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Abstract

James Crutchfield and Co. have developed a framework they call computational
mechanics which presents a mathematical definition of structure as how much of a
system’s past or future states can be ascertained given its present state. I hypothesize
that structure arises in systems always and only when energy is dissipated at a higher
rate than a system can accommodate by diffusing the energy evenly in all directions.
I call this structured dissipation. The model system used to illustrate structured dis-
sipation is the transition from conduction, an unstructured process, to convection, a
structured process, that occurs when a liquid system attached to a heat sink is heated
above a critical point. The paper concludes with thoughts about how to test this theory
through the examination of the emergence of structure in other physical systems.

1 Introduction

Despite structure being precisely what makes the world nonrandom, nontrivial, and interest-
ing, there is no general theory of the behavior of structure. There are plenty of theories that
exist to explain the particular behavior of particular structures—this is the content of most
science—but so far it has not been possible to find basic commonalities between all manifes-
tations of structure that would enable constructing a theory of structure from fundamental
principles.

In large part, the behavior of structure has eluded theorization because structure itself
has remained undefined in any precise or measurable sense. Commonly, structure is thought
of as the relations between parts of a system. What is totally uniform or totally random has
no structure because there are no particular relations or meaningful correlations between the
parts. “Relations” can take many different forms in systems, which makes it challenging to
posit a universal metric of measurement for such relations.

James Crutchfield and company have, over the last 30 years, developed a theory that at-
tempts to universally identify and measure structure. Crutchfield’s theory of computational
mechanics claims that a system has structure when information about past and future states
of the system can be learned from observing the present state of the system. The more
structure a system has, the more information a system “stores” in its present state about
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future and past states. Connecting this definition to the common notion of structure noted
in the previous paragraph, the amount of structure in a system is the amount of internal
relations, which can be measured by the predictability of the system’s past and future states
given its present state. In order to build this theory up from first principles, it has hitherto
been applied mostly to extremely simple abstract and real-world systems.

What is key to this definition is the way it delineates structure from order or uniformity;,
which in the past have often been conflated with structure. A totally ordered system is one
that is entirely uniform in its progression between states, e.g. it moves through state “A”,
then goes to state “A” again, and so on, which can be represented as “AAA...”. Whereas
structure in a process implies that the system passes through different states in such a way
that looking at one state, one can predict future and past states. For example, a system that
progresses through states “ABCABCABC...” is structured because if you see the system in
state “B”, one knows that previously it was in state “A” and subsequently it will be in state
“C”.

On the opposite side of the spectrum from order lies disorder, randomness, and entropy,
terms which are used interchangeably in this paper. A system that randomly moves between
states, like “AABACCBCABC...”, is not structured because there is nothing in the present
state that helps predict past or future states. Just as order has sometimes been mistaken for
structure, so has disorder. For example, a very disordered dataset may appear like it has "a
lot going on” and thus be the result of complex processes and require complex explanation.
Distinguishing random phenomena from very complex phenomena may be tricky sometimes,
but the distinction is critical: mistaking a random sequence of letters generated by, say,
flipping a coin, for a subtly intricate system will generate a lot of wasted effort. A major
finding of computational mechanics is that systems can have independently varying degrees
of structure and order.

Crutchfield’s definition of structure has the further of being mathematically formalized,
such that the structure and entropy of systems can be quantified given an appropriate model
of the system. The difficult part is modeling systems in such a way that they can be
represented as having a linear sequence of states upon which the framework of structure
can then be applied. Nonetheless, Crutchfield and colleagues have successfully applied their
framework to a wide range of physical systems, from chaotic crystal formation to turbulence
[1].

What is most titillating about this theory of structure is the possibility that structure
is indeed a fundamental property of physical systems and not merely a human construct.
Perhaps structure in the world is as real as entropy in a gas. If so, the investigation of
structure today might be capable of opening up new domains of science, the way Newton
and his contemporaries opened the floodgates with the formalization of the concept of energy.
Furthermore, if structure is a fundamental property of systems, akin to energy or entropy,
then how structure changes in systems over time might be governed by distinct laws akin to
the laws of thermodynamics. One such law is proposed below as the thesis of this paper.

The paper proceeds as follows: In Section 2, I present an overview of Crutchfield’s frame-
work for defining structure. In Section 3, I argue that Crutchfield’s concept of structure has
deeper theoretical implications—that the behavior of structure in systems might be governed
by universal laws like those in thermodynamics—-and that an approach to structure in this
vein is justified even if speculative. In Section 4, I illustrate how the transition from conduc-



tion to convection in a heated liquid is an instance of the emergence of structure. In Section
5, 1 generalize the convecting liquid example to argue that it is a universal law that all
structure is the result of energy dissipation in a system above a particular threshold beyond
which that energy is no longer capable of being dissipated uniformly in space outward from
the source. The emergence of structure facilitates faster energy dissipation by increasing the
overall channel capacity through which a system dissipates energy. In Section 6, I discuss
how this theory might be further investigated and tested against the emergence of structure
in other well-known physical systems.

2 Structure

A common notion of structure is that it is the relations between parts of a system [2, 3], and
contemporary definitions of structure in physics attempt to quantify these relations. The
more structure a system or process has, the more relations it has between its parts, and we
describe such systems as complex. Other closely related and often vaguely-defined concepts
are pattern, organization, and design.

2.1 Entropy

Before defining structure formally, it’s useful to recognize what structure is not. A gas at
equilibrium has almost no informative relations between particles because each one behaves
independently of the rest, and the position of a gas particle at any time is entirely unrelated
to the positions of the other particles. Thus, such a gas lacks structure. Conversely, a perfect
crystal also has no meaningful relations because each particle lies adjacent to each other in
the most rigid and least relationally complex way and so lacks structure!.

