Hierarchical
Thermoadynamics

James P Crutchfield
Complexity Sciences Center
Physics Department
University of California, Davis
http://csc.ucdavis.edu/~chaos/

Workshop on
Information Engines at the Frontier of Nanoscale Thermodynamics
Telluride Science Research Center
3-11 August 2017

Joint work with Cina Aghamohammadi, Alec Boyd, Dibyendu Mandal,
Sarah Marzen, Paul Riechers, and Greg Wimsatt



Size (m)

o Structural Hierarchy
N Biology

Structural Hierarchy
in Biology

Plants

o

+ 10

Plants & animals

e 100

In what ways does nature organize?

(Phenomenology)
Microorganisms 1104
How does it organize?
Yeast ~ Cheekecell T 107° (MeChanlsm)
Are these levels real or merely convenient?
1% (Objectivity)
Organelles Mitochondrion Red blood cel
: . 1107 Why does nature organize?
eowrus (Optimization versus chance versus ....)
Macromolecules
4108 .
Does thermodynamics play a role?
Small molecules
1109

HO +10-10 Physics Today, March 2006



What's new in biology, but not in physics?



What's new in biology, but not in physics?

Meaning, Purpose, & Functionality



What's new in biology, but not in physics?

Meaning, Purpose, & Functionality

Calculi of Emergence (1992) but with energetics



What's new in biology, but not in physics?

Meaning, Purpose, & Functionality

Calculi of Emergence (1992) but with energetics

Punch Line

 Meaning, purpose, and functionality arise from
* Organization
 Thermodynamics
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Thermodynamics of Organization:
Information Processing Second Law of
Thermodynamics (IPSL)




INFORMATION RATCHETS
Beyond Maxwell+5zilard: Net Work Extraction!

Mass

output string input string

O, N Information Reservoir YN: 50

Output k' h, Input

A. Boyd, D. Mandal, and JPC, “Identifying Functional Thermodynamics in Autonomous Maxwellian Ratchets”.
New Journal of Physics 18 (2016) 023149.

D. Mandal and C. Jarzynski. “Work and information processing in a solvable model of Maxwell’s demon”.
Proc. Natl. Acad. Sci. USA, 109(29):11641-11645, 2012.



INFORMATION RATCHETS
Beyond Maxwell+5zilard: Net Work Extraction!

Stochastic Turing Machine
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A. Boyd, D. Mandal, and JPC, “Identifying Functional Thermodynamics in Autonomous Maxwellian Ratchets”.
New Journal of Physics 18 (2016) 023149.

D. Mandal and C. Jarzynski. “Work and information processing in a solvable model of Maxwell’s demon”.
Proc. Natl. Acad. Sci. USA, 109(29):11641-11645, 2012.



INFORMATION PROCESSING
SECOND LAW OF THERMODYNAMICS

e Asymptotic IPSL:
<W> < kg1 In2 (h,u/ — h,u)

e [Information is fuel:

(Ordered inputs are a thermodynamic resource.)

* Generalizes Landauer Principle; cf.:

Qerase > kBTlnz (h,u/ = 0; h,u — 1)

output input

A. B. Boyd, D. Mandal, and JPC, “Identifying Functional Thermodynamics in
Autonomous Maxwellian Ratchets”, New Journal of Physics 18 (2016) 023149.



INFORMATION PROCESSING
SECOND LAW OF THERMODYNAMICS

e IPSL constrains information processing done by
a thermodynamic system.

e Upper bound on the maximum average work (W)
extracted per cycle.

e Lower bounds the amount —(W) of input work
required for a physical system to support a
given rate of intrinsic computation.



INFORMATION PROCESSING
SECOND LAW OF THERMODYNAMICS

IPSL determines
Thermodynamic Functionality

Feature

Function Operation Net Net
- Work  |Computation
Engine Extracts energy from the thermal reservoir, converts it|(W) > 0|h}, — h, >0
into work by randomizing input information
Eraser Uses external input of work to remove input|(W) <O0|h), —h, <0
information
Dud Uses (wastes) stored work energy to randomize output|(W) < 0|h}, —h, >0




INFORMATION RATCHETS
Second Law for Intrinsic Computation

<W> < kpT'In?2 (h,u/—h,u)

Thermodynamic Functions
1

Dud

p

; M Ratchet o)

0 q | parameters:



INFORMATION RATCHETS
Second Law for Intrinsic Computation
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Entropy Rates
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Lesson: AH(1)=H gl) H(1)
Ah, = h, —h,

Kolmogorov-Sinai entropy rates
(h,' and h,) account for all correlations.



