systems. So they change the thermodynamic efficiency
calculated.
As an example, in our calculation, we choose to analyse the thermodynamics with a fixed
mRNA rather than a distribution over mRNAs. Specifically, as elaborated in the appendix, we
calculate the free energy needed to remove the set of amino acids specified by that fixed mRNA
from a (random) bath of amino acids inside the cell. By contrast, in [16], there is a distribution over
the mRNAs. As a result their calculation of thermodynamic cost involves the mutual information
between the mRNA and the protein. However, this choice implicitly sets the ‘ending moment’ of
the computation as occurring before a subsequent step in which the cell decomposes the mRNA
(to re-use those nucleotides), a step which zeroes out that mutual information contribution. In
addition, the analysis [16] only considers the subsystem of the cell that produces the protein from
the mRNA, and so does not consider the cost of changing the distribution of amino acids in the
bath of amino acids—the very cost that we concentrate on.
More generally, it has also been pointed out that the full string writing process goes from
the DNA ‘tape’ to the protein string [2,13]. In this case, the full four ATP equivalents described
above should be used, plus an additional one or two ATP per nucleotide to polymerize the
mRNA transcript [9,91,97], and this would add an additional three to six ATP per amino acid
to the full string writing processes. This would double the above biological cost estimate—
although the Landauer bound would remain unchanged (see appendix A). Thus, the value for
the thermodynamic efficiency would be halved.
Likewise, the costs we tally do not include all of the upstream costs of preparing the amino
acid and nucleotide pools in the cell in the first place, before modifying subsets of them to form
strings (of proteins and of RNA, respectively). Here we have focused on the maximum efficiency
of the ribosome in isolation, as a system where a well-defined computation can be quantified, and
compared this to the thermodynamic lower bound for the same computation, performed with
arbitrary (possibly non-biological) processes. In our calculation we sidestep all the details of the
biochemistry. We do this on purpose, since we are concerned with the thermodynamic efficiency
of string writing as an idealized computer. We are calculating the minimal thermodynamic work
that would need to be expended to do the copying for any physical process, not just the kind of
stepwise construction considered, e.g. [16].
We emphasize that there is no right or wrong choice of which subsystem of the cell to identify
as ‘the computer’, or of which moments to identify as the ‘beginning and ending moments’ of the
computation. Rather, different choices answer different scientific questions. Here we concentrate

The calculations in §4a do not involve the size of a cell, nor any of the cellular functions beyond
the operation of a single ribosome. If we are interested in the computational efficiency of an entire
cell we must consider other features of the cell as well. In particular, we must consider cellular
functions that maintain information. To do this requires an assessment of the rate of information
damage. Specifically, we need to assess the rate of loss of proteins due to damage.
Building on previous efforts which describe the general trends in cellular rates and
composition [20,27], bacteria provide an ideal case for understanding the trends in computational
efficiency across a range of biological scales. A review of analyses of this issue can be found in the
Material and methods section (§6). The key result [27] is that the number of ribosomes required
for the cell to be able to divide, Nr , is bound by the inequality
Nr ≥

l̄p Np (φ/μ + 1)
r̄r /μ − l̄r (η/μ + 1)

,

(4.3)

where both the specific growth rate, μ, and number of proteins, Np , have been shown to scale
with overall cell volume, Vc [20,25,27] (see the Material and methods section (§6), table 1 and [27]
for definitions and values of the constants in equation (4.3)). The number of proteins is given by
βp

Np = P0 Vc ,

(4.4)

where, empirically, βp = 0.70 ± 0.06 [27]. In addition, the cross-species trends in ribosomes have
been shown to follow the lower bound on Nr described above [27], and this is the relationship
that we use here for all further calculations.
This same approach allows us to quantify the total translational computation being performed
by the cell (defined here as writing the amino acid pool within a cell to specific protein
sequences) as
Tt =

rr Nr
3

(4.5)

(measured in amino acids per second; note the division by 3 to convert from base pairs to amino
acids), where rr is the maximum base pair processing rate of the ribosome (bp per second). This
is plotted in figure 4a. The asymptotic behaviour for the largest bacteria is due to the ‘ribosome
catastrophe’ [27], the point where the scaling of growth rate (as determined by metabolic rate [20])
demands a greater ribosomal capacity than can fit in the cell, or equivalently, the point where
cellular division rate becomes faster than the rate at which a ribosome can replicate even the
ribosomal proteins.
We can build off these previous analyses, to analyse the rate of translation that is used to
replace damaged proteins (measured in amino acid units), Rt = ηNr l̄r /3 + φNp l̄p /3. Combining
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on the thermodynamic efficiency of one particular subset of the entire translation process, as
discussed in detail in appendix A.
These calculations we perform (and the variations of them discussed above) do not prove that
evolutionary fitness is highly dependent on thermodynamic efficiency; conceivably, the majority
of chemical processes that perform an analogous computation have such an efficiency. Indeed,
the specific energetics of translation are tied to the precise processes operating in the ribosome.
It is at least conceivable that evolution, or an alternative origin of life, could have found an even
more efficient chemical process that operates even closer to the Landauer bound. Nonetheless,
these calculations are at least consistent with the hypothesis that the evolutionary fitness of
cells has been highly dependent on the thermodynamic efficiency with which they perform the
computation of translation.
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Figure 4. (a) The total translation rate as a function of bacterial cell volume. The smallest observed bacterial species is indicated
with the dotted grey line. (b) The fraction of translation activity that is dedicated to repairing damaged proteins. (c) The useful
translation cost, defined as the total energy expended on all translation divided by the number of proteins synthesized for
replication rather than for the repair of damage. The red curve is bacteria, the blue point is for unicellular eukaryotes and the
orange point is a single mammalian cell. The black curve is the Landauer bound for translating a protein scaled to a single
amino acid addition, and the grey curve is the known energetic cost per amino acid for a single ribosome given the ATP costs.
The dashed black lines are the range of Landauer estimates given different accountings of the entropy discussed in the text. For
example, the upper dashed line is the case where every amino acid is distinguishable. The discrepancy between the red and
grey curves at the small end of bacteria is the result of the high fraction of total translation spent on repair for the smallest cells
as shown in (b).
with equation (4.5), the fraction of total translation that is used for such repair is
φ l̄p Np
Rt ηl̄r
=
+
.
Tt
rr
rr Nr

(4.6)

The dependence of this ratio on cell size provides a perspective on the limits of cell size (figure 4b).
At the smallest end of life, cellular translation is dominated by the replacement of proteins. This
should be compared with previous results which found that total metabolism is dominated by
maintenance processes at the small end of bacteria [20]. Here we tease apart that earlier result to
show that even the individual process of translation becomes dominated by maintenance (protein
replacement) at the small end of the scale.
As a complement to analysing the fraction of translation dedicated to repair, we can analyse the
useful translation, which we define as the accumulated translation that will eventually allow the
cell to divide, Ut = N˙p l̄p /3 + Ṅr l̄r /3. A convenient way to quantify the overall energetic efficiency
of translation is the ratio of the total energetic cost of translation relative to the useful translation
(J per non-degraded amino acid),