While a gas in equilibrium and a perfect crystal each have no structure, an evenly dis-
tributed gas has a very high value of entropy while a perfect crystal has a very low value of
entropy. Entropy here is meant in the sense Boltzmann used it, as the number of ways the
micro-parts of a system can be arranged given some macro-level constraints. In colloquial
language, this concept of entropy can be loosely approximated as the amount of disorder, or
the expected degree of randomness in the arrangement of parts, in a system.

One can imagine analogs of these physical systems in the form of digital bit strings of 0Os
and 1s. The analog of a gas is a series of coin flips, where 1 signifies heads and 0 signifies
tails. Even though the same coin may be flipped each time, the outcome of the last flip
has no relation to the outcome of the next flip or 100th flip, just as the location of one
particular gas particle has no relation to the particular location of any other gas particle at
any particular time. A string of all Os is the binary digit string analog of a crystal because
each digit is totally ordered in a way that obviates any informative relations between them.

'The concept of relation can be interpreted generally, such that ‘the same as’ or ‘randomly’ could be said
to be relations, but I am arguing that these are not relations in the sense I mean. I use the concept of relation
here to mean informative relations, and this kind of relation necessarily implies that having knowledge about
such a relation and a part of the system provides new information about other parts of the system in a way
that ‘the same as’ and ‘randomly’ do not. This meaning becomes clearer once the framework below is fully
introduced



Entropy in digital form was first quantified and formalized by Claude Shannon in the
1940s [4]. Shannon quantified information entropy as the degree of surprise or uncertainty
contained in each new piece of information, which is also the same as the amount of ran-
domness or disorder contained in a system between its parts®. The amount of information
entropy in a process or bit string can be determined using the following equation:

H(X) ==Y Pr(z;)log,Pr(x;)
i=1

Where X represents a discrete variable that can take values from an alphabet of possible
symbols {z1, ..., z,, }, each with probability Pr(z;). The log base b can be set to 2 or e or to
the length of the alphabet of possible symbols, and the choice of base changes the units that
the equation outputs. For example, log base 2 outputs bits, which is equivalent to the number
of yes/no questions needed to be answered to erase all the uncertainty and randomness in
the object of study. Log base 2 is used in this paper for ease of comparison across different
contexts.

Notice that entropy H(X) is maximized when each symbol has equal probability such
that there is the greatest uncertainty of what the next symbol will be—as when there are
two symbols, heads and tails, and their probabilities are both 0.5, or when each symbol
on a six-sided die has probability 0.17. Entropy is minimized when there is one possible
symbol with probability 1 for each digit, as in a string of all 0s. The entropy of a coin-flip
system can be varied continuously between maximum and minimum values by sliding the
symbol probabilities between the extremes of equiprobability and a completely determined
probability of 13. These intermediate degrees of entropy can be thought of as a biased coin,
where there might be more or less surprise from one flip to the next, but each flip still also
bears no information about the outcomes of future or past flips and so there are no relations
or structure in the system.

2.2 A quantitative definition of structure

While there’s no consensus among physicists about how to define structure, the framework
developed by James Crutchfield and colleagues has received the most attention[5]. Crutch-
field calls his project computational mechanics—a kind of statistical mechanics for how

2Just as Shannon’s concept of information entropy quantifies the degree of uncertainty or disorder given a
process in digital form, the concept of thermodynamic entropy was re-framed in physical form by Boltzmann
and Gibbs in the late 1800’s as the number of microstates compatible with a given equilibrium macrostate,
which laid the foundation for statistical mechanics. The underlying equations for Boltzmann’s and Shan-
non’s entropy are identical even though they nominally apply to different kinds of systems, physical and
informational. The exact relation between these two measures is a topic of much research but the basic idea
that they measure fundamentally the same quantity is axiomatic in much contemporary thermodynamics
research. For more in-depth analysis, see [6, 7].

3The biased coin example clearly invalidates [8] the old notion, still held by some [9, 10], that structure
and complexity are defined as lying mid-way between maximum and minimum entropy. On the contrary,
a coin of any bias can be conceived that produces any intermediate value of entropy while still containing
no structure. Structured objects sometimes do have intermediate values of entropy, but it is not that that
makes them structured.



processes are structured?.

Central to this framework is the mode of representation used to model systems which
Crutchfield calls the e-machine. The e-machine is a map of a system’s possible states, the
transition probabilities between the states, and the output values of the system upon transi-
tioning between states. The states of the e-machine are what Crutchfield calls causal states,
which partition the state space of a system into those that have unique future state prob-
ability distributions. Thus, those states that have the same causal relation to future states
are all grouped together because they are causally equivalent. For example, in a coin flip
system, the system is always in the same one causal state in relation to future states of
the system because whatever the current state, all future outputs and states are equally
likely. Crutchfield and colleagues have derived proofs that for any system, the e-machine
or an equivalent representation is both the minimal representation of that system and the
optimally predictive one [11].

The e-machine facilitates the calculation of two new quantities of a system: its entropy
rate and its statistical complexity. The entropy rate is the information entropy per symbol
that the system produces:

h,=—>_ Pr(o))_ Pr(z|o)log,Pr(z|o)
c€eS {z}

Where Pr(c) is the probability the system is in a causal state o within the alphabet of
all possible symbols S at any one time, which when calculated over each causal state gives
the causal state probability distribution of the system. Pr(z|o) is the probability of the
system transitioning from a state o given measurement z, which when summed up produces
the total transition probability distribution of the system. The p in h, is meant to remind
us that this quantity is measured over a process’s sequences which produces a quantity of
the process’s internal states. The entropy rate is a useful quantity because it gives the
appropriate measure of entropy of a system, its inherent randomness, given its e-machine.

