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Scaling phenomena

How long is the coast of Great-Britain?
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Scaling phenomena

-scale — scale scale
11.5 x 200 = 28 x 100 = 70 x 50 = 3500
2300 km 2800 km Kkm

Length systematically depends on the size of the measurement stick you use!
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https://en.wikipedia.org/wiki/Fractal_dimension

Scaling phenomena
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“scaling of bulk with size”
(Theiler, 1990)

The formal answer to the question is:
“There is no characteristic scale at which the length of the coast of GB can be expressed”
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How Long is the Coastline of Britain?

Richardson 1961 The problem of contiguity: An Appendix to Statistics of
Deadly Quarrels General Systems Yearbook 6:139-187
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Scale invariance...

Log,, (Total Length in Km)

1.0 1.5 2.0 25 | 3.0 3.5
LOG,, (Length of Line Segments in Km)

A power law scaling relation (LOG scale):
There is no characteristic length, just an indication of complexity
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Scaling phenomena

Scaling relations can emerge with all kinds of observables
They inform about properties of the process / system under scrutiny

Earthquakes (Richter-Law) Distribution of mass in the Universe
frequency of occurrence ~ magnitude resolution ~ density
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Figure 13: frequency distribution of the slip events (earthquakes) of magnitude u taken from
[53]. Notice the large bump that corresponds to an excess of events of high magnitude.
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Moore’s Law:

Predicted if speed of
Innovations in
“‘cramming more
components onto
integrated circuits”
kept up ...
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HANDY HOME COMPUT ﬁzsl

Moore’s Law:

... we would soon be
buying computers at the
local market ...

which apparently was a
preposterous idea
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Moore, Gordon E. (1965). "Cramming more components onto integrated circuits"
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What is scaling?
Self-similarity & Self-affinity

Object looks roughly the same on all scales = (Statistical) self-similarity (“zoom similarity”)
(Statistical) self-similarity is observed after affine transformation = self-affinity (“warp similarity”)

Degree of invariance across scales = Dependencies/regularities/correlations across scales
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How to describe scaling relations:
Calculate a “fractional” dimension, e.g. box-counting dimension

0 75 150km
0 75 ] |
mies !
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Image by Prokofiev - Own work, CC BY-SA 3.0, Behavioural Science Institute
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Scaling phenomena

Fractional dimension = “spill over” into next dimension
Associated to Processes & Properties
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Scaling phenomena
“Optimised” packing/filling
Packing Cubes or Spheres and Wrapping Blankets:

2D ~ 3D spatial scaling relations in nature:

Cauliflower fractal dimension = 2.33

Surface of human lungs: 2.97 Surface of human brain: 2.79

WHY OPTIMISED SURFACE AREA
and not VOLUME?
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Scaling exponents reveal properties of data generating processes

Black noise

W Line — like ~=1

Brownian noise

1/f scaling

FD

White noise

Blue noise v
MPlane — like ~= 2
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aka: “Fractal scaling”
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Normalized White noise - bin size: 64
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Normalized Pink noise - bin size: 64 Nomalized Pink noise - bin size: 128 Nomalized Pink noise - bin size 256
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log2 SD

Nomalized Brownian noise - bin size: 64 Normalized Brownian noise - bin size: 128
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Scaling phenomena: Time scales

Independent observations of Interdependent observations
random variables across different scales
Mto are sufficient to characterise pto are insufficient to characterise
absence of dependencies in the data: dependencies in the data:
e.g. Expected value of g for N = 100, given o e.g. Sample estimates of y change with N
N = ensemble size N = observation time

A ‘Lt pop Log (sample means) Log (sample means)

or

Log (amount of data) Log (amount of data)

More Data g
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“Statistics”: More data = more variance

3

o
£ 4
-t
2-
s,
Q =
« =
@ = 1f
5 0 3
o =
E :
£ -2 s
- 0 500 1000 B |

Trial Number > - » > "
Frequency In Log . Units

Power In Log o Units

| | | | | | | |

Normalized Reaction Time

0 500 1000 1500 2000 2500 3000 3500 4000
Trial Number

19 | -3 -2 -1
Frequency In Log ., Units



Normalized Reaction Time
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Scaling exponents reveal properties of data generating processes

Sixth International Conference
on Noise in Physical Systems

Proceedings of a conference held
at the National Bureau of Standards,

FOREWORD Gaithersburg, MD, April 6-10, 1981

The study of fluctuations (or noise) in a physical system provides insights, not
available by any other technique, into the microscopic dynamic behavior of that system.
Besides being a source of information, noise can also be a source of irritation, in that it
limits the performance of numerous devices. The study of noise is of prime importance for
the testing of physical theories as well as for the development of improved physical
measurements and improved performance of devices. Therefore, the Conference has as one of
its goals an improved understanding of noise in devices and its influence on the error
budget of a measurement. Indeed, progress in relieving or minimizing noise in some devices
was reported (e.g., the relationship of "burst noise" to the metallurgical condition of the
sample).

Strong emphasis was given in this Conference to new topics for which the noise spectra
proved to be particularly helpful in characterizing the underlying system dynamics.

