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	Figure 1.1: Illustrative opportunities for neuroevolution. (𝑎) A character in a video game is controlled by an evolved neural network. It balances multiple objectives, including ill-defined ones such as “human-like behavior.” (𝑏) Based on a predictive model learned from historical data (top), neuroevolution constructs a strategy that can be applied to different countries at different times. It discovers customized solutions (bottom) that are more effective than general rules of thumb. (𝑐) In learning multiple tasks at once, neuroevolution discovers a common set of modules, and for each task, a different architecture made of these modules (this one recognizes handwritten characters in the Angelic alphabet; the different modules are labeled by color). By combining knowledge from multiple tasks, neuroevolution can make deep learning work even when the data is otherwise insufficient. (𝑑) Neuroevolution discovers sophisticated coordination that allows simulated hyenas to steal a kill from lions. It is possible to identify what steps in evolution led to this breakthrough; i.e., the descendants of risk-taking (red) and risk-averse (blue) hyenas will evolve to approach up to the striking distance (black dotted square) where they can overpower the lion (yellow, with a zebra kill). Figure 𝑐 from Liang, Meyerson, and Miikkulainen (2018).

	Figure 1.2: A general framework for neuroevolution. The process starts with a population of neural networks, encoded e.g., as a set of weights in a fixed network topology, concatenated into a string, and initialized randomly. Each encoding is decoded into a network, which is then evaluated in the task to estimate its fitness–that is, to see how well it performs in the task. The encodings of networks that perform well become parents for the next generation of networks: They are mutated and recombined with other good encodings to form offspring networks. These offspring networks replace those that performed poorly in the original population. Some of these offspring networks are likely to include good parts of both parents, and therefore they will perform better than their parents. This process repeats until networks are eventually created that solve the task. Note that gradient information is not necessary; only high-level fitness information is needed. Thus, neuroevolution is a population-based search that discovers and utilizes building blocks as well as random exploration, resulting in network designs that perform well in a desired task. Figure by Faustino Gomez (2025).

	Figure 1.3: Discovering solutions in large, multidimensional, deceptive search spaces. (𝑎) Hill-climbing methods such as gradient descent and RL are well-suited, but also limited to small, low-dimensional, regular search spaces. If the initial solution is in the scope of the optimum, hill-climbing will find it. (𝑏) Population-based search extends to large, high-dimensional, deceptive spaces. For instance in this deceptive space, the population is distributed over several peaks, and operations such as crossover allow for long jumps between them.

	Figure 1.4: Finding solutions with population-based search. The search space is depicted as a rectangle; the solutions are dots whose size corresponds to their fitness. Population-based search (i.e., evolutionary optimization) starts by spreading the initial population broadly around the search space, thus exploring a diverse set of solutions. The poor solutions are discarded, and the good ones are recombined with other good solutions through crossover and mutation, creating an offspring population. After several generations, the population converges around the best solutions. They often represent different trade-offs from which the human decision-maker can choose. In this manner, the search can discover a host of possible creative solutions. Figure from Miikkulainen and Forrest (2021).

	Figure 2.1: Survival of the fittest. Figure by Tan (2017).

	Figure 2.2: Evolutionary algorithm overview. The process begins with an initial population of candidate solutions, which are evaluated using a fitness function. Based on fitness, a selection mechanism chooses solutions for variation through genetic operators (e.g., mutation, crossover), producing a new population. This cycle repeats until a termination condition is met.

	Figure 2.3: Crossover operators. (𝑎) Single-point crossover: A single crossover point is selected, and genetic material is exchanged beyond this point. (𝑏) Two-point crossover: Two points are selected, and the segment between them is swapped between parents. (𝑐) Uniform crossover: Each gene is independently inherited from either parent with equal probability.

	Figure 2.4: 2D Schaffer and Rastrigin functions. Lighter regions represent higher values of the fitness function 𝐹(𝑥, 𝑦). In addition to the global maximum, these functions are characterized by many local optima.

	Figure 2.5: Simple GA progress over 20 generations. Green dots indicate elite individuals from the previous generation, blue dots represent offspring forming the new set of candidate solutions, and the red dot marks the best solution. Over successive generations (every fourth one is shown), the GA is able to find the global function optima, without getting stuck in the many local optima. For videos, see https://neuroevolutionbook.com/demos.

	Figure 2.6: Simple ES progress over 20 generations. The green dot represents the mean of the distribution at each generation, blue dots indicate the sampled solutions, and the red dot marks the best solution found so far by the algorithm. For videos, see https://neuroevolutionbook.com/demos.

	Figure 2.7: CMA-ES progress over 20 generations. In contrast to the simple GA and ES, CMA-ES dynamically learns the shape of the search landscape by adapting the full covariance matrix of the sampling distribution. For videos, see https://neuroevolutionbook.com/demos.

	Figure 2.8: Illustration of a CMA-ES step. The algorithm proceeds as follows: (𝑎) Evaluate the fitness of each candidate in generation 𝑔. (𝑏) Select the top 25% (purple). (𝑐) Compute the covariance matrix 𝐶(𝑔 + 1) using selected candidates and generation mean μ(𝑔) (green dot). (𝑑) Sample new candidates using updated μ(𝑔 + 1) and 𝐶(𝑔 + 1).

	Figure 2.9: OpenAI ES progress over 20 generations. In this ES variation, the σ is fixed to a constant number, and only the μ parameter is updated at each generation. For videos, see https://neuroevolutionbook.com/demos.

	Figure 2.10: Fitness shaping. A comparison of the original fitness values (𝑎) and ranked fitness values (𝑏). With ranked fitnesses, outliers do not dominate gradient calculations, and the optimization process is less likely to get stuck at local optima.

	Figure 2.11: 100D Rastrigin function results. A comparison of the performance for various algorithms discussed in this section for the high-dimensional Rastrigin function.

	Figure 2.12: Artificial neural networks. (𝑎) This example of a feedforward network has three inputs, one hidden layer with five nodes, and one output layer with one node. The input to the network propagates through the consecutive layers of the neural network to produce the outputs. This particular architecture is often called the fully-connected three-layer network although it has only two layers of weights. The details of an artificial neuron are shown in (𝑏). The inputs to a neuron are first weighted, and their sum is then passed through an activation function.

	Figure 2.13: RNN and LSTM block. (𝑎) The left side shows a basic recurrent neural network architecture, where the hidden state is updated at each time step using the current input and the previous hidden state. The unrolled version of the RNN over multiple time steps is shown at the right, illustrating how the network processes a sequence by passing information forward through time via shared weights. (𝑏) An LSTM block illustrating the internal structure, including the cell state and the three gating mechanisms: forget gate, input gate, and output gate. These components work together to regulate the flow of information, enabling the network to learn long-range dependencies in sequential data.

	Figure 2.14: A typical architecture of a CNN. The input image passes through multiple layers of convolutions, which extract various features, followed by subsampling (pooling) layers to reduce dimensionality. This process is repeated to create deeper feature maps, which are then flattened and connected to fully connected layers to generate the final output.

	Figure 2.15: Illustration of the transformer architecture. The architecture consists of an encoder (top) and a decoder (bottom). The encoder comprises a stack of layers, each containing a multi-head self-attention mechanism followed by a position-wise FFN, with residual connections and layer normalization applied after each sub layer. The decoder stack is similarly structured but includes an additional masked multi-head self-attention mechanism to prevent positions from attending to subsequent positions. Positional encodings are added to the input embeddings to provide information about the position of the words in the sequence. The final output is generated after applying a linear transformation and a softmax function to produce the output probabilities.

	Figure 3.1: Bipedal walker agent stuck in a local optimum. In this 2-D domain, a robot agent with two legs, controlled by a neural network, needs to walk across a terrain with various obstacles and holes. The task is difficult because the reward is given only in the end—but it also allows learning methods to explore a variety of solutions. Simpler methods like the standard RL may easily get stuck on the obstacles, as it did in this case. Neuroevolution, on the other hand, is well suited for the task and finds several creative ways to solve it. For videos of both stuck and successful behaviors, see https://neuroevolutionbook.com/demos.

	Figure 3.2: Various stages of progress in BipedalWalkerHardcore. (𝑎) Early on, evolution discovers solutions that can walk relatively well on flat ground but frequently get stuck on obstacles. Those who get over some of them are rewarded, and gradually the population gets better with them. (𝑏) Once obstacles are no longer a problem, faster walks evolve. In this manner, the exploration in population-based search leads to solutions of hard problems. For videos of these early learning behaviors and later successful ones, see https://neuroevolutionbook.com/demos.

	Figure 3.3: The competing conventions problem. Two functionally identical networks (each with three hidden neurons) have hidden nodes labeled in a different order (left: A–B–C, right: C–B–A). A naive crossover (recombining at one hidden node position) produces offspring with misaligned structures (bottom), each missing one of the three hidden neurons (here, one offspring lost C and the other lost A). This example illustrates how exchanging genes between differently ordered genomes can lose information. Figure from Stanley and Miikkulainen (2002).

	Figure 3.4: NEAT genotype. Node genes define the types of nodes in the network: sensors (input nodes), outputs, and hidden nodes. Connection genes represent the connections between nodes, with each gene specifying the source and target nodes, connection weight, whether the connection is enabled or disabled, and an innovation number indicating the historical origin of the gene. The bottom section illustrates the neural network (phenotype) constructed based on the genome. This encoding makes it possible to evolve network structures as well as the weights. Figure from Stanley and Miikkulainen (2002).

	Figure 3.5: Structural mutations in NEAT. Mutations in NEAT can add new connections and new neurons to the evolving neural network. (Top) A new connection with an innovation number 7 is added between neurons 3 and 4. (Bottom) The new neuron 6 is added, splitting the connection between neurons 3 and 5: connection 5 becomes disabled, and the new connections 8 and 9 are added to the genome. In this manner, NEAT complexifies the network architecture over time. Figure from Stanley and Miikkulainen (2002).

	Figure 3.6: NEAT crossover. The example shows the merging of two parent networks to produce an offspring network. The top row shows two parent genomes, parent1 and parent2, each represented by a series of genes (connections between nodes) and their corresponding neural network structures. The crossover begins by aligning the genes of the two parents. Matching genes (those present in both parents) are inherited randomly from either parent, while disjoint genes (genes that are present in one parent but not the other) and excess genes (genes that appear after the last gene of the other parent) are also considered. The resulting offspring genome combines these inherited genes, reflecting both the inherited traits from the parents and potentially new neural connections. The final offspring neural network structure, shown at the bottom, includes the selected connections and nodes from both parents. Thus, innovation numbers make it possible to implement crossover without expensive graph matching operations. Figure from Stanley and Miikkulainen (2002).

	Figure 3.7: A compact, explainable solution that NEAT discovered for the pole-balancing problem. (𝑎) In this version, there are two poles on a moving cart that needs to be pushed left or right with a constant force at regular intervals to keep the poles from falling and the cart within the left and right boundaries of the one-dimensional track. (𝑏) NEAT’s solution uses the derivative of the pole angle difference, with a recurrent connection enabling the hidden node to detect whether the poles are converging or diverging, eliminating the need to compute individual pole velocities. Figure 𝑎 from Gomez, Schmidhuber, and Miikkulainen (2008).

	Figure 3.8: Species progression in the double pole balancing task. White triangles indicate extinct species, red good solutions (one stdev), and yellow best solutions (two stdev). A number of species were created as evolution discovered novel structures. They expanded and shrank based on how well they performed, but they stayed around long enough so the innovations in them had a chance to be optimized. In this manner, speciation promotes both innovation and diversity, resulting in better and more creative solutions. Figure from Stanley (2003).

	Figure 4.1: L-systems. (𝑎) L-systems can grow plant like structures by repeatedly applying rewrite rules to an initial starting character. (𝑏) With the addition of some stochasticity, the approach is able to generate realistic trees. Figure 𝑎 from Prusinkiewicz, Hammel, Hanan, et al. (1996), 𝑏 from Solkoll (2005).

	Figure 4.2: Tables grown by evolved L-systems. Shown are tables evolved with a direct (𝑎, 𝑏) and indirect encoding (𝑐, 𝑑). In contrast to the directly encoded tables, the indirectly encoded ones display key biological regularities such as repetition and symmetry. Figures from Hornby and Pollack (2001a).

	Figure 4.3: Cellular encoding approach to evolving neural network structure. (𝑎) The grammar encodes instructions on how to construct the network step by step, starting from a network that consists of a single ancestor cell. Each cell points to a location in the current location in the grammar tree, and is advanced to a child node in the tree as the instruction is executed. S=sequential division, P=parallel division, - = negating a connection, A=adding one to a node threshold, E=end the construction branch. In addition, a recurrency symbol R (not shown) allows continuing the construction again from the top of the grammar, with a counter deciding how many times the recurrency can be traversed. (𝑏) After eight steps, the network that results from this construction process implements XOR. With recurrency added to the bottom right of the grammar, it can be extended by repeating the entire structure, thus implementing networks that calculate the parity of any number of inputs. The grammar trees can be evolved with genetic programming techniques, making automated discovery of complex networks with repeating structure possible. Figures from Gruau and Whitley (1993).

	Figure 4.4: Learning guiding evolution through the Baldwin effect. In this needle-in-the-haystack problem, it would be difficult for evolution to find the sharp peak when the fitness evaluations of the other solutions are all the same. However, learning allows modifying these solutions (i.e., moving left and right along the 𝑥-axis). Therefore, the closer the solution is to the peak, the more likely it is to find it through learning, as indicated by the red curve. Learning can thus provide a more useful fitness, and help evolution find the peak faster. Adapted from Hinton and Nowlan (1987).

	Figure 4.5: Training to imitate champions or parents. When well-performing individuals, such as population champions or parents, are used as teachers (T), they pull the offspring (X) toward them. Those offspring that perform the best after training are likely to be located near the optimum to begin with, and although some (red X) are worse after training, some (green X) are likely pulled closer to the optimum. Such training provides useful exploration around the optimum, making it more likely to be discovered.

	Figure 4.6: Networks evolved with NEAT with and without Hebbian learning. Nodes are numbered through historical markings. Black lines represent excitatory and blue lines inhibitory connections; loops indicate recurrent connections; line thickness corresponds to the connection weight. (𝑎) With Hebbian adaptation, performance is encoded more holistically, utilizing plastic synapses throughout the network. (𝑏) Without Hebbian adaptation, the network is more parsimonious, with adaptation coded into recurrent connections at the outputs. While both types of solutions are successful, Hebbian adaptation provides a larger search space that is more difficult to navigate. In simple tasks at least, it can thus be more effective to rely on recurrency to represent adaptation. Figure from Stanley (2003).

	Figure 4.7: CPPN image encoding. Compositional pattern producing networks are neural networks with diverse activation functions that generate geometric patterns. (𝑎) The network illustrated is a 2D CPPN, as it receives inputs 𝑥 and 𝑦, along with 𝑑, the distance from the point (𝑥,𝑦) to the center of the image. When evaluated over many coordinates (𝑏), the CPPN’s output forms an image or spatial pattern. The architecture depicted in (𝑐) is the specific CPPN that generates the skull pattern shown at the top right. The colors in (𝑐) highlight different components of the evolved network that contribute to key features of the skull image, as determined through functional analysis. The small images within the network nodes represent the activation patterns computed at each node over (𝑥, 𝑦) coordinates. These patterns are ultimately combined by the network to produce the final output image, illustrating that CPPNs can encode complex spatial regularities through simple compositional principles. Figure 𝑐 from Kumar, Clune, Lehman, et al. (2025).

	Figure 4.8: CPPN examples. CPPNs can produce patterns with repetition (𝑎) and repetition with variation (𝑏). They can also create symmetric patterns such as the sunglasses shown in (𝑐), which is encoded through the CPPN shown in (𝑒). By changing only a single connection, varying degrees of symmetry can be produced, such as the morphed glasses in (𝑑). These examples demonstrate the expressive power and flexibility of CPPNs in generating complex, structured patterns. Figures from Stanley (2007).

	Figure 4.9: CPPN pattern elaboration over generations. The figure shows a chronological sequence of CPPN-encoded designs, discovered and elaborated upon during interactive evolution. Together with the designs, the number of hidden node functions and connections is also shown. This progression illustrates CPPNs’ capacity to preserve fundamental structural regularities, such as bilateral symmetry, while elaborating on them across generations. Figures from Stanley (2007).

	Figure 4.10: Indirect versus direct encoding. The goal in this domain is to find the right composition of voxel materials (e.g., red and green voxels actuate at different frequencies while dark blue voxels are passive) so that the robot is able to locomote as fast as possible. This figure shows an example of a 3D, soft robot generated with indirect CPPN encoding (𝑎) and a direct encoding (𝑏), in which each voxel is optimized independently. In contrast to the direct encoding, the CPPN-based encoding is able to produce 3D structures with symmetries and repeating motifs, resulting in fast locomotion. Figures from Cheney, MacCurdy, Clune, et al. (2014). Videos at https://neuroevolutionbook.com/demos.

	Figure 4.11: HyperNEAT substrates. Two types of HyperNEAT substrates are shown, which are the arrangement of nodes and their roles. In (𝑎), nodes are arranged on a 2D square. The CPPN is queried with all pairs of nodes to determine how they are connected to each other. A more complex substrate for evaluating positions in the game of checkers is shown in (𝑏). The input layer reflects the geometry of the checkers board. The output layer C has one node that determines the quality of a board state. The CPPN has two outputs, AB and BC. To query a connection from layer A to B, output AB is used, while from layer B to the output layer C, output BC is used. In this manner, the design of the substrate allows HyperNEAT to leverage geometric regularities to produce structured connectivity patterns. Figure 𝑎 from Stanley, D’Ambrosio, and Gauci (2009) and figure 𝑏 from Gauci and Stanley (2010).

	Figure 4.12: A neural network controller for a quadruped robot produced by HyperNEAT. The goal in this task is to find a neural network able to control a quadruped robot (𝑎). The HyperNEAT substrate has three layers: input, hidden, and output (𝑏). The input and output nodes are arranged in a way to take the task geometry into account. Panel (𝑐) shows a front view of the network, and (𝑑) a view from the back. Input nodes are shown in yellow, and output nodes in blue. Line thickness represents the magnitude of the weight. HyperNEAT autonomously discovers and exploits geometric regularities in the task, generating connectivity patterns that enable efficient quadruped locomotion without requiring the user to specify these patterns explicitly. Figures from Clune, Stanley, Pennock, et al. (2011). Videos at https://neuroevolutionbook.com/demos.

	Figure 4.13: Multiagent HyperNEAT encoding. A single CPPN is used to generate distinct neural networks for each agent in a team. The CPPN (𝑎) is augmented with an additional input 𝑧, indicating which agent’s neural network is currently being created. The team substrate (𝑏) consists of multiple copies of a single substrate replicated along the 𝑧-axis. By querying it, policies that vary smoothly across agents can be created. For example, in the predator-prey task (𝑐), the 𝑧-coordinates for each predator (shown in white) are determined by their initial position, arranged along the horizontal dimension. The heterogeneous multiagent HyperNEAT approach achieved more effective solutions and did it faster than a homogeneous approach (𝑑). When scaled to larger numbers of agents after training, the heterogeneous approach scaled significantly better (𝑒). In this manner, effective teams of varying sizes can be discovered automatically. Figures from D’Ambrosio, Lehman, Risi, et al. (2010). Videos at https://neuroevolutionbook.com/demos.

	Figure 4.14: Evolvable-Substrate HyperNEAT. (𝑎) Starting from the input nodes, ES-HyperNEAT analyzes sequences of 2D slices through the hypercube weight pattern to discover areas of high variance. This information is then used to determine which connections, and thereby nodes, should be expressed. The approach continues from the discovered hidden nodes (𝑏) until some maximum depth has been reached. (𝑐) Similarly, we start from the output nodes to determine to which hidden nodes they should be connected. (𝑑) Once the approach has run a maximum number of iterations, or when no new nodes are discovered, the resulting neural network is pruned, removing any nodes that do not connect to both the inputs and outputs of the network. Thus, ES-HyperNEAT is able to fully determine the topology and weights of a neural network encoded by a CPPN. Figure from Risi and Stanley (2012a).