Statistical complexity is what Crutchfield calls his measure of structure. Understood
intuitively, the statistical complexity of a process is the amount of a process’s past that
is determinable from the process’s present state, or how much information is stored in the
system. This is analytically equivalent to the amount of information that can be predicted
about future states from the present state. The coin flip process has no structure in this
sense because each present state of the coin allows one to determine zero information about
the process’s previous or future states. On the other hand, consider the so-called Golden
Mean Process, where the symbol alphabet consists of Os and 1s and random transitions from
one to the other, with the exception that there can not be two Os in a row. If the last output
was a 0, one knows that both the previous and subsequent output has to be a 1, which is to
say the process has structure because it contains information about past and future states
within its present state.

The e-machine representation is a kind of Hidden Markov Model (HMM) because the
causal states of a system are themselves not directly observable, but only inferable from

4For further introduction to Crutchfield’s computational mechanics framework, see [12, 13, 14]. However,
the introductory content presented in this paper is intended to be more accessible to those who are not
familiar with information theory.
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Figure 1: Pictured are e-machine representations of systems and examples of the kinds of
strings these systems output. The circles represent causal states and the arrows represent
the transition probabilities between the causal states. The causal states are labeled alpha-
betically solely to help the reader visually navigate their organization. The transitions are
labeled with two numbers: the first is the output symbol and the second is the probability
of that transition occurring when the system is in that causal state. For example, in A.1,
at any moment the machine has a 0.5 chance of outputting a 1 or a 0 in its next time-step.
The numerical outputs of e-machines are just convenient symbols and should not be taken
to have any other mathematical qualities. A: A representation of an e-machine for a fair
coin. Notice that the system is always in the same state because at all times the system has
the same relationship to future and past states, which is a total lack of structure or corre-
lation. B: This e-machine is structurally identical to A.1 because it gives the same output
distribution, but it is represented in two states instead of one. Because B.1 can be reduced
to A.1, A.1 is the the more concise, and in this case the minimal, representation of the fair
coin process. In principle, any process can be represented faithfully by an infinite number
of different e-machines, but the minimal representation is usually visually preferable and is
in fact required for proper calculations of the properties of these systems. C: An e-machine
for a string of all Os, which could be imagined as a coin with tails on both sides.



the output values [13]. Such HMM'’s more closely model the relationship between observer,
measurement, and system, as oftentimes the causal state of a system, physical or digital,
being studied can only be inferred given measurements of the outputs of the system.

The question of how much structure a system has is separate from the question of how
easily one can ascertain that structure. For example, imagine looking at a bit-string one bit
at a time and trying to build an e-machine to accurately model the process that created the
bit string. If one came across the sequence 10101110100, after the first four bits one might
think the e-machine was a period-2 process, like B.1 in Figure 2. After the first ten bits, the
Golden Mean Process may seem like the right representation, but the double-zero at the end
invalidates that hypothesis. After a long enough sequence, perhaps it becomes clear that the
system is totally random, as would be generated by a fair coin being flipped.

In such a way an observer can construct an e-machine of a system from that system’s
output bit string, or in a more general sense can construct a representation of a system from
observation. There are various algorithms that can methodically build e-machines from bit
strings [15, 16, 17, 18].

When I say that for a coin flip-generated bit string each newly observed symbol provides
no information about the previous or subsequent symbols, I am speaking about the structure
of the system as if the e-machine of the system was already known to us as observers. This
is how systems and their e-machines are discussed throughout this paper. This may seem
like an unusual way to talk about structure in systems, but what this does is simplifies and
clarifies the questions of structure that are of concern here—mamely how much structure a
system has and why—by assuming the representation is already known and setting aside
here the additional question of how representations are built from observations.

Given a particular e-machine of a system, the statistical complexity of the system can be
calculated using the formula:

C,=—>_ Pr(o)log,Pr(o)
ceS

Where C, is the statistical complexity and Pr(o) is, like above, the probability that the
system is in causal state o at any one time. The equation closely resembles the information
entropy equation of a system, but when this is calculated over the e-machine representation
it gives a measure of the structure of a process instead of a measure of its entropy.

Given a particular number of states of a process, the most structure that process can
have is one where it visits each state exactly once in a sequence before repeating, as in
e-machines B.1, C.1, and F.1 in Figure 2. If one knows the present state of such a process,
one knows totally all the previous and subsequent states of the repeating sequence. For the
same number of states, the amount of structure is minimized when every state is linked with
equal probability to each other state (as in a coin or die) because there is zero information
that can be determined about the state’s past or future states from the present state.