Papers discussed, for example, the transition from periodic to chaotic behavior in chemical
systems and turbulent fluid flow, entropy generation in the computer process, the existence
and implications of quantum mechanical noise, and noise spectra occurring in electrochemical

Judging from the number of contributions and the intensity of the discussions follow-
ing their presentations, the topic of 1/f noise remains as a very interesting one. It has
resisted most, if not all theoretical attempts to explain it. An invited paper by T. Musha
gave even more evidence to 1ts ubiquity in nature. One of the most interesting developments

here has been the connection between 1/f noise and human comfort. Extending beyond the ob-
servation that noise exhibiting a 1/f spectrum is pleasing to the listener, clinical evi-
dence now suggests that electronic alleviation of pain in humans is improved when the
electrical shocks are given a 1/f component.




Scaling phenomena: Time scales

1/f Noise in Human Cognition
D. L. Gilden,* T. Thornton, M. W. Mallon

When a person attempts to produce from memory a given spatial or temporal interval,
there is inevitably some error associated with the estimate. The time course of this error
was measured in a series of experiments where subjects repeatedly attempted to replicate
given target intervals. Sequences of the errors in both spatial and temporal replications
were found to fluctuate as 1/f noises. 1/f noise is encountered in a wide variety of physical
systems and is theorized to be a characteristic signature of complexity.

SCIENCE < VOL. 267 ¢ 24 MARCH 1995
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Scaling exponents reveal properties of data generating processes

White noise
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Fractal Physiology

Multiplicative cascade / Multifractal formalism

Monofractal Multifractal Attraction to criticality
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INTERVENTION: Almurad, Z. M., Roume, C., Blain, H., & Deligniéres, D. (2018). Complexity matching: Restoring
the complexity of locomotion in older people through arm-in-arm walking. Frontiers in physiology, 9, 1766.
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Fractal Neurophysiology

1/f noise in the Brain

L Berthouze et al./ Qlinical Neurophysiology xxx (2010) xxx-xxx

121(8), 1187-97. doi: 10.1016/j.clinph.2010.02.163.
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Annals of Dyslexia
July 2012, Volume 62, Issue 2, pp 100-119 | Cite as

Annals ;
Of

vslexia

An interaction-dominant perspective on reading fluency
and dyslexia

Authors Authors and affiliations

M. L. Wijnants [~~], F. Hasselman, R. F. A. Cox, A. M. T. Bosman, G. Van Orden

Open Access | Article

_ _ 4.1k 32
First Online: 30 March 2012

Shares Downloads Citations

* 560 single-syllable words
e Fast + accurate

e Record naming latency

ARA-N,
& g
‘erTew

Radboud University Nijmegen §

S
MiNe<©

26
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Timescale Dependent Measure Constraint

£
O Within a trial -g Energy Minimization
g
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Wijnants, M., Cox, R., Hasselman, F., Bosman, A., & Van Orden, G. (2012). A trade-off study revealing nested timescales of constraint. Frontiers in physiology, 3, 116.




Experimental Control over Scaling >> applications in
sports science, e.g. cycling, rowing, swimming

-Hoos O., Boeselt T., Steiner M., Hottenrott K., Beneke R. (2014). Long-range correlations
and complex regulation of pacing in long-distance road racing. Int. J. Sports Physiol.
Perform. 9, 544-553. 10.1123/ijspp.2012-0334.

- Den Hartigh, R. J., Cox, R. F., Gernigon, C., Van Yperen, N. W., & Van Geert, P. L. (2015). Pink
noise in rowing ergometer performance and the role of skill level. Motor control, 19(4),
355-3609.

- Nourrit-Lucas, D., Tossa, A. O., Zélic, G., & Delignieres, D. (2015). Learning, motor skill, and
long-range correlations. Journal of motor behavior, 47(3), 182-1809.

- Barbosa, T. M., Goh, W. X., Morais, J. E., Costa, M. J., & Pendergast, D. (2016). Comparison
of classical kinematics, entropy, and fractal properties as measures of complexity of the
motor system in swimming. Frontiers in psychology, 7, 1566.

- Den Hartigh, R. J., Marmelat, V., & Cox, R. F. (2018). Multiscale coordination between
athletes: Complexity matching in ergometer rowing. Human movement science, 57, 434-441
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Scaling phenomena: Time scales

Independent observations of Interdependent observations
random variables across different scales
Mto are sufficient to characterise pto are insufficient to characterise
absence of dependencies in the data: dependencies in the data:
e.g. Expected value of g for N = 100, given o e.g. Sample estimates of y change with N
N = ensemble size N = observation time

A ‘Lt pop Log (sample means) Log (sample means)

or

Log (amount of data) Log (amount of data)

More Data g
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“Statistics”: More data = more variance
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Normalized Reaction Time
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“Statistics’’: Variance will not decrease with more observations!!!

Random processes
Random variables

Independent observations
(no-similarity = random)
Characteristic scale: T
(the population)

Mean lu .

A POD

More Data w=p

Fractal processes
Fractal variables

Interdependent observations over different scales!
(self-similarity = “correlated”)
No characteristic scale means: T does not exist!
(at least not on 1 scale)

Log (sample means)

Log (amount of data)
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