−1
φ l̄p Np
Et Tt
ηl̄r
= Et 1 −
−
,
(4.7)
Ut
rr
rr Nr
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(a)

So far, we have only considered one aspect of the thermodynamic cost of cellular computation,
namely energy spent per amino acid operation, measured either using the Landauer bound or
the efficiency achieved by a single ribosome. However, there are other important metrics for
analysing cellular computation. One that was recently introduced is the oklo, defined as the
number of bit operations per gram per second [94].
Our analysis above allows us to calculate one component of the number of oklos expended
in cellular computation: the rate of amino acid bit operations per unit of bacterial mass. We plot
this as a function of the overall size of the bacterial species in figure 5a. We find a non-monotonic
function for bacteria with a minimum in the mid range of bacterial sizes, and a rapid increase for
the largest bacteria due to the increased number of ribosomes [27]. However, it should be noted
that for most bacterial sizes the oklos curve is surprisingly flat and ranges within an order of
magnitude. The unicellular eukaryote value from yeast is significantly larger than that of bacteria
of the same size, and is about an order of magnitude larger than the value for bacteria of average
cell size. However, the mammalian cell values appear to be indistinguishable from the value for a
bacterium of average size. In contrast with the energetic efficiency of translation, which appears to
saturate at the ribosome minimum and be held constant across evolutionary transitions, the oklos
found within different biological architectures have significant shifts across diverse life, where
unicellular eukaryotes are able to achieve the highest rate of bit operations per unit mass.

(d) Translational computation by the biosphere
Known cellular rates of the amount of computation per unit mass have recently been scaled up to
analyse the rate of translational computation performed by the biosphere [94]. Having done this,
one can then divide by total solar flux to calculate the thermodynamic efficiency of translation
at the scale of the biosphere [94]. However, given the strong scaling relationships demonstrated
both in this paper and in previous work [20,25,27], it is important to note that any such estimates
depend strongly on how we model cell size distributions in different environments. In addition,
we have seen that growth rate plays an important role in determining the overall computational
efficiency of translation, and it should be noted that large amounts of the biomass on Earth is
growing at rates close to zero [98]. These low growth rates will not affect the assessment of the
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where Et is the energy to polymerize one amino acid (four ATP equivalents at 47.7 (kJ mol−1 ) of
ATP). In figure 4c, we have plotted this overall efficiency of translation based on the known scaling
of Nr and Np across bacteria. We find that the smallest cells are over an order of magnitude less
energetically efficient than the largest cells at performing the operation of adding an amino acid
to the protein chain. The largest cells converge to the energetic efficiency of the ribosome itself,
which is still about 26 times larger than the Landauer bound as discussed earlier (figure 4c).
Another interesting question is how the translational efficiency changes across diverse
biological architectures. We find that the translational efficiency of single-cell eukaryotes
(considering values for yeast; see Material and methods (§6)) and single mammalian cells does
not significantly deviate from the efficiency of a single ribosome (figure 4c), which is also the
efficiency of the largest bacteria. Life quickly converges to the efficiency of the ribosome as cells
become larger, and maintains that efficiency at the cellular level across the diversity of both freeliving and multicellular eukaryotes. It should be noted that a critical feature of both equation (4.6)
and equation (4.7) is the ratio of Np to Nr . In particular, the global cost of useful translation and
the fraction of translation dedicated to repair are minimized by Np /Nr = 0. Our results show that,
after a sufficient cell size, life has been able to adjust this ratio such that the effective translational
cost is only negligibly larger than that of the ribosome. A surprising result here is that, while the
bulk power consumption of organisms dramatically shifts across major evolutionary transitions,
the unit costs of translation are held constant once cells reach a sufficiently large size.
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Figure 5. (a) The mass specific translation rate of individual cells of different size in oklos (here considering amino acid
operations per gram per second). The red curve is the average cross-species relationship calculated for bacteria, the blue point
is for yeast and the orange point is a mammalian cell. The dotted grey line indicates the smallest observed bacterial species.
(b) The total amino acid operations per second (AAOPS) of all the bacteria in the biosphere as a function of the average bacterial
cell volume.

information stored in the biosphere in DNA [95], but will matter for assessing the overall rates
of computation.
To begin to address these subtleties we have plotted (figure 5b) the total translation of bacteria
(at maximum growth rate; measured in amino acid operations per second ‘AAOPS’) based
on the previous estimate of total bacterial cells in the biosphere [95]. These results show that
the total computation rate of translation in the biosphere could range over many orders of
magnitude depending on average cell size and growth rate (which scales with cell volume in these
calculations). Nonetheless, the estimate of the amount of computation occurring in translation
(measured in AAOPS) greatly exceeds previous estimates of the nucleotide operations per second,
which range between 1024 and 1029 [94,95]. However, it should be noted that this estimate is based
on the scaling of cells growing at maximum rate, which does not represent most of the Earth’s
biomass [98]. Following Laughlin [94], and considering the slowest growing bacteria [98], we can
calculate an extreme lower bound on the computational efficiency of the biosphere by assuming
that all usable sunlight is dedicated to the total translation. We find that the biosphere would have
a total of 1.86 × 1030 (AAOPS per biosphere) leading to an efficiency of 3.65 × 1013 (AAOPS per
J of sunlight). This value is close to but exceeds the estimate of 2 × 1012 (bit operations per J of
sunlight) from [94] for DNA replication.

(e) DNA replication efficiency
As noted above, much of the previous work on biological computation has focused on the process
of DNA replication [94,95]. Accordingly, in parallel to our analysis of translation, we consider how
the total computations and efficiencies of DNA replication shift across bacteria of different size.
In figure 6a, we have plotted the total nucleotide replication rate for bacterial species of different
size (to form this figure we multiply overall genome size by division rate, each of which follows a
known scaling relationship with cell volume [20,27]). We find that the rate of nucleotide copying
varies by several orders of magnitude across the range of bacteria.
Paralleling our calculations of string writing during translation we can use similar entropic
considerations to estimate the Landauer bound in DNA replication. For a uniform nucleotide
bath, the number of states is m = 4G , where G is the length of a genome, and the corresponding
Landauer bound is 1.86 × 10−14 (J) for a typical bacterial genome size, which can more
meaningfully be converted to 5.74 × 10−21 (J per nucleotide), a value that will not vary with
genome size. The known value of 12 ATP equivalents per nucleotide copying in cells gives a
value of 9.50 × 10−19 (J per nucleotide), which is 165 times larger than the Landauer bound. Thus,
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Figure 6. (a) The total DNA replication rate as a function of bacterial cell volume. The smallest observed bacterial species
is indicated with the grey dotted line. (b) The DNA replication efficiency compared with the Landauer bound for copying a
single nucleotide. (c) The DNA replication efficiency for open reading frames (ORFs) considering the total cost of replication. The
Landauer bound for copying a single nucleotide has been scaled up using the average length of a gene.

bacteria consume about two orders of magnitude more energy than the Landauer bound for DNA
replication.
However, just as we saw with translation, there is a broad range of possibilities for the details
of the string writing that affect the associated calculations of the entropies. This is particularly
relevant for DNA replication, where it is much more likely that the string is written from a pool
of nucleotides that approximately match the length and composition of the genome. As described
earlier, this scenario would give m = G!/[(G/4)!]4 , leading to a Landauer bound of 5.74 × 10−21
(J per nucleotide), which is indistinguishable from the value above. For a set of completely
distinguishable nucleotides, we would have m = G!, giving 5.80 × 10−20 (J per nucleotide), which
is an order of magnitude larger than the other thermodynamic cost estimates for DNA replication.
This range of Landauer bound estimates is shown in figure 6b,c.