Worth paying special attention to is the structure in the E.1 e-machine in Figure 2 as
compared to the C.1 e-machine. Intuitively, E.1 appears more structured and complex than
C.1. The E.1 output string is somewhat interesting in that there are discernible patterns
amid otherwise random elements. However, it should be remembered that e-machines are
representations of systems used to analyze the structure and randomness of systems. The
e-machines themselves are not the systems. With structure being here defined as stored
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Figure 2: The aim here is to impart an intuitive feel for how e-machines relate to structure
and randomness. The quantities above are given in bits. A: The Golden Mean Process. B:
A period-2 process. C: A period-6 process. D: The e-machine for a six-sided die, where after
each roll, the subsequent roll is equally likely to output any of the six possible symbols. This
is the most entropic and least structured possible 6-state e-machine. While this is an accurate
e-machine for a die, it is not the minimal one. Such a minimal e-machine would consist of
one state with six equiprobable transition probabilities that always leave and return to the
same state, similar to coin-flip e-machine in Figure 1.A.1 but with six transitions instead of
two. E: An e-machine with the deceptive appearance of having more structure than C.1.
F: In the previous examples, the number of states are matched with the number of symbols
for ease of visualization. Here there are 6 states and only 2 symbols, illustrating that it’s
not the number of symbols that determines the amount of structure but purely how much
information is retained by the system. This is the minimum representation because the
e-machine can not be reduced to having fewer states.
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Figure 3: Taken from [14].

information, E.1 actually stores much less information than C.1 because at any point in a
binary string produced by C.1, one knows with total certainty the previous and subsequent
symbols of the string given a present symbol, which means that maximum information is
‘stored’ in the process given its number of states. In contrast, if a digit of a string produced by
E.1is observed, one can make statistical guesses about previous and subsequent causal states,
but the stochasticity of the transitions between states washes out the stored information the
further from the present state one tries to ascertain its past or future. The entropy in the
inter-state transitions leads to a loss of information about what can be ascertained about
future and past states from the present state. Part of what makes E.1 look more complex is
the way it would require inference and ingenuity to reconstruct the e-machine merely from
a bit string, while reconstructing C.1 from a bit string is trivially simple. As was noted
above, the question of how difficult it is to ascertain a system’s structure is different from
the question of how much structure it has. Another part of what makes E.1 appear complex
is the varying degrees of randomness within the transition probabilities. But here too, that
is merely an indication of the system’s entropy rate, not its structure.

Crutchfield enumerated all possible two-symbol e-machines of up to six states and plotted
them according to their statistical complexity and entropy rate, clearly showing how these
two quantities of a process vary largely independent of each other (see Figure 3b). The
exception to this independence is when the entropy rate is at or near its maximized value
of 1, where each state has even or nearly even transition probabilities to itself and all other
states. At a maximum level of entropy, all possibility for structure in the system washes out.
This is seen in Figure 3b where red dots drop off at the right side of the complexity-entropy
diagram.

While the formalities of the definition of structure above may appear removed from the
intuitive sense we have of the concept of structure, when looked at closely it aligns well
with our intuitions while providing a mathematical explanation for why it does so [5]. At
least for the systems to which this framework can be directly applied, Crutchfield’s work



presents a strong case that the computational mechanics definition of structure is one built
upon legitimate first principles and one for which our intuition has always been an imperfect
compass.

2.3 Challenges

Before applying this framework to real world systems, it’s worth discussing the issues of
dimensionality and scalability.

With structure well-defined in 1-dimensional systems of bit strings, one of the primary
challenges for this framework is theorizing how to apply this metric to 3-dimensional real-
world systems. Crutchfield has developed an approach of laying 1D structure-quantifying
methods over 2D system representations [19]. This results in structure measurements that
track our intuitive ideas of structure for systems like 2-dimensional ferromagnetic Ising mod-
els and could in theory be applied to any number of dimensions, though it’s applicability is
still confined to systems that are grid-like in their simplicity.

There have been some notable applications of computational mechanics to real-world
systems that can be made tractable by representing their output as 1-dimensional, such as
neuron spiking trains [20], cellular automata [21, 22, 23, 24], macrovariables in statistical
mechanical systems [23], geomagnetic data [25], multi-level time-scales in conformational dy-
namics of protein folding [26], fluorescence resonance energy transfer in magnesium [27], and
stochastic crystals [28, 29, 30]. Working out the pragmatics of applying this framework more
completely to messier 3-dimensional systems is still a long-term theoretical and experimen-
tal project. However, acknowledging these technical difficulties doesn’t itself invalidate the
ideas of computational mechanics or prevent them from being reasoned about and carefully
applied to such messy real-world systems as far as present theory allows.

Another challenge for this theory is how to apply it to different scales and levels of
description. As Shalizi and Moore show [31], computational mechanics is actually well-
adapted to meet this challenge. For all measurably different states of a system, one can
clump them together into larger or smaller groups of states which may act as single causal
state nodes within an e-machine representation, constituting coarser or finer amounts of
detail. The fewer and coarser the states of an e-machine for a given system, the less accurate
the model becomes, but the more numerous and finer one makes the states of the e-machine,
the more computational power and measuring precision is required. Thus, the framework
scales up and down fairly well given typical trade-offs of resources and accuracy.

3 Why Theorize Structure?

While Crutchfield’s work has inspired and enabled the ideas developed below, he sticks mostly
to the hard science of structure. I am interested in more general implications of Crutchfield’s
work, namely those stemming from what possible advances lie before us if structure truly is
a fundamental property of physical systems. In this section I argue that there are reasons to
believe that structure is an important explanatory property of systems. This serves to justify
engaging in more conceptual and less mathematical investigations of the role of structure in
systems, of which the primary hypothesis below is an example.
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3.1 Structure as a Unifying Concept in the Study of Systems

A physical system consists of its material parts and the arrangement of those parts. In
different parts of physics—materials science, cosmology, quantum mechanics, complexity sci-
ence, etc...—the emphasis is often on finding a mechanism that explains an observed system
behavior. As has been noted [32], there’s no pre-existing universal method of categorizing
the structure of systems in physics or one that grounds itself in first principles.

The approach to structure created by Crutchfield and Co. has the potential to be a
unifying explanatory theory in the study of physical systems because it identifies structure
as a property that can be measured and categorized in all systems.