INFORMATION RATCHETS
Second Law for Intrinsic Computation

o T .
(W) < kgTIn2 Ah, ]
Versus w AH
(W) < kpTIn2 AH(1) B 1
Pure-correlation «___— g
powered erasure Entropy Rates
AH(1) =H'(1) — H(1
Lesson: (1) g ) (1
Ah, =h, —h,

Kolmogorov-Sinai entropy rates
(h,' and h,) account for all correlations.



REQUISITE COMPLEXITY

Input Process Ratchet Transducer  Output Process  Thermal Relations
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e Lessons: Information processing thermodynamic systems should

match the complexity of their inputs/environment:
e Memoryless ratchets optimal for uncorrelated environments.

e Memoryful ratchets optimal for correlated environments.

A. B. Boyd, D. Mandal, and JPC, “Leveraging Environmental Correlations: The Thermodynamics
of Requisite Variety”, Journal of Statistical Physics (2017) in press. arxiv.org:1609.05353.
W. Ross Asbhy, “An Introduction to Cybernetics.” John Wiley and Sons, New York, second edition, 1960.



http://arxiv.org

Functional Fluctuations

J. P. Crutchfield and C. Aghamohammadi, “Not All Fluctuations are Created Equal:
Spontaneous Variations in Thermodynamic Function. arxiv.org:1609.02519.
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FUNCTIONAL FLUCTUATIONS

When is an Engine an Eraser?

Information Processing Second Law
_I_

Large Deviation Theory



FLUCTUATIONS?
Biased Coin (60% Heads/40% Tails)
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FLUCTUATIONS?

Biased Coin:
Fluctuations in sequence probabilities
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FLUCTUATIONS IN

INTRINSIC COMPUTATION

e Spectrum of Fluctuations
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INFORMATION RATCHETS

(A. Boyd, D. Mandal, and JPC, “Identifying Functional Thermodynamics in Autonomous Maxwellian Ratchets ”,
New Journal of Physics 18 (2016) 023149.)

Mass

input string

YN 100
h, Input



FLUCTUATIONS IN
THERMODYNAMIC FUNCTION
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FLUCTUATIONS IN
THERMODYNAMIC FUNCTION
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Function Feature Operation Net Net
Work  |Computation
Engine Extracts energy from the thermal reservoir, converts it |(W) > 0|h}, — hy, >0
into work by randomizing input information
Eraser Uses external input of work to remove input|(W) <O0|h, —h, <0
information
Dud Uses (wastes) stored work energy to randomize output |(W) < 0|h}, —h, >0

Informational Second Law
= Thermodynamic Function



FLUCTUATIONS IN
THERMODYNAMIC FUNCTION
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FLUCTUATIONS IN
THERMODYNAMIC FUNCTION

Observable?
Length 100 input sequences:
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FLUCTUATIONS IN
INTRINSIC COMPUTATION

e What's new: Determine S(U) and other
measures for any structured process from

®/)

Ip/ % 1

310

D
0

FIG. 22. e-Machine that generates the non-Markovian Nemo
Process; its Markov order is infinite. The Nemo Process
makes this perhaps clearer, however, since the recurrent states
permute into each other upon observing a 0. The transient
structure captures this explicitly: ABC maps back to itself
on a 0.
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| eSS0oNS

* Function emerges from the
Information Processing Second Law of Thermodynamics
o Computing fluctuates

e Function fluctuates
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INFORMATION-THEORETIC ANALYSIS
OF COMPLEX SYSTEMS ...

 Process Pr(<X , X ) is a communication channel
— —
from the past X to the future X :
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INFORMATION-THEORETIC ANALYSIS
OF COMPLEX SYSTEMS ...

® Process Pr(<X , X ) is a communication channel
— —
from the past X to the future X :

4 )

Past —> Present —>» Future

Information
Rate h Channel

Capacity C
e Channel Utilization: Excess Entropy

— —
E=1I[X;X]



FOUNDATIONS: COMPUTATIONAL MECHANICS

Model CAUSAL EQUIVALENCE:

it %~ o PrX|T) = Pr(X|T)

1111111

...001011101000...

-
-

Environment Sensory Data Agent

111/2

E-MACHINE: UNIQUE, MINIMAL, & OPTIMAL PREDICTOR

STORED VERSUS GENERATED INFORMATION

ZPI‘ )log, Pr(0c) VERSUS h, = —ZPI’ Z Pr(c’'|o)log, Pr(o’|o)

oES ccS o' €S



FOUNDATIONS: COMPUTATIONAL MECHANICS

Model CAUSAL EQUIVALENCE:

LU %~ % o Pr(X)%) = Pr(X|E)

Environment Sensory Data Agent

...001011101000...