	Figure 4.15: ES-HyperNEAT example lineage. Shown here are four milestones in one of the maze solution lineages. The CPPN is shown at the top, with the decoded neural network in the middle (CPPN activation functions are G=Gaussian, A=absolute value, S=sigmoid, Si=sine). In addition to the location of nodes, the CPPN also receives the length L of a connection as an additional input. The resulting maze navigation behavior is shown at the bottom, together with the number of nodes 𝑛 and connections 𝑐 in the neural network and in the CPPN. One can observe a gradual growth in the complexity of the CPPN, which increases the information in the underlying hypercube pattern and thus results in an increase in the number of ANN weights and neurons. ES-HyperNEAT outperforms the original HyperNEAT in this task because it can evolve networks with limited connectivity, elaborate on existing network structure, and compensate for the movement of information within the hypercube. Figures from Risi and Stanley (2012a).

	Figure 4.16: Static hypernetwork. In this example, the hypernetwork (shown in orange) generates the weights of each layer of the main network (shown in black) by conditioning the network on layer embeddings. These embeddings are treated as learnable parameters optimized during training. In this manner, they enable approximate weight sharing both within and across layers of the main network. Figure from Ha, Dai, and Le (2017).

	Figure 4.17: Application of dynamic hypernetworks for handwriting sequence generation. In the dynamic indirect encoding approach, the hypernetwork takes as input the internal state of the neural network and its previous action to dynamically generate the weights of the RNN target network (shown as four different colors). In this manner, the dynamic hypernetwork approach enables the model to adapt its parameters on the fly, allowing for highly flexible and context-aware handwriting generation. Figure from Ha, Dai, and Le (2017).

	Figure 4.18: Demonstrating indirect encoding in AttentionAgent for enhanced interpretability. White patches on the game screens signify the agent’s focus areas, with their opacity indicating the relative importance of each patch. The approach was tested on two games: CarRacing requires top-down car racing from a pixel-observation environment; in the DoomTakeCover environment, enemy monsters spawn randomly along the opposite wall and shoot fireballs, which the player has to learn to avoid. Agents are able to selectively focus on a small, survival-critical portion of their visual input, resulting in interpretable agents that are both compact and more generalizable. In CarRacing, the agent primarily attends to road boundaries but shifts its focus to upcoming turns before adjusting its heading. In DoomTakeCover, the agent concentrates on fireballs and monsters, aligning well with human intuition. Figures from Tang, Nguyen, and Ha (2020). Videos at https://neuroevolutionbook.com/demos.

	Figure 4.19: Method overview of AttentionAgent. Key modifications to the attention mechanism include (1) condensing the attention matrix into an importance vector, and (2) omitting the value component in favor of extracting the top-𝑘 most significant patch features as the output 𝑌. (𝑎) After basic image pre-processing, patches are extracted from the input image using a sliding window of size 𝑀 × 𝑀 and stride 𝑆. The resulting shape of the output is [image: ], where 𝑁 is the number of patches, 𝑀 is the height/width of each patch, and 𝐶 is the number of channels in the input image. The data is then flattened. (𝑏) The flattened patches are projected into Keys and Queries and the attention matrix (of shape 𝑁 × 𝑁) is calculated. Softmax is applied to each row. The sum of elements in each row of the matrix gives the patch importance vector. (𝑐) The patch importance vector is sorted, and the indices of the top 𝐾 patches are extracted. The patch indices are then mapped to the corresponding features and given as input to the controller to get the action. In this manner, the architecture allows the agent to focus on information that is critical to the task at hand. Figures from Tang, Nguyen, and Ha (2020).

	Figure 4.20: Visual variations to the CarRacing and VizDoom:TakeCover environments. (𝑎) The original agent observations in each environment. (𝑏) Three modifications in each environment: CarRacing: (1) color perturbation, (2) vertical frames, and (3) a background blob; VizDoom:TakeCover: (1) higher walls, (2) different floor texture, and (3) hovering text. Because of the dynamic adaptive capability of self-attention, AttentionAgent is unaffected by these different types of external distractions. Figures from Tang, Nguyen, and Ha (2020).

	Figure 5.1: Using behavioral diversity to discover solutions in a domain with a deceptive or flat fitness function. The robot (𝑎) has to move to the lights in the order indicated by the arrows (𝑏) to eventually turn on light 6. Fitness is defined as the number of time steps to reach light 6, and therefore does not indicate which behaviors are promising early on. In contrast, behavioral diversity rewards controllers that turn on more and more lights; thus, it encourages exploration that eventually makes the search successful (𝑐). In this manner, behavioral diversity can be used to guide search even when the fitness function is flat (as in this case) or deceptive (more generally). Figures from Mouret and Doncieux (2009).

	Figure 5.2: Stepping-stone-based versus direct evolution of a skull image. How can a CPPN be evolved to create a particular image, such as the skull? (𝑎) Human players of Picbreeder selected images that looked interesting on their own, without the goal of generating a skull, which emerged serendipitously toward the end of the evolution from these stepping stones. (𝑏) When evolution is directed to evolve the skull image directly with a distance-based fitness, it falls short of most of the details; shown are the final results of five such example runs. In this sense, the discovery of stepping stones is crucial in generating complex solutions. Figures from Woolley and Stanley (2011).

	Figure 5.3: Illustration of search based on stepping stones. In this experiment, a population of points is evolved on the 2D rectangle. Fitness is zero in the background, and increases in each claw from left to right and from bottom to top. The population starts at the bottom left and has to discover the top fitness at the top right. While fitness-based and novelty-based searches are not much better than random, a search method that discovers and utilizes stepping stones performs much better. It discovers the local optima at the end of each finger of the claw-like pattern, and then combines them to make the jump to the next claw. In this manner, stepping stones can be identified as local optima and recombined to make discoveries that would otherwise be difficult to make. Figure from Meyerson and Miikkulainen (2017). For a video, see https://neuroevolutionbook.com/demos.

	Figure 5.4: Contrasting the creativity of solutions in convergent and divergent search. Gaits for the bipedal walker are evolved in two ways. (𝑎) Convergent (fitness-based) evolution favors small, safe improvements that allow the robot to travel incrementally further. The resulting gait is rigid and slow and often fails. (𝑏) In contrast, divergent (novelty-based) evolution discovers dynamic behaviors, such as falls and jumps, that are different from others. They serve as stepping stones in exploring a larger space, which eventually includes robust dynamic gaits. In this manner, superior solutions can be discovered even when (and because!) they are not directly rewarded. For videos, see https://neuroevolutionbook.com/demos.

	Figure 5.5: Diverse competent morphologies discovered within a typical single run of NSLC. Various creatures are shown that have specialized in order to effectively exploit particular niches of morphology space. Compared to approaches relying on global competition, NSLC uncovers a greater range of functional morphologies in a single evolutionary run. The hopper (𝑎) is a unipedal hopper that is very tall, (𝑏) is a heavy, short crab-like creature, and (𝑐) and (𝑑) are distinct quadrupeds. Creature (𝑐) drives a large protrusion on its back to generate momentum, and (𝑑) has a tail for balance. Figures from Lehman and Stanley (2011b). Videos at https://neuroevolutionbook.com/demos.

	Figure 5.6: Example maps annotated with example organisms from different areas of the feature space. Figures (𝑎) and (𝑏) show maps of two different MAP-Elites runs. Within a map, MAP-Elites smoothly adapts a design theme along the desired dimensions of variation. One can see that there is some variation between maps, both in the performance discovered at specific points and in the types of solutions. That said, each map generally paints the same overall picture of the performance capabilities of each region of the feature space. Note the different scale of the bottom color map. Figures from Mouret and Clune (2015).

	Figure 5.7: Effect of simple ensembling in a complex control task. (𝑎) When the cart-pole task is extended with an extensible pole, it becomes a fly-swatting task. The control dynamics change constantly as the pole changes, making control highly context-dependent and well-suited to ensembling. (𝑏) The population of controllers is first evolved with NEAT for 150 generations; once the performance plateaus, a gating network is evolved to select among eight species champions. The performance improvement is significant and immediate, suggesting that ensembling is a simple and reliable way to boost performance of neuroevolution experiments. Figures from Pardoe, Ryoo, and Miikkulainen (2005).

	Figure 5.8: The effect of diversity and egalitarian learning. A population of agents needs to forage in an environment with good and bad objects. (𝑎) The agents gain fitness by consuming food items of various positive values (A) and avoiding items of negative values (B). They have a limited view (C), requiring them to move around a lot to find the items. With direct neuroevolution, several strategies developed, some taking advantage of covering a lot of ground, and others taking advantage of being careful not to miss anything. (𝑏) With egalitarian social learning (ESL), the evolved agents could also learn from each other during their lifetime. ESL achieved higher fitness by generation 50 than direct neuroevolution or a student-teacher approach by Generation 500. This experiment thus demonstrated both the value of diversity and of learning from population culture. Figures from Tansey, Feasley, and Miikkulainen (2012). Videos at https://neuroevolutionbook.com/demos.

	Figure 6.1: Neuroevolution of effective control and behavioral strategies. (𝑎) Neuroevolution discovers a controller that can keep the rocket stable by controlling the amount of thrust to its four engines. It is accurate enough so that the fins are no longer required, allowing the rocket to fly much higher with the same amount of fuel. It is, however, difficult for the controller to generalize to variations in the rocket parameters and environmental conditions. (𝑏) In the NERO video game, a human player trains the agents through a curriculum of exercises to attack a target, while at the same time avoiding fire from opposing agents. This is a sophisticated behavior, but a good team needs other behaviors as well, such as defending and sharpshooting, which are difficult to evolve at the same time. A challenge for neuroevolution, thus, is to discover flexible, multimodal behavior on its own, as an important step toward general intelligence. Figure 𝑎 from Gomez and Miikkulainen (2003); figure 𝑏 from Stanley, Bryant, and Miikkulainen (2005). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.2: Evolving symmetries for four-legged walking. In this experiment, neuroevolution was extended to take advantage of symmetry in the four-legged robot. (𝑎) Each leg has its own controller neural network, and each one receives input from the others. (𝑏) Evolution starts with fully symmetric designs and breaks the symmetry as needed; that is, allowing the weights on the different connections to diverge (as indicated by the different colors). Such highly symmetric networks allow the robot to take advantage of the four main gaits on the flat ground. (𝑐) A controller crossing a slippery incline sideways requires a less symmetric solution than a straightforward walk on flat ground: It evolved to use the front downslope leg primarily to push up so that the robot could walk straight. In this manner, neuroevolution can demonstrate how principles such as symmetry help construct robust behavior. Figures 𝑎 and 𝑏 from Valsalam and Miikkulainen (2011). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.3: Modeling the environment explicitly with a context network. In many domains, conditions can vary significantly and unexpectedly, requiring extrapolation beyond training. For instance in an extended FlappyBird domain, the strength of the forward flap, upward flap, gravity, or drag can change. (𝑎) In context+skill networks, it can be beneficial to model the variation explicitly with a context network; the decision maker can then use the context to modulate the actions of the skill network appropriately. (𝑏) With context+skill control, the context network evolves to standardize the variation so that the decision-maker sees little of it (shown here through the first principal components of the context and skill module output over time on top, lined up with the bird’s location in the bottom). It can thus perform well in a new situation, such as the decreased strength of the upward flap or an increased drag. (𝑐) In skill-only-control, without context, the skill network outputs vary much more, making it difficult for the decision maker to generalize. In this manner, explicit understanding of the context extends the behavior robustly to variations of the domain. Figures from Tutum, Abdulquddos, and Miikkulainen (2021). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.4: Transferring control to physical robots. In these two examples, the controller neural network is evolved in simulation and then used to control the corresponding physical robot. (𝑎) A four-legged physical robot evolved to walk straight even with one leg inoperative. (𝑏) An accurate simulator of a robotic arm was used to evolve controllers that generalize well to new situations and imprecise computation. In this manner, it is not only possible to transfer to physical robots, but also to construct controllers that are robust against noise, faults, and new situations. Figure 𝑎 from Valsalam, Hiller, MacCurdy, et al. (2013); Figure 𝑏 from Huang, Sentis, Lehman, et al. (2019). For a video of the four-legged robot, see https://neuroevolutionbook.com/demos.

	Figure 6.5: Neuroevolution in evolutionary robotics. While robotics generally focuses on hardware designs, it is difficult to construct controllers by hand, especially with novel and variable designs. Neuroevolution is often a useful approach in many such cases. (𝑎) Neural network controllers can be evolved directly in hardware, such as to develop homing behavior in Kheperas. The light source identifies the corner with the charging area (painted in black). (𝑏) It is possible to evolve the robot morphology and control together, and 3D print the designs, in essence evolving artificial life forms. (𝑐) Swarms of robots can perform tasks that single robots may not, such as traversing over holes in the ground. In this manner, neuroevolution makes it possible to develop behaviors for a wide variety of robotic designs. Figure 𝑎 from Floreano and Mondada (1996a); Figure 𝑏 from Lipson and Pollack (2000); Figure 𝑐 from Trianni, Tuci, Ampatzis, et al. (2014). Videos of the coevolving morphology and control at https://neuroevolutionbook.com/demos.

	Figure 6.6: Fractured high-level strategy in half-field soccer. High-level strategies are difficult to discover and implement because they often require changing behaviors abruptly based on small changes in the input. (𝑎) For instance in half-field soccer, five offenders (blue dots) try to score on five defenders (white dots) by holding the ball, passing to one of the teammates, and shooting. (𝑏) Visualization of successful actions for an offender with a ball at various locations in the field, given the positions of all other players. Each color represents a subset of actions that would be successful. Small changes to just this one variable have a large effect on success, making good strategies highly fractured and difficult to evolve. Neuroevolution with local neurons and cascaded refinement is an effective approach in such cases. Figures from Kohl and Miikkulainen (2012). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.7: Discovering effective and surprising multimodal task divisions. Behavioral strategies are often multimodal (i.e., require performing different behaviors at different times). Modular network structures are a natural way to encourage multimodal behavior to emerge. (𝑎) A powerful approach is to evolve a network with multiple output modules together with preference neurons (gray) to indicate when each module should be used to control the agent. (𝑏) Such a system may discover surprising task divisions. For instance, in Ms. Pac-Man, instead of separating the threatening and edible ghost situations into different modules, it separates general easy movements into one module, and behaviors when ghosts are close into an escape module (active during the green trace). That module is used to lure the ghosts nearby and then escape to eat a power pill; afterward, the movement module is used to eat the ghosts (which is easy because they are nearby), resulting in a high score. Such division and behavior would be difficult to discover and prescribe by hand, and yet evolution discovers it as an effective solution to a multimodal game. Figure 𝑎 from Schrum and Miikkulainen (2016b). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.8: Overcoming deception in the evolution of cognitive behaviors. During an evaluation that consists of multiple trials, the agent needs to use (𝑎) communication, (𝑏) memory, or (𝑐) learning to navigate to the reward in the T-maze reliably. Even when the necessary elements for these abilities are available, fitness-based evolution cannot discover how to put them together. Instead, it only discovers reactive behaviors; that is, always going to the left or the right. In contrast, they serve as stepping stones for novelty search, which eventually discovers effective cognitive behavior. Thus, the lineage of an eventual successful agent in novelty search includes many drops in fitness (𝑑). For instance, the novel behavior of going to the opposite corridor with some inputs (arrow) turns out to be a useful stepping stone in discovering communication. Figures from Lehman and Miikkulainen (2014).

	Figure 6.9: Evolutionary surrogate-assisted prescription. In domains where evaluation of decision strategies is not possible, a surrogate model can be used to guide the search. (𝑎) The surrogate model, or a predictor, maps contexts and actions to outcomes. The decision-maker model, or a prescriptor, maps contexts to optimal actions. (𝑏) The models are constructed in one or more cycles of an iterative process. Starting from historical observations of contexts, actions, and outcomes, the predictor (e.g., a neural network or a random forest) is trained through supervised learning. It is then used to evaluate prescriptor candidates, constructed through neuroevolution. The final prescriptor is deployed in the domain. More data can then be collected and the cycle repeated, resulting in more accurate predictors and more effective prescriptors. Figures from Francon, Gonzalez, Hodjat, et al. (2020).

	Figure 6.10: Evolving effective decision-making through co-learning of the surrogate model. This example illustrates the synergy of learning the predictor and prescriptor at the same time in the function approximation domain. (𝑎) With the context as 𝑥 and the action as 𝑦, the ground truth outcomes are indicated by the colored background. (𝑏)–(𝑑) The current predictor is indicated as the colored background instead, so it can be compared with the ground truth in (𝑎). The training pairs are illustrated with translucent dots. The actual optimal policy is indicated by the blue dotted line, and the policy that is optimal with regards to the current predictor is shown as a white dotted line. The policy represented by the current top predictor is indicated by the solid orange line. The prescriptors evolve policies that are better than the predictors suggest. The prescriptors are evaluated with several different predictors over time, which act as an ensemble that is more accurate than any single predictor alone. Such co-learning of the predictor and the prescriptors thus results in automatic regularization, leading to faster learning and more robust solutions. Figures from Francon, Gonzalez, Hodjat, et al. (2020). For a video of this process, see https://neuroevolutionbook.com/demos.

	Figure 6.11: Automatic curricular evolution through co-learning of the surrogate model. In the FlappyBird game, the challenge is to flap the bird up at the appropriate times so that it flies through a course of gates without hitting them. The predictor, trained to estimate the result of an action (flap/no-flap) at a state, (𝑎) places the gate nearby, (𝑏) clusters a number of them together, (𝑐) spreads them apart at the same level, and (𝑑) finally presents the full game challenge accurately. Such a series of increasingly challenging evaluations provides a curriculum that makes it possible to evolve successful behavior, even when it would not evolve with the full challenge from scratch. Co-learning the predictor and prescriptor thus constructs an effective curriculum automatically, allowing neuroevolution to solve more difficult tasks. For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 6.12: Prescriptor evolution and performance. In the land-use optimization domain, the goal is to achieve low carbon emissions with minimal change in land use. (𝑎) The Pareto front moves toward the lower-left corner over evolution, finding better implementations for the different trade-offs of the ELUC and change objectives. (𝑏) Each prescriptor evaluated during evolution is shown as a dot, demonstrating a wide variety of solutions and trade-offs. The final Pareto front is shown as red dots in both figures, constituting a set of solutions from which the decision-maker can choose a preferred one. (𝑐) The Pareto fronts of evolved prescriptors versus heuristic baselines. Whereas the heuristics try to optimize each region equally, the evolved prescriptors allocate more change to where it matters the most. This result demonstrates that the approach can discover non-obvious opportunities in the domain, and thus find better solutions than the obvious heuristics. Figures from Young, Francon, Meyerson, et al. (2025). For an interactive demo of the system, see https://neuroevolutionbook.com/demos.

	Figure 6.13: Predictive and prescriptive models for discovering NPIs in the COVID-19 pandemic. The predictor is used as a surrogate model for the world to evolve prescriptors that implement good NPI strategies. (𝑎) The predictor is an LSTM network that receives a 21-day sequence of cases and NPIs as inputs, and predicts the cases for the next day. The network is trained with historical data across different countries. During performance, the prediction is looped back to the input and rolled out indefinitely into the future. (𝑏) The prescriptor receives the same sequence of cases and NPIs as inputs, and prescribes the NPIs for the next day. Since the optimal prescriptions are not known, it is constructed through neuroevolution to reduce both the number of cases and the total stringency of NPIs. Each prescriptor is evaluated through the predictor as the surrogate model. In this manner, the predictor is constructed entirely based on data and is fast enough to evaluate a large number of prescriptor candidates. Figures from Miikkulainen, Francon, Meyerson, et al. (2021).

	Figure 6.14: Learned predictors and prescriptors. (𝑎) Given the diverse training data across time and countries, the predictor learned to estimate the number of cases accurately. This example is Italy in July 2020. Given the actual sequence of NPIs as input, it predicted the cases accurately for the next 14 days for which there was data. It also suggested that these NPIs, if maintained, would bring the cases down, but if lifted, an explosion of cases would result. (𝑏) The performance of the final population of prescriptors along the case and cost objectives. The Pareto front evolved strongly toward the bottom left, and in the end offered a set of trade-offs from which the decision-makers could choose. Figures from Miikkulainen, Francon, Meyerson, et al. (2021). For a video of the Pareto front, see https://neuroevolutionbook.com/demos.