3.2 Laws of the Behavior of Structure

Structure in Crutchfield’s framework is a property characterized by how a system changes
over time according to the causal states it transitions between. A further level of inquiry
using this framework would ask how and why structure itself changes in systems over time.
Just as structure is a property that tracks the degree to which systems change in non-random
ways over time, so can structure itself change over time in a system in non-random ways.
The following argument suggests that structure is a system property whose own behavior is
governed by universal laws.

e Proposition #1: Relational properties are properties of systems that are defined by the
relations between parts of a system and not by the properties of the parts themselves
or by the mere summation of the properties of those parts.

— For example, non-relational properties include mass, volume, and temperature.

e Proposition #2: Fundamental relational properties are those relational properties that
play essential roles explaining the behavior of systems, and without which we don’t
know why a system does what it does.

— What makes the property fundamental is that the property can not be broken
down further while maintaining its explanatory power, that the property is not a
mere aggregate of other properties, and that the property is not just specific to
some kinds of systems but not others.

e Proposition #3: Free energy, energy, and entropy are properties that are relational
and are essential to explaining the behavior of systems.

— These concepts are relational because taking a system with the same parts, one
can arrange the parts differently in such a way that changes the system’s quantities
of free energy, energy, and entropy.

— These concepts are essential because without them, we have almost no general
explanation for the behavior of these systems and instead all attempts at expla-
nation must be made using particular aspects of the system instead of general
concepts. Without general concepts, explanation has very little traction beyond
the narrow scope of the system or set of systems being studied.
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— Regarding the essential-ness of properties, for example, chemical energy and ki-
netic energy are not fundamental properties but energy is. Likewise, heat is a
form of entropy but not the only form.

e Conclusion #1: Free energy, energy, and entropy are fundamental relational properties.

e Proposition #4: Structure, of the kind defined by Crutchfield and Co., is relational
and plays a foundational role in explaining the behavior of systems.

— What’s being posed here is not that we haven’t understood system behavior be-
cause we haven’t until recently had a universal and quantifiable concept of struc-
ture. Rather, what has stood in for these explanations has always been particular
kinds of structured properties of systems relating particular kinds of systems.
What is being posed here is that all structure belongs to a general concept of
structure which in general is central to our understanding of system behavior.

e Conclusion #2: Structure is a fundamental relational property.

— It may appear bold to elevate structure to the same conceptual level as energy and
entropy in terms of how fundamental they are to understanding system behavior,
but once it is clarified that it is all structure and structure in general that is being
proposed, it becomes difficult to see how this could be otherwise.

e Proposition #5: Fundamental relational properties relate to each other in systems
according to universal principles.

— Anecdotal evidence that structure relates to other fundamental relational proper-
ties according to universal principles includes the following: There exists universal
principles underlying relations between energy, entropy, and free energy in sys-
tems, which are themselves fundamental relational properties. The laws of ther-
modynamics are some such universal principles. Another one is the Gibbs Free
Energy equation: free energy = the enthalpy - the temperature * the entropy. If
structure is also a fundamental relational principle, then it would be in kind for
it to interrelate with these other properties according to universal principles.

e Conclusion #6: Therefore the changes in structure in a system are governed by uni-
versal principles.

— The primary thesis of this paper developed below proposes a universal principle
governing the relationship of structure to free energy in systems.

The potential problems with this line of argument are many. First, Crutchfield’s theory
of structure may be either an incorrect theory of structure, structure itself may just not be
a fundamental property of systems, or my interpretation of this property may be mistaken.
Second, there’s no logical necessity that fundamental properties must relate to each other
in ways governed by universal principles. Or perhaps structure and what I take to be other
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fundamental properties exist in separate domains that don’t interact after all. Beyond the
possible faulty assumptions, it’s possible that even if this line of reasoning is sound, actually
studying how structure changes in systems over time may be too advanced for existing theory
and empirical tools to make any sense of.

These difficulties notwithstanding, the potential theoretical rewards that are hinted at by
such an approach to structure, the lack of any conclusive or obvious fatal counter-arguments
against this approach, and the tentative conclusions reached below using this approach pro-
vide encouragement for pursuing this theoretical investigation.

3.3 Heuristic concepts of structure

The core concepts of computational mechanics are robust enough to permit their use as
heuristics for reasoning about relative amounts of structure where precise quantification is
not currently possible. There are innumerable systems that resist simple representation as
e-machines. For example, convecting liquid has patterns visible to the naked eye that impart
a conviction that periodic structure is present, but modeling even a simple convection system
as an e-machine is not easy because its behavior does not translate straight-forwardly into a
linear sequence of symbols. Also, it’s unclear how to identify discrete states of a convecting
liquid to act as nodes in such an e-machine.

However, the general principles of computational mechanics can be applied using heuris-
tics even when systems don’t fit the mold of precise e-machine representation. Formulating
structure in this way expands the range of systems that computational mechanics can be used
to reason about. For my purposes, it also makes tractable questions about how structure
behaves in systems in general and how structure relates to other thermodynamic quantities.

These generalized tools of analyzing structure can be articulated in the same interpretive
language used by Crutchfield: the more information a system stores and the more informa-
tive relations there are between parts of a system, the more structure it has. Within the
computational mechanics framework, a system contains structure if one can 1) know the
system’s e-machine representation, 2) observe some output symbols, and therefor 3) make
informed predictions about future and past output symbols. Generalizing that schema be-
yond cases where precise e-machine modeling is possible via detecting discrete states of the
system and being able to represent its behavior as a linear string of symbols, we can create
a rough heuristic for identifying structure in a system: a system contains structure if one
can 1) roughly know the structure of the whole through its possible states and transition
probabilities, 2) observe the present state of the system, and therefore 3) acquire information
about future or past states of the system. This can then be used as a heuristic to ascertain
whether a system contains structure because it reveals whether a system has informative
relations between its parts.