(f) Thermodynamic efficiency of gene replication
While the unit costs of replicating a nucleotide are not changing across cells of different size, it
should be noted that across unicellular bacteria and eukaryotes the percentage of the genome
dedicated to coding regions is decreasing with increasing genome size [99,100]. Specifically, it has
been shown that a good empirical fit to the number of open reading frames (ORFs) is given by


G
,
(4.8)
ORF(G) = A ln 1 +
B
where A = 4016 ± 280 ORF, B = 4106 ± 680 kbp and G = cDNA + ncDNA, with cDNA and
ncDNA denoting the coding and non-coding fractions of the genome [100]. This relationship
makes it possible to quantify the cost of replicating a coding nucleotide relative to the Landauer
bound. Figure 6c shows that the total cost for replicating a gene is increasing as genomes become
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Figure 7. (a) The storage capacity of the DNA in a single cell as a function of total cell size and (b) these same values scaled up
to the biosphere.

larger. This result is the opposite of what we found in protein translation, where the smallest and
simplest cells are the least efficient at translation at a whole cell level because of the high overhead
of protein replacement.
There has been recent interest in understanding how the energetics of single genes change
across the range of life [9,27,97,101]. For example, it has been shown that the fraction of the total
energy budget spent on DNA replication is decreasing with increasing cell size [9]. However, the
results here show that, compared with an absolute unit efficiency, the replication cost for a single
nucleotide from a coding region is increasing. It is possible that the decreasing relative cost of
replication compared to total metabolism as cell size increases allows for this potential inefficiency
(‘potential’ because we have not quantified the utility of the non-coding DNA). It has also been
proposed that the underlying distribution leading to equation (4.8) is a Benford distribution, and
that this gives genomes the following properties: (i) upon combination of genes the minimal error
possible is made (maximum fidelity) and (ii) the information contained in the genes is transferred
at the maximum possible rate (minimizing distortion) [100,102,103]. Thus far, in this paper we
have analysed the thermodynamic efficiency of the computational processes; however, the above
connection opens up important future efforts which should focus on the connection between the
thermodynamic efficiency of both computation and communication within cells.

(g) DNA computation and storage of the biosphere
In addition to the overall computational rate in DNA replication, another important characteristic
of naturally occurring DNA computation is the total storage capacity of DNA, both within a
single cell and within the biosphere as a whole. We find that these values again depend strongly
on assumptions about average bacterial size. In figure 7a,b, we have plotted the storage both of
a single cell and of the total bacterial biomass in the biosphere as a function of cell size. Each
varies over about an order of magnitude. We note that the calculation for the biosphere would
agree with the previous estimate of 1.6 × 1037 bp [95] only for an assumption that most of the
biomass in the biosphere is small bacteria. Similar to our calculation of the amino acid operations
per total energy of the biosphere, above we calculate that there are 2.54 × 1029 (nucleotide
operations/s/biosphere) or 4.98 × 1012 (nucleotide operations per J), which agrees well with
the independent estimate from [94].

5. Discussion
Here we have shown that life maintains a roughly constant power usage as a function of
the age of the system’s evolutionary arrival, yet the overall scale and type of system have
strong implications for power usage: bacteria increase in power usage per unit mass for larger
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(a) Review of ribosome requirements
Previous analyses have shown that the number of ribosomes can be predicted based on the overall
growth rate of cells and the total protein content [27]. These analyses were based on the translation
and degradation dynamics given by
Ṅr = γ

rr Nr
l̄r

− ηNr

(6.1)

and
rr Nr
− φNp ,
N˙p = (1 − γ )
l̄p

(6.2)
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cells, whereas multicellular life has a decreasing power expenditure per unit mass for larger
systems. In fact, multicellular life would be surprisingly more efficient than astronomical objects
if extrapolated to the same scales.
Despite these shifts across the architectures of life, we find surprising consistency in
the efficiency of translation, one of the most universal types of computation carried out in
biological systems. Our analyses show that as bacteria become larger their overall translational
efficiency converges on that of a single ribosome. In addition, this efficiency is maintained
for unicellular eukaryote and mammalian cells. Astonishingly, this efficiency is only about an
order of magnitude larger than the Landauer bound, and is an impressive feat of biology, as
it far exceeds modern computers. However, to properly ‘calibrate’ this efficiency we would
need to know how close to the Landauer bound biology could have gotten using alternative
biochemical processes (arrived at via alternative evolutionary histories) to perform translation.
On the other hand, it is important to note that the processes considered here represent only a
fraction of the total computations of the cell. In the future, it will be important to quantify the
computational efficiency of various levels of biological physiology. These additions should range
from metabolic networks in bacteria, to chromatin computations in unicellular eukaryotes (e.g.
[104]), to information encoded over evolutionary search (e.g. [11,14] and references therein), to
the social computations of multicellular mammals [88–90], where each new level of hierarchy
integrates the computations of the lower levels [88,89]. In addition, we note that our calculations
underestimate the full computational cost of translation, since they treat amino acids as onedimensional strings, ignoring the computational cost of reducing the three-dimensional positional
entropy of amino acids into a single string. Accordingly, they underestimate the thermodynamic
efficiency of biological computation, which is already impressively close to the lower bounds
considered here. It should also be noted that ATP are used for many cellular processes in addition
to those considered here. Understanding the thermodynamic efficiency for these other enzymatic
and metabolic processes will require quantifying the computations being performed, and this
represents a major challenge of future interest for the community.
Furthermore, we have shown how the overall computational efficiency of translation in the
biosphere greatly depends on how much of the total biomass is partitioned into organisms of
different size. This type of analysis of the biosphere, similar to previous efforts [94,95], provides
new ways to quantify ecological efficiency. Yet it should be noted that a huge fraction of biomass
on Earth is partitioned into the smallest cells, which are the least computationally efficient from
the perspective of translation. This implies that, despite the evident efficiency of the biosphere,
it could have been higher, and is clearly not the dominant force for evolutionary selection in
some systems. On the other hand, it may well be that it is not possible to maintain an entire
biosphere without maintaining a level of diversity that results in lots of organisms with inefficient
computation. Under that hypothesis, it may well be that the biosphere as a whole computes with
close to the maximal possible thermodynamic efficiency.

where it has been shown [27] that the partitioning of translation between ribosomal and nonribosomal proteins is bounded by
(6.3)

where td = ln(2)/μ is the division time, l̄r is the total length of all ribosomal proteins in base pairs
as a cross-species average, l̄p (bp) is the average length of all other cellular proteins, r¯r = 63 (amino
acids s−1 ) [105] is the maximum base pair processing rate of the ribosome, η (s−1 ) and φ (s−1 ) are
specific degradation rates for ribosomes and proteins, respectively (both taken to be 6.20 × 10−5
[27]), μ is the specific growth rate and Np is the total number of proteins (table 1).