	Figure 6.15: The predicted delta surge in India and a prescription to avoid it. (𝑎) On February 19, 2020, the cases were decreasing (top plot) and the prescriptors suggested that many NPIs could be lifted (bottom plot, lighter colors). (𝑏) The cases were similarly low on March 1, 2020, but there had been delta surges elsewhere, and the models predicted a major surge in India if the current NPIs were continued—which was hard to believe at the time. The prescriptors suggested tightening some of them, which could have still avoided a major surge. (𝑐) However, more stringent NPIs were only established several weeks later, by March 21, and by that time, even a full lockdown could not have avoided the major surge. In this manner, the models can be used to detect problems early enough when it is still possible to fix them. For an interactive demo, see https://neuroevolutionbook.com/demos.

	Figure 6.16: RHEA leveraging expert solutions through evolution, compared to MoE and weighted ensemble. Several solutions may include different good ideas; the challenge is to form a combined solution that takes advantage of all of them. In this synthetic example, the plots in the middle show the Pareto fronts for each method: RHEA in blue ★, MoE in green ×, and weighted ensemble in yellow  + ; in addition, the original expert solutions are shown in purple •. The structure of each solution is visualized as a grid that identifies which actions (rows) are used in each context (columns). On the left are the two original specialist solutions a and b, and on the right, the original generalist solution c. The solutions on the RHEA Pareto front are on top, and those for MoE in the bottom. Whereas MoE and weighted ensemble can utilize the knowledge in the expert solutions in only a limited way, RHEA can recombine, add innovations, and remove redundancies and detrimental elements to construct superior solutions. Whereas such solutions would be difficult to evolve from a random initial population, RHEA thus harnesses the latent potential in expert solutions, and finds the optimal Pareto front reliably. Figure from Meyerson, Francon, Sargent, et al. (2024).

	Figure 6.17: Combining human expertise and machine discovery in NPI optimization. The recombination and mutation operators in evolution are well suited for combining, refining, and extending existing ideas. (𝑎) The RHEA Pareto front dominates both the solutions created by human experts (Distilled), as well as solutions evolved from a random initial population. (𝑏) Given the human decision-makers’ preference for mid range trade-offs, RHEA’s solutions would be selected nearly always. These results demonstrate that neuroevolution can be used to take advantage of human expertise, resulting in solutions that are better than both those of humans and evolution alone. Figures from Meyerson, Francon, Sargent, et al. (2024).

	Figure 6.18: Characterizing the discovered NPI policies. The policies can be characterized in five dimensions, revealing similarities and differences among the approaches. (𝑎) RHEA’s policies were similar to the submitted ones in terms of focus, but they differed in four other dimensions. In terms of swing and separability, it found solutions similar to those implemented in the real world, but in terms of agility and periodicity, a potential new opportunity that both human experts and real-world decision-makers missed. In this manner, RHEA can leverage both human expertise and machine creativity. (𝑏) Performance (in terms of hypervolume) of the submitted solutions versus their contributions to the final Pareto front. While better solutions generally contribute more, there are many solutions that do not perform well but end up contributing a lot (those in the upper left area). This result highlights the value of soliciting diverse expertise even if some of it is not immediately useful: Methods such as RHEA can then be used to realize their latent potential. Figures from Meyerson, Francon, Sargent, et al. (2024).

	Figure 7.1: Evolution of subpopulations of neurons. In the cooperative coevolution of a single network, each subpopulation evolves one neuron for the network, which may be fully recurrent. The genetic encoding of each neuron specifies the neuron’s connection weights to other neurons. Each neuron receives the fitness of the entire network evaluated in the task. Thus, neurons evolve to cooperate well with other neurons: The subpopulations optimize compatible subtasks and each subtask is encoded robustly in a couple of subpopulations. Such a search for partial solutions is also efficient: the subtasks remain diverse, the approach avoids competing conventions, and the search space is compact. Figure from Gomez (2003).

	Figure 7.2: Heterogeneous neural architecture training through DIP. The agent model is composed of three main modules. First, a visual component generates a latent code 𝑧𝑡 at each time step 𝑡. This code is concatenated with the hidden state ℎ𝑡 from an LSTM-based memory module, which receives 𝑧𝑡 and the previous action 𝑎𝑡−1 as input. The resulting vector (𝑧𝑡, ℎ𝑡) is then passed to the controller module, which selects the agent’s next action. By temporarily protecting recent innovations in upstream components, the deep innovation approach (DIP) allows training the whole architecture end-to-end using a multi-objective genetic algorithm. Figure from Risi and Stanley (2021). Videos of trained agents at https://neuroevolutionbook.com/demos.

	Figure 7.3: Evolving centrally controlled, heterogeneous, and homogeneous teams. (𝑎) In centrally controlled teams, a population of controller networks is evolved in a single population; each network controls all three agents in the team. (𝑏) For a heterogeneous team, the networks are evolved in separate populations, and a team is formed by randomly selecting one network from each population. (𝑐) In a homogeneous team, networks are evolved in a single population, and a team is formed by cloning a selected network three times. In each case, the fitness of the team is used as the fitness for each network that participated in it. While in principle the central controller is able to coordinate the team well, heterogeneous networks may evolve distinctly different compatible roles that solve the task better. However, each network in a homogeneous team is a generalist that can take on different roles at different times, resulting in a more flexible team.

	Figure 7.4: Role-based cooperation through stigmergy. Similarly to a single-network evolution, team members can be evolved in separate subpopulations and rewarded based on team success. In a toroidal world, three predator agents tried to capture a prey (X) that always runs away from the nearest predator and is as fast as the predators. Two of the predators (2, 3) evolved chaser roles, and the third (1) a blocker role: The chasers push the prey to the waiting blocker around the torus. Remarkably, evolution of agents in separate subpopulations was more effective than evolution of a central controller for the entire team. It was also more efficient to not bother with communication with other team members (even through visual sensing); each team member knew their role, and it was most effective for them to simply observe the prey (i.e., to communicate through stigmergy). Figure from Yong and Miikkulainen (2010). For a video of this behavior, see https://neuroevolutionbook.com/demos.

	Figure 7.5: Discovering complex behavior through competitive coevolution. Two simulated Khepera robots need to consume food, pursue the opponent when they have higher energy than the opponent, and evade it when their energy is lower. When the robots collide, the one with higher energy wins. In the domain illustrations, the dark ovals are food items, and the red and yellow circles are the two robots. The red line indicates the direction that the robot is facing, the outer ring the opponent sensor values, and the inner ring the food sensor values. The rings are yellow for the robot with higher energy. In the network diagrams, the nodes are depicted as red squares and numbered in the order that they were created. Positive connections are black and negative are blue, recurrent connections are indicated by triangles, and the width of the connection is proportional to its strength. The approach discovered (𝑎) a foraging strategy that resulted in high energy and was often successful when accidentally crashing on the opponent, (𝑏) a hidden node that allowed it to switch between following and resting based on energy, (𝑐) a way to model and compare the opponent’s and their own energy, and (𝑑) eventually how to fake a move toward a far-away food item (top), causing the opponent to dash to it and then spend most of its energy to get to the last item (left) but failing to get to it first, thereby providing an easy win. Complexifying evolution thus provides a way of understanding network performance; in this experiment, it provides a clear example of how a single competitive coevolution population can discover increasingly complex behaviors. Network diagrams from Stanley (2003). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 7.6: Evolutionary arms race of increasingly complex pursuit-evasion strategies. Through multiple phases, the predator and prey populations alternate in gaining the upper hand in the competition, which serves as a challenge and an opportunity for evolution to improve the disadvantaged population. The later behaviors largely subsume the earlier ones, and therefore there is a progression in an absolute sense toward more complex and effective behaviors that would otherwise be difficult to discover. The simulation also serves to shed light on observed animal behaviors such as cooperative hunting and herding, and escaping by confusing the predators. It thus demonstrates both a way to construct complex intelligent agents, as well as to understand how intelligence may have emerged in biological evolution. Figures from Rawal, Rajagopalan, and Miikkulainen (2010). For videos of these behaviors, see https://neuroevolutionbook.com/demos.

	Figure 7.7: CA-NEAT. The NEAT-evolved neural networks have learned to grow a French flag–like pattern (𝑎) and to perform pattern replication (𝑏) only through the local interaction of cells. It thus demonstrates a way that neuroevolution can produce complex, coordinated behaviors from simple, decentralized rules. Figures from Nichele, Ose, Risi, et al. (2017).

	Figure 7.8: NCA-based soft robots. (𝑎) Evolution discovered a variety of NCAs that were able to grow 2D and 3D soft voxel robots with different walking gaits. (𝑏) A second NCA, trained specifically for damage recovery, is able to regrow damaged parts of the robot solely through the local communication of cells. Thus, neuroevolution is not only well suited to finding NCAs for static designs, but also functional morphologies. Figures from Horibe, Walker, and Risi (2021). Videos at https://neuroevolutionbook.com/demos.

	Figure 7.9: NCA architecture for game level generation. A convolutional neural network repeatedly transforms levels based on the local interaction of 3×3 cells. Levels are evaluated after being modified for a fixed number of iterations. Figure from Earle, Snider, Fontaine, et al. (2022).

	Figure 7.10: NCA-generated Zelda levels. Shown are example levels generated by NCAs evolved using a MAP-Elites-based QD approach. The method successfully discovers NCAs capable of producing a diverse set of valid and solvable Zelda maps, varying meaningfully along two dimensions: path length and symmetry. Each map adheres to strict gameplay constraints, including exactly one avatar, one key, and one door. These results demonstrate the effectiveness of combining NCAs with QD algorithms for constraint-aware, diverse procedural content generation in game design. Figures from Earle, Snider, Fontaine, et al. (2022). Videos of the growth process at https://neuroevolutionbook.com/demos.

	Figure 7.11: NCA level growth. Shown are the intermediate growth states of a Zelda level. The growth process starts with a fixed initial seed at the center of the level until a stable configuration is reached. Interestingly, during the intermediate stages of growth, levels frequently contained multiple keys or doors. These additional intermediate tiles appear to function as a form of external memory, helping to transmit spatial information across the level and enabling the emergence of globally coherent patterns. The main result is that through purely local iterative interactions, the NCA is able to produce levels that fulfill complex, high-level functional constraints. Figures from Earle, Snider, Fontaine, et al. (2022).

	Figure 7.12: HyperNCA. (𝑎) In a developmental growth phase, a 3D NCA updates an initial random seed over a fixed number of steps. The NCA and the seed may contain one or multiple information channels; for simplicity, a single-channel example is shown. (𝑏) In the policy evaluation phase, the first channel of the developed pattern is interpreted as the weight matrix of a policy network, which is then evaluated on the particular task. Figure from Najarro, Sudhakaran, Glanois, et al. (2022).

	Figure 7.13: Neural developmental program approach. During the stage of information aggregation, the graph systematically transmits state 𝑠 of each node to its adjacent nodes over 𝑛 iterations. The replication model network takes as input the updated node state 𝑠𝑡 + 𝑛 and decides which nodes should replicate. Another network comes into play to determine the weights of the edges connecting each node pair, using their combined embeddings. Once the network is grown for the given number of developmental steps, it is then evaluated to solve a specific task. Figure from Najarro, Sudhakaran, and Risi (2023).

	Figure 7.14: NDP growth of a network solving the CartPole task. The network begins as a solitary node and progressively develops into a more complex network, encompassing two, four, five, and ultimately ten neurons, along with 33 weighted edges, over the course of four growth stages. Within this network, the red nodes function as sensory neurons, the white nodes serve as hidden neurons, and the blue nodes operate as output neurons. Above each neuron, there is a vector displayed, representing the node embeddings. These embeddings are indicative of the state of each neuron throughout the stages of network development. These results demonstrate that NDPs can enable the growth of well-performing policy networks during a phase of neural development. Figures from Najarro, Sudhakaran, and Risi (2023). Videos at https://neuroevolutionbook.com/demos.

	Figure 7.15: NDP performance across tasks. Across four tasks (𝑎–𝑑), the original vanilla NDP is compared to a version that includes intrinsic states and to a version based on hypernetworks, which does not include development. Intrinsic states allow the NDP to perform significantly better in more complex domains. While the approach does not outperform a hypernetwork approach, it is able to reach a competitive performance through a completely decentralized approach based on neural growth. Note that in all four experiments, NDP-vanilla converged to a degeneration policy early in training and was therefore run for fewer generations.

	Figure 7.16: Learning to grow different 3D target structures. An NCA is trained through gradient descent to grow a given target pattern. The approach is able to grow both static structures, such as a tree or an apartment building, but also functional machines, such as a locomoting caterpillar. The caterpillar can even regenerate into two creatures when cut in half. Figures from Sudhakaran, Grbic, Li, et al. (2021). Videos at https://neuroevolutionbook.com/demos.

	Figure 7.17: Combining evolutionary discovery and gradient descent precision. (1) Evolutionary optimization is used to discover a wide range of diverse morphologies. (2) An NCA is then trained to regenerate these target morphologies, even after different types of damage. (3) The trained NCA can successfully grow a soft robot and recover it from severe damage. Figure from Horibe, Walker, Berg Palm, et al. (2022). Videos at https://neuroevolutionbook.com/demos.

	Figure 8.1: Setting up a NERO experiment. The NERO game allows specifying increasingly challenging environments so that complex behavior can be evolved. (𝑎) The human player can place various objects in the environment to create challenges, including walls, flags, static enemies, and moving enemies. (𝑏) The human player controls the fitness by adjusting sliders with continuous positive or negative values along various dimensions such as approach an enemy, approach a flag, hit a target, avoid getting hit, and stay with teammates. (𝑐) Each agent in the game is controlled by a neural network evolved through NEAT. As its input, it senses the environment around it, including enemies, teammates, walls, and other objects; it also senses whether its weapon is on target, and the direction from which the nearest fire is coming. As its output, it issues actions to move forward and back, turn left and right, and fire. (𝑑) During evolution, the entire population of agents is evaluated together in an enclosed environment that may contain multiple objects. In this case, the agents spawn on the right and are rewarded for approaching the flag on the left. At regular intervals, the worst agent is replaced by offspring in a continuous replacement process. In this manner, the human player can create a curriculum of increasingly challenging tasks that prepares the team well for battle against other teams. Figures from Stanley, Bryant, and Miikkulainen (2005). For videos of various training scenarios, see https://neuroevolutionbook.com/demos.

	Figure 8.2: Training NERO teams through interactive neuroevolution. The player first specifies a simple task such as approaching a static enemy that fires (a “turret”), so the agents learn to approach it from different sides. In the next scenario, they learn to approach one turret while minding fire from another. Next, the turrets move and turn, and the agents need to take cover behind walls. Through multiple such increasingly challenging scenarios, the agents learn effective battle behaviors. The team is then placed into a battle against another team, evaluating how well the human player was able to train them. NERO thus aims at creating intelligent behavior strategies through interactive neuroevolution. Figure from Stanley, Bryant, and Miikkulainen (2005).

	Figure 8.3: Discovery of expected and unexpected behaviors in NERO. What makes the game interesting is that the player has some control over what will happen, but evolution will also find surprising solutions. (𝑎) By gradually adding more walls and rewarding the agents for staying away from each other, they evolve to take various paths through the maze, without any explicit path planning. (𝑏) An effective strategy for hitting the target while not getting hit is to run backward while shooting. (𝑐) An avoidant team can be effective when they have time to back up against a wall, forming a firing squad. (𝑑) A subteam of three agents is agile and has significant firepower. These discoveries and many more like them were surprising, resulting from evolution solving the challenges posed by the human player. In this manner, humans can provide guidance while still letting evolution find creative solutions. For videos of these and other battle behaviors, see https://neuroevolutionbook.com/demos. Figures 𝑎, 𝑏, and 𝑐 from Stanley, Bryant, and Miikkulainen (2005).

	Figure 8.4: Utilizing rule-based advice in NERO. It is sometimes useful to be able to guide the evolutionary discovery with human knowledge. Such knowledge can be expressed as rules and incorporated into the population of networks. (𝑎) As an example, two rules about going around the wall on the right side are encoded as a partial network structure. (𝑏) This structure is then spliced into NEAT networks like any mutation. The networks continue to evolve to take advantage, modify, or co-opt the advice to perform better. (𝑐) A snapshot of NERO with the three sequential positions identified. The agents were first rewarded for going to the flag in the middle, then to the one at left, and then the one at right. (𝑑) The advice suggested going to the first flag around the right side, and it sped up evolution compared to having no advice. When the flag was moved to the left, networks with advice adapted very quickly, utilizing the same advice structure with different output actions. After the flag was moved again, there was no difference in adaptation with or without advice, suggesting that the advice had become incorporated into the network like any other structure in it. Figures from Yong, Stanley, Miikkulainen, et al. (2006).

	Figure 8.5: Tasks for evaluating methods that incorporate human knowledge in NERO. Plain neuroevolution from scratch on one hand, and full scripting of behavior on the other, were compared to advice, examples, and shaping. Plain neuroevolution turned out to be more successful than scripting, and at least one of the human-guided methods more successful than plain neuroevolution: examples in (𝑎), advice in (𝑏), and shaping in (𝑐). Thus, the different methods of incorporating human knowledge can play a different role in constructing intelligent agents in interactive neuroevolution domains. Figures from Karpov, Valsalam, and Miikkulainen (2011).

	Figure 8.6: A proposal for active human-guided neuroevolution. The human expert provides advice, examples, and shaping for the neuroevolution process. The process monitors itself and determines what kind and when such input would be most useful. In this manner, humans and machines can work synergistically to construct intelligent agents. Figure from Karpov, Johnson, Valsalam, et al. (2012).

	Figure 8.7: Picbreeder interface. Users in Picbreeder select at least one CPPN-generated image, from which subsequent populations are generated through mutations and crossover of the underlying CPPNs. Users can also move back and forth through the generations and publish their creations, allowing others to branch off from their discoveries. Figure from Secretan, Beato, D’Ambrosio, et al. (2011).

	Figure 8.8: Examples of Picbreeder images. Shown is a variety of designs that were evolved by many collaborating users. For each design, the number of nodes 𝑛 and connections 𝑐 of the underlying CPPN are also shown together with the total number of cumulative generations 𝑔. Because Picbreeder allows users to build on each other’s work, it facilitates the discovery of a wide range of complex and compelling images. Figures from Secretan, Beato, D’Ambrosio, et al. (2011).

	Figure 8.9: The Petalz video game. Players in Petalz can decorate their balconies with various pots and balcony designs. They can breed new flowers by clicking on the existing flowers and trading flower seeds with other users. By allowing players to branch off the flowers discovered by others, the game allows a new type of digital social interaction that links players through collaborative interactive neuroevolution. Figure from Risi, Lehman, D’Ambrosio, et al. (2016). Videos at https://neuroevolutionbook.com/demos.

	Figure 8.10: A Petalz flower phylogeny. Shown here is a family tree that tracks the collaborative efforts of 13 distinct users. Each pair of parent and offspring is divided by one generation. For cases where a flower emerges from cross-pollination, the connecting line to the second parent is highlighted in red. The inset offers a closer look at the evolutionary dynamics, featuring minor phenotypic changes (𝑎), an instance of cross-pollination (𝑏), and substantial yet shared phenotypic transformations (𝑐). This flower phylogeny highlights the rich diversity and lineage of designs that emerge when users are able to collaboratively evolve content through play. Figure from Risi, Lehman, D’Ambrosio, et al. (2016).

	Figure 8.11: Evolved particle weapons in Galactic Arms Race. The interactive evolution component of GAR allowed players to evolve a large range of different and aesthetically pleasing weapons. More importantly, different evolved weapons have different tactical implications, such as the wallmaker (𝑐), which favors defense play by creating a particle wall in front of the player, or tunnelmaker (𝑒), which protects the player from attacks from the left or right side. Figures from Hastings, Guha, and Stanley (2009). Videos at https://neuroevolutionbook.com/demos.

	Figure 8.12: Example of initial and final images with and without seeding interactive neuroevolution. The early phase of Picbreeder is not very engaging, but it can be bypassed by seeding. In this comparison, the initial unseeded images were generated with random CPPNs; the initial seeded ones were generated by running CPPN evolution for a while and selecting the most impressive images. Both sets of images were then evolved further with Picbreeder using HCMs. Interactive evolution from seeded images results in more complex and appealing final images, suggesting that proper initialization is crucial in taking full advantage of interactive evolution. Figures from Lehman and Miikkulainen (2013).

