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the Laws of Thermodynamics. For 
near-equilibrium systems (see the 
sidebar) these ideas are well known 
and have been used extensively in the 
analysis of computational efficiency 
and in machine learning techniques.

Since the time of Carnot and Bab-
bage in the early 19th century, the 
fields of computation and thermody-
namics have co-evolved with seminal 
contributions from Maxwell, 
Boltzmann, Gibbs, von Neumann, 
Turing, Shannon and many others. 

C
L A S S I C A L  C O M P U T I N G  U S I N G 

digital symbols—equivalent 
to a Turing Machine—is 
reaching its limits. It is un-
deniable that computing’s 

historic exponential performance in-
creases have improved the human 
condition. Yet such increases are a 
thing of the past due in large part to 
the constraints of physics and how to-
day’s systems are constructed. Hard-
ware device designers struggle to 
eliminate the effects of nanometer-
scale thermodynamic fluctuations, 
and the soaring cost of fabrication 
plants has eliminated all but a few 
companies as a source of future chips. 
Software developers’ ability to imag-
ine and program effective computa-
tional abstractions and implementa-
tions are clearly challenged in 
complex domains like economic sys-
tems, ecological systems, medicine, 
social systems, warfare, and autono-
mous vehicles. Machine learning 
techniques, such as deep neural net-
works, can help but their capabilities 
are limited and they are implemented 
on top of the digital hardware with 
the aforementioned challenges.

Yet, even as we encounter these 
limits, we recognize that living sys-
tems evolve energy-efficient, univer-
sal, self-healing, and complex compu-
tational capabilities that dramatically 
transcend our current technologies. 
Animals, plants, bacteria, and pro-
teins solve problems by spontaneous-
ly finding energy-efficient configura-

tions that enable them to thrive in 
complex, resource-constrained envi-
ronments. For example, proteins fold 
naturally into a low-energy state in 
response to their environment.a In 
fact, all matter evolves toward low-
energy configurations in accord with 

a	 Even this relatively simple system is still too 
compute intensive to model effectively on our 
most powerful supercomputers—what costs 
nature a few electronvolts currently costs a few 
terajoules on a supercomputer.
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novel TC hardware. The convention-
al computer is a “host” through 
which users can access the TC and 
define a problem for the TC to solve. 
The TC, on the other hand, is an 
open thermodynamic system direct-
ly connected to real-world input po-
tentials (for example, voltages), 
which drive the adaptation of its in-
ternal organization via the transport 
of charge through it to relieve those 
potentials. Qualitatively, better or 
poorer organization results in small-
er or larger internal dissipation and 
fluctuation, which drives the net-
work to stabilize existing configura-
tions or sample new ones. The TC it-
self may comprise, for example, a 
networkb of “cores” and connections 
that spontaneously and collectively 
adapt to achieve low energy network 
states/high charge transport effi-
ciency in response to changing ex-
ternal potentials.

What problems can these systems 
solve? We see TC as particularly well-
suited for searching complex energy 
landscapes that leverage both rapid 
device fluctuations and the ability to 
search a large space in parallel, and 
addressing NP-complete combinato-
rial optimization problems or sam-
pling many-variable probability dis-
tributions. For example, Borders et 
al.1 have shown the ability to solve op-
timization problems such as integer 
factorization using a network of sto-
chastic binary neurons constructed 
from thermally fluctuating nanoscale 
magnetic tunnel junctions config-
ured as stochastic bits. Thermody-
namic computing systems make such 
ideas both more general and more ac-
cessible, giving a TCS user the ability 
to easily define optimization prob-
lems that receive feedback not only 
from their programmed constraints, 
but also from direct interaction with 
an external environment.

To put this vision in a larger con-
text, Figure 2 divides computing into 
domains according to their relation-
ship to fluctuation scales. Spatial and 
temporal fluctuation scales are esti-

b	 Among existing computing systems, TC is 
perhaps most similar to neuromorphic com-
puting, except that it replaces rule-driven ad-
aptation and neuro-biological emulation with 
thermo-physical evolution.