(b) Parameter values
In figure 1, the lines represent transformations (division by cell volume) of the best ordinary least
squares fits of metabolic rate against cell volume (compared with the RMA (reduced major axis)
fits carried out in [25]). The large scatter in the data for unicellular eukaryotes is due to the fact
that the metabolic rate scaling is approximately linear with cell volume, and thus power density
is effectively just the residual values around this linear scaling relationship.
For the translational efficiency in unicellular eukaryotes, we combined values for yeast,
and for multicellular eukaryotes, we used values for mammalian cells. The equations for
bacteria are general provided that we can accurately estimate the number of ribosomes and
proteins, and the overall time to divide for a given cell volume. For yeast, we use a value
of Nr = 1.87 × 105 [106], Np = 5 × 107 [107] and a division time of td = 7561.6 (s) [108]. For
mammalian cells, we use Nr = 1.27 × 107 [109], Np = 1.70 × 105 [110] and a division time of td =
1.71 × 105 (s) [111].
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Appendix A
In this appendix, we elaborate our calculation of the minimal amount of thermodynamic
work that would be required to construct a copy of a single, pre-specified sequence of amino
acids. In other words, we calculate the amount of work that would be used in a semi-static,
thermodynamically reversible process to construct such a copy. For simplicity, we assume that
the process proceeds in continual contact with an infinite heat bath at equilibrium at a constant
temperature T. We also choose units so that Boltzmann’s constant equals 1.
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We then remove a set of k amino acids from that soup, and arrange them in the precise order
specified by the protein being copied (this is our definition of the ‘copying process’). Let σ be
the output string of amino acids, where for all i ∈ 1, . . . , k, σ (i) has one of C values, and σ has k
components in all (this is the protein length lp in the main text). We write the count vector of
amino acids in σ as ν(i). Note that whereas count vectors like ν have C components, strings like σ
have k components.
For simplicity, we suppose that the thermal equilibrium distribution is the same before and
after copying. This means that the change in non-equilibrium free energy of the system that occurs
in this copying process gives the minimal thermodynamic work required to perform the copying.
As is conventional, to focus on the exclusively ‘computational’ contribution to the change in
non-equilibrium free energy, we take the energy levels of all possible states of the system to be the
same. This means that there is no change in expected energy of the system in the copying process,
so that the change in non-equilibrium free energy during that process reduces to (T times) the
change in Shannon entropy of the distribution over possible states of our system. Equivalently, if
there are differences in energy levels, we ignore them, to focus on the computational contribution,
which again leads us to consider only the change in Shannon entropy.

(b) The state space
Before calculating the change in entropy, we first need to precisely specify the system’s state space
that the (probability distribution defining the) entropy is defined over. Obviously, to perform our
statistical physics calculations, we do not want to choose the state space to be the precise joint
quantum state of all the quarks, gluons, etc. that comprise the cell. But what should we choose it to
be instead? Phrased differently, what is the appropriate coarse-graining to adopt for our analysis?
Here we answer this question by building on the insight of Jaynes in his famous analysis of the
Gibbs paradox [112]. Formulating this in fully general terms (extending beyond the special case
of calculating changes in entropy when forming an amino acid string), write the microstate space
of the system as Y. For example, y ∈ Y could specify the joint state of all the quarks and so on in
the system. In addition to the system with state space Y, we also have a physical work-extraction
device for manipulating the system. Let X be (the set of elements of) some partition of Y, where
each x ∈ X is called a macrostate. Now suppose we are told the distribution PX (x) and nothing
more. For completeness, we could suppose that for each x ∈ X, the associated distribution P(y | x)
of microstates within the macrostate x is an appropriately masked and renormalized Boltzmann
distribution. We can use that distribution PX to choose the initial state of the device. Suppose that
after this initialization of the device by us (using only PX ), the device is coupled to the system
and extracts thermodynamic work from it. (To fix thinking, we could suppose that the work is
extracted by the device by relaxing the system to thermal equilibrium over X.)
Let Ω(X, PX ) be the maximum work we can extract for partition X and distribution PX using
the device, by appropriate choice of the initial state of the device. Similarly, for any partition
X̄ that is a refinement of X, let Ω(X̄, PX̄ ) be the maximum work we can extract for partition X̄

.........................................................

N

P(n0 ) =
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Let the total number of types of amino acid be C (e.g. 20). We suppose that before the copy
operation, in addition to the single, pre-fixed protein we wish to copy, we also have a soup of
amino acids accessible within the cell. That soup was formed by IID (independent and identically
distributed) sampling a distribution p(i) over amino acid of type i a total of N times. (In general,
N itself will be a random variable reflecting differences in the size of the amino acid pool, but
we ignore that for now.) Let n0 be the resultant (random) vector of counts of amino acids in the
pre-copy soup, and n0 (i) be the number of amino acids of type i in the pre-copy soup of amino
acids. So n0 has C components, and the probability of a particular n0 is

In the light of the foregoing, our state space X consists of all strings of amino acids (explicitly
excluding the protein that is being copied). The initial state is the string x of length N
characterizing the pre-copy state of the bath. To begin, assume that the count vector n0 is fixed.
Then the distribution over initial states is
P(x | n0 ) =

1
( n0 (1),nN0 (2),... )

,

(A 2)

if we assume that all orderings of the N amino acids with count vector n0 have equal probability.
After the copy operation, we remove amino acids from components of x, until we get exactly
the amino acids needed to form σ . This results in a new state (i.e. new amino acid string in the
bath) of length N − k. The distribution over the possible post-copy states of the bath—which is all
that matters for our calculation—is
P(x | n1 ) =

1
N−k
( n1 (1),n
)
1
(2),...

,

(A 3)

where in vector notation, n1 = n0 − ν. (Note the precise amino acids that were removed from x to
form x are irrelevant, since our state space cannot distinguish two amino acids of the same type
that could have been removed from x to form the copy of σ .)

1
Note that many mathematical models in many different sciences are defined in terms of a ‘coarse-graining’ of a system’s
state space that is chosen on a purely pragmatic basis, to allow accurate prediction of the future state of the system at minimal
computational cost ([113] and the many references therein). Indeed, arguably such coarse-grainings are the basis of all sciences
that concern phenomena at higher scales than quantum chromodynamics. This kind of coarse-graining, made by us scientists
when we decide how to model a physical system, is not directly related to the kind of statistical physics coarse-graining
considered in this appendix.

.........................................................