	Figure 9.1: Effect of extinction events on evolvability. While extinctions are catastrophic in the short term, they may empower evolution in the long term. (𝑎) Without extinction events, the population in the abstract domain evolves to fill in the available niches (i.e., cells in the 401×401 grid). A variety of evolvability levels exists in the end, indicated by the gray-scale values (lighter is more evolvable). (𝑏) With extinction events, higher evolvability is favored. Such events occurred at random intervals averaging 2,500 generations. In this snapshot, five individuals survived a recent event, and the population is currently expanding to fill in the available niches. On average, these individuals are about 50% more evolvable than those in (𝑎), indicated by the lighter color. (𝑐) In the bipedal walker domain, extinction events rebound quickly, filling in more niches than before the event, and eventually more than evolution without extinction events. Thus, extinction events accelerate evolution and result in the discovery of more novel solutions. Figures from Lehman and Miikkulainen (2015).

	Figure 9.2: Constructing neural networks with a GRN. GRNs, a mechanism for decoding genetic representations in biology, can also be used as an indirect encoding for neural networks. The GRN is encoded as a set of rules. The current state is represented by products (indicated by letters). The antecedents are matched with the current products, leading to the generation of more products. The match is based on similarity between products, implemented through regulatory factors. In mapping the GRN to a network, products create nodes and antecedent matches create connections between them. In this case, starting with products G and B as a starting point, matching the first rule creates a negative connection from B to itself. Because C is a similar product to B, H and D are created as hidden nodes and connected to B. Matching D in turn leads to a recurrent self-connection, as well as creating and connecting to an output node K. In this manner, a recurrent structure is created; it can be further evolved by modifying the rule set and the regulatory factors. Figure from Reisinger and Miikkulainen (2007).

	Figure 9.3: Performance, evolvability, and structure resulting from GRN-based neuroevolution. The GRN-based encoding has several useful properties, as illustrated in the Nothello game domain. (𝑎) The GRN-based indirect encoding evolves better solutions faster. (𝑏) This result is likely due to the evolvability that the system discovers over evolution, measured by how good the offspring solutions are on average. (𝑐) The evolvability is likely due to more varied networks motifs, taking advantage of recurrent structures. The significance is measured by comparing to randomly connected networks with the same size. This example illustrates a fundamental principle of evolvability: It emerges from the continuously changing fitness function (due to coevolution), makes coevolution more effective, and can thus potentially be harnessed for open-ended discovery. Figures from Reisinger and Miikkulainen (2007).

	Figure 9.4: Expressive encodings through genetic programming and neural networks. Expressive encodings make evolution more powerful by allowing for large changes. (𝑎) For instance, the phenotypes of these two GP parents are all zeros, but their crossover results in an offspring of all 1s, with a probability of 0.25. They share most of the structure except for special segments defining the variables a and b. (𝑏) A similar encoding through a neural network. The input is a constant 1, and the output is all zeros; they differ in the weights of the first layer such that a crossover results in all 1s with a probability of 0.25. (𝑐) Direct encoding of parents cannot lead to an all-1s offspring. These simple examples illustrate how expressive encodings make such miracle jumps possible when they are not possible through direct encoding. Figures from Meyerson, Qiu, and Miikkulainen (2022).

	Figure 9.5: Examples of evolved morphology. (𝑎) In the easy, flat environment, the approach developed a thick but short rear lower limb that enabled a fast gait. (𝑏) In the more complex environment that included obstacles and holes, a larger rear leg evolved that allowed the agent to push over obstacles better. Evolution thus optimized the body and control jointly to meet the challenge as well as possible. Figures from Ha (2019). Videos at https://neuroevolutionbook.com/demos.

	Figure 9.6: Optimizing for desired design properties. Evolution was rewarded for finding solutions that included small legs. (𝑎) In the easy flat environment, very small legs evolved. (𝑏) In the more challenging environment, its legs were longer, but they were the smallest that could still solve the task. In this manner, multiple design goals can be combined to obtain a variety of solutions. Figures from Ha (2019).

	Figure 9.7: Optimization without constraints. With all design constraints removed, evolution came up with a really tall bipedal walker that solves the task by simply falling over and landing near the exit! This example shows that the approach can be creative beyond preconceived human notions of what the solutions should be like. Figures from Ha (2019).

	Figure 9.8: Overview of OMNI. OMNI enables open-ended learning in vast environment search spaces by ensuring that the training tasks not only have high learning progress, but are also interesting. They harness LLMs to make such a heretofore impossible judgment. Figure from Zhang, Lehman, Stanley, et al. (2024).

	Figure 9.9: Overview of OMNI-EPIC. OMNI-EPIC continuously generates and solves new, interesting tasks in simulation. The approach maintains a task archive of learned and failed tasks. Figure from Faldor, Zhang, Cully, et al. (2025). Videos at https://neuroevolutionbook.com/demos.

	Figure 9.10: Results in Crafter. (𝑎) Conditional success probabilities of all tasks in Crafter. Tasks are organized from simple to complex based on the prerequisite tasks that must be accomplished before completing the target task. Task names (left of each row) are readable in a digital format when zoomed in. (𝑏) Performance in Crafter on all tasks. While OMNI biases training toward interesting tasks, it achieves higher average task success rates and learns more tasks than uniform sampling or choosing tasks based on learning progress alone, even across all tasks. Figure from Zhang, Lehman, Stanley, et al. (2024).

	Figure 9.11: Results in BabyAI. (a) Conditional success probabilities of a subset of tasks in BabyAI. These plots only show tasks with a success rate of at least 0.05 by any method at any time step. Tasks are organized from simple to complex based on the instruction length. (b) Performance in BabyAI on all tasks. The average task success rate scale for BabyAI is low because it is averaged over the entire task set, which includes many tasks that are difficult to learn. This approach captures the microcosm of the real world, where there can be infinitely many difficult or even impossible tasks. OMNI achieves much higher average task success rates and learns more tasks than uniform sampling or choosing tasks based on learning progress alone. Figure from Faldor, Zhang, Cully, et al. (2025).

	Figure 9.12: OMNI-EPIC performance in a long R2D2 simulation. (𝑎) Cell coverage of archive diversity plots in long runs with simulated learning by OMNI-EPIC and the controls. (𝑏) ANNECS-OMNI measure of progress for OMNI-EPIC and the controls. Dotted lines are median values, and shaded regions are 95% confidence intervals. OMNI-EPIC generated significantly more diverse tasks and continued to innovate throughout the run. Figures from Faldor, Zhang, Cully, et al. (2025).

	Figure 9.13: The POET approach. POET generates complex environments and effective agent solutions unachievable through standard ES. As depicted, agents optimized directly by ES (top row of panel (𝑎) and left panels of (𝑏) and (𝑐)) tend to develop suboptimal behaviors, often quitting prematurely. In contrast, POET not only engineers these demanding scenarios but also successfully trains agents that adeptly navigate through them, as demonstrated in the bottom row of panel (𝑎) and the right panels of (𝑏) and (𝑐). Figures from Wang, Lehman, Clune, et al. (2019). Videos at https://neuroevolutionbook.com/demos.

	Figure 9.14: Agents demonstrate advanced navigation abilities in complex scenarios engineered by POET. Notable challenges include (𝑎) navigating exceptionally large steps and (𝑏) mastering a rough-terrain course featuring a mix of narrow and wide gaps, alongside stumps of varying heights. In addition, ES alone fails to match POET’s performance in various settings. (𝑐) A dotted line at a score of 230 indicates the success threshold. The plots clearly show that ES consistently falls short of meeting the challenges effectively addressed by POET. Figures from Wang, Lehman, Clune, et al. (2019).

	Figure 9.15: POET versus direct-path curriculum-building controls. Each rose plot depicts one environment that POET created and solved (red pentagon). For each, the five blue pentagons indicate what happens in control runs when the red pentagon is the target. Each blue pentagon is the closest-to-target environment solved by one of the five independent runs of the control algorithm. The five vertices of each pentagon indicate roughness (roughness), the bottom and top values of the range of the gap width of all the gaps (gap_lower and gap_upper), and the bottom and top values for the height of stumps (stump_lower and stump_upper) in the given solved environment. The value after MAX in the key is the maximum value at the outermost circle for each type of obstacle. Each column contains sample solved environments from a single independent run of POET. Figures from Wang, Lehman, Clune, et al. (2019).

	Figure 9.16: Enhanced POET. With the CPPN-based environment generation and other innovations, enhanced POET is able to generate (and solve) a wide diversity of environments within a single run. In contrast, the original POET can generate environments only with limited types of regularly-shaped obstacles (e.g., stumps and gaps). Figures from Wang, Lehman, Rawal, et al. (2020).

	Figure 9.17: Sample episodes of chase and escape. The quadruped robot is the chaser and the red dot-bot is the escapee; the blue and red lines are their trajectories. In the experiments, some adversarial agents developed advanced evasion tactics, such as luring the quadruped robot to approach, then dodging and stopping abruptly, causing the robot to run past them.

	Figure 9.18: Comparison with baseline methods. (𝑎) Three configurations of initial positions for a static adversary. (𝑏) Trajectories of the methods when the chaser robot tries to catch an escapee robot that moves along a sine-wave-shaped route. A cross at the end of a trajectory indicates that the chaser has fallen or the target has escaped. A dot at the end means successfully catching the target at that position. Short trajectories ending with dots indicate the chaser catches the target early. The chaser trained with dynamic adversaries (blue trajectory) is able to catch the target much earlier than other baseline policies, including the policy that plays against a single opponent ([image: ]). Figures from Tang, Tan, and Harada (2020).

	Figure 10.1: Types of nodes and activation functions in the backprop NEAT experiment. The colors are used to label the nodes in figures 10.2 and 10.3. Different functions implement different computational properties that make the search for a good architecture more effective.

	Figure 10.2: An example of a network from the first generation. The network (𝑎) is tasked with classifying input samples (two-dimensional points) into one of two categories (𝑏). The initial population consists of networks that implement logistic regression with a different set of random weights. If the population is large enough and the classification problem is simple enough, some of those initial networks may already do well in the task, as is the case in this nearly linearly separable classification task. Videos at https://neuroevolutionbook.com/demos.

	Figure 10.3: Evolved backprop NEAT networks for classifying data of varying complexity. Networks (𝑎) are shown together with their classification performance (𝑏). With XOR (top row), the architecture relies on abs and ReLU that allow the forming of long lines with sharp corners. In contrast with concentric circles (middle row), the architecture takes advantage of sinusoidal, square, and Gaussian functions to establish features that work well in such radially (nearly) symmetric domains, making the machine learning task easier. With concentric spirals, it further utilizes a complex topology to approximate the complex decision boundary. In this manner, evolution discovers hyperparameters and structures that work well for the task, similar to (and possibly exceeding) the ability of human engineers to design them.

	Figure 10.4: The AlexNet deep learning architecture. This architecture put deep learning into the spotlight when it won the ImageNet competition in 2012. There are careful engineering decisions that were involved in its design, including the principled organization into convolutional, pooling, and dense layers. More recent networks are often even more sophisticated and require a pipeline that spans network architecture and careful training schemes. Much manual labor is required in addition to the human insight to make them work, which suggests that automated methods of configuring them might help. Figure from Krizhevsky, Sutskever, and Hinton (2012).

	Figure 10.5: NAS in LSTM node design. At the lowest level, NAS can be used to design nodes in a recurrent neural network. In the node diagrams shown here, the ℎ(𝑡) is the main output of the node, propagated to other nodes, and the 𝑐(𝑡) and 𝑑(𝑡) are outputs of the native memory cell, propagated internally. The green input elements denote the native memory cell outputs from the previous time step–that is, 𝑐(𝑡−1) or 𝑑(𝑡−1). The red input elements are formed after combining the node output from the previous time step–that is, ℎ(𝑡−1) and the new input from the current time step 𝑥(𝑡). The other colors identify activation functions in computational cells: ReLU, sigmoid, tanh, sin, add, and multiply. In all solutions, the memory cell paths include relatively few nonlinearities. Unlike LSTM (𝑎) and NASCell (𝑏), the evolved nodes reuse inputs and utilize extra memory cells in different parts of the node; they also discovered LSTM-like output gating. The evolved nodes for language (𝑐) and music modeling (𝑑) are different, suggesting that evolution captures and utilizes the inherent structure in these domains to perform better. In this manner, neuroevolution was able to improve upon a human design that had stayed the same for decades and was considered optimal among many variants. Figures from Rawal and Miikkulainen (2020). For a video of this search process and an interactive demo, see https://neuroevolutionbook.com/demos.

	Figure 10.6: Discovering general neural architectures through coevolution of modules and blueprints. The CoDeepNEAT approach (Miikkulainen, Liang, Meyerson, et al., 2023) aims at discovering modular architectures in an open-ended search space. (𝑎) Blueprints represent the high-level organization of the network, and modules fill in its details. The blueprint and module subpopulations are evolved simultaneously, based on how well the entire assembled network performs in the task. This principle was originally developed for evolving entire networks including the weights (Gomez and Miikkulainen, 1997; Moriarty and Miikkulainen, 1997), but it applies in neural architecture search for deep learning as well. (𝑏) The overall structure of a network evolved for the image captioning task; the rectangles represent layers, with hyperparameters specified inside each rectangle. One module, consisting of two LSTM layers merged by a sum, is repeated three times in the middle of the network. The main advantage of CoDeepNEAT is that it can discover a wide range of network structures. They may take advantage of principles different from those engineered by humans, such as the multiple parallel paths brought together at the end in this network. Figures from Miikkulainen, Liang, Meyerson, et al. (2023). For a demo of CoDeepNEAT in the character recognition task, see https://neuroevolutionbook.com/demos.

	Figure 10.7: Evolutionary discovery in the NASNet search space compared to RL and random search. In contrast with the open-ended search in CoDeepNEAT, the AmoebaNet method (Real, Aggarwal, Huang, et al., 2019) performs a more focused search. (𝑎) It evolves a stacked architecture of inception-like normal and reduction modules (cells); these networks are then scaled to larger sizes algorithmically. AmoebaNet also promotes regularization by removing the oldest individuals in the population. (𝑏) As a result, it discovers architectures that are more accurate than those discovered through random search and RL, reaching state-of-the-art accuracy in standard benchmarks like ImageNet. Figures from Real, Aggarwal, Huang, et al. (2019).

	Figure 10.8: Simultaneous optimization of network size and performance. The number of parameters in the network is in the 𝑥-axis, and the accuracy in classifying X-ray images to 14 diseases is in the 𝑦-axis. The curves show the Pareto fronts obtained in a single-objective evolution (of accuracy; green) and multiobjective evolution (of accuracy and number of parameters; blue). Both populations include a range of trade-offs, but the multiobjective evolution discovers consistently better ones, including one at the elbow that is 1/12th of the size and only 0.38% less accurate than the top accuracy. In this manner, NAS can discover architectures that not only perform well but also adhere to cost constraints, making more applications possible in the real world. Figures from Liang, Meyerson, Hodjat, et al. (2019). For a video of this process, see https://neuroevolutionbook.com/demos.

	Figure 10.9: Alternative approaches to multitask learning. When multiple tasks are learned simultaneously, the network may discover and utilize general principles underlying them, and perform better than when trained with each task alone. (𝑎) If the tasks are similar, a single column with a different head for each task may work well. (𝑏) A more flexible architecture may consist of a number of modules at each level, and each task uses them differently. (𝑐) In the most general case, a customized topology may be used to support a number of different tasks. It is difficult to decide which architecture works well; evolutionary NAS can be used to find optimal ways to do it. Figures from Meyerson and Miikkulainen (2018a).

	Figure 10.10: Network topologies discovered for different handwritten alphabets. Each network is trained to recognize handwritten characters of one alphabet. However, each topology is constructed from the same set of neural network modules (indicated by color), and thus such training results in modules that encode the underlying functional primitives of many tasks. More complex alphabets receive more complex topologies, and similar alphabets receive similar topologies. The resulting topologies are consistent across several runs of evolution and training, suggesting that they indeed capture underlying principles. Even though the training data is limited for each task, the primitives make it possible to learn each task well—and better than if the networks were trained from scratch with their own data only. Thus, NAS can be used to tie together the learning of multiple tasks so that learning with otherwise insufficient data is possible, making it possible to extend machine learning to more real-world tasks. For a video of this evolutionary process, an interactive character recognition demo, and other demos on multitask evolution, see https://neuroevolutionbook.com/demos.

	Figure 10.11: The MSuNAS approach for evolving convolutional networks. The idea is to make search practical by limiting the search space and by guiding the search. The search space consists of five computational blocks, and it is parameterized through the number of layers, kernel size, channels (that expand through the layers), and input resolution. (𝑎) The parameters are selected from a prespecified set and can be coded either as variable (𝑏) or fixed (𝑐) length individuals. A supernet is created with the largest values and subsumes the entire search space. Good trade-offs between performance and other objectives are then found in this space using the NSGA-II multiobjective search method. A surrogate model, trained with a sample of architectures in this space, is used to guide the search, and the trained supernet to initialize the weights of the candidates. The approach can find architectures that perform better than or similar to standard architectures and are smaller, with significantly less training. Figure from Lu, Deb, Goodman, et al. (2020).

	Figure 10.12: Asynchronous evaluation of individual and coevolutionary encodings. One challenge in parallelizing the evaluation of neuroevolution candidates is that the evaluation times may vary. Therefore, instead of evaluating an entire generation of candidates synchronously before generating new ones, candidates are placed in a queue and evaluated as soon as compute nodes become available. In this manner, compute nodes are never idle and evaluation can be sped up significantly. (𝑎) With encodings that represent the entire solution, the population and elites are maintained as usual, and evolution progresses in batches of 𝑀 individuals. (𝑏) With coevolutionary encodings such as CoDeepNEAT, the individuals are created and fitness is distributed among participating blueprint and module populations. The process favors individuals with short evaluation times, which means that 𝑀 needs to be larger when those times vary a lot. However, the speedup is also larger than, for instance, 14-fold for CoDeepNEAT. The bias toward networks that evaluate fast is also beneficial in NAS, resulting in more desirable solutions as a surprising side benefit. Figures from Liang, Shahrzad, and Miikkulainen (2023).

	Figure 10.13: Solving problems with NAS alone without gradient descent. In the WANN approach, network architectures are evolved with a shared random value for weights. Surprisingly, without any gradient descent, they can solve RL tasks such as bipedal walking (𝑎) and driving (𝑏), and perform competently (at 94%) in MNIST handwritten digit classification (𝑐). The diagram on the left side of (𝑐) is part of an interactive demo that shows which parts of the input and network are used to classify different handwritten digits. WANN networks can be seen as a model of precocial performance in many animal species, where newborn individuals already perform well in a number of tasks necessary for survival without any experience or learning. Figures from Gaier and Ha (2019). For interactive demos, see https://neuroevolutionbook.com/demos.

	Figure 11.1: Bilevel neuroevolution. Neuroevolution performance depends crucially on a proper setting of its hyperparameters. They can be evolved as part of the optimization process, resulting in bilevel neuroevolution. More specifically, neural networks with parameters (weights) [image: ] are evolved using a low-level neuroevolution algorithm [image: ] with parameters [image: ]. The [image: ] are in turn optimized with an upper-level MEA algorithm [image: ]. The expected fitness [image: ] is taken as the fitness of [image: ]. In this manner, the neuroevolution process can be optimized automatically, which makes it possible to solve harder problems with it. Figure from Liang and Miikkulainen (2015).

	Figure 11.2: Enhancing neuroevolution with bilevel optimization. (𝑎) Neuroevolution with eight hand-tuned evolution parameters (shown as HNE in the plot) is successful in the helicopter hovering task, but when those same parameters are optimized at the same time through bilevel evolution (HNE8), better solutions are found faster. In this manner, bilevel evolution can be harnessed to improve upon human design of neuroevolution experiments. (𝑏) The cumulative success of neuroevolution with five hand-tuned evolutionary parameters (PNE), five bilevel-optimized parameters (PNE5), and fifteen bilevel-optimized parameters (PNE15) in the double pole balancing task. More parameters allow bilevel evolution to develop a more powerful neuroevolution parameterization, resulting in faster discovery of solutions. Therefore, when bilevel optimization is available, it is better to make the neuroevolution method more flexible and configurable, even beyond human ability to optimize. Figures from Liang and Miikkulainen (2015). For videos of helicopter hovering, see https://neuroevolutionbook.com/demos.

