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This whole story has yet to be laid out in one place…



So, let’s do that.



Replicator Dynamics
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Each of our demonstrations will show a row of this table collapsing onto 
RD.
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Notation
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Bayesian updating occurs in discrete steps, 
so we will use the discrete-time version of RD.
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•  

 



•  



•  

 



•  

via Bayes’ rule.



Statement. The behavior of Bayesian Updating over a 
hypothesis set is the replicator dynamics.



 
Hypothesis

 
Type

 

 
Credence

 
Population proportion

 

 
Likelihood

 
Fitness

 

 
Marginal likelihood

 
Mean fitness

 



•  

RDBayes



•  

N.B.: Posterior mass reweights multiplicatively by likelihood, exactly 
as population proportion reweights by fitness; hypotheses are types, 
likelihood is fitness. 

Bayes RD



Bayesian updating is exactly the (discrete) replicator map 
with likelihood as fitness.



•  



•  

Q

Ascent of fitness = descent of KL divergence to the truth.



 



Cross RL

The dynamic. One agent, no model of the world, learning by 
trial and error: it keeps a probability distribution over actions 
and adjusts it using only the rewards it experiences (Cross 
1973).



Statement. Cross reinforcement has the replicator dynamics 
as its mean-field limit, with reward as fitness.
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RL RD



 

RL RD

The average falls out of the balance between being reinforced and 
being displaced. That is the replicator field.



 
Action

 
Type

 

 
Act probability

 
Population proportion

 

 
Expected reward

 
Fitness

 

 
Average reward

 
Mean fitness

 



 

 



Moran Process



•  



•  



•  



 



•  



 
Type

 
Type

 

 
Frequency of type 

 
Population proportion

 

 
Fitness

 
Fitness

 

 
Mean fitness

 
Mean fitness

 



Fermi Process



The dynamic. A population learning by imitating more 
successful strategies in proportion to their success: each 
individual compares payoff with a random other and imitates 
the more successful, stochastically (the “Fermi rule”, from the 
statistical-physics analogy; Traulsen–Pacheco–Nowak).



•  

 



 



Statement. The copying process converges to the replicator, 
up to a rescaling of time.



•  



 
Strategy

 
Type

 

 
Frequency

 
Population proportion

 

 
Payoff

 
Fitness

 

 
Mean payoff

 
Mean fitness
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•  

Intuition. These are the same flow up to fixed points, orbits, and 
stability.
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•  





The dynamic. The founding deterministic model of 
population ecology: the abundances of interacting species 
growing and shrinking through their interactions (Lotka 1925, 
Volterra 1926).



•  

Intuition. Each population changes at a per-capita rate set by its 
own baseline plus how the others help or hurt it. The state space is 
the open orthant, unbounded, with no simplex constraint.





•  



•  



•  



•  



•  



 
Strategy

 
Type

 

 
Relative abundance

 
Population proportion

 

 
Per-capita growth

 
Fitness

 

 
No counterpart 

 
Mean fitness
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Price Equation





The dynamic. An exact accounting identity for how the mean 
of any trait changes under selection; substrate-neutral, it 
applies to genes, strategies, or firms (Price 1970).



•  

Intuition. Whatever correlates with success rises. With no 
transmission bias, only the covariance term acts.





•  



Statement. The replicator dynamics is the Price equation 
with no transmission bias.



•  



 
Type

 
Type

 

 
Frequency

 
Population proportion

 

    
Fitness

 

 
Mean fitness

 
Mean fitness

 



Upshots
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•  



What is not in the family: 

Break multiplicativity
Add innovation → replicator–mutator
Non-selection law → best response, Q-learning

Break aggregate coupling
Add structure → games on graphs
 (Noise, not a violation) → genetic drift
Spectrum: weak selection → replicator → best response.



Upshots



What we don’t get from this connection:

Mean-field preserves average behavior; not variance. 

 Isomorphism preserves trajectories; not interpretations.



What we do get: 
 “Training selects for high reward” and “selection favors high 

fitness” can be formally related, so learning and natural 
selection inherit shared formalisms;

We can transfer of theorems across evolution, learning, and 
inference; 

The reason why RL, EGT, and Bayesian methods keep 
rediscovering each other.



Conceptual 
Foundations of Safe AI 
Lab (CoSafe)

Thanks

Institute for Complex 
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