(c) The change in entropy
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and distribution PX̄ , by appropriate choice of the initial state of the device. Note that PX is a
marginalization of PX̄ . Then following the insight of Jaynes, we should choose X—choose our
coarse-graining of the system—to be the coarsest partition of Y such that there is no refinement of
X, X̄, where for some PX̄ and associated marginalization PX , Ω(X̄, PX̄ ) > Ω(X, PX ).
This is an operational definition of ‘coarse-graining’. It says that if we cannot exploit knowledge
of P(y | x), the distribution of states within some x ∈ X, to extract more work than we can just by
knowing PX (x), then there is no operational sense in which the statistical physics occurs over a
finer coarse-graining than X. To paraphrase Jaynes, a scientist Jane who has finer tools to use to
extract work from the distribution over the states of the system can appear to violate the second
law to a scientist Bob who only has crude tools for extracting work from the system. Specifically,
Jaynes analysed the case where Jane can exploit information about whether a gas particle at a
given location in a cylinder is one of two types, while to Dick all particles are interchangeable,
and so Dick cannot exploit such information.1
Here, for simplicity, we assume that our device is not able to exploit any property of the protein
being copied. We also assume it not able to exploit the distribution over momentum degrees
of freedom of each amino acid (in either the bath or the final amino acid string produced by
the copying). We also assume our device cannot exploit the distribution over two out of three
positional degrees of freedom of the amino acids. In other words, for simplicity we are reducing
the bath (both pre-copy and post-copy) to a one-dimensional string, just like the amino acid
sequence that is produced by the copy process. Finally, because we assume for simplicity that the
string being copied is unique (i.e. has a delta function probability distribution), our state space
reduces to the set of one-dimensional strings of amino acids in the bath. So the change in entropy
in the copying process is the change in the entropy over possible strings of amino acids in the bath.

So the drop in entropy in the copy process is
0





1
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1

0

(A 4)

Using Stirling’s formula to lowest order, we can approximate this drop in entropy as
N log[N] − (N − k) log[N − k] +

C


n1 (i) log[n1 (i)] − n0 (i) log[n0 (i)].

(A 6)

i=1

If we take N  k, then we can approximate the first two terms by expanding to lowest order in
k/N, where we obtain


k
N log[N] − (N − k) log[N − k] = N log[N] − (N − k) log[N] + log 1 −
N
k
 k log[N] + (N − k)
N


k
.
= k log[N] + k 1 −
N

(A 7)
(A 8)

If we also take each n0 (i)  ν(i), the remaining terms can be similarly approximated as
−

C

i=1



ν(i)
ν(i) log[n0 (i)] − ν(i) 1 − 0
n (i)

(A 9)

and the total entropy change can be approximated as
 



C
k
ν(i)
−
k log[N] + k 1 −
ν(i) log[n0 (i)] − ν(i) 1 − 0
N
n (i)
i=1

= k log[N] − k

k
−
N

C


ν(i) log[n0 (i)] + ν(i)

i=1

ν(i)
,
n0 (i)

(A 10)


where we have used the fact that i ν(i) = k.
In the limit where the bath becomes large, i.e. k/N → 0, ν(i)/n0 (i) → 0 for all i. This gives our
final answer that the total entropy is approximately
k log[N] −

C


ν(i) log[n0 (i)] = −

i=1

C


ν(i) log[α 0 (i)],

(A 11)

i=1

where
α 0 (i) :=

n0 (i)
N

(A 12)

is the fraction of amino acids of type i that are actually in the pre-copy bath. Equation (A 11)
recovers the result in the main text, if we take ν and α 0 to be uniform. In this case
ν(i) = k/C and n0 (i) = N/C, and α 0 (i) = 1/C implying that equation (A 11) reduces simply to
−k log[1/C] = − log[1/Ck ] which, noting that k = lp , agrees exactly with the simplifications
following equation (4.1).
Note that this entire analysis was conditioned on the specified n0 . So strictly speaking, we
need to average this result over all possible n0 (i) (and therefore over all possible α 0 (i)) to get
the expected drop in entropy. However, for N large enough, by the asymptotic equipartition
property [114], we can simply fix α 0 (i) = p(i) for all i. Since (A 11) only depends on ν (which is
fixed by σ and α 0 ), this means that we can ignore the averaging step, for large enough N.

.........................................................

(A 5)
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S(X | n ) − S(X | n ) = log[P(x | n )] − log[P(x | n )]




N
N−k
= log 0
− log 1
.
n (1)n0 (2) . . .
n (1)n1 (2) . . .
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In any analysis of the thermodynamic efficiency of a computer, we need to specify what exactly
the computer is, i.e. we need to choose both what physical processes we are including as part of
our ‘computer’, and what events signal that the computer is in its initial and final states. There
is nothing sacrosanct about the choice we have made here. In general, making different choices
will both change the amount of work done by the cell, and the theoretical minimum that could
be achieved with a thermodynamically reversible process. Interestingly, often the theoretical
minimum of amount of required work will not change if we change our precise choice of ‘what
the computer is’, even when the actual amount of work expended by the cell grows when we
make such a change in our analysis.
As an example, as an alternative to the calculation we performed here, we could have
considered the entire composite map comprising translation and then transcription, i.e. the
map taking {DNA, bath of nucleotides to make RNAs, bath of amino acids} → {DNA, bath of
nucleotides to make RNAs, smaller bath of amino acids, a protein}. There is some actual amount
of thermodynamic work used to run this composite map in actual cells. To calculate the minimal
possible work, we can decompose the composite map into any sequence of thermodynamically
reversible maps that achieves the same thing. So we can start with a (thermodynamically
reversible) map (1) taking {a sequence of nucleotides in a DNA string plus a bath of nucleotides}
→ {that same DNA string, plus a specific sequence of nucleotides in an mRNA that is a copy
of the DNA string, plus the remaining nucleotides in the bath}. We can suppose that after this
map (1), there is a (many-to-one) thermodynamically reversible map (2) taking the codons in the
mRNA to a (fictional) sequence of amino acids, formed from the amino acid bath. After this there
is a map (3) copying that sequence of amino acids to produce our protein. Our analysis above
considers the minimal work needed to achieve map (3).
At this point we actually have four copies of the information giving the protein; the DNA
segment, the mRNA, the ‘fictional sequence of amino acids’ and the actual protein. Next, the
‘fictional sequence of amino acids’ is broken back down into its constituent amino acids (leaving
us with the DNA, mRNA and protein, along with the baths) in a thermodynamically reversible
map (2 ) that recovers the thermodynamic cost of map (2). After that the mRNA is broken
down into its constituent nucleotides in a map (1 ) that (in an idealized process) recovers the
thermodynamic cost of map (1). So all we are left with is the cost of map (3)—which is what we
calculate above.