	Figure 11.3: Regularization and robustness with evolved loss functions. Surprising synergies emerge when loss functions are evolved as part of the optimization process. (𝑎) The standard loss function, such as log loss (or cross-entropy), has a high loss for outputs that are far from correct (1.0 in this case) and a low loss otherwise. In contrast, evolutionary optimization of loss functions through GLO/TaylorGLO (Gonzalez and Miikkulainen, 2020, 2021) discovered a new principle: When the output is very close to the correct one, a high loss is incurred. This principle, termed “Baikal loss” for its shape, discourages overfitting, thus regularizing the network automatically, leading to better generalization. Such a loss is effective, but it is counterintuitive and thus unlikely to be discovered by human designers. (𝑏) Baikal loss also makes the network performance more robust. This effect can be quantified by perturbing the network weights. With Baikal loss, the network’s performance is less affected than with cross-entropy loss. This effect can be further magnified by making robustness against adversarial inputs an explicit second objective in evolution. Thus, loss-function optimization can be used to improve not just regularization, but robustness as well. Figure 𝑎 adapted from Gonzalez and Miikkulainen (2020) and figure 𝑏 adapted from Gonzalez, Qiu, and Miikkulainen (2025).

	Figure 11.4: Activation functions discovered over space and time. Activation functions are as fundamental to network performance as its weights. PANGAEA combines evolution of the function structure synergistically with gradient descent of its parameters. It is possible to discover general functions, but the approach is most powerful in customizing them to a particular architecture and task. Moreover, the functions change systematically over learning time, as well as through different depths of layers, presumably starting with coarse learning and regularization and transforming into fine-tuning and classification. These results suggest a possible duality with weight learning and a possible synergy for the future. Figure from Bingham and Miikkulainen (2022).

	Figure 11.5: Evolutionary discovery of learning methods. At the highest level, meta-learning extends to the learning mechanisms themselves. In AutoML-Zero (Real, Liang, So, et al., 2020), sequences of instructions for setup, prediction, and learning are evolved through mutation-based regularized search. AutoML-Zero first discovered simple methods such as linear models, and then several known extensions such as ReLU and gradient normalization, and eventually more sophisticated techniques such as multiplicative interactions. The approach could be particularly useful in customizing learning methods to different domains and constraints. Figure from Real, Liang, So, et al. (2020).

	Figure 11.6: Utilizing surrogates to discover surprising activation functions. Surrogate modeling can be used to evaluate activation function candidates without full training, making it possible to search in larger spaces, which may result in more innovative solutions. (𝑎) Uniform manifold approximation and projection (UMAP) embeddings of the 2,913 activation functions in the three benchmark settings (columns) in three surrogate spaces: FIM eigenvalues (top row), function outputs (middle row), and both (bottom row). UMAP is a dimensionality-reduction technique that preserves the structure of high-dimensional spaces well (in this case 13,692, 16,500, and 11,013 FIM eigenvalue histogram dimensions and 1,000 function output samples). Function performance is indicated by color coding. Similar colors cluster best in the bottom row, suggesting that using both FIM and output features as the surrogate space makes search for good functions the easiest. (𝑏) The best activation function in the CoAtNet experiment turned out to be a sigmoid. The histograms indicate the values with which it is activated in the network. At initialization (blue histogram), it is used similarly to ReLU; after training (orange histogram), both saturation regions are used. This discovery suggests that sigmoidal activations may be useful in specific situations, challenging the conventional wisdom in ML. Figures from Bingham and Miikkulainen (2023b).

	Figure 11.7: Utilizing meta-learning synergies to beat human designers. In this natural experiment, human experts and meta-learning were working at the same time to improve the accuracy of age estimation from facial images. In two datasets (D0 and D1), evolutionary meta-learning was able to discover models that performed better than those simultaneously designed by human data scientists. While the neural networks were being continuously trained, evolution optimized the learning, architecture, and data-augmentation hyperparameters. The approach discovered and utilized synergies between design aspects that were difficult for humans to utilize. The final accuracy, MSE of 2.19 years, is better than human accuracy in age estimation (3–8 years). Figure from Miikkulainen, Meyerson, Qiu, et al. (2021).

	Figure 11.8: Demonstrating the value of medical aesthetic treatment with AI. The vertical axis shows the perceived age difference from pre-treatment images to images taken at different times after treatment. The error bars indicate standard error on RIO values, averaged across individuals. Whereas the estimated age differences with placebo treatment are centered around zero, the actual Botox treatments (of which there were two versions) reduce the apparent age substantially, demonstrating that the treatments are effective. Figure from Miikkulainen, Meyerson, Qiu, et al. (2021).

	Figure 11.9: Evolving a neuromorphic race car controller. Neuromorphic control can reduce the energy consumption of both sensing and actuation, which is crucial in applications at the edge, such as self-driving cars. (𝑎) The physical platform was an F1TENTH robotic vehicle, intended to represent 1/10 of a Formula One race car. The controller was implemented on the μCaspian neuromorphic development board. (𝑏) Performance of the neuroevolved controller on various simulated race tracks. The bottom five were used for training and the top 15 for testing. Performance was measured on the 𝑥-axis as the fraction of two laps completed. The box plots show the distribution of the best networks found in 30 evolution runs; the red star is the network with the best average performance. Some tracks are more difficult than others, but evolution discovered networks that performed well on each of them, and the best network did well on nine of the 15. When transferred to a real-world track (not shown), performance was not as good as in the simulation, but still demonstrated a practical implementation of a neuromorphic controller at the edge. Figures from Schuman, Patton, Kulkarni, et al. (2022).

	Figure 12.1: Evolutionary reinforcement learning. In ERL, a population of neural networks is evolved through NE. Data collected during those rollouts is used to train a deep RL agent, which is periodically injected into the EA population. Figure from Khadka and Tumer (2018).

	Figure 12.2: Performance of ERL. In most domains, such as HalfCheetah (𝑎), Reacher (𝑐), Ant (𝑑), and Walker2D (𝑓), ERL significantly outperforms vanilla EA and deep RL approaches. By combining EA’s broad, population-driven exploration with RL’s gradient-based optimization, ERL achieves both stability and sample efficiency, leading to superior performance even in sparse-reward and deceptive environments. Figures from Khadka and Tumer (2018).

	Figure 12.3: Evolutionary function approximation. Q-learning with a manually designed neural network is compared to both NEAT and NEAT+Q. Both NEAT methods significantly outperform Q-learning in both the MountainCar (𝑎) and server job scheduling tasks (𝑏). These results demonstrate that NEAT is able to evolve the right initial parameters and architecture of value networks that are better at learning. Figure from Whiteson (2006).

	Figure 12.4: NEAT+Q evolved networks topologies. Shown here are the best neural networks evolved by NEAT+Q for MountainCar (𝑎) and server job scheduling (𝑏). Inputs are shown at the bottom, while outputs are shown at the top. Each input is also directly connected to each output node (connections are not shown). Output nodes can also be connected to other output nodes. The sparsity and irregularity of these networks suggest that they might be difficult to find through a manual process. Figure from Whiteson (2006).

	Figure 12.5: Quick adaptation through ES-MAML. The evolutionary meta-learning approach called ES-MAML allows a robot only trained in a simulated environment to transfer to the real world and adapt to changes not seen during training, such as reduced motor power and an added payload of 500g placed on the robot’s side. Figures from Song, Yang, Choromanski, et al. (2020). Videos at https://neuroevolutionbook.com/demos.

	Figure 12.6: Navigation of mobile robot with Hebbian plasticity. The navigation of the robot before (𝑎) and after lifetime learning (𝑏). The evolved learning rules allow the robot to quickly learn to navigate a maze without colliding with the walls. Figures from Floreano and Mondada (1996b).

	Figure 12.7: Dynamics in random networks with synapse-specific Hebbian plasticity. The evolved Hebbian rules allow the controller to quickly learn to control a quadrupedal robot, starting from randomly initialized starting weights. The networks are shown at three different time steps (A, B, C) during the lifetime of a robot with the standard morphology. The quick change in the initially random weights, which is driven purely by the learned Hebbian rules, is reflected in the increase in the reward performance (bottom). Even when the morphology of the robot changes through damage to one of the legs (top right), the same Hebbian network is able to adapt in a few time steps, allowing the robot to continue locomoting. Figure from Najarro and Risi (2020). Videos at https://neuroevolutionbook.com/demos.

	Figure 12.8: Hebbian network for sim-to-real transfer. A neural network incorporating Hebbian plasticity (𝑎) is trained to control a robot in simulation before being transferred to a physical robot. The approach was tested on a dung beetle (𝑏) and a gecko-inspired robot (𝑐). Training curves for the dung-beetle robot locomotion are shown in (𝑑). The graph displays the average performance and standard deviation of the best individual across five trials for each model. While the LSTM network performs slightly better in the environments seen during training, only the Hebbian network is able to control the dung beetle-like robot when transferred to the physical robot (𝑒). Figures from Leung, Haomachai, Pedersen, et al. (2025). Videos at https://neuroevolutionbook.com/demos.

	Figure 12.9: Neural activity and weights during the simulated bee’s lifetime. The top graph shows the intensity of the signal generated by the single modulatory neuron, the middle graph represents the amount of reward received upon landing, and the bottom graph tracks the synaptic weights of color inputs to the output neuron, which determine the bee’s preference for a specific flower color; the graphs line up over time. Notably, the modulatory signal remains low during flight but increases significantly upon landing, facilitating a more rapid update of synaptic weights at that critical moment. Figure from Soltoggio, Dürr, Mattiussi, et al. (2007).

	Figure 12.10: Adaptive HyperNEAT. In adaptive HyperNEAT, the CPPN is queried each time step, given the location of nodes but also the current weight of the connection and the activity of the presynaptic and postsynaptic neurons. This way, each connection in the network can learn arbitrary learning rules that can be geometrically encoded by the CPPN. Figure from Soltoggio, Stanley, and Risi (2018).

	Figure 12.11: Neural Turing machine. In an NTM, a neural network (the controller) is augmented with an external memory component that it can learn to read from and write to through dedicated read and write heads. The external memory allows the network to store information over many time steps and use it to learn algorithms such as copy, sort, or associative recall. Figure from Graves, Wayne, and Danihelka (2014).

	Figure 12.12: Evolvable Neural Turing Machine. (𝑎) The evolvable NTM is characterized by a hard attention mechanism and a theoretically infinite memory tape. (𝑏) The NTM discovered by NEAT is able to learn new associates in one shot without forgetting previously learned ones. In this manner, evolved networks with an external memory show promising performance for tasks requiring continual learning. (𝑐) Days 3 and 4 of season 1, as well as all days beyond day 2 in season 2, are not displayed but are completed flawlessly. Legend: E-I: ANN output indicating whether the food item should be consumed. E-O: ANN inputs from the environment: summer item (1–4), winter item (5–8), reward (9), punishment (10). E-S: Score indicator. TM-W: Write vector. TM-I: Write interpolation. TM-C: Content of the tape at the current head position after writing. E-J: Content jump input. TM-S: The three shift values in descending order: left, none, right. TM-R: Read vector. TM-H: Current head position after control operations. Figures from Lüders, Schläger, and Risi (2016).

	Figure 12.13: Overview of the DERL approach. DERL generates embodied agents through the interaction of two adaptive processes. The outer loop performs evolutionary search over morphologies, applying structural mutations—such as limb addition or modification, illustrated in (𝑏)—to iteratively refine the agent’s physical form. In parallel, the inner loop uses reinforcement learning to train a neural controller from scratch for each morphology (𝑐). A range of example morphologies generated within the UNIMAL design space, a modular and expressive representation for articulated agents, is shown in (𝑑). The environments in which these agents evolve vary in complexity; (𝑒) shows the variable terrain setting, composed of stochastically generated obstacles including hills, steps, and rubble. In the most complex scenario—manipulation in variable terrain—agents must not only traverse the terrain, but also manipulate an object from a randomly assigned starting location (green sphere) to a designated goal (red square), requiring coordinated locomotion and interaction with the environment. Figure from Gupta, Savarese, Ganguli, et al. (2021). Video at https://neuroevolutionbook.com/demos.

	Figure 13.1: GA process in EvoPrompt. In step 1, LLMs perform crossover on the given two prompts (words in orange and blue are inherited from prompt 1 and prompt 2, respectively). In step 2, LLMs perform mutation on the prompt. Figure from Guo, Wang, Guo, et al. (2024).

	Figure 13.2: Normalized scores on Big Bench Hard tasks for EvoPrompt. Since the tasks are challenging, GPT-3.5 was used as the LLM. Score normalization is calculated in comparison to the prompt “Let’s think step by step” with a three-shot Chain-of-Thought demonstration. The differential evolution (DE) version consistently outperformed the GA version, achieving up to 25% improvement with an average gain of 3.5%, while GA reached a peak of 15% and a 2.5% average. Figure from Guo, Wang, Guo, et al. (2024).

	Figure 13.3: The Promptbreeder approach. This process begins with a set of problem descriptions and initial prompts, creating evolution units with task and mutation prompts. Using a binary tournament genetic algorithm, it evaluates and iteratively refines these prompts across generations, enhancing their effectiveness and domain-specific adaptation. Figure from Fernando, Banarse, Michalewski, et al. (2024).

	Figure 13.4: Overview of multiple variants of self-referential prompt evolution. In (𝑎), the LLM is directly used to generate variations 𝑃′ of a prompt strategy 𝑃. Using a mutation prompt 𝑀, an LLM can be explicitly prompted to produce variations (𝑏). By using a hyper mutation prompt 𝐻, the mutation prompt itself can also be evolved, turning the system into a self-referential one (𝑐). Promptbreeder (𝑑) improves the diversity of evolved prompts and mutation prompts by generating an initial population of prompt strategies from a set of seed thinking styles [image: ], mutation prompts [image: ], as well as a high-level description 𝐷 of the problem domain. Figures from Fernando, Banarse, Michalewski, et al. (2024).

	Figure 13.5: Evolutionary model merging. The approach involves three key components: (1) evolving the mixing weights for parameters at each layer within the parameter space (PS); (2) evolving the permutations of layers within the data flow space (DFS); and (3) an integrated strategy that combines both PS and DFS. Importantly, merging in the PS goes beyond simply copying and stitching together layer parameters; it actively blends the weights, much like mixing colors (e.g., red and blue blending to form purple). Figure from Akiba, Shing, Tang, et al. (2025).

	Figure 13.6: Maximizing reward and minimizing difference in the conciseness task. Qwen models of various sizes were fine tuned to generate concise answers to questions. Compared to RL methods such as GRPO, ES makes answers concise (i.e., high reward) with very small changes to the model (measured by KL divergence). To be concise, RL hacks the reward and often results in incorrect or even nonsensical answers. The main difference is that ES explores in the parameter space rather than in the action space, presumably making it possible to discover principled and systematic changes that improve performance. Figure from Qiu, Gan, Hayes, et al. (2025).

	Figure 13.7: ELM mutation operator and MAP-Elites integration. (a) The success rate for GP mutation decreases exponentially with the number of mutations, and it produces no solutions when there are five bugs. In contrast, diff mutation degrades only with the fifth bug. The conclusion is that LLM-based mutation can indeed make multiple sensible coupled changes to code. (b) In each MAP-Elites iteration, a Python solution is sampled from the archive for each replica of a diff model. Each replica generates a batch of diffs applied to the sampled solution to produce modified candidates. These candidates are evaluated and used to update the archive. Over time, a single seed program evolves into a variety of high-performing Python programs. Figures from Lehman, Gordon, Jain, et al. (2023).

	Figure 13.8: Sodaracer seeds and discovered designs. The starting seeds are shown in (𝑎). From top to bottom: CPPN seed, radial seed, and square seed. The discovered designs are shown in (𝑏). From top to bottom: Wheel, from radial seed; Galloper, from square seed; Runner, from CPPN seed. ELM enabled bootstrapping from simple, often ineffective seed programs to hundreds of thousands of functional and diverse sodaracers in a domain unseen by the language model. These evolved artifacts were effective enough to train LLMs to generalize to novel tasks. Figures from Lehman, Gordon, Jain, et al. (2023). Videos at https://neuroevolutionbook.com/demos.

	Figure 13.9: The impact of fine-tuning the diff model on the performance of ELM. For both the pretrained diff model and the fine-tuned one, shown are (𝑎) the number of niches reached, (𝑏) the QD score of the produced map, and (𝑐) the percentage of valid/runnable diffs proposed. The experiments demonstrate that fine-tuning the diff model improves the performance of the evolutionary process across all three metrics. Figures from Lehman, Gordon, Jain, et al. (2023).

	Figure 13.10: Language model crossover (LMX). New candidate solutions are generated by concatenating parents into a prompt, feeding the prompt through any pre-trained LLM, and collecting offspring from the output. Such an operator can be created through very few lines of code. The enormity and breadth of the dataset on which the LLM was trained, along with its ability to perform in-context learning, enable LMX to generate high-quality offspring across a broad range of domains. Domains demonstrated include (𝑎) binary strings, (𝑏) mathematical expressions, (𝑐) English sentences, (𝑑) image generation prompts, and (𝑒) Python code; many more are possible as well. When integrated into an optimization loop, LMX serves as a general and effective engine of text-representation evolution. Figures from Meyerson, Nelson, Bradley, et al. (2024).

	Figure 13.11: Heritability and convergence of LMX on binary strings. (𝑎) The histogram shows the distribution of how far offspring are from the all-1s string, depending on whether parents are taken in the neighborhood of the all-1s or all-0s string. As expected, these distributions are significantly different. The conclusion is that LMX indeed produces heritable variation. (𝑏) Convergence results (median and interquartile range) for a simple genetic algorithm using either LMX or one-point crossover. Although fewer solutions converge on the optima using LMX than the classical recombination (16/20 versus 20/20), mean values are higher (Mann-Whitney [image: ]). While not as efficient as a domain-specific operator, it is clear that LMX can indeed drive an evolutionary process. Figures from Meyerson, Nelson, Bradley, et al. (2024).

	Figure 13.12: Four examples of LMX for symbolic regression. The prompt of seven parents is in blue; the LLM output parsed as (up to three) offspring is in violet; and the remaining discarded LLM output is in gray. In all cases, the children exhibit meaningful variations of their parents. Figure from Meyerson, Nelson, Bradley, et al. (2024).

	Figure 13.13: Image generation results. (𝑎) Performance aggregated (mean and standard error) over nine runs (three seeds for each color for each method; normalized to [0, 1] based on the min and max fitness for each seed) shows that LMX substantially outperforms the alternatives, such as a one-point crossover. The zero-shot LLM baseline quickly stagnates, as it is unable to iteratively refine its initial solutions; even human random solutions eventually outperform it, as they have greater diversity. (𝑏) The highest-fitness prompts and corresponding images of LMX for each color all include the word “background”, but they vary in the length and detailed content, highlighting LMX’s ability to discover diverse, non-obvious solutions. Figures from Meyerson, Nelson, Bradley, et al. (2024).

	Figure 13.14: Sodarace results. We show the results for varying numbers of parents in the LLM prompt and across LLM scale. (𝑎) Number of niches filled in MAP-Elites. (𝑏) QD scores (the sum of the fitnesses of all niches in the map). (𝑐) Validation rate (%) for the generated sodaracers. LMX generally benefits from more examples in its prompt, is able to produce reasonable variation, and often creates valid Sodarace mutations, highlighting its promise for evolving code. Figures from Meyerson, Nelson, Bradley, et al. (2024).

	Figure 13.15: Overview of EvoLLM. (𝑎) An overview of the EvoLLM procedure. An LLM suggests updates to the ES search distribution by working within a discretized search space and ranking solutions from worst to best based on performance. To manage context length as the number of dimensions increases, the search space can be divided into blocks, allowing for batch queries to the LLM. (𝑏) Aggregated results from eight BBOB benchmark settings and three neuroevolution control tasks. Results are averaged over 10 runs for BBOB and five runs for control problems. LLM-driven evolution strategies (green) consistently outperform traditional baselines (blue). Figures from Lange, Tian, and Tang (2024a).