4 A Specific Case of Structure Formation: From Con-
duction to Convection

The primary hypothesis contained in this paper concerns the process whereby structure is
formed. Before postulating a general theory for this phenomena, it’s worth first considering
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Figure 4: A shows the direction of the convection flows of heated liquid in a single Benard
cell. B is a photo of Benard cells taken from above.

a well-known specific case of structure-formation, that of the transition from conduction to
convection in a heated liquid.

Imagine a liquid on a hotplate being heated from below, with open air above acting
as a heat sink. When the temperature gradient is small enough, heat dissipates from the
plate through the liquid to the air via conduction alone. When the temperature gradient is
increased by heating the plate above a certain point, the liquid begins to transport heat by
convection because the hotter liquid closer to the heated plate expands and becomes more
buoyant. A tension arises when the hotter liquid below is more buoyant than the cooler
liquid above, and this tension is resolved when convection currents emerge that shuttle the
more buoyant hotter liquid to the surface, where heat is dissipated more quickly into the
air, and then the cooled liquid becomes denser and sinks downward where it is heated again
and so on. In this paper, the well-known Benard cell convection will be used as the model
system (see Figure 4), though all convection operates by the same general principles.

When a liquid dissipates heat by conduction alone, there is no structure being formed in
the system in response to external heating. At the macro-level, there are no movements of
the parts of the system, and at the micro-level of atoms, there is movement of the parts but
in a totally random way. However, when a liquid dissipates heat by convection, structures
are formed in the system as the parts take on specific relations to each other. Convection as
a form of heat transport always occurs simultaneously with conduction, but only the former
constitutes a structured process.

One can construct a rough e-machine of convection to illustrate that it has structure
within the framework of computational mechanics. Imagine one of the convection cycles
being quartered in a cross-section, as shown in Figure 5, and that each quarter represents
a causal state of an e-machine. If one isolated a particle within the liquid and recorded the
position of the particle at certain time-intervals, one would expect the output string of the
system to be 123412341234... Given that a real-world system has stochasticity in it, the
repeating pattern may occasionally be broken, with a 1 transitioning to a 3 for example, but
degrees of randomness can easily be incorporated into the e-machine representation. If the
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Figure 5: A: A representation of a path taken by a particle within a convection cycle. The
cycle is quartered to track movement of the particle. When the quarters are defined as causal
states of an e-machine, the periodic output ‘1234’ is indicative of structure in the system.
B: The quadrants of the convection cycle modeled as causal states in a e-machine.

same volume of water were analytically quartered and instead subjected to a heat source
that merely caused conduction, the location of any particle would be almost entirely random
from one time step to the next, with the output string of an e-machine always in the same
causal state with 4 equiprobable transitions between states, like a 4-sided die.

One could try to quantify exactly how much structure a fluid convection cycle has, but
given the paucity of theory to support and guide such an attempt, that would be premature.
The heuristic tools developed here from Crutchfield’s framework are only powerful enough
to make basic claims about whether a system has structure or not, or whether a system has
more or less structure than a comparable system.

Looking at convecting fluid is a simple way to illustrate the presence of structure in a
simple system, and it accurately demonstrates how the system stores information by showing
that the particle cycles through the various quadrants. Recall that the e-machine is not the
structure itself, but just a representation that mathematically measures the structure of a
system. The particle itself does not store information, the system as a whole does, and
representing the system in this way illuminates how the system is structured.

4.1 Diffusion vs. dissipation

The shift from conduction to convection can be generalized in the following way. Under
conduction, energy is dissipating evenly in all directions, other factors being equal. Under
convection, energy is being dissipated unevenly but in a way that increases the overall rate
of dissipation. Because convection has upcurrents of hot liquid and downcurrents of cooler
liquid, there is an uneven, or non-uniform, spatial distribution of the way heat energy is
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being dissipated outward from the heat source.

Any spatially even dissipation of energy across gradients I'll call diffusion, whereas I’ll use
the term dissipation more generally to include both even (as in conduction) and uneven (as
in convection) dissipation of energy. Diffusion of energy can occur not just via heat, but with
any form of energy®. For example, electromagnetic energy is diffused evenly in all directions
by a light bulb. Kinetic energy is likewise diffused, roughly, when a bomb explodes.

The change from diffusion to uneven dissipation occurs in a system when the energy
gradient is pushed above a certain threshold by increasing the rate of energy input into the
system. This threshold is passed when the parts of the system reach a critical point where
diffusion breaks down because the properties of the system above that point change in such
a way that the system’s spatially even dissipation is no longer possible. When the diffusion
breaks down, small instabilities form that gradually grow into larger instabilities that then
become structures [33]. In the conduction-convection example, the increase in buoyancy of
the heated liquid on the bottom is the particular pressure that breaks the diffusion process,
which then produces instabilities as hotter liquid on the bottom starts to rise in columns
alternating with columns of sinking colder liquid. The ultimate result is uneven dissipation
of thermal energy via convection.

I'll refer to a system that dissipates energy above the threshold at which diffusion is
broken as above threshold for short, and conversely, I'll refer to a system that dissipates
energy via diffusion as below threshold.