22

23
.........................................................

rsta.royalsocietypublishing.org Phil. Trans. R. Soc. A 375: 20160343

9. Lynch M, Marinov GK. 2015 The bioenergetic costs of a gene. Proc. Natl Acad. Sci. USA 112,
15 690–15 695. (doi:10.1073/pnas.1514974112)
10. Walker SI, Davies CWP, Ellis GFR. 2017 From matter to life. Cambridge, UK: Cambridge
University Press.
11. Krakauer DC. 2017 Cryptographic nature. In From matter to life (eds SI Walker, CWP Davies,
GFR Ellis), pp. 157–173. Cambridge, UK: Cambridge University Press.
12. Bennett CH. 1979 Dissipation-error tradeoff in proofreading. BioSystems 11, 85–91.
(doi:10.1016/0303-2647(79)90003-0)
13. Yockey HP. 2005 Information theory, evolution, and the origin of life. Cambridge, UK: Cambridge
University Press.
14. Krakauer DC. 2011 Darwinian demons, evolutionary complexity, and information
maximization. Chaos 21, 037110. (doi:10.1063/1.3643064)
15. Grisogono AM. 2017 (How) did information emerge? In From matter to life (eds SI Walker,
CWP Davies, GFR Ellis), pp. 61–96. Cambridge, UK: Cambridge University Press.
16. Ouldridge TE, ten Wolde PR. 2017 Fundamental costs in the production and destruction of
persistent polymer copies. Phys. Rev. Lett. 118, 158103. (doi:10.1103/PhysRevLett.118.158103)
17. Andrieux D, Gaspard P. 2008 Nonequilibrium generation of information in
copolymerization processes. Proc. Natl Acad. Sci. USA 105, 9516–9521. (doi:10.1073/pnas.
0802049105)
18. Sartori P, Pigolotti S. 2015 Thermodynamics of error correction. Phys. Rev. X 5, 041039.
(doi:10.1103/PhysRevX.5.041039)
19. West GB, Brown JH, Enquist BJ. 2001 A general model for ontogenetic growth. Nature 413,
628–631. (doi:10.1038/35098076)
20. Kempes CP, Dutkiewicz S, Follows MJ. 2012 Growth, metabolic partitioning, and the size of
microorganisms. Proc. Natl Acad. Sci. USA 109, 495–500. (doi:10.1073/pnas.1115585109)
21. West GB, Brown JH, Enquist BJ. 1997 A general model for the origin of allometric scaling
laws in biology. Science 276, 122–126. (doi:10.1126/science.276.5309.122)
22. West GB, Brown JH, Enquist BJ. 1999 A general model for the structure and allometry of
plant vascular systems. Nature 400, 664–667. (doi:10.1038/23251)
23. Stadler PF, Prohaska SJ, Forst CV, Krakauer DC. 2009 Defining genes: a computational
framework. Theory Biosci. 128, 165–170. (doi:10.1007/s12064-009-0067-y)
24. Kleiber M. 1947 Body size and metabolic rate. Physiol. Rev. 27, 511–541. See http://physrev.
physiology.org/content/27/4/511.
25. DeLong J, Okie J, Moses M, Sibly R, Brown J. 2010 Shifts in metabolic scaling, production,
and efficiency across major evolutionary transitions of life. Proc. Natl Acad. Sci. USA 107,
12 941–12 945. (doi:10.1073/pnas.1007783107)
26. Judson OP. 2017 The energy expansions of evolution. Nat. Ecol. Evol. 1, 1–9. (doi:10.1038/
s41559-016-0001)
27. Kempes CP, Wang L, Amend JP, Doyle J, Hoehler T. 2016 Evolutionary tradeoffs in cellular
composition across diverse bacteria. ISME J. 10, 2145–2157. (doi:10.1038/ismej.2016.21)
28. Chaisson EJ. 2010 Energy rate density as a complexity metric and evolutionary driver.
Complexity 16, 27–40. (doi:10.1002/cplx.20323)
29. Chaisson EJ. 2015 Energy flows in low-entropy complex systems. Entropy 17, 8007–8018.
(doi:10.3390/e17127857)
30. Dodd MS, Papineau D, Grenne T, Slack JF, Rittner M, Pirajno F, O’Neil J, Little CTS. 2017
Evidence for early life in Earth’s oldest hydrothermal vent precipitates. Nature 543, 60–64.
(doi:10.1038/nature21377)
31. Knoll AH, Javaux EJ, Hewitt D, Cohen P. 2006 Eukaryotic organisms in Proterozoic oceans.
Phil. Trans. R. Soc. B 361, 1023–1038. (doi:10.1098/rstb.2006.1843)
32. Erwin DH. 2015 Early metazoan life: divergence, environment and ecology. Phil. Trans. R.
Soc. B 370, 20150036.(doi:10.1098/rstb.2015.0036)
33. Kafle PR, Sharma S, Lewis GF, Bland-Hawthorn J. 2014 On the shoulders of giants:
properties of the stellar halo and the Milky Way mass distribution. Astrophys. J. 794, 59.
(doi:10.1088/0004-637X/794/1/59)
34. MacArthur RH, Wilson EO. 1967 The theory of island biogeography. Monographs in Population
Biology. Princeton, NJ: Princeton University Press.
35. Pianka ER. 1970 On r- and K-selection. Am. Nat. 104, 592–597. (doi:10.1086/282697)

24
.........................................................