	Figure 13.16: EvoLLM Prompt Design Space. All solution evaluations and their performances are tracked in a context buffer. This buffer is used to construct query prompts for the LLM. After parsing the LLM output and performing sampling, the resulting population is evaluated, and the new information is added to the buffer. Figure from Lange, Tian, and Tang (2024a).

	Figure 13.17: AlphaEvolve discovery process. The user provides an initial program (with components to evolve marked), evaluation code, and optional configurations. AlphaEvolve then initiates an evolutionary loop. The prompt sampler uses programs from the program database to construct rich prompts. Given these prompts, the LLMs generate code modifications (diffs), which are applied to create new programs. These are then scored by evaluators, and promising solutions are registered back into the program database, driving the iterative discovery of better and better programs. Figure from Novikov, Vũ, Eisenberger, et al. (2025).

	Figure 13.18: Illustrative example of applying AlphaEvolve to evolving a supervised learning pipeline. All snippets are abbreviated, with ellipses (…) indicating skipped lines. (𝑎) The user-provided file with blocks marked for evolution, and the special evaluate function that can be invoked to score the current version of the code. (𝑏) Example of an assembled prompt to be provided to the LLMs. (𝑐) Example output generated by the LLM. The proposed diffs in (𝑐) will be applied to the current program shown in the prompt (𝑏), and the resulting modified program will then be sent to the evaluators. The evaluators will invoke the evaluate function from (𝑎) to obtain the scores of the newly proposed program. This approach makes it possible to harness the power of population-based search in a wide range of problems from simple mathematical objectives to performance-critical engineering tasks. Figures from Novikov, Vũ, Eisenberger, et al. (2025). Video at https://neuroevolutionbook.com/demos.

	Figure 13.19: Overview of the two-phase MarioGAN approach combining GAN training and latent vector evolution. (𝑎) In phase 1, a GAN is trained in an unsupervised manner to generate Mario levels. (𝑏) In phase 2, the search focuses on identifying latent vectors that produce levels exhibiting desired properties. The approach thus combines the power of generative models to learn from existing level examples, with the ability of evolution to search that space efficiently. Figures from Volz, Schrum, Liu, et al. (2018). Video at https://neuroevolutionbook.com/demos.

	Figure 13.20: Examples of MarioGAN-generated level segments. Shown are level segments optimized to maximize (𝑎) and minimize (𝑏) the number of jumps, respectively. Searching the latent space of a GAN through CMA-ES allows the algorithm to quickly find level segments satisfying the given objectives. Figures from Volz, Schrum, Liu, et al. (2018).

	Figure 13.21: Example levels generated by MarioGPT. MarioGPT can successfully generate levels aligned with the text prompt in most cases (𝑎–𝑒). For instance, levels vary in pipe count, enemies, and block distribution according to the description. Failure cases are rare, such as in (𝑓), where enemies are still being generated despite being excluded in the prompt. Figures from Sudhakaran, González-Duque, Freiberger, et al. (2023). Video of an agent playing a generated level at https://neuroevolutionbook.com/demos.

	Figure 13.22: Novelty search framework with MarioGPT-based mutation operators. A level is selected from the archive of top elites and undergoes mutation. If the resulting level exhibits sufficient novelty, it is added back to the archive. The mutation process consists of two steps: (1) a random segment of the level is replaced with a new sample generated by MarioGPT, using a randomly selected prompt; and (2) the surrounding border region is inpainted using MarioBERT to ensure path continuity and playability. Figure from Sudhakaran, González-Duque, Freiberger, et al. (2023).

	Figure 13.23: World model architecture. The agent consists of three components that work closely together: vision (V), memory (M), and controller (C). The world model components V and M can be trained efficiently in an unsupervised manner through gradient descent to capture compressed spatial and temporal representations of the environment. Leveraging these learned features, a compact and simple controller can then be evolved to solve the target task. Thus, this world model combines both neuroevolution and a generative world model in a synergistic way. Figure from Ha and Schmidhuber (2018b). Videos at https://neuroevolutionbook.com/demos.
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Foreword


Neuroevolution is the study of how to use evolutionary computation methods in the design and optimization of neural networks. And neuroevolution might just be the “next big thing” in artificial intelligence (AI). Why neuroevolution? And why now?

Since the beginnings of the field of AI in the 1940s and 1950s, AI researchers have taken inspiration from intelligent and adaptive systems in nature. The best-known example is biological brains, which led to neural networks and deep learning. But other inspirations for AI have included biological systems ranging from immune systems to ant colonies, and most notably, the processes of evolution driven by natural selection.

Work on evolution-inspired AI has gone under the names “genetic algorithms,” “evolution strategies,” “genetic programming,” and more generally “evolutionary computation.” All such approaches involve populations of individuals that represent solutions to a problem or set of problems, where a solution can be in the form of a vector, a program, a grammar, or other kinds of data structures, depending on the task. Each individual is assigned a “fitness” value encoding its quality according to some task-specific criteria, and the population undergoes a computational version of natural selection, in which the fittest individuals produce “offspring”; that is, new individuals, with variation generated by mutation and recombination. This process is repeated for some number of iterations (“generations”), at which point one or more highly fit solutions have (hopefully) been discovered.

My own enchantment with evolutionary computation started in graduate school at the University of Michigan, where I had the privilege to study with John Holland, the founder of the field of genetic algorithms (GAs). In his book Adaptation in Natural and Artificial Systems,1 Holland showed that biological evolution could be abstracted in such a way as to be programmed and run on machines. In my own computational experiments with GAs, it was thrilling to witness innovative solutions to complex problems being created via the simple mechanisms of selection and variation, iterated over many generations.

Holland’s work on GAs began in the 1960s. Around the same time, a few other groups were investigating similar ideas, such as the evolution strategies of Hans-Paul Schwefel and others.2 During the 1960s and in subsequent decades, research on neural networks and on evolutionary computation advanced along largely independent paths, each area growing its own research community with separate conferences, journals, and benchmarks for measuring progress. These lesser-known, biologically inspired AI approaches stood in contrast to the logic-inspired, symbolic AI methods, including “expert systems,” that dominated the field.

By the late 1980s, there was widespread sentiment that none of the major AI methods—symbolic, neural, or evolutionary—had lived up to expectations, and an “AI winter” set in. Indeed, when I graduated with a PhD in 1990, I was advised not to use the term “artificial intelligence” on my job applications.

In the 1990s and early 2000s, the next big thing in AI was machine learning, which, at the time, drew its inspirations from statistics and other mathematical approaches to inference from data. However, research continued on both neural networks and evolutionary computation in relatively small communities.

This changed dramatically in the 2010s with the meteoric rise of deep neural networks, a technology that had been around since at least the 1980s, but suddenly showed dramatic improvements in performance due to scale—the ability to train very large networks with sufficient data by virtue of increased compute power and the availability of enormous corpora of images, text, and other modalities on the World Wide Web. The 2010s saw the “deep learning revolution” in computer vision, speech recognition, language translation, and other long-studied areas of AI. In the 2020s, the world witnessed the rise of generative AI, based on the transformer architecture, a kind of deep neural network architecture optimized for sequence learning. The most successful generative AI models have up to trillions of tunable parameters, and are trained on up to a petabyte of data. It seemed to many that scaling up these systems would soon result in machines with human-level intelligence.

However, several years after the release of ChatGPT, most AI researchers are coming to the conclusion that scaling alone is actually a “dead end.”3 While the best generative AI systems are remarkably good at many things, they remain stubbornly brittle on tasks requiring complex decision-making, as well as trustworthy generalization, reasoning, and planning—abilities needed for intelligent agents that accomplish ill-defined or open-ended tasks in the real world.

This book argues that neuroevolution will be part of a new revolution in AI. The development of evolutionary methods for optimizing different components of neural networks dates back to the 1980s. And as it did for neural networks, scaling computing power and data might unlock neuroevolution’s potential. As the prominent roboticist Rodney Brooks speculated, “Perhaps there is an opportunity to reinvent evolutionary computation and exploit the competition ready training sets and massive amounts of computation.”4

Interest in evolutionary computation has stemmed from the fact that evolution, at scale, has given rise to many essential features of intelligent and adaptive systems. These include the abilities to continually adapt to changing environments, to design open-ended diversity and novelty, and to create collective intelligence—complex multi-agent systems that, via cooperative and competitive interactions, produce adaptive behavior that is far more than the sum of their parts. In addition, evolution is a mechanism for hierarchical adaptation, simultaneously working on many levels ranging from genes to individuals, and on to groups and even entire coevolutionary ecosystems. This book makes the argument that such features can be captured in computational systems, and provides readers the essential knowledge and tools they will need to build neuroevolutionary AI.

Authored by four pioneering neuroevolution researchers, this book provides detailed primers on the major ideas, methods, and mathematics underlying both evolutionary computation and neural networks, and on the many ways in which they can be combined, summarizing advances from decades of work in this field. The book also provides numerous real-world case studies in domains such as decision-making, control systems, robotics, and video games, which demonstrate the ways in which these methods can be used to deal with dynamic, ambiguous, and uncertain environments, to simultaneously optimize multiple levels of a system, often taking into account multiple goals, and to enable lifelong learning, open-ended adaptation, and novelty creation.

The next big thing in AI is coming, and I suspect that neuroevolution will be a major part of it.

Melanie Mitchell, Santa Fe, New Mexico, March 2025

 


	1Holland, J. H. (1975). Adaptation in Natural and Artificial Systems. University of Michigan Press.


	2Schwefel, H. P. (1984). Evolution Strategies: A Family of Non-Linear Optimization Techniques Based on Imitating Some Principles of Organic Evolution. Annals of Operations Research, 1.


	3https://futurism.com/ai-researchers-tech-industry-dead-end.


	4https://x.com/rodneyabrooks/status/1204249201913122817.
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Preface


Artificial intelligence (AI) has surged into mainstream popularity, with generative AI technologies such as large language models (LLMs) capturing the public’s imagination. Conversations about AI’s potential and power are everywhere, as these models compose text, generate images, and mimic human language at an unprecedented scale. Amid this boom, however, lies another field with equally transformative potential: neuroevolution. Neuroevolution has developed unique approaches and capabilities that have yet to capture the same level of mainstream attention.

Neuroevolution, which combines principles of neural networks with evolutionary processes, has been around for decades. It offers solutions that go beyond imitation and pattern recognition, extending into areas of adaptability, creativity, and resilience. While traditional AI often relies on predefined objectives and vast datasets, neuroevolution excels in environments where goals are ambiguous, rewards are sparse, and conditions are ever-changing. This approach introduces a method of designing and evolving AI systems that can handle complex, high-dimensional problems with minimal human intervention, and it is precisely this adaptability that is set to bring neuroevolution to the forefront of AI in the coming years.

As AI advances into realms requiring flexibility and open-ended problem-solving, neuroevolution has shown great promise in evolving robust, adaptive, and creative solutions. It is particularly promising for applications where the optimal solution is unknown or hard to define, such as robotics, dynamic systems, and even art and design. With neuroevolution, we can create agents that not only evolve but also learn continuously during their lifetime, much as biological organisms do in nature.

This book serves as a gateway into the world of neuroevolution, providing readers with both a foundational understanding and practical tools for harnessing its potential. It covers the core concepts, algorithms, and applications of neuroevolutionary systems, with each chapter containing examples and questions that encourage readers to engage critically with the material. By offering insights into synergies with generative AI, reinforcement learning, and other domains, we hope to demonstrate the relevance of neuroevolution to the future of AI.

This book would not have been possible without the contributions of researchers and pioneers in neuroevolution and evolutionary computation, whose insights and innovations have laid the foundation for this work. We are also grateful to our colleagues, students, and readers who have inspired us with their curiosity and feedback, helping us to refine and expand upon the ideas presented here. We would also like to thank our MIT editor Elizabeth Swayze, who believed in this project early on and was a pleasure to work with.

An addition, we would like to express our gratitude to everybody who gave us permission to reproduce images and figures from their publications. We indicate the figure sources throughout the book in the captions. Special thanks to Ken Stanley for giving detailed feedback on a draft of this book, Noah Syrkis for assistance in obtaining figure permissions, and Julianna Nijmeh and Manasha Vengat for help in designing and building the book’s website (https://neuroevolutionbook.com/).

Writing this book has been a long journey. We want to thank our families and friends for their support, without which this book would not have seen the light of day. Sebastian would like to thank his wife, Débora, for her support and patience throughout the countless hours spent writing this book. He is also deeply grateful to his parents, whose love, encouragement, and belief in him have shaped the path that made this work possible. Yujin is very grateful to his wife, Jinmei, for tolerating many late nights and caffeine-fueled ramblings; half the credit for his contribution to this book belongs to her. David would like to thank his parents for their unwavering support, love, and encouragement throughout every step of this journey. Risto would like to thank his wife, Riitta, and mom, Raili, for providing a distraction-free environment for three-month writing binges in Helsinki. We would also like to thank Sakana AI and Cognizant AI Lab for the financial support, which allowed this book to be enjoyed in color.







Chapter 1
Introduction



To illustrate what neuroevolution is about, consider the following four challenges (figure 1.1).

[image: (a) A robotic figure runs in a desert with other similar figures in the background. (b) A graph shows a time series and stacked bar charts. (c) A complex network diagram with colored nodes and arrows. (d) A gridded surface with colored cubes and spheres on it.]
Figure 1.1: Illustrative opportunities for neuroevolution. (𝑎) A character in a video game is controlled by an evolved neural network. It balances multiple objectives, including ill-defined ones such as “human-like behavior.” (𝑏) Based on a predictive model learned from historical data (top), neuroevolution constructs a strategy that can be applied to different countries at different times. It discovers customized solutions (bottom) that are more effective than general rules of thumb. (𝑐) In learning multiple tasks at once, neuroevolution discovers a common set of modules, and for each task, a different architecture made of these modules (this one recognizes handwritten characters in the Angelic alphabet; the different modules are labeled by color). By combining knowledge from multiple tasks, neuroevolution can make deep learning work even when the data is otherwise insufficient. (𝑑) Neuroevolution discovers sophisticated coordination that allows simulated hyenas to steal a kill from lions. It is possible to identify what steps in evolution led to this breakthrough; i.e., the descendants of risk-taking (red) and risk-averse (blue) hyenas will evolve to approach up to the striking distance (black dotted square) where they can overpower the lion (yellow, with a zebra kill). Figure 𝑐 from Liang, Meyerson, and Miikkulainen (2018).


Imagine that you want to create a character in a video game where you, as the player, perform search and rescue. This character acts as your sidekick, scouting for helpful information, helping move large objects, and so on. You want the character to anticipate what you want to do and act in a believable, human like manner: It has limited resources, as you do, but generally uses them well. How do you design such a character? Many of its characteristics are difficult to describe, but you know it when you see it.

Now imagine that a new pandemic is emerging. It seems to target particularly vulnerable populations, to be transmitted through the air in crowded conditions, and to have a long incubation period. The disease has already led to hospitalizations in several countries, and some have taken measures to contain it: for example, by closing schools, restricting air travel, and establishing contact tracing. Eventually, the pathogen will be sequenced, and vaccines and medications perhaps developed for it, but we need to cope with the spread of the disease right now. Can we learn from these experiences around the world, and come up with intervention recommendations that are customized for the current situation in different countries, or even different cities and neighborhoods?

You are an analyst at a retailer, trying to predict sales of different products in different stores to optimize inventory and minimize waste. You have historical data that includes product descriptions, seasonal variations, and economic indicators, which should allow you to use deep learning to make predictions. However, there is not enough data to do that: Such a network would likely learn to memorize the small dataset and not generalize well in the future. However, there is a lot of data about other types of sales, as well as other economic and retail metrics. Could you design a deep learning architecture that utilizes all these other datasets so you can learn to predict your data better?

You are a biologist studying the behavior of a particular species, such as hyenas. You discover that in some circumstances, they perform an extremely sophisticated coordination of collaborative actions that allows them to overpower a group of lions. While hyenas are good at many social tasks, this one stands out as something beyond their usual capabilities. Could we be seeing evolution taking place; that is, an adaptation that eventually leads to a leap in social intelligence? It is not possible to verify the hypothesis in the field, or even in the lab: the relevant pressures may operate over many generations, the key events may be rare, and the ecological conditions that give rise to them may be impossible to reproduce experimentally. Could we create a computational simulation to provide evidence for it?

These four examples illustrate neuroevolution in action. Neuroevolution, or optimization of neural network designs through evolutionary computation, is an approach in the artificial intelligence (AI) toolbox that is different from just about anything else. The idea is not to optimize a quantitative metric, but rather to find solutions that achieve multiple goals, some of which may be ill-defined; not to replace human creativity and decision-making authority, but to extend it with a powerful tool for discovery; not to solve problems by encoding and applying what already works, but to discover creative, effective solutions that can be surprising and difficult to find; not to create static and rigid solutions, but behavior that generalizes and adapts to an unpredictable and changing world. Thus, with neuroevolution, it is possible to develop AI-based decision-making to improve engineering, science, and society in general.

This book aims to give the reader the conceptual and practical knowledge needed to take advantage of neuroevolution in a range of applications, and also to develop it further. The discussion will begin in this chapter with a high-level overview of neuroevolution mechanisms, comparing and contrasting them with other types of creative AI, and identifying opportunities where neuroevolution can have the most significant impact. The rest of the book then reviews evolutionary computation basics, methods for taking advantage of encodings and diversity, constructing intelligent agents, empowering and leveraging other learning systems (such as deep learning, neuromorphic, reinforcement learning, and generative AI), and modeling and drawing insights from biology.


1.1   Evolving Neural Networks

Neuroevolution is the practice of applying computational evolution methods to artificial neural networks. Most students of machine learning (ML) are taught that to train a neural network, one needs to define an objective function to measure how well the neural network performs in the task, use backpropagation to solve for the derivatives of this objective function with respect to each weight, and then use these derivatives iteratively to find a good set of weights. This framework is known as end-to-end training.

While the backpropagation algorithm is a powerful method for many applications, it is certainly not the only one. There are other methods for coming up with neural network weights. For example, going to one extreme, one method is to randomly guess the weights of a neural network until we get a set of weights that can help us perform a task.

Evolutionary algorithms (EAs) are a principled approach beyond random guessing. It works as follows: Imagine that we have 100 sets of random weights for a neural network, and we evaluate the neural network with each set of weights to see how well it performs a given task. After doing this, we keep only the best 20 sets of weights. Then, we populate the remaining 80 sets of weights based on the 20 sets that we kept. Those 20 serve as raw material, and we apply genetic operations crossover and mutation to form new sets of weights; they preserve useful structure while introducing variation.

Crossover is a recombination operator; that is, it forms a new set by choosing randomly from two (or more) existing sets. Note that the existing sets are known to be relatively good already, so crossover aims to find ways to combine their strengths. Mutation is a novelty operator; that is, it chooses a weight in the new set randomly, and modifies it randomly to create a new weight. Thus, mutation aims to create weights that may not already exist among the top 20 sets but would be useful to have.

The 80 new sets of weights thus constitute a mutated recombination of the top 20. Once we have a full population of 100 sets of weights again, we can repeat the task of evaluating the neural network with each set of weights again and repeat the evolution process until we obtain a set of weights that satisfies our needs (figure 1.2).
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Figure 1.2: A general framework for neuroevolution. The process starts with a population of neural networks, encoded e.g., as a set of weights in a fixed network topology, concatenated into a string, and initialized randomly. Each encoding is decoded into a network, which is then evaluated in the task to estimate its fitness–that is, to see how well it performs in the task. The encodings of networks that perform well become parents for the next generation of networks: They are mutated and recombined with other good encodings to form offspring networks. These offspring networks replace those that performed poorly in the original population. Some of these offspring networks are likely to include good parts of both parents, and therefore they will perform better than their parents. This process repeats until networks are eventually created that solve the task. Note that gradient information is not necessary; only high-level fitness information is needed. Thus, neuroevolution is a population-based search that discovers and utilizes building blocks as well as random exploration, resulting in network designs that perform well in a desired task. Figure by Faustino Gomez (2025).


