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Evolutionary optimization is associated with 
conserved fundamental interaction types, where 
fitness improvements are distributed homogeneously 
on a logarithmic time axis, and fitness consequently 
increases at a decelerating rate.  

 

Evolutionary expansion is associated with a growing 
number of fundamental elements and interaction 
types, and the resulting fitness improves at an 
accelerating rate.  

 

The same system may operate in both evolutionary 
modes at different times and/or in different regions 
of its configuration space. 

Definitions 



General observations in examples  

 
The fitness evolution of a biological system f  is observed to follow a power law  
as a function of the number of generations g: 
 
f(g) ~ ga1,  0 < a1  < 1.  
 

Spin glasses or colloid suspensions typically go though relaxation processes  
with an macroscopic average, e, decreases as a power law: 
 
e(t) ~ t –a2 ,  0 < a2  < 1. 
 

The same type of dynamics is also observed, for example, for the cost c of a particular 
technology and the cumulative amount y produced by that technology: 
 
c(y) ~ y –a3,  0 < a3  < 1.  
 

It should be noted that the value of ai is neither universal across systems nor constant  
within the same system at different sizes or with different environmental conditions.  
 
Also note  f(g) ~ ga3 = exp(ln(ga3)) ~ 1 + a3 ln(g) ~  a3 ln(g), assuming ln(ga3) is small.  



Normalized evolutionary fitness optimization of 12 E. coli monoculture populations  
after an initial change of food substrate depicted as a function of time. 
Note the decelerating learning dynamics when depicted as a function of time. 

Wiser, Ribeck and Lenski,  
Science, 2013 

Evolutionary optimization 
E. coli monoculture 



Evolutionary optimization 

Circles: average fitness as a function of logarithmic time.  
Points: fitness of each sample. 
Impactful mutations (= quakes) proportional to fitness 
Fitness evolves at a constant pace on a logarithmic time axis 

E. coli monoculture 

Wiser, Ribeck and Lenski,  
Science, 2013 



energy or  
“quakes” 

asymptotic  
equilibrium 
  

deceleration  
dynamics 

Spin glasses – models of ferromagnetic materials 
(e.g. iron or nickel)  

Interactions:  
Spin j interacts with the other 
spins i located in its neighbor-
hood N(j) 
 
Energy:  

E  =  -½ Σi,j εN(j) σj σi  –  h Σj σj ,  
where h is an external magneti-
zation (h = 0 is a special case).  

Evolutionary optimization 

(1) 

related to components and  
interactions in the system.  

(expand exp.  
function) 



Magnetization relaxation over time after removing 
external magnetic field. Logarithmic decrease towards 
lower internal energy. 

Spin glass dynamics 
Evolutionary optimization 

 Sibani and Jensen, 2013. 
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Spin glass dynamics 

Note the “time axis” is defined  
as a function of ln (I(t)) not of t.  

Quakes = events that result in measurable change in free energy   

 Becker and Sibani, EPL 2014 

Evolutionary optimization 

F(t) = α ln (Kt) = ln (I(t)α)    



Evolutionary optimization 

Evolutionary technology optimization of photovoltaic (PV) capacity as cost per produced  
watt (U.S.$ / W), as a function of accumulated installed PV capacity (years 1976–2016) 

Photovoltaic capacity 

Our World in Data, Oxford & 
Lafond et al. arxiv.org (2017). 



General observations in examples  

 
The fitness evolution of a biological system f  is observed to follow a power law  
as a function of the number of generations g: 
 
f(g) ~ ga1,  0 < a1  < 1.  
 

Spin glasses or colloid suspensions typically go though relaxation processes  
with an macroscopic average, e, decreases as a power law: 
 
e(t) ~ t –a2 ,  0 < a2  < 1. 
 

The same type of dynamics is also observed, for example, for the cost c of a particular 
technology and the cumulative amount y produced by that technology: 
 
c(y) ~ y –a3,  0 < a3  < 1.  
 

It should be noted that the value of ai is neither universal across systems nor constant  
within the same system at different sizes or with different environmental conditions.  
 
Also note  f(g) ~ ga3 = exp(ln(ga3)) ~ 1 + a3 ln(g) ~  a3 ln(g), assuming ln(ga3) is small.  



If we identify quakes as the mutations with a fitness impact, 
the dynamics seem to belong to the same universality class 
as ageing physical systems (e.g. spin glasses).  
 
Thus both the fundamental internal cellular biochemical ecology 
of interactions and the cell-cell interactions are qualitatively  
similar types over time.  

Spin glasses and biological monocultures  

We may interpret I(t) as related to the number of components and  
interactions in the system.  Note that dI(t)/dt = d(Kt)/dt = K, which  
means no change in fundamental interaction types over time. Also 
note that α is not universal, but changes within and across systems.  