5 The General Case of Structure-Formation

If structure is a fundamental property of physical systems and is as important as the concepts
of energy and entropy in understanding system behavior, then there may be simple relations
between structure and other fundamental properties that determine system behavior. On
an intuitive level, structure is a property of a process that is arranged in some particular
way, and whenever any system does anything, doing it in a particular way is different than
that process occurring in a random or uniform way. Energy diffusing outward from a source
results in a pure increase in entropy for the system as a whole without any resulting increase
in structure. However, when a source dissipates energy through a process that is not even,
some kind of explanation is required for why the dissipation is uneven because spatially
even dissipation, all things being equal, is the default behavior expected from the 2nd law
of thermodynamics that demands equalizing energy gradients over time. Of course, specific
explanations can be given for why energy dissipates unevenly in a particular system, but the
uneven dissipation of energy seems to be a general phenomena and thus requires a general
explanation.

I believe this explanation requires relating structure and energy to each other. Just as
the first and second laws of thermodynamics are very simple relations regarding entropy
and energy, it seems plausible that the most basic relations between structure and other

5Entropy production is the same concept as energy dissipation, just posed in different terms. The choice
of terminology in a specific context comes down to what is more conceptually convenient or clear. In other
work, I make use of recent developments in the study of entropy production, and the work here should also
be seen as connected to that.
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properties also are simple relations.

From both common intuition and the framework advanced here, it is clear and unsurpris-
ing that when a heated liquid system crosses the threshold from conduction to convection,
structure emerges. The main thesis of this paper generalizes this effect and claims it applies
to all structures and systems: The formation of structure in systems is always and only
the consequence of the dissipation of energy at a higher rate than can be accommodated by
diffusion. This is posed as a universal principle of the relation between energy and structure,
which offers more evidence for proposition #5 above.

What makes the case of the transition from conduction to convection conceptually clear
is that the change from the unstructured to the structured state is prompted by a single
change in a single system parameter: the increase in heat applied to the system above a
specific threshold. Many other systems that appear to contain structure are a less conve-
nient testing ground for studying structure as a fundamental property because there are
so many other confounding aspects of the system that make it difficult to pare down the
parts of the system to the bare essentials responsible for the dynamics of structure. The
conduction-to-convection example has no need of ongoing material inputs; the appearance
of structure emergences in a homogeneous material; it’s the kind of system that can be set
up, observed, and studied using simple experimental procedures. Other prototypical struc-
tures in nature, including biological, geological, astronomical, chemical, atomic, quantum
mechanical systems, are typically not so convenient.

As put forth above, diffusion is structureless, meaning that a system that is merely
diffusing energy contains no informative correlations between its parts. Any break from
diffusion necessarily results in a process that’s structured, because any substantive change
in a system’s state transition probabilities not along the axis from less to more entropy
necessarily pops out along the axis from less to more structure. I'll call uneven dissipation
above threshold structured dissipation®.

Insofar as e-machines can represent the basic behavior of systems as transitioning between
states, the argument that non-entropic changes in a system imply structural changes can also
be posed in terms of e-machines. Imagine the e-machine for the coin-flip process. When the
entropy of the process is altered by changing the bias of the coin and thus altering the output
probabilities, no structure is added or changed. If one changes the process by adding new
output symbols, for example by changing the process to the roll of a die with six possible
outcomes instead of the coin flip’s two outcomes, again entropy is added to the system but
the structure remains unchanged.

There are only two possible ways to alter an e-machine without altering the e-machine’s
entropy. The first and trivial way is to change the e-machine in such a way that it might be
symbolically or otherwise altered but still retain the fundamental properties of the e-machine
intact. For example, instead of a coin with Os and 1s, it could be a coin with 1s and 2s,
or a die with three 1s and three 0Os, etc... Such trivial changes don’t affect the entropy or
the structure of the system. The second, and only substantive, way to change an e-machine
without altering its entropy requires making changes to its structure. Or stated conversely,

6Structured dissipation bears an obvious resemblance to Ilya Prigogine’s theory of dissipative structures”,
though they are very different theories that happen to engage some similar phenomena. Furthermore, many
have questioned the substance of Prigogine’s contributions on this subject [34, 35, 36, 37].
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any substantive change in an e-machine that can’t be entirely accounted for as a change in
entropy necessarily implies a change in structure.

This idea can be illustrated using specific e-machine examples. Taking the simplest case
of an e-machine that contains no structure, its minimal representation must contain only
one state, as in the coin-flip e-machine. If there are no informative relations between future
and past states, then the e-machine can give a varying range of outputs, as in the different
sides of a coin or sides of a die, but those outputs can never have informative correlations
between them, and therefore the system is always in the same causal state in relation to
future and past states. To change the system in any way that doesn’t merely adjust the
output probabilities and entropy values requires adding another state to the e-machine. For
any minimal e-machine representation, an increase in the number of causal states results
in an increase in structure of the e-machine, other things being equal. Such multi-state, or
structure-containing, e-machines must have outputs with informative relations between them
because it requires that the system store information about past and future states within its
present state.

Any open and stable driven system engaged only in diffusion is essentially a one-state
e-machine. A liquid being heated by an external source which then conducts that heat to a
heat sink is always in the same macrostate. However, once convection emerges in a liquid, a
description of the system needs to include the changing states of the system as the particles
move through their cycles.

Notice that there is no third property of e-machines whereby a system can be substan-
tively altered in a way not relating to its structure or entropy. To substantively alter a system
is to change the way it transitions between states, and the nature of these transitions is en-
tirely captured by a description of the system’s structure and entropy, as is represented in
e-machine diagrams. This is also a conceptual argument in support of the above proposition
#5 that structure relates to other fundamental relational properties, in this case entropy,
according to universal principles.

