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As an intersection of complex networks, game theory, algorithmic and statistical 

information, computational complexity, communication complexity and adaptive complex 

systems the present study is inspired by distributed computing, but it is focused on systemic 

features that range over networks of abstract complex systems. Given networking topological 

features (e.g. degree distribution, mean geodesic distance or network diameter), random 

mutations on the nodes and sharing strategies (e.g., how much information a node shares with 

its neighbors about its own program, computation and output), we ask about how 

algorithmically creative a network can be when playing an arbitrary game (of computing 

functions). We define an algorithmic network by a game, which is played by an abstract 

computer network. Each node is an arbitrary program (randomly generated or not) running on 

a Turing machine that takes inputs (incoming edges) and returns outputs (outgoing edges) to 

other nodes, represented by the oriented edges. That is, these algorithmic networks are 

computer networks composed by a set of arbitrary (randomly generated or not) programs that 

receives an initial input, share (or not) information with each other (through a network) 

during the cycles (i.e. communication rounds), and produce final outputs.  

The first result we present is that, given an arbitrary network topology and a 

node/program with size  , suppose that the program-size complexity of the final output of 

this node is bigger than                       , where   is an arbitrary natural 

number,   is the network input and   is the number of cycles. Then, one can prove that this 

network needs to have at least     bits of emergent algorithmic creativity (an irreducible 

number of bits of complexity arising from the network as a whole when information is shared 

between the nodes) that would not exist if the node was isolated. Note that the amount of 

information that the node received from the network is not necessarily the same amount of its 

emergent algorithmic creativity, although the former must be always bigger than or equal to 

the latter. 

This theoretical framework also can be applied to the study of the Busy Beaver 

network game (in which each node/program uses the network in order to calculate the biggest 

integer it can). Given a randomly generated population of programs/nodes in an algorithmic 

strongly connected network, one can show that the simplest local maximizing contagion 

strategy is able to locally optimize the mean program-size complexity of the network in 

respect to the best randomly generated node/program (the one with the highest individual 

payoff, i.e., the node that calculates the biggest integer when isolated from the network) in 

time proportional to the network’s mean geodesic distance. Then, combining the first result 

on emergent algorithmic creativity with this Busy Beaver game, one can prove that, for big 

enough random populations, a smaller mean geodesic distance gives, on the average, a bigger 

mean emergent algorithmic creativity. 

We finish by discussing connections from such theoretical approach to computer 

networks, biology, economy and sociology, since the Small-World phenomenon for example 

is present in a wide range of related fundamental problems in network science and in 

complex systems. For future research, we propose to achieve analogous results where each 

node is a time-limited Turing machine by defining program-size time complexity, as already 

used in previous works on metabiology with the purpose of mathematically building a model 

for an open-ended evolution of programs without the need of a hypercomputable Nature. 
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