This type of algorithm is an example of neuroevolution. It is very useful for solving for neural network weights when it is difficult to define a mathematically well behaved objective function, such as functions with no clear derivatives. Using this simple method in the past, we have been able to train neural networks to balance inverted pendulums, play video games, and get agents to learn to avoid obstacles collectively.

In the past few decades, however, neuroevolution has developed into a branch of AI of its own. Several new techniques beyond random exploration have been proposed to make it systematic and effective, and it has turned out to be a state-of-the-art (SOTA) method in many application areas. This book reviews these techniques and opportunities. But let us start by outlining neuroevolution’s role in AI in general.



1.2  Extending Creative AI

The field of AI is going through a transformation, a paradigm shift. It is emerging from the laboratory and getting integrated into the mainstream of society, changing how much human intellectual activity is organized and conducted. Technically, the focus of AI methods is moving from prediction to prescription: that is, from imitating what people do to creating new solutions that have not existed before. For instance, instead of recognizing images and understanding language, or predicting the weather or binding strength of molecules, AI is now generating images at will, writing prose and answering questions, creating new molecules that never existed before, and making decisions about resource allocations, treatment plans, and engineering design. This technology has been named agentic AI because it consists of intelligent agents that make changes in the world.

There is no single technology or breakthrough that made this progress possible; instead, it emerged from the confluence of several factors. A most important one is simply the availability of massive amounts of data—much of human experience (e.g., text, code, images, video, music, and scientific datasets) is now available online. At the same time, computational resources are now available on an unprecedented and unexpectedly large scale—a million-fold increase from the 1990s to the 2010s (Routley, 2017), and about four orders of magnitude since then. As a result, many of the techniques that have been known since the 1990s—techniques that looked promising but never quite worked at scale—can now be scaled up and made to work.

The most impactful one, of course, is large language models (LLMs; Hadi, Al-Tashi, Qureshi, et al., 2025; Min, Ross, Sulem, et al., 2024). Gradient descent as a learning mechanism for neural networks became popular in the 1980s (although conceived much before), and the task of predicting the next word in text (or more generally, a token in a sequence) has been used to demonstrate properties of neural networks for decades. An important innovation in modeling language structure was the transformer architecture, which allows discovering and representing several levels of relationships within the sequence. However, it was still surprising that when scaled up a billion fold in terms of data and compute, language modeling results in an agent that encodes general knowledge about the world and can cope with many of the tasks in it. How exactly the scale-up achieved such behavior, whether it is based on principles similar to the human brain, and how we can take advantage of it in a reliable and productive manner are still discoveries that need to be made, but this pursuit has already fundamentally changed the way we think about AI and artificial agents. These agents can have useful knowledge and skills similar to and even beyond human abilities, and we can interact with them similarly to human experts (Miikkulainen, 2024).

Image generation models are similarly a major step forward in generative AI. Various techniques can be used, such as generative adversarial networks (GANs) or transformers, but many current models are based on diffusion: A sequence of noising and denoising operations is used to tie together a linguistic expression of the desired image (Luo, 2022). With very large training sets of images and descriptions, the system learns the general principles about the visual world, and can then use them to create images that have never existed before. The approach can be extended to video and sound as well. One difference between this and LLMs is that the applications are mostly creative; that is, humans give high-level descriptions of what they want and the model makes a guess of what the human has in mind. They are not used to answer questions about facts (e.g., to create a map of an actual city); therefore, they cannot really be wrong. Yet they still encode a lot of knowledge about the world: objects and actors in it, their relationships, and even ill defined concepts such as styles, moods, and emotions. They can thus serve as an extension of human creativity.

Indeed, LLMs and image models are already useful in this role of enhancing human creativity. Experts can use them as a tool that makes them more productive. In an interactive setup, the expert can describe what s/he wants, and the AI will generate alternative solutions, be it illustrations, diagrams, memos, lyrics, art, stories, translations, music, code for algorithms, or code for interfaces. Humans can then refine these solutions until they solve the problem. The process can thus be more comprehensive, efficient, and creative than without such tools. However, what really made AI break out from the lab to the mainstream is that these tools are also useful for non-experts. A much larger segment of the population can now create art, text, and code at will and be effective and proficient in it, in a way that they never could before. For instance, I can write an outline of a story, and use AI to realize it in a particular style, and another AI to provide illustrations for it—even if I’m not a skilled artist or a writer. Similarly, I can describe an idea for a method to extract knowledge from a dataset and then use AI to implement the method in a language such as Python. If the database has an esoteric application programming interface (API), I can have AI read the documentation and write the code to get the data. I can do this even if I’m not a programmer or do not have enough technical understanding to interpret the documentation.

The third area of AI that has recently emerged from the lab and is changing the world is decision-making—in behavior, design, and strategy. That is, we have autonomous agents that behave intelligently: for instance, drive a car in open-ended traffic conditions or control non-player characters in video games. Using AI, we can design a better shape for a train’s nose cone, or molecules that detect pathogens more accurately or treat diseases more effectively. Based on datasets in healthcare, business, and science, AI can be used to recommend more effective treatments, marketing campaigns, and strategies to reduce global warming. This kind of AI differs from the first two, in that it is not based on learning and utilizing patterns from large datasets of existing solutions. Gradient descent cannot be used because the desired behaviors are not known—hence there are no targets from which to backpropagate. Instead, decision-making AI is based on search—trying solutions, evaluating how well they work, and then improving them. The most important aspect of such methods is to be able to explore and extrapolate: that is, to discover solutions that are novel and unlikely to be developed otherwise.

Like the other two methods, decision-making AI benefits massively from scale. There are two aspects to it. First, scaling up to large search spaces means that more novel, different, and surprising solutions can be created. A powerful way to do this scale-up is to code the solutions as neural networks. Second, scaling up the number of evaluations means that more of the search space can be explored, making their discovery more likely. This scale-up is possible through high-fidelity simulations and surrogate models; predictive machine learning models. Like LLMs and image models, these technologies have existed for a long time—and the massive increases in computational power are now ready to make them practical, and take them from the laboratory to the real world. Thus, decision-making AI is likely to be the third component of the AI revolution, one that is emerging right now.

The technologies enabling it are different from LLMs and image models (although they can also be used to enhance the emergence, as will be discussed in chapter 13). An obvious one is reinforcement learning (RL), which started in the 1980s and 1990s as a model of animal conditioning and is still largely based on lifetime exploration and adaptation of a single individual solution. RL takes many forms. The most dominant one has been based on Q-learning; that is, the idea that different decisions at different states have different utility values (Q-values), which can be learned by comparing values available at successive states. An important aspect of such learning is that instead of storing the values explicitly as an array, a value function is learned that covers a continuous space of states and decisions. In that manner, the approach extends to large spaces often encountered in the real world. For instance, a humanoid robot can have many degrees of freedom, and therefore many physical configurations, and perform many different actions—even continuous ones. A value function assigns a utility to all combinations of them. This approach in particular has benefited from the progress in neural networks and deep learning, as well as the increase in available compute: It is possible to use them to learn more powerful value functions (e.g., deep Q-networks; Mnih, Kavukcuoglu, Silver, et al., 2015). With sufficient compute, policy iteration has emerged as an alternative to Q-learning. Instead of values of decisions at states, the entire policy is learned directly as a neural network. That is, given a state, the network suggests an optimal action directly. Again, methods such as REINFORCE have existed for a long time (Williams, 1992), but they have become practical with modern compute.

As a result, several real-world applications have emerged. The best-known ones are in game playing: For instance, RL was used as an element in beating the best human players in Go and chess, as well as in simulated car racing (Silver, Hubert, Schrittwieser, et al., 2018; Wurman, Barrett, Kawamoto, et al., 2022). Applications have also started to emerge in scientific domains such as protein folding and drug design (Korshunova, Huang, Capuzzi, et al., 2022).

Importantly, however, scale-up is still an issue with RL. Even though multiple modifications can be evaluated in parallel and offline, the methods are still primarily based on improving a single solution; that is, on hill-climbing (figure 1.3𝑎). Creativity and exploration are thus limited. Drastically different, novel solutions are unlikely to be found because the approach simply does not explore the space widely enough. Progress is slow if the search landscape is high-dimensional and nonlinear enough, making it difficult to find good combinations. Deceptive landscapes are difficult to deal with since hill-climbing is likely to get stuck in local minima. Care must thus be taken to design the problem well so RL can be effective, which also limits the creativity that can be achieved.

[image: (a) 3D graph showing a path along a surface with multiple peaks. (b) 3D graph showing numerous peaks marked with “A” across a multicolored surface.]
Figure 1.3: Discovering solutions in large, multidimensional, deceptive search spaces. (𝑎) Hill-climbing methods such as gradient descent and RL are well-suited, but also limited to small, low-dimensional, regular search spaces. If the initial solution is in the scope of the optimum, hill-climbing will find it. (𝑏) Population-based search extends to large, high-dimensional, deceptive spaces. For instance in this deceptive space, the population is distributed over several peaks, and operations such as crossover allow for long jumps between them.


Evolutionary computation (EC) offers the missing piece. With a population of candidates, it is possible to explore more widely (figure 1.3𝑏). The population can be created to be highly diverse, covering the various areas of the search space. If some such candidate does not work out, that’s all right; many other candidates are exploring other areas. However, evolutionary search is much more than simply a large number of diverse, parallel searches. As soon as a good idea is discovered (i.e., a solution that solves part of the problem, or a special case) that information is available to other solutions through crossover (figure 1.4). Good ideas thus spread quickly, and other parallel searches can take advantage of them. As will be discussed in section 11.1, it is thus possible to find solutions in vast search spaces (e.g., [image: ] states), high-dimensional search spaces (e.g., 1B parameters), and spaces that are highly nonlinear and deceptive.


[image: Diagram showing the evolution of a population of solutions across generations (GEN 1–GEN 9), with solutions represented as dots varying in size, as well as a visual representation of parent and offspring solutions.]
Figure 1.4: Finding solutions with population-based search. The search space is depicted as a rectangle; the solutions are dots whose size corresponds to their fitness. Population-based search (i.e., evolutionary optimization) starts by spreading the initial population broadly around the search space, thus exploring a diverse set of solutions. The poor solutions are discarded, and the good ones are recombined with other good solutions through crossover and mutation, creating an offspring population. After several generations, the population converges around the best solutions. They often represent different trade-offs from which the human decision-maker can choose. In this manner, the search can discover a host of possible creative solutions. Figure from Miikkulainen and Forrest (2021).


These properties of evolutionary computation are useful in general in discovering many different kinds of solutions, such as designs described as parameter vectors, program trees, or solution graphs. However, they are particularly useful for discovering neural networks for decision-making tasks. Remember that the optimal behaviors are not known, so they must be found using search. The space of possible neural networks that implement the behaviors is vast and high-dimensional and features highly nonlinear interactions. Therefore, evolution can be used effectively to discover neural networks for decision-making. This is what neuroevolution is all about.



1.3  Improving the World

The utility of neuroevolution is tremendous. First, it can be used to discover and optimize behavior for intelligent agents; that is, systems that are embedded in an environment and interact with it over time. The networks map situations in the environment onto actions that achieve multiple goals. In this manner, it is possible to optimize control for cars, planes, other vehicles, and robots in general—and not only control but behavioral strategies as well, such as anticipating and avoiding obstacles, optimizing trajectories, and minimizing energy usage and stress on the hardware. In simulated worlds, it is possible to discover effective behavior for non-player characters, guiding them toward various types of strategies such as aggressive or conservative actions, and even ill-defined ones such as human like and believable actions. Strategies for dynamic optimization of logistics, transportation, manufacturing, and control of chemical and biological plants, as well as intelligent buildings and cities, can be developed.

Second, neuroevolution can be used to discover customized strategies for decision-making. These networks map descriptions of problems directly to solutions. For example, in wellness and healthcare, given a description of a person’s medical profile as input, they can make nutrition or exercise recommendations, or design personalized medical treatments and rehabilitation plans, maximizing benefits while minimizing cost and side effects. In business, they can create marketing strategies customized to the product, season, and competition, or investment strategies optimized to current markets and resources. They can discover effective incentives for recruiting and retention in particular cases, as well as effective responses in customer service situations. In education, they may assign personalized exercises that are maximally effective with the least amount of work. The same approach applies to physical training while minimizing injury risk. There are many “AI for good” applications in society as well, such as discovering effective non-pharmaceutical containment and mitigation strategies in a pandemic, optimizing land use to mitigate climate change, and designing and operating ecological villages.

Third, it is possible to use neuroevolution to optimize other learning methods. Evolution creates optimal designs for them so that elements such as deep learning, reinforcement learning, or spike-timing-dependent plasticity can be as effective as possible. For instance, architectures, loss functions, activation functions, data augmentation, and learning rules can be discovered specifically for different deep learning tasks and datasets. Networks can be evolved as transfer functions for cellular automata, allowing them to perform more complex tasks. They can be evolved to serve as kernels for Gaussian processes, or as value functions in Q-learning. It is possible to optimize them for particular hardware limitations, such as limited compute or memory, or for specific neuromorphic hardware, to take the best advantage of available resources. In domains where deep learning might work well but there is not enough data available to train it, as is often the case in the real world, it may be possible to evolve neural network architectures that combine data from multiple other tasks, thus making more deep learning applications possible. Neuroevolution can be combined with reinforcement learning, such as for evolving general approaches that are then refined over the lifetime of the individual, and by evolving reinforcement learning mechanisms themselves, such as learning and memory mechanisms, and starting points. Neuroevolution can also be used synergistically with LLMs in several ways: by evolving prompts, fine-tuning, and ways to merge multiple models and to orchestrate them, or using LLMs to implement evolutionary operations in domains where it would be otherwise difficult to do. Neuroevolution can thus enhance the performance of LLMs, and LLMs enhance evolution.

Fourth, since neuroevolution emulates biological adaptation (evolution) and encodes solutions in biologically motivated processors (neural networks), it is a natural approach to studying biological behavior. Neuroevolution experiments can shed light on questions such as how mating, hunting, herding, and communication emerged over evolution, and even how language and intelligence generally resulted from adaptation and niching in biology. A computational model provides the ultimate understanding in cognitive science, and neuroevolution can be used to motivate such models from a biological perspective. On the other hand, such biological connections can provide insight into how intelligent artificial systems can be engineered to be effective, robust, and resource-efficient.



1.4  Plan for the Book

This book provides a comprehensive introduction to these topics. The goal is to familiarize the reader with the various neuroevolution technologies, but also to provide the tools to take advantage of them, develop them further, and build applications. The major algorithms are reviewed and their origins and motivation are explained; concrete examples of their use are given and references are provided in the literature; and open areas of research are identified and suggestions for further work are given. A number of case studies are presented in depth, illustrating how the concepts can be used to address more complex challenges and problems in the real world.

While the book assumes basic familiarity and understanding of neural networks, not much background in evolutionary computation is necessary. The book is accompanied on the web by several demos, exercises, and a general software platform. The idea is to provide the reader not just with the knowledge but also a practical tool that can be readily applied and extended.

Neuroevolution as a field emerged in the late 1980s, with some earlier results by Belew, McInerney, and Schraudolph (1992); Harp, Samad, and Guha (1989); Fogel, Fogel, and Porto (1990), Kitano (1990); Miller, Todd, and Hedge (1989); Mjolsness, Sharp, and Alpert (1989); Montana and Davis (1989); Mühlenbein and Kindermann (1989); Schaffer, Caruana, and Eshelman (1990); and Whitley and Hanson (1989). Its development over the years has been chronicled in comprehensive survey articles about once a decade (Floreano, Dürr, and Mattiussi, 2008; Hougen and Shah, 2019; Schaffer, Whitley, and Eshelman, 1992; Stanley, Clune, Lehman, et al., 2019; Yao, 1999). Instead of attempting to cover everything that has been done in this field, this book aims to provide a guided tour through and a logical story about it.

Hence, the material is organized into five main parts. The first part (chapters 2 and 3) introduces the reader to the principles of evolutionary computation through a series of increasingly challenging examples. The specific case of neuroevolution is then introduced similarly, through simple example applications. The first exercises are introduced to make these concepts concrete and productive immediately (the software platform is described in the next section "Plan for Hands-On Exercises").

The second part (chapters 4 and 5) focuses on two fundamental neuroevolution design considerations: network encodings (direct and indirect), and making the search effective through diversity. Important distinctions between encoding approaches are clarified with examples, genetic and behavioral diversity contrasted, and novelty and quality-diversity (QD) search introduced, as well as by taking advantage of diversity through ensembling—all of these are fundamental methods in the neuroevolution toolbox, but they are rarely explicitly distinguished.

The third part (chapters 6, 7, 8, and 9) focuses on intelligent agents; that is, how effective behavior can be evolved from low-level control to high-level strategies, and ultimately to support decision-making systems. The setting is then expanded from individual agents to collective systems with cooperative and competitive interactions. Next, interactive evolution methods are reviewed as a way to combine machine discovery with human insights. Finally, opportunities and challenges for open-ended discovery will be discussed, motivated by biological evolution, and existing artificial examples of open-ended innovation systems will be reviewed.

The fourth part (chapters 10, 11, 12, and 13) then extends neuroevolution to combinations with other learning methods. Approaches to designing deep learning architectures are first reviewed, and challenges in it and possible future opportunities are discussed. Meta-learning is then extended to other aspects of neural-network design, including loss and activation functions, data use, and learning methods and their synergies. Synergistic combinations with neuromorphic systems, RL, and generative AI are reviewed as well, finding that in each case, it is possible to use evolution to optimize the general setting that makes other types of learning more effective.

The fifth and final part (chapters 14 and 15) evaluates how neuroevolution can provide insight into the study of biological evolution, from understanding neural structure and modularity, to developmental processes and body/brain coevolution, and finally to biological behavior and breakthroughs in the evolution of language. Throughout, possible insights for biology-motivated engineering in the future are identified. Indeed, the epilogue points out the potential role of neuroevolution in constructing agents with artificial general intelligence.

In sum, neuroevolution is an emerging third component of the recent AI revolution. It allows the development of systems that generate behavior, strategies, and decision-making agents. Applications of such agents are ubiquitous in the real world, leading to more proficient, efficient, and cost-effective systems—and generally improving lives as well. The area is ripe with many future work opportunities as well.



1.5  Plan for Hands-On Exercises

Practical engagement is essential for mastering complex concepts such as those explored in this book. The plan is rooted in a commitment to provide a rich, accessible, and effective learning experience; therefore, hands-on exercises are an essential part of it. They are accessible in the online supplement https://neuroevolutionbook.com. This section outlines the philosophy behind them.

Purpose: The exercises are crafted to deepen the reader’s understanding through problem-solving and experimentation. While some exercises address inherently complex topics, others focus on areas closely aligned with current technology trends and the latest advancements in ML/AI. By doing so, the exercises aim to (1) encourage exploration of cutting-edge methodologies, making the learning experience engaging and relevant; (2) bridge theoretical understanding with practical implementation to solidify concepts; and (3) foster an experimentation mindset, mirroring the iterative nature of real-world AI research and applications. These hands-on experiences serve to develop confidence and engineering capabilities in tackling novel problems, equipping readers to innovate and adapt to emerging challenges in the field.

Form: The exercises are presented as Python notebooks, currently hosted on Google Colab, to minimize setup effort and enable readers to start problem-solving immediately. This format ensures accessibility, as the exercises can run on CPUs or low-end GPUs available in Colab, making them inclusive for readers with limited computational resources. Each exercise is designed to take no more than 30 to 60 minutes of running or training time for a complete solution, ensuring a balance between depth and computational efficiency, while allowing students ample time to engage with and understand the content. The tasks are carefully distilled to emphasize core knowledge while reducing execution time, creating an experience that focuses on learning the essentials without unnecessary overhead.

Solutions (for instructors and teaching assistants): For instructors and teaching assistants, complete solutions are provided in the form of Python notebooks stored in a separate archive. These solutions act as a reference, offering clarity and consistency when guiding students during workshops or discussions. They demonstrate the expected approach and results for each exercise, and they are structured to facilitate adaptation or extension for varied educational contexts. By separating the problems from their solutions, students are encouraged to engage actively with the exercises, fostering independent learning and problem-solving skills.