rsta.royalsocietypublishing.org Phil. Trans. R. Soc. A 375: 20160343

36. Szilard L. 1964 On the decrease of entropy in a thermodynamic system by the intervention
of intelligent beings. Behav. Sci. 9, 301–310. (doi:10.1002/bs.3830090402)
37. Brillouin L. 1962 Science and information theory. New York, NY: Academic Press.
38. Wiesner K, Gu M, Rieper E, Vedral V. 2012 Information-theoretic lower bound on energy
cost of stochastic computation. Proc. R. Soc. A 468, 4058–4066. (doi:10.1098/rspa.2012.
0173)
39. Still S, Sivak DA, Bell AJ, Crooks GE. 2012 Thermodynamics of prediction. Phys. Rev. Lett.
109, 120604. (doi:10.1103/PhysRevLett.109.120604)
40. Prokopenko M, Lizier JT, Price DC. 2013 On thermodynamic interpretation of transfer
entropy. Entropy 15, 524–543. (doi:10.3390/e15020524)
41. Prokopenko M, Lizier JT. 2014 Transfer entropy and transient limits of computation. Nat. Sci.
Rep. 4, 5394. (doi:10.1038/srep05394)
42. Zurek WH. 1989 Thermodynamic cost of computation, algorithmic complexity and the
information metric. Nature 341, 119–124. (doi:10.1038/341119a0)
43. Zurek WH. 1989 Algorithmic randomness and physical entropy. Phys. Rev. A 40, 4731–4751.
(doi:10.1103/PhysRevA.40.4731)
44. Bennett CH. 1982 The thermodynamics of computation—a review. Int. J. Theor. Phys. 21,
905–940. (doi:10.1007/BF02084158)
45. Lloyd S. 1989 Use of mutual information to decrease entropy: implications for the second
law of thermodynamics. Phys. Rev. A 39, 5378. (doi:10.1103/PhysRevA.39.5378)
46. Lloyd S. 2000 Ultimate physical limits to computation. Nature 406, 1047–1054. (doi:10.1038/
35023282)
47. Del Rio L, Åberg J, Renner R, Dahlsten O, Vedral V. 2011 The thermodynamic meaning of
negative entropy. Nature 474, 61–63. (doi:10.1038/nature10123)
48. Fredkin E. 1990 An informational process based on reversible universal cellular automata.
Physica D Nonlinear Phenom. 45, 254–270. (doi:10.1016/0167-2789(90)90186-S)
49. Fredkin E, Toffoli T. 2002 Conservative logic. Berlin, Germany: Springer.
50. Toffoli T, Margolus NH. 1990 Invertible cellular automata: a review. Physica D Nonlinear
Phenom. 45, 229–253. (doi:10.1016/0167-2789(90)90185-R)
51. Leff HS, Rex AF. 2014 Maxwell’s demon: entropy, information, computing. Princeton, NJ:
Princeton University Press.
52. Landauer R. 1961 Irreversibility and heat generation in the computing process. IBM J. Res.
Dev. 5, 183–191. (doi:10.1147/rd.53.0183)
53. Landauer R. 1996 Minimal energy requirements in communication. Science 272, 1914–1918.
(doi:10.1126/science.272.5270.1914)
54. Landauer R. 1996 The physical nature of information. Phys. Lett. A 217, 188–193.
(doi:10.1016/0375-9601(96)00453-7)
55. Bennett CH. 1973 Logical reversibility of computation. IBM J. Res. Dev. 17, 525–532.
(doi:10.1147/rd.176.0525)
56. Bennett CH. 1989 Time/space trade-offs for reversible computation. IAM J. Comput. 18,
766–776. (doi:10.1137/0218053)
57. Bennett CH. 2003 Notes on Landauer’s principle, reversible computation, and Maxwell’s
demon. Stud. Hist. Phil. Sci. B: Stud. Hist. Phil. Mod. Phys. 34, 501–510. (doi:10.1016/
S1355-2198(03)00039-X)
58. Maroney O. 2009 Generalizing Landauer’s principle. Phys. Rev. E 79, 031105. (doi:10.1103/
PhysRevE.79.031105)
59. Plenio MB, Vitelli V. 2001 The physics of forgetting: Landauer’s erasure principle and
information theory. Contemp. Phys. 42, 25–60. (doi:10.1080/00107510010018916)
60. Shizume K. 1995 Heat generation required by information erasure. Phys. Rev. E 52, 3495.
(doi:10.1103/PhysRevE.52.3495)
61. Sagawa T, Ueda M. 2009 Minimal energy cost for thermodynamic information processing:
measurement and information erasure. Phys. Rev. Lett. 102, 250602. (doi:10.1103/Phys
RevLett.102.250602)
62. Dillenschneider R, Lutz E. 2010 Comment on ‘Minimal energy cost for thermodynamic
information processing: measurement and information erasure’. Phys. Rev. Lett. 104, 198903.
(doi:10.1103/PhysRevLett.104.198903)
63. Landauer R. 1961 Irreversibility and heat generation in the computing process. IBM J. Res.
Dev. 5, 183–191. (doi:10.1147/rd.53.0183)

25
.........................................................

rsta.royalsocietypublishing.org Phil. Trans. R. Soc. A 375: 20160343

64. Faist P, Dupuis F, Oppenheim J, Renner R. 2015 The minimal work cost of information
processing. Nat. Commun. 6, 7669. (doi:10.1038/ncomms8669)
65. Touchette H, Lloyd S. 2004 Information-theoretic approach to the study of control systems.
Physica A Stat. Mech. Appl. 331, 140–172. (doi:10.1016/j.physa.2003.09.007)
66. Sagawa T, Ueda M. 2012 Fluctuation theorem with information exchange: role of correlations
in stochastic thermodynamics. Phys. Rev. Lett. 109, 180602. (doi:10.1103/PhysRevLett.
109.180602)
67. Crooks GE. 1999 Entropy production fluctuation theorem and the nonequilibrium work
relation for free energy differences. Phys. Rev. E 60, 2721. (doi:10.1103/PhysRevE.60.2721)
68. Crooks GE. 1998 Nonequilibrium measurements of free energy differences for
microscopically reversible markovian systems. J. Stat. Phys. 90, 1481–1487. (doi:10.1023/
A:1023208217925)
69. Janna FC, Moukalled F, Gómez CA. 2013 A simple derivation of Crooks relation. Int. J.
Thermodyn. 16, 97–101. (doi:10.5541/ijot.457)
70. Jarzynski C. 1997 Nonequilibrium equality for free energy differences. Phys. Rev. Lett. 78,
2690. (doi:10.1103/PhysRevLett.78.2690)
71. Esposito M, Van den Broeck C. 2011 Second law and Landauer principle far from
equilibrium. Europhys. Lett. 95, 40004. (doi:10.1209/0295-5075/95/40004)
72. Esposito M, Van den Broeck C. 2010 Three faces of the second law. I. Master equation
formulation. Phys. Rev. E 82, 011143. (doi:10.1103/PhysRevE.82.011143)
73. Parrondo JM, Horowitz JM, Sagawa T. 2015 Thermodynamics of information. Nat. Phys. 11,
131–139. (doi:10.1038/nphys3230)
74. Pollard BS. 2016 A second law for open Markov processes. Open Syst. Inf. Dyn. 23, 1650006.
(doi:10.1142/S1230161216500062)
75. Seifert U. 2012 Stochastic thermodynamics, fluctuation theorems and molecular machines.
Rep. Prog. Phys. 75, 126001. (doi:10.1088/0034-4885/75/12/126001)
76. Takara K, Hasegawa HH, Driebe D. 2010 Generalization of the second law for a transition
between nonequilibrium states. Phys. Lett. A 375, 88–92. (doi:10.1016/j.physleta.2010.11.002)
77. Prokopenko M, Einav I. 2015 Information thermodynamics of near-equilibrium
computation. Phys. Rev. E 91, 062143. (doi:10.1103/PhysRevE.91.062143)
78. Hasegawa HH, Ishikawa J, Driebe D. 2010 Generalization of the second law for a
nonequilibrium initial state. Phys. Lett. A 374, 1001–1004. (doi:10.1016/j.physleta.2009.12.042)
79. Dunkel J. 2014 Thermodynamics: engines and demons. Nat. Phys. 10, 409–410. (doi:10.1038/
nphys2958)
80. Roldán É, Martinez IA, Parrondo JM, Petrov D. 2014 Universal features in the energetics of
symmetry breaking. Nat. Phys. 10, 457–461. (doi:10.1038/nphys2940)
81. Bérut A, Arakelyan A, Petrosyan A, Ciliberto S, Dillenschneider R, Lutz E. 2012 Experimental
verification of Landauer’s principle linking information and thermodynamics. Nature 483,
187–189. (doi:10.1038/nature10872)
82. Koski J, Maisi V, Pekola J, Averin D. 2014 Experimental realization of a Szilard engine with a
single electron. Proc. Natl Acad. Sci. USA 111, 13 786–13 789. (doi:10.1073/pnas.1406966111)
83. Jun Y, Gavrilov M, Bechhoefer J. 2014 High-precision test of Landauer’s principle in a
feedback trap. Phys. Rev. Lett. 113, 190601. (doi:10.1103/PhysRevLett.113.190601)
84. Maroney OJE. 2005 The (absence of a) relationship between thermodynamic and logical
reversibility. Stud. Hist. Phil. Sci. B: Stud. Hist. Phil. Mod. Phys. 36, 355–374. (doi:10.1016/
j.shpsb.2004.11.006)
85. Wolpert DH. 2015 Extending Landauer’s bound from bit erasure to arbitrary computation.
(http://arxiv.org/abs/1508.05319)
86. Wolpert D. 2016 The free energy requirements of biological organisms; implications for
evolution. Entropy 18, 138. (doi:10.3390/e18040138)
87. Shinar G, Feinberg M. 2010 Structural sources of robustness in biochemical reaction
networks. Science 327, 1389–1391. (doi:10.1126/science.1183372)
88. Flack JC. 2014 Life’s information hierarchy. Santa Fe Inst. Bull. 28, 12–24. See http://samoa.
santafe.edu/media/bulletin_pdf/Bulletin_April_2014_FINAL_1.pdf.
89. Flack JC. 2017 Life’s information hierarchy. In From matter to life (eds SI Walker, CWP Davies,
GFR Ellis), pp. 283–302. Cambridge, UK: Cambridge University Press.
90. Flack JC, Krakauer DC. 2011 Challenges for complexity measures: a perspective from social
dynamics and collective social computation. Chaos 21, 037108. (doi:10.1063/1.3643063)