—
==
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E-MACHINE: UNIQUE, MINIMAL, & OPTIMAL PREDICTOR

STORED VERSUS GENERATED INFORMATION

ZPI )log, Pr(0c) VERSUS h, = —ZPI’ Z Pr(c’'|o)log, Pr(o’|o)

oS ccS oc'ES
STRUCTURE VERSUS RANDOMNESS
Structural
Complexity
C
0

0 Randomness 1
(T, S. H, K, ...)



FOUNDATIONS: COMPUTATIONAL MECHANICS

Model CAUSAL EQUIVALENCE:

LU %~ % o Pr(X)%) = Pr(X|E)

0
1010101

...001011101000...

-
-

Environment Sensory Data Agent

111/2

E-MACHINE: UNIQUE, MINIMAL, & OPTIMAL PREDICTOR

STORED VERSUS GENERATED INFORMATION

Z Pr(o)log, Pr(c) VERSUS h, = — ZPI’ Z Pr(c’'|o)log, Pr(o’|o)

oES ccS o' €S

INTRINSIC COMPUTATION:

1. HOW MUCH HISTORICAL INFORMATION DOES A PROCESS STORE?
2. IN WHAT ARCHITECTURE IS IT STORED?

3. HOW IS IT USED TO PRODUCE FUTURE BEHAVIOR?
J.P. CRUTCHFIELD & K. YOUNG, “INFERRING STATISTICAL COMPLEXITY”, PHYSICAL REVIEW LETTERS 63 ('l 989) 105-108.

J.P. CRUTCHFIELD, “BETWEEN ORDER AND CHAOS”,
NATURE PHYSICS 8 (JANUARY 2012) 7-24.



COMPUTATIONAL
MECHANICS

e ¢-Machine:

Start State

M={s(r@:zeca} "

‘_@ :Transient
. States
e Dynamic: '
'), = Pr(c’
ol = r(o'|o, x)
o0 €8
’ Recurrent

States




VARIETIES OF
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J. P. Crutchfield, “Calculi of Emergence: Computation,
Dynamics, and Induction”, Physica D 75 (1994) 11-54.



Intrinsic Computation:

Consequences

A system is unpredictable
if it has positive entropy rate: h,, > 0

A system is complex
if it has positive structural complexity measures: C,, > 0

A system is emergent
if its structural complexity increases over time:

C,(t") > Cut), if t' >t

A system is hidden
if its crypticity is positive: X = C,, — E >0



What is a Level?



WHAT IS A LEVEL?

® Pattern discovery:
® [earn the world’s hidden states Pr(R] )<_()
® Causal shielding:
Pr(X X) = Pr(X [R)Pr(X |R)

® Search in the space of models: R ¢ M
® (Objective function

min_ ([[}_(,R] —I—ﬁI[X,X |R]>

Pr(R|X)

Model: Map from Info states contain ~ Reduce info history

histories to states ~ about histories has about future
Long history:
N.H. Packard, J.P. Crutchfield, J.D. Farmer, R. S. Shaw, “Geometry from a Time Series”, Phys. Rev. Lett. 45 (1980) 712-716.
J. P. Crutchfield and B.S. McNamara, “Equations of Motion from a Data Series”, Complex Systems 1 (1987) 417-452.
S. Still, C.J. Ellison, J.P. Crutchfield: arxiv.org: 0708.0654 [physics.gen-ph] & 0708.1580[cs.IT]


http://arxiv.org/abs/0708.0654v1
http://arxiv.org/abs/0708.1580v1

WHAT IS A LEVEL.?

—

* Optimal states Pr(R| X) are Gibbs distributions:

%

where Z(X, )

Propt(R| X): I‘( ) e—ﬁE(R,X)

E(R,X) =D (Pr(X | X)|[Pr(X [R))

—

Pr(X |R) = P;R) S"Pr(X | X)Pr(R| X)Pr(X)

Pr(R) =3 Pr(R| X)Pr(X)

Now, solve these self-consistently



WHAT IS A LEVEL.?

Optimal balance structure & error
At each level 3 of approximation

In theory

Causal Rate Distortion Curve

H[Past] o
eM limit

R(D)
[[Past;Rivals]

Slope =inverse T = Beta

11D limit

0 Distortion E = I[Past;Future]

I[Past;Future|Rivals]
= E - I[Future;Rivals]



WHAT IS A LEVEL?

Optimal balance structure & error
At each level 3 of approximation

In theory

Causal Rate Distortion Curve

H[Past] o
eM limit

R(D)
[[Past;Rivals]

Slope =inverse T = Beta

11D limit

0 Distortion

I[Past;Future|Rivals]
= E - I[Future;Rivals]

E = I[Past;Future]

In practice: Learn an co-state world

| 6 states
|5 states

Feasible
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WHAT IS A LEVEL.?