Evolutionary optimization 

(1) 
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Evolutionary optimization 

The probability density function of the log  
waiting time for the next successful optimization 
Move seems exponential.  
 
The insert shows that the correlation function  
of the series of successful optimizations  
is nearly a Kronecker delta, as expected.  

Power law decay of the cost function 
 

 Simple Theory and Simulation for Generic Evolutionary Optimization 



Evolutionary Expansion 
 Human Cultural and Technological Evolution 
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GDP(t) as  
a proxy  
measure  
for human  
fitness  
over time? 



GDP(t) as a proxy for human fitness   

Assume the gross domestic product per capita per year GDP(t),  
can be used as a proxy measure for human fitness over time.  
 
The growth of the GDP(t) is mainly the result of technological  
evolution of both the physical technologies (e.g. hammer and  
nail, steam engine, computers, internet) and the social technologies  
(e.g. governance, institutions, laws, education, religion, myths,  
social norms). 
 

Evolutionary expansion 



Evolution of both the physical and the social technologies results 
in qualitative changes and expansions of human-human and 
human-technology interaction patterns. This means an expansion 
of new components and interactions as expressed by I(t). 
 
Examples: Over the last two centuries new interaction types 
within communication include introduction of the telegraph, the 
telephone, the TV, and the Internet, transportation includes 
introduction of the rail road, the automobile and the airplane, 
while governance includes democracy and women’s rights to 
vote. All of these and many more new technologies have 
generated societal changes and increased the overall 
fitness/capita. 

Expansion of interaction components and types 
Evolutionary expansion 



Optimization versus expansion 

We further assume human fitness evolution to have both an  
optimization and an expansion component. 
 
To quantify the difference between a baseline evolutionary 
optimization and the evolutionary expansion for GDP(t), we 
can derive an expression for I(t) by using the same ansatz as 
in equation (1) and de-trending the time series for GDP(t).  
 
Recall we learned to express the fitness evolution as a function of  
ln (I(t)), because ln (I(t)), and not t, is expected to be the natural  
variable for the ongoing optimization process for any given set of  
interaction, while a change of I(t) over time t should express the  
ongoing expansion process. 

Evolutionary expansion 
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Log-log plot of the evolutionary expansion expressed through 
(normalized) GDP as a function of ln(I(t)). The line corresponding  
to α = 1.0  is also shown (α is a free parameter). Note that by  
applying the ansatz from equation (1) on our data we can obtain  
a quantitative estimate for the evolutionary expansion through 

Evolutionary expansion 

Optimization  
vs. expansion 



Evolutionary expansion 

Microscopic theory of technological evolution? 
Does an evolutionary expansion I(t) ~ exp[1/α exp(P(t))] make sense? 

Patent applications P have slowed down, see (o).  
 
When ~ 150 000 technological functionalities T are  
accumulated (late nineteenth century), increase in  
the number of inventions proceeds explosively 
(much faster than exponential) with few additions to 
the existing stock of individual codes, see (a). 
 
The change in the total number of patents, P, as  
the number of codes T accumulate in the system (a)  
and the theoretical bound for possible m out of T 
combinations T!/m!(T-m)!, black circles in (b). 
T and m are drawn from the empirical data.  
Red circles show the number of combinations that  
have actually been used for inventions. The inset  
shows the empirical value of m over time. 

Youn et al., J. R. Soc. Interface, 2015  

(a) 

(b) 

(o) 



Evolutionary expansion 

An expansion of I(t) over time is of course not limited to 
complex ecosystems and sociotechnical systems. Even in a 
simple protocellular system events that increase the  
physicochemical complexity could increase the number and  
quality of interactions and thus I(t). 
 
We have previously demonstrated increasing I(t) in self-assembly   
of dynamical hierarchies (Rasmussen et al. Artf. Life, 2001) and we  
have proposed how to expand I(t) for a protocellular system that  
has already obtained the ability for evolutionary optimization  
(Rasmussen et al. Phil. Trans. R. Soc. B, 2016).  

Evolutionary expansion in other systems 



Systems of very different nature feature similar 
evolutionary traits: the cumulated number of quakes grows 
logarithmically in time for complex physical and simple 
biological systems: optimization processes in the complex 
configuration space of systems with given components and 
interactions.  
 
Evolutionary expansion can be quantified as the difference 
away from a baseline optimization process with one free 
scaling parameter (α). To eliminate this parameter we need 
an independent microscopic theory for either the 
evolutionary optimization or the expansion processes. 
 
Open-ended evolution is in a fundamental way associated 
with processes that at least sporadically have evolutionary 
expansion epochs. 

Conclusion 