Lately, we see this trend continuing 
as our understanding of thermody-
namics expands to include non-equi-
librium systems. For example, a new 
generation of “fluctuation theorems” 
(for example, Jarzynski,7 Crooks3) sug-
gests a path toward a computing tech-
nology grounded in an understanding 
of open, non-equilibrium systems. To 
continue technological progress—
and acquire its corresponding social 
and economic benefits—we advocate 
a new, physically grounded, computa-

tional paradigm centered on thermo-
dynamics and an emerging under-
standing of using thermodynamics to 
solve problems that we call “Thermo-
dynamic Computing” or TC. Like 
quantum computers, TCs are distin-
guished by their ability to employ the 
underlying physics of the computing 
substrate to accomplish a task.

As illustrated in Figure 1, we envi-
sion a thermodynamic computing 
system (TCS) as a combination of a 
conventional computing system and 

Figure 1. Conceptual schematic for a Thermodynamic Computing system. 

The top half of the figure represents a conventional computing system that “hosts” the TC. The host 
computer is entirely prescribed by humans, who are its interface to the real world. The TC, illustrated 
in the lower half of the figure, has independent interfaces to raw potential in its environment and 
complex, multiscale, recurrent adaptive internal evolution that communicate and connect environmen-
tal potentials. Humans can direct the evolution of TCs by programming constraints that influence the 
connections to the environment and the evolution of the system. The TC can also provide feedback to 
the conventional computing system; for example, it may evolve a representation of its environment 
that can be used as input. The thermal reservoir plays an active role in the evolution of the TC by 
providing fluctuations.
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Figure 2. The three major domains of computing.
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	˲ Developing nearer-term hybrid 
computer systems with both classical 
and thermodynamically-augmented 
components—for example, thermo-
dynamic “bits,” “neurons,” “synaps-
es,” “gates,” and “noise generators”—
and evolving these systems toward 
greater TC exploitation.

	˲ Creating systems using complex 
thermodynamics networks wherein 
a classical computing system pro-
vides an interface to and scaffolding 
for mesoscale assemblies of inter-
acting, self-organizing components 
exhibiting complex dynamics and 
multiscale, continuously evolving 
structure, either at room temperature 
or—if quantum effects are key—at 
very low temperature (milli-Kelvin).

At least initially, we expect that TC 
will enable new computing opportu-
nities rather than replace Classical  
Computing at what Classical Com-
puting does well (enough), following 
the disruption path articulated by 
Christensen.2 These new opportuni-
ties will likely enable orders of mag-
nitude more energy efficiency and the 
ability to self-organize across scales 
as an intrinsic part of their operation. 
These may include self-organizing 
neuromorphic systems and the simu-
lation of complex physical or biologi-
cal domains, but the history of tech-
nology shows that compelling new 
applications often emerge after the 
technology is available.

As TCs will co-exist with classical 
computing, future research will devel-

mated in terms of thermal energy (kT, 
that is, Boltzmann constant times 
temperature) and corresponding 
electronic quantum coherence times 
and lengths. We divide the comput-
ing paradigm into three qualitatively 
different domains that we label as 
“Classical,” “Thermodynamic,” and 
“Quantum.” In the Classical domain, 
fluctuations are small compared to 
the smallest devices in a computing 
system (for example, transistors, 
gates, memory elements), thereby 
separating the scales of “computa-
tion” and “fluctuation” and enabling 
abstractions such as device state and 
the mechanization of state transfor-
mation that underpin the current 
computing paradigm. In the Quan-
tum domain, fluctuations in space 
and time are large compared to the 
computing system. While the Classi-
cal domain avoids fluctuations by “av-
eraging them away,” the Quantum do-
main avoids them by “freezing them 
out.” In the Thermodynamic domain, 
fluctuations in space and time are 
comparable to the scale of the com-
puting system and its devices. This is 
the domain of non-equilibrium, me-
soscale thermodynamics, cellular op-
erations, neuronal plasticity, genetic 
evolution, and so forth—that is, it is 
the domain of self-organization and 
the evolution of life. This is the do-
main that we need to understand in 
order to build technologies that oper-
ate near the thermodynamic limits of 
efficiency and spontaneously self-or-
ganize, but paradoxically it is also the 
domain that we assiduously avoid in 
our current classical and quantum 
computing efforts.

