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ABSTRACT
This report describes DeepHyperNEAT, an extension of HyperNEAT to allow it to alter the topology of its indirectlyencoded neural network (called the substrate) so that it can continue to grow and increase in complexity over
evolution. This aim is accomplished by augmenting HyperNEAT’s compositional pattern producing networks
(CPPNs) with new information that allows them to represent substrate topology, and by adding three novel
mutations to HyperNEAT that exploit this new information. The purpose of this report is to detail the method
and validate its ability to evolve, which is shown through a simple XOR-based test. Significantly more work will
be needed to analyze the algorithmic and scientific implications of these new capabilities, but by releasing this
report it becomes possible for others also to explore the opportunities that such an extension opens up. A link to
associated source code is also provided at the end of this document.

Introduction
HyperNEAT [1; 2; 3] (Hypercube-based NeuroEvolution of Augmenting Topologies) is a method for evolving neural
networks (NNs) through an indirect encoding based on the NEAT method [4] that came before it. The main idea
in HyperNEAT is that a special genetic representation called a compositional pattern producing network (CPPN)
[5] that is evolved by NEAT generates a pattern of weights that connect a fixed set of neurons positioned within
a two-dimensional or three-dimensional space called the substrate. A longstanding limitation of the conventional
HyperNEAT algorithm is that while the CPPN can increase in size, the number of neurons and layers in the
substrate remains fixed from the beginning of evolution. While there exists one method called evolvable substrate
HyperNEAT (ES-HyperNEAT) [6] that allows HyperNEAT to increase the complexity of its substrate that indeed
offers opportunities not available in the original HyperNEAT, the new method proposed here, called Deep HyperNEAT
is designed explicitly to evolve substrates reminiscent of architectures seen in deep learning today, with increasing
numbers of layers and separate parallel pathways through the network.
Deep HyperNEAT achieves its new ability by fitting more information into the standard CPPN of HyperNEAT,
which now can mutate to describe new layers and new neurons in the substrate. This paper is a preliminary technical
report on the method, released to allow others to experiment with its ideas quickly. Thus many intriguing scientific
questions about the opportunities created by this new capability will not be answered here; instead the focus is on
introducing the technical components of the method and showing that they work correctly (i.e. perform as expected)
in a simple validation experiment on the XOR problem. Rigorous scientific investigation is left for the future.
The paper is organized as follows: HyperNEAT and the CPPN indirect encoding are reviewed first. The main
extensions to HyperNEAT and CPPNs that constitute Deep HyperNEAT are then described, and demonstrated
running in a simple XOR test. The paper concludes with thoughts on implications and future work. A public
repository containing all of the code for the method is linked at the end of the paper.