Optimal balance structure & error
At each level 3 of approximation

In theory

Causal Rate Distortion Curve

In practice: Learn an co-state world

H[Past] o
eM limit

- x| O states
| || 5 states

R(D)

[[Past;Rivals] Feasible

Slope =inverse T = Beta 1.0}

0.0k Infeasible

| | | | | | |
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
2.5
1X"X|R]

11D limit

0 Distortion E = I[Past;Future]

I[Past;Future|Rivals] OR(D
= E - I[Future;Rivals] Leve‘s _ ag) )

< 0
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Beyond Structure to
Meaning, Purpose, & Functionality

Semiotic Hierarchy of Information:
Syntax
Semantics
Pragmatics
Function

For physical systems ...



Beyond Structure to
Meaning, Purpose, & Functionality

Semiotic Hierarchy of Information:
Syntax
Semantics
Pragmatics
Function

For physical systems ...

Semantics and Thermodynamics

James P. Crutchfield

Physics Department”
University of California
Berkeley, California 94720 USA

in Nonlinear Modeling and Forecasting, M. Casdagli and S. Eubank, editors, SFI 91-09-033
Santa Fe Institute Studies in the Sciences of Complexity XII
Addison-Wesley, Reading, Massachusetts (1992) 317 — 3509.
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Measurement Semantics

What does a particular measurement mean!

v
...001011101

System Instrument Process Modeller

Measurement Channel



Measurement Semantics

An eM Captures “Pattern’:

Measurement semantics: Prediction level

What is the meaning of a particular measurement!?
Shannon says the amount of “information” is

— log, Pr(observing s)

Given eM (assuming you're sync’d):

—log, Pr(observing s) = —log, Pr(§ —, S')



Measurement Semantics

An eM Captures “Pattern”:

Measurement semantics: Prediction level ...

Example: t =01234567891011
s=0111101101 1 1

At t = 11 measure s;; = 1
How much information does this give!?

H(Sll‘Sl() =1,5=1,.. ) ~/ ]’lﬂ(% 0.585 bitS)

Degree of observer’s surprise (predictability)
Does not say what the event s1; = 1 means to the observer!



Measurement Semantics

Meaning: Tension between representations of same event at
different levels; e.g.,

Level | is data stream and the event is a measurement

Level 2 is the agent and the event updates it’s model
Degree of meaning of observing s € 4

O(s) = —log, Pr(—; $)

where § is the causal state to which s brings observer.

Meaning content: State selected from anticipated palette.



Measurement Semantics

Meaningless: Start state (all futures possible)

O(s) = —log,Pr($y) = —log,1 =0 s = A

Action on disallowed transition:
Reset to state of total ignorance (start state)

Disallowed transition is meaningless.

Meaningless measurements are informative, though:

—lngPr(S — 50) — —lggz() — 0



Measurement Semantics

Theorem:
(©(s)) = Cy

Average amount of meaning is the Statistical Complexity.



Thermodynamic Cost of
Extracting Meaning



Thermodynamic Cost of
Extracting Meaning

Two cases;
o In NESS
0 Out of NESS



Thermodynamic Cost of
Extracting Meaning in NESS

e |earning about environment
e Agent predicts environment to leverage possible resources

Mass

output string input string

/ Y,
Output h ,u,, 0:N' Information Reservoir IV:ioo

h, Input

(A. Boyd, D. Mandal, and JPC, “Identifying Functional Thermodynamics in Autonomous Maxwellian Ratchets ”,
New Journal of Physics 18 (2016) 023149.)



Thermodynamic Cost of
Extracting Meaning in NESS

Thermo cost of implementation that predicts:

<Qimplement>min — kgTIn2 I[S; ?/]
— :ZCBTIIIQ C’u
Recall Theorem on Total Semantic Content
(O(s)) = C,

Agent memory about environment.

Thermo-semantic cost:

<Qimplement> _ kBTlIIQ <@(S)>

min



Thermodynamics of
Meaning and Function beyond NESS



Thermodynamics of
Meaning and Function beyond NESS

Environment: Periodic with random phase slips

Error
Correction .

1.0

Functioning-

> .. y: Ratchet

Dud/Eraser




Thermodynamics of
Meaning and Function beyond NESS

* Semiotics of Information Engines:
e Syntactic information = Measurements
o Semantic information = Envt’l Phase, Sync/No Sync

e Functional information = Error Correction



summary

Level Thermodynamics

Level Organization P B
Level Semantics m
Hierarchical Thermodynamics Eap iﬂ.wﬁ
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Hierarchical Organization

Thanks!
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