We note that the idea of using the 
physics of self-organizing electronic or 
ionic devices to solve computational 
problems has shown dramatic prog-
ress in recent years. For example, net-
works of oscillators built from devices 
exhibiting metal-insulator transitions 
have been shown to solve computa-
tional problems in the NP-hard class.9 
Memristive devices have internal state 
dynamics driven by complex electron-
ic, ionic, and thermodynamic consid-
erations,4 which, when integrated into 
networks, result in large-scale complex 
dynamics that can be employed in ap-
plications such as reservoir comput-
ing.10 Other systems of memristive de-

vices have been shown to implement 
computational models such as Hop-
field networks8 and to build neural net-
works capable of unsupervised learn-
ing. Today we see opportunity to couple 
these recent experimental results11 
with the new theories of non-equilibri-
um systems through both existing (for 
example, Boltzmann Machines5) and 
newer (for example, Thermodynamic 
Neural Network6) model systems. Giv-
en these experimental, theoretical, and 
modeling components, we envision a 
roadmap for developing TCs with three 
complementary foci:

	˲ Using classical computing to 
model and simulate potential TC ad-
vances and, conversely, focusing the 
lens of TC back on classical systems 
in order to improve them. 

The idea of using 
the physics of self-
organizing electronic 
or ionic devices to 
solve computational 
problems has shown 
dramatic progress  
in recent years.

Equilibrium thermodynamics is the study of matter and/or energy transfer in 
systems as they pass from one state of thermodynamic equilibrium to another, where 
“thermodynamic equilibrium” indicates a state with no unbalanced potentials, or 
driving forces, between macroscopically distinct parts of the system. An important goal 
of equilibrium thermodynamics is to determine how the equilibrium state of a given 
system changes as its surroundings change.

Laws of Thermodynamics:
	˲ Zeroth Law—If two systems are each in thermal equilibrium with a third, then they 

are in thermal equilibrium with each other (or ‘there is a game’);
	˲ First Law—Energy cannot be created nor destroyed, but only change forms (or ‘you 

can’t win’);
	˲ Second Law—The entropy of an isolated system not in equilibrium will tend to 

increase over time, approaching a maximum value at equilibrium (or ‘you can’t break 
even’); and, 

	˲ Third Law—As temperature approaches absolute zero, the entropy of a system 
approaches a constant minimum (or ‘you can’t quit the game’).

What Is Equilibrium  
Thermodynamics?
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from the output of the Computing 
Community Consortium’sc Thermo-
dynamic Computing workshop that 
brought together computer scientists, 
mathematicians, physicists, and com-
putation biologists. To learn more 
about the Thermodynamic Comput-
ing workshop, visit the workshop web-
sited or read the workshop report.e The 
authors thank all workshop partici-
pants and CCC/CRA staff.	

c	 The Computing Community Consortium (CCC) 
is a programmatic committee of the Comput-
ing Research Association (CRA). The mission of 
Computing Research Association’s Computing 
Community Consortium (CCC) is to enable the 
pursuit of innovative, high-impact computing 
research that aligns with pressing national and 
global challenges. Learn more about the CCC 
here: https://cra.org/ccc/about/

d	 See https://bit.ly/32tmEre
e	 See https://bit.ly/3tAq0V7
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op interaction abstractions. For exam-
ple, the classical host might configure 
TC elements by viewing them as a 
fixed edge-weighted directed graph of 
thermodynamic elements. In the lon-
ger term, as more complex thermody-
namic devices and networks become 
available, the TC might be presented 
as a continuously evolving neural net-
work processor with networks and ex-
ternal inputs defined by the architect.

Our viewpoint is that developing 
TC can extend computing’s transfor-
mational effect on society well into 
the 21st century.

	˲ TC’s potential societal impacts 
include sustaining U.S. computing 
leadership, improving outcomes in 
many areas of human enterprise (for 
example, medicine, business, agricul-
ture, defense, security, and leisure), 
and new workforce and business op-
portunities.

	˲ TC’s potential technical impacts 
include enabling ultra-low energy sys-
tems (for example, with perceptual 
capabilities that rival those of animal 
sensory systems), fundamental in-
creases in battery life, and a potential 
reduction in the national computer 
energy consumption.

	˲ TC’s potential scientific impacts 
include probing the fundamental effi-
ciency limits of computing, exploring 
self-organization to reduce human 
programming effort, repurposing the 
extraordinary capabilities of living 
systems for human-engineered sys-
tems, and creating more intellectual 
synergy among diverse fields in engi-
neering and physical sciences.

This Viewpoint has been developed 

Thermodynamic 
computing can 
extend computing’s 
transformational 
effect on society 
well into the 21st 
century.
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