26
.........................................................

rsta.royalsocietypublishing.org Phil. Trans. R. Soc. A 375: 20160343

91. Lever MA, Rogers KL, Lloyd KG, Overmann J, Schink B, Thauer RK, Hoehler TM, Jørgensen
BB. 2015 Life under extreme energy limitation: a synthesis of laboratory- and field-based
investigations. FEMS Microbiol. Rev. 39, 688–728. (doi:10.1093/femsre/fuv020)
92. Hopfield JJ. 1974 Kinetic proofreading: a new mechanism for reducing errors in
biosynthetic processes requiring high specificity. Proc. Natl Acad. Sci. USA 71, 4135–4139.
(doi:10.1073/pnas.71.10.4135)
93. Laughlin SB, van Steveninck RRR, Anderson JC. 1998 The metabolic cost of neural
information. Nat. Neurosci. 1, 36–41. (doi:10.1038/236)
94. Laughlin G. 2014 50 Oklo. In Systemic: characterizing planets. Personal blog of Greg Laughlin.
December 7th, 2014. See http://oklo.org/?=50+Oklo/.
95. Landenmark HK, Forgan DH, Cockell CS. 2015 An estimate of the total DNA in the
biosphere. PLoS Biol. 13, e1002168. (doi:10.1371/journal.pbio.1002168)
96. Sartori P, Pigolotti S. 2013 Kinetic versus energetic discrimination in biological copying. Phys.
Rev. Lett. 110, 188101. (doi:10.1103/PhysRevLett.110.188101)
97. Kempes CP, van Bodegom PM, Wolpert D, Libby E, Amend J, Hoehler T. 2017 Drivers
of bacterial maintenance and minimal energy requirements. Front. Microbiol. 8, 31.
(doi:10.3389/fmicb.2017.00031)
98. Hoehler TM, Jørgensen BB. 2013 Microbial life under extreme energy limitation. Nat. Rev.
Microbiol. 11, 83–94. (doi:10.1038/nrmicro2939)
99. Ahnert SE, Fink TMA, Zinovyev A. 2008 How much non-coding DNA do eukaryotes
require? J. Theor. Biol. 252, 587–592. (doi:10.1016/j.jtbi.2008.02.005)
100. Friar JL, Goldman T, Pérez-Mercader J. 2012 Genome sizes and the Benford distribution.
PLoS ONE 7, e36624. (doi:10.1371/journal.pone.0036624)
101. Lane N, Martin W. 2010 The energetics of genome complexity. Nature 467, 929–934.
(doi:10.1038/nature09486)
102. Friar JL, Goldman T, Pérez-Mercader J. 2016 Ubiquity of Benford’s law and emergence of the
reciprocal distribution. Phys. Lett. A 380, 1895–1899. (doi:10.1016/j.physleta.2016.03.045)
103. Ciofalo M. 2009 Entropy, Benford’s first digit law, and the distribution of everything.
Atti Accad. Sci., Lett. Arti Palermo, 1: Sci. 1, 103–128. See http://citeseerx.ist.psu.edu/
viewdoc/summary?doi=10.1.1.492.9157.
104. Prohaska SJ, Stadler PF, Krakauer DC. 2010 Innovation in gene regulation: the case of
chromatin computation. J. Theor. Biol. 265, 27–44. (doi:10.1016/j.jtbi.2010.03.011)
105. Bremer H, Dennis PP. 1996 Modulation of chemical composition and other parameters of
the cell by growth rate. In Escherichia coli and Salmonella typhimurium. Cellular and molecular
biology, 2nd edn (ed. FC Neidhardt), ch. 97, p. 1559. Washington DC: American Society for
Microbiology.
106. von der Haar T. 2008 A quantitative estimation of the global translational activity in
logarithmically growing yeast cells. BMC Syst. Biol. 2, 87. (doi:10.1186/1752-0509-2-87)
107. Futcher B, Latter GI, Monardo P, McLaughlin CS, Garrels JI. 1999 A sampling of the yeast
proteome. Mol. Cell. Biol. 19, 7357–7368. (doi:10.1128/MCB.19.11.7357)
108. Johnston GC, Ehrhardt CW, Lorincz A, Carter BL. 1979 Regulation of cell size in the yeast
Saccharomyces cerevisiae. J. Bacteriol. 137, 1–5. See http://jb.asm.org/content/137/1/1.
109. Weibel ER, Stäubli W, Gnägi HR, Hess FA. 1969 Correlated morphometric and biochemical
studies on the liver cell I. Morphometric model, stereologic methods, and normal
morphometric data for rat liver. J. Cell Biol. 42, 68–91. (doi:10.1083/jcb.42.1.68)
110. Li JJ, Bickel PJ, Biggin MD. 2014 System wide analyses have underestimated protein
abundances and the importance of transcription in mammals. PeerJ 2, e270. (doi:10.7717/
peerj.270)
111. Baserga R. 1985 The biology of cell reproduction. Cambridge, MA: Harvard University Press.
112. Jaynes E. 1992 The Gibbs paradox. In Maximum entropy and Bayesian methods (eds CR Smith,
GJ Erickson, PO Neudorfer), pp. 1–22. Dordrecht, The Netherlands: Kluwer Academic.
113. Wolpert DH, Libby E, Grochow J, DeDeo S. 2017 The many faces of state space compression.
In From matter to life: information and causality (eds S Walker, PCW Davies), pp. 199–243.
Cambridge, UK: Cambridge University Press.
114. Cover T, Thomas R. 2012 Elements of information theory, 2nd edn. New York, NY: John Wiley
& Sons.