Any system capable of forming structure has some point at which it crosses the threshold
from diffusion to structured dissipation. Where that critical threshold lies in a particular
system is determined by the thermal properties of its materials as well as many other specific

properties. What is universal to all structures is their emergence in systems driven above
threshold.

6 Studying Structured Dissipation in Other Systems

The transition from conduction to convection in a liquid appears like a straight-forward case
of patterns and structure emerging from a system that previously lacked pattern or structure.
Many supporting arguments and assumptions need to be validated for this hypothesis to hold
up but various points make it plausible and worth testing elsewhere.

How might the hypothesis of structured dissipation be explored in other systems? Finding
systems that go from an unstructured state to a structured one in response to an increase in
energy input is not difficult. One example is the fusion of atoms into heavier elements in stars
once those stars reach a certain mass with enough gravitational energy to create extreme
internal pressures that stimulate nucleosynthesis. Another is the kind of chemical cycles
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that synthesize more complex molecules in response to sufficient energy flux. Turbulence is
another prime example when discrete microstructures in the form of vortexes are observed
upon the transition from laminar flow to turbulent flow in response to increased flow rate,
something which Crutchfield and colleagues have been working on applying their framework
to already [38, 39].

The difficult part is then fitting these examples of the emergence of structure in such
a way that one can show that the structure observed can be justified as being structure
in the mathematical meaning used in computational mechanics. Because the mathematical
framework is not developed far enough yet to easily accommodate such systems, one has to
use other methods to reason about the change in structure in a system over time. In this
paper, I use some heuristics based on computational mechanics concepts.

After sample systems are found to fit the criteria necessary to apply this specific definition
of structure, the theory of structured dissipation can be tested. For example, does structure
in systems only emerge after an increase in energy input above a certain threshold and below
which energy diffuses evenly? Does the emergence of structure facilitate a faster diffusion of
energy overall? Does structure ever emerge in these systems without a concomitant increase
in energy dissipation? These and other questions can help make the theory of structured
dissipation falsifiable.

There are some common traps to avoid in using this approach. Often what appears to
be the emergence of structure in a system is found to be merely the emergence of order.
Like the sorting of different sized grains or pebbles in a container such that the smaller ones
go to the bottom and the larger ones go to the top, this appears at first glance to be a
structured process, but upon closer inquiry this constitutes mere ordered sorting and does
not qualify as structured in the sense of computational mechanics. The formation of many
kinds of apparently complex and structured crystals and other materials also exhibit this
kind of ordering.

Structure in the colloquial sense can be applied to both objects and processes. However,
computational mechanics itself can likely only be applied to structured processes and not
structured objects [23]. There is no coherent way of taking a static object that appears to
exhibit structured patterns and trying to fit it into an e-machine diagram because a static
object in no way transitions between different states as required by e-machine modeling.
However, computational mechanics would be a pretty weak theory if it was not able at
all to account for the kind of structure observed in objects, as such structures—from atoms
and molecules to geological formations—constitute a major portion of our intuition of what
structure is. The key to analyzing object structures through this lens is to recognize that
for an object structure to have been created, there must have been a structured process
that created it, and so one can go about applying computational mechanics concepts to the
structured processes that create structured objects.
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7 Theoretical and Practical Uses for a Concept of Struc-
ture

In the history of physics, whenever a new fundamental concept like energy or entropy has
been formalized and quantified, it has opened up new domains of inquiry and been ac-
companied by far-reaching and influential theorizing. The formalization and quantification
of structure could have a similar effect on science. Just like energy and entropy are used
universally across the hard and life sciences, so too could a concept structure find broad
application.

One possible application is to the study of the emergence of life in the lab and on other
planets, which is in many ways a study of the emergence of a broad class of structures
including phenomena like biomolecules, proto-cells, and simple organisms. Applying a more
formal concept of structure to such studies may make clear new constraints and reveal new
possibilities about how life emerges from non-living matter. The study of many various
kinds of complex phenomena, from brain activity to stock markets, could perhaps benefit
from new modeling tools and conceptual frameworks like those developed in computational
mechanics. However, speculating much on the specific details of such possibilities in science
in general is beyond the reach of my knowledge and imagination.

For industrial applications, just as the concepts of entropy and energy are used universally
by engineers to maximize efficiency, so too could structure perhaps play a similar role in some
production processes. Of course, the structure of a hammer or car is not what structure in the
sense of computational mechanics is useful for. But in terms of certain complex manufactured
materials possessing structures, finding ways to maximize the efficient production of structure
may result in new cost-effective techniques.

8 Conclusion

Recent advances in the definition of physical structure enable us to begin exploring the
science of structure in real world systems. Using Crutchfield’s computational mechanics
framework as a basis for understanding structure, this paper has argued that structure is
always and only the consequence of a system being driven above the threshold at which it
can diffuse energy evenly in all directions. I call this structured dissipation, and I propose
it to be a universal principle of structure in physical systems.

Even when precise quantification of structure in systems is impossible, the ideas of com-
putational mechanics permit the use of heuristic concepts of structure to reason about com-
parative amounts of structure in a system under different conditions and in different states.
With this form of reasoning, structured dissipation can be tested by looking at specific sys-
tems. The emergence of convection cycles in a heated liquid is taken to be a model case for
illustrating this principle.

The ideas presented here are exploratory and require much work, particularly on the gap
between clean quantitative models and messy real-world systems. However, a mathematical
formulation of structured dissipation seems entirely plausible. If such progress were forth-
coming and other basic principles of the behavior of structure were discovered, it is exciting

20



to think about the scientific potential of a science of structure dynamics for advancing our
understanding of physical systems.
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