1.6  Chapter Review Questions


	Definition: What is neuroevolution, and how does it differ from traditional neural network optimization methods such as backpropagation?

	Key challenges: List and describe the four illustrative challenges that neuroevolution aims to address, as presented in figure 1.1.

	Mechanisms: Explain the general framework of neuroevolution, including the roles of crossover, mutation, and fitness evaluation.

	Comparison: How does neuroevolution address the limitations of gradient-based methods in optimizing neural networks, especially in large, high-dimensional, and deceptive search spaces?

	Creative solutions: Why can neuroevolution be considered a tool for discovery and creativity rather than just optimization? Provide examples to illustrate your answer.

	Applications: Neuroevolution was described as improving the world in four main areas. List these areas and briefly explain one example of each.

	Extending AI: How does neuroevolution complement other AI methods like reinforcement learning and deep learning? Provide specific scenarios where these combinations are effective.

	AI transformation: Discuss the paradigm shift in AI described in this chapter. How is neuroevolution a part of this shift, particularly in decision-making tasks?

	Population-based search: Contrast hill-climbing methods like reinforcement learning with population-based search methods used in neuroevolution. Why are the latter better suited for exploring large, high-dimensional, and deceptive search spaces?

	Future directions: According to this chapter, what are some promising areas of future research in neuroevolution, and why are they significant?










Chapter 2
The Basics



This chapter will first review the basics of evolutionary algorithms, including genetic algorithms (GAs) and evolution strategy (ES). It will then cover how neural networks work, including the architectures often used in this book, such as feedforward, convolutional, recurrent neural networks, long short-term memory networks, and transformers. Readers familiar with these techniques should feel free to skip this chapter.


2.1  Evolutionary Algorithms


Optimization is a fundamental component of machine learning and AI. However, not all problems are well behaved enough to be solved by gradient-based methods. Some problems lack a clear objective function, have noisy or delayed feedback, or involve highly nonlinear dynamics that frustrate traditional optimization. In these cases, evolutionary algorithms (EAs) provide a powerful alternative. Inspired by natural evolution (figure 2.1), EAs evolve a population of candidate solutions using mechanisms such as selection, mutation, and recombination. EAs are widely used in various fields, including engineering, economics, and biology, due to their ability to find optimal or near-optimal solutions in large and complex search spaces. These methods require only a way to evaluate solution quality, making them highly flexible and broadly applicable to domains like reinforcement learning (RL), black-box optimization, and robotics. This section explores the key ideas, algorithms, and applications of evolutionary methods—from classic GAs to methods like CMA-ES (whose name stands for "Covariance matrix adaptation evolution strategy") and more scalable approaches such as OpenAI evolution strategy (OpenAI ES).

[image: Cartoon bears run off a cliff; some fall, some use parachutes, and one uses a wingsuit.]
Figure 2.1: Survival of the fittest. Figure by Tan (2017).


An overview of the basic EA loop is shown in figure 2.2. The EA starts with a population of candidate solutions to a problem and iteratively improves them through mechanisms analogous to biological evolution. At each generation, individuals are evaluated using a fitness function that measures their quality. Based on fitness, better individuals are selected to reproduce. New individuals are created using variation operators—typically crossover (recombining parts of two parents) and mutation (introducing random changes). These offspring then form the next generation. Over time, the population evolves, and the algorithm is stopped once some termination condition is reached (e.g., the optimal solution was found or the maximum number of generations was reached). EAs are particularly well suited for problems where there is no single perfect solution, or where the solution itself is complex and defies easy definition with formulas. Unlike backpropagation, which requires a clearly defined error function, EAs only need a way to evaluate goodness, not a step-by-step guide. This ability opens doors for applications in a number of areas where traditional gradient-based optimization techniques cannot be easily applied.

[image: Flowchart shows an evolutionary algorithm, starting at left with an initial population, proceeding through fitness function evaluation, selection, a variation operator, and a termination condition check, resulting in a solution at right.]
Figure 2.2: Evolutionary algorithm overview. The process begins with an initial population of candidate solutions, which are evaluated using a fitness function. Based on fitness, a selection mechanism chooses solutions for variation through genetic operators (e.g., mutation, crossover), producing a new population. This cycle repeats until a termination condition is met.


Let’s have a look at some code together (listing 2.1), which shows that the basic evolutionary loop can be set up in only a few lines. Here, we use the solver paradigm, which is popular in black-box optimization, and abstracts the optimization process into two main operations: ask(), which generates candidate solutions; and tell(), which evaluates and provides feedback. This loop continues until a high-performing solution is discovered. We will now go a bit deeper into the different components that most EAs share.


Listing 2.1: Basic evolutionary algorithm training loop.

 1    solver = EvolutionAlgorithm()
 2    while True:
 3      # Ask the EA to give us a set of candidate solutions.
 4      solutions = solver.ask()
 5      # Create an array to hold the fitness results.
 6      fitness_list = np.zeros(solver.popsize)
 7      # Evaluate the fitness for each given solution.
 8      for i in range(solver.popsize):
 9        fitness_list[i] = evaluate(solutions[i])
10      # Give list of fitness results back to EA.
11      solver.tell(fitness_list)
12      # Get best parameter, fitness from EA.
13      best_solution, best_fitness = solver.result()
14      if best_fitness > MY_REQUIRED_FITNESS:
15        break




2.1.1  Representation

Individuals in an EA must be represented in a form suitable for manipulation by evolutionary operators such as selection, crossover, and mutation. The process of defining how these individuals are encoded and manipulated is known as representation, and it plays a pivotal role in determining the success of an evolutionary algorithm. A well-designed representation bridges the gap between the problem domain and the evolutionary search space, enabling efficient exploration and exploitation of potential solutions.

Here, it is essential to distinguish between the genotype and the phenotype of an individual. The genotype refers to the internal data structure used by the algorithm to represent a candidate solution—typically a string, vector, tree, or graph structure that is subject to variation and selection. The phenotype, on the other hand, is the external manifestation of this solution in the context of the problem domain. It is the actual behavior, structure, or configuration that results from decoding the genotype and is ultimately evaluated by the fitness function.

For example, consider an optimization problem involving the design of an aerodynamic wing. The genotype might be a vector of real numbers encoding control points for a spline curve. The phenotype, derived from decoding this vector, is the physical shape of the wing. The evolutionary algorithm manipulates genotypes, but it is the performance of the phenotype (e.g., drag or lift) that determines fitness.

The nature of the mapping between genotype and phenotype can be broadly classified into direct and indirect encoding schemes. In a direct encoding, each element of the genotype corresponds explicitly to an element or parameter in the phenotype. The mapping is straightforward and often one-to-one. For instance, in a binary string representation for a knapsack problem, each bit in the genotype directly indicates whether a particular item is included or excluded from the knapsack. This type of encoding is typically easy to implement and understand, and it allows direct control over the phenotype features. However, it may become inefficient or unwieldy when dealing with large or structured phenotypes, such as networks or modular systems.

In contrast, an indirect encoding introduces an intermediate layer, where the genotype specifies rules, developmental processes, or construction procedures that lead to the formation of the phenotype. This approach is inspired by biological development, where the genome encodes not the organism itself but a set of instructions that guide its formation. Indirect encodings are particularly useful when the solution space is highly structured or exhibits regularities, symmetries, or modularities. They can lead to more compact representations and better generalization. However, they typically require more complex decoding procedures and can introduce challenges in designing suitable variation operators that respect the semantics of the encoding. In chapter 4, we will go deeper into indirect encodings.

Choosing or designing a representation for individuals in an evolutionary algorithm involves a delicate balance between several competing goals. The representation must be expressive enough to capture high-quality solutions within the search space, yet constrained enough to avoid overwhelming the algorithm with infeasible or irrelevant candidates. It should enable the application of variation operators in a way that preserves the syntactic and semantic integrity of individuals. Moreover, it should support efficient decoding into phenotypes and allow the fitness function to evaluate solutions meaningfully.

The interaction between genotype structure and evolutionary dynamics is also crucial. For example, in representations with high redundancy, where multiple genotypes map to the same phenotype, evolutionary progress may be slowed due to wasted evaluations. Conversely, representations with poor locality, where small changes in genotype result in large and unpredictable changes in phenotype, can make it difficult for the algorithm to converge toward optimal regions.



2.1.2  Population-Based Search

In EAs, the population refers to the set of individuals maintained and evolved over successive generations. Each individual in the population encodes a potential solution to the optimization problem, typically as a genotype that maps to a corresponding phenotype evaluated by a fitness function. The population acts as a distributed search mechanism, allowing the algorithm to sample multiple regions of the solution space simultaneously. For example, for the Traveling Salesman Problem (TSP), each individual could be a different permutation of cities, representing a possible tour. A population of such permutations allows the algorithm to evaluate and evolve multiple route possibilities simultaneously.

A key parameter is the population size, which controls the algorithm’s capacity for exploration and its computational cost. Smaller populations tend to converge quickly but risk premature convergence due to insufficient diversity. Larger populations maintain broader coverage of the search space but can slow convergence and increase resource demands. Optimal sizing depends on problem complexity and the design of variation and selection operators.

The initial population is usually generated randomly, ensuring an unbiased and diverse sample of the search space. However, in certain domains, informed or heuristic-based initialization may be used to seed the population with potentially high-quality solutions. Regardless of the method, the goal is to start with sufficient diversity to support effective evolutionary progress.

In most evolutionary algorithms, the population is unstructured, allowing all individuals to interact freely. However, structured populations such as island models and cellular models restrict interactions, thereby promoting subpopulation diversity. Island models divide the population into semi-isolated groups that occasionally exchange individuals, helping avoid global stagnation. Cellular models impose a spatial topology where individuals interact only with neighbors, encouraging local adaptation and maintaining niches.

Diversity maintenance within the population is critical for preventing premature convergence. Techniques such as fitness sharing, crowding, and adaptive mutation rates are commonly employed to preserve variation among individuals. Population structure itself can aid in preserving diversity, as can variation in selection intensity and mating schemes.



2.1.3  Selection

The selection process is inspired by the concept of “survival of the fittest.” The main idea is that individuals with better fitness have a higher probability of being selected for reproduction. The selection pressure determines how strongly the algorithm favors fitter individuals. It has a profound effect on the dynamics of evolution. High selection pressure (e.g., always choosing the top few individuals) can lead to rapid convergence, as good solutions dominate quickly. However, this can reduce genetic diversity and may cause premature convergence—where the population gets stuck in suboptimal regions of the search space. Low selection pressure allows weaker individuals a chance to reproduce, which slows convergence but promotes diversity and broader exploration of the search space. This helps in avoiding local optima, especially in complex or rugged fitness landscapes.

Diversity within the population is essential for effective evolutionary search. Without it, the population may converge prematurely, losing the potential to discover better solutions. Selection methods and associated parameters can be tuned to help preserve diversity, ensuring the algorithm continues to explore new possibilities rather than exploiting only the current best option. In practice, a careful balance between selection pressure and diversity preservation is critical. Too much exploitation can hinder innovation, while too much exploration may prevent the algorithm from refining good solutions. In section 2.2.1, on genetic algorithms, we will look at a few common selection methods.



2.1.4  Variation Operators

Variation operators are the primary mechanism by which EAs explore the solution space. They introduce diversity by modifying existing individuals to generate new ones. The two main types are mutation, which alters individuals randomly, and crossover (or recombination), which combines traits from two or more parents. In simple forms of EAs—such as those with binary or real-valued encodings—mutation might flip bits or perturb numerical values with noise, while crossover can swap segments of parent genomes or blend parameter values. These operators are essential for both refining good solutions and escaping local optima. Overall, variation operators drive innovation in EAs by ensuring that new, potentially better solutions are continually introduced into the population. The specific implementation of these operators depends heavily on how solutions are represented and what the problem demands.



2.1.5  Fitness Evaluation

The fitness score determines the individual’s likelihood of being selected for reproduction, making this step central to guiding the evolutionary search. A well-designed fitness function effectively captures the problem’s objectives and constraints, steering the population toward high-quality solutions over successive generations. The design of the fitness function is critical and often non-trivial. In simple problems, the fitness may be a direct measure of performance, such as, classification accuracy in a machine learning task or total distance in a routing problem. However, in complex or real-world applications, fitness evaluation can involve significant computational overhead or additional design considerations. For instance, in robotic control tasks, fitness may be determined by simulating the robot’s behavior over time, accounting for factors such as stability, energy efficiency, or obstacle avoidance. These simulations can be computationally expensive, especially when involving physics engines or real-time constraints.

In engineering design problems, fitness functions often incorporate constraint handling to ensure that infeasible solutions are appropriately penalized or corrected. In other domains, such as architectural layout or circuit design, subjective or aesthetic goals may need to be quantified, requiring proxy metrics, surrogate models, or interactive evolutionary approaches (see chapter 8).

Furthermore, in many practical settings, the fitness function must balance multiple conflicting objectives, such as cost versus performance or speed versus accuracy. In such cases, single-objective evaluation may be insufficient, and multi-objective optimization techniques (see section 2.2.5) are employed. Here, individuals are evaluated on multiple criteria simultaneously, and selection is guided by concepts like Pareto dominance rather than a single fitness score. Because the fitness function fundamentally shapes the evolutionary trajectory, it often requires iterative refinement, domain expertise, and, in some cases, adaptive or learned components to improve search efficiency and relevance to the problem domain.



2.1.6  Reproduction and Replacement

Selected individuals reproduce to form a new generation, replacing some or all of the existing population. This step is crucial in balancing exploration (searching new areas of the solution space) and exploitation (refining promising solutions), and different strategies can lead to significantly different evolutionary dynamics. Reproduction typically involves applying variation operators (e.g., crossover and mutation) to the selected individuals to generate offspring. The newly created individuals then enter the population through a replacement strategy, which determines how the current population is updated. Broadly, replacement can be categorized into generational and steady-state approaches.

In generational replacement, the entire population is replaced in each generation by the offspring. This is common in traditional genetic algorithms and promotes exploration, as a large number of new individuals are evaluated at each step. However, it may also result in the loss of high-quality individuals unless some form of elitism is employed. Elitism ensures that the best-performing individuals are preserved unchanged and carried over to the next generation, thereby preventing regression in solution quality.

In contrast, steady-state replacement updates the population incrementally. Only a few individuals are replaced at each generation, typically by inserting new offspring into the population while removing the least fit individuals. Generational replacement is more common, but examples of steady-state replacement in the context of evolving behaviors of bots in a machine learning game are given in section 8.1.

Ultimately, the reproduction and replacement mechanism plays a critical role in maintaining population diversity, ensuring progress over generations, and adapting the evolutionary process to the demands of the problem.



2.1.7  Termination

An EA is an iterative process that, in principle, can continue indefinitely. However, in practice, the algorithm is typically halted either when a satisfactory solution is found or when further computation is unlikely to yield significant improvements. The termination criterion determines when the evolutionary process should stop. Several common termination strategies are employed in evolutionary algorithms:


	Fixed number of generations: The algorithm terminates after a predefined number of generations. This is simple and commonly used, particularly when computational resources are limited. It provides a guaranteed runtime but does not ensure solution quality.

	Fitness threshold: The process stops when an individual reaches or surpasses a predefined fitness value. This is suitable for problems with known acceptable or optimal fitness levels.

	No improvement (stagnation): If the best fitness value does not improve over a given number of consecutive generations, the algorithm is terminated. This helps avoid wasting resources on stagnant searches.

	Computational budget: The algorithm halts after consuming a specified number of fitness evaluations, CPU time, or memory. This is particularly relevant in applications with expensive evaluation functions.

	Population convergence: If the population diversity falls below a specific threshold (e.g., measured by genotype or phenotype variance), the algorithm may be stopped, as this suggests convergence or lack of exploratory capacity.



The selection of an appropriate termination condition depends on the nature of the problem, the computational cost of fitness evaluations, and the balance between exploration and efficiency. In practice, multiple criteria are often combined. For example, an EA might be set to stop either after 500 generations or if a fitness threshold is achieved, whichever comes first. In general, ending the search too early can result in suboptimal solutions, while continuing too long may waste resources with diminishing returns. An effective termination strategy ensures a reasonable trade-off between solution quality and computational efficiency.




2.2  Types of Evolutionary Algorithms

This section focuses on two of the most prominent types of evolutionary algorithms: GAs and evolution strategy. The underlying principles, key components, and applications of these algorithms are discussed. A selection of multiobjective EAs is then presented, and many other EA methods that have been used in neuroevolution are reviewed.


2.2.1  Genetic Algorithms

GAs are a popular type of evolutionary algorithm that mimics the process of natural selection. GAs were first introduced by John Holland in the 1970s and have since become one of the most widely used EAs.

In GAs, each individual in the population is typically represented as a chromosome, which is a string of genes. The genes can be binary (0s and 1s), real numbers, or any other representation suitable for the problem. The initial population is generated randomly or by using a heuristic to provide a diverse set of starting solutions.

As discussed in section 2.1.3, the selection process determines which individuals survive to be candidates for reproduction and which of those contribute their genetic material to the next generation. Common selection methods for GAs include:


	Roulette wheel selection: Individuals are selected probabilistically based on their fitness, with better individuals having a higher chance of being chosen.

	Tournament selection: A small group of individuals is selected randomly, and the fittest individual in the group is chosen.

	Rank-based selection: Individuals are ranked based on their fitness, and selection probabilities are assigned according to their rank.

	Truncation selection: This method involves selecting the top fraction of individuals based solely on their fitness. Only the highest-performing individuals above a certain fitness threshold contribute to the next generation, while the rest are excluded. Truncation selection often leads to rapid convergence but can reduce genetic diversity.



Crossover, or recombination, is a key operator in GAs that combines the genetic material of two parents to create offspring. Common crossover techniques are shown in figure 2.3 and include:



	Single-point crossover: A random crossover point is chosen, and the genes from the two parents are exchanged at this point.

	Two-point crossover: Two crossover points are selected, and the segment between them is swapped between the parents.

	Uniform crossover: Each gene is independently chosen from one of the two parents with equal probability.



[image: Three diagrams illustrate single-point, two-point, and uniform crossover methods. Each shows parent and offspring binary sequences, with crossover points indicated.]
Figure 2.3: Crossover operators. (𝑎) Single-point crossover: A single crossover point is selected, and genetic material is exchanged beyond this point. (𝑏) Two-point crossover: Two points are selected, and the segment between them is swapped between parents. (𝑐) Uniform crossover: Each gene is independently inherited from either parent with equal probability.


Following the standard EA process, mutations in GAs introduce small random changes to an individual’s genes to maintain diversity in the population. This mechanism helps prevent premature convergence to local optima. The mutation rate, which determines how often mutations occur, is typically kept low. Additionally, it often helps to copy the best individual from the current generation to the next without applying any mutations to it, a method known as elitism.

To get a better idea of how the GA operates, we can visualize it in solving simple toy problems. For example, figure 2.4 shows top-down plots of shifted two-dimensional Schaffer and Rastrigin functions, two of several simple problems used for testing continuous black-box optimization algorithms. Lighter regions of the plots represent higher values of 𝐹(𝑥, 𝑦). As one can observe, there are many local optima in this function. Our job is to find a set of input parameters (𝑥, 𝑦), such that 𝐹(𝑥, 𝑦) is as close as possible to the global maximum.

[image: Two plots show concentric circles in yellow and orange; lighter shades indicate higher values. The x- and y-axes are labeled. A maximum point is indicated in each plot.]
Figure 2.4: 2D Schaffer and Rastrigin functions. Lighter regions represent higher values of the fitness function 𝐹(𝑥, 𝑦). In addition to the global maximum, these functions are characterized by many local optima.


Figure 2.5 illustrates how the simple GA proceeds over succeeding generations. The green dots represent members of the elite population from the previous generation, the blue dots are the offspring forming the set of candidate solutions, and the red dot is the best solution.

[image: Ten small plots show red, green, and blue dots on yellow and orange backgrounds with concentric circles or grid patterns.]
Figure 2.5: Simple GA progress over 20 generations. Green dots indicate elite individuals from the previous generation, blue dots represent offspring forming the new set of candidate solutions, and the red dot marks the best solution. Over successive generations (every fourth one is shown), the GA is able to find the global function optima, without getting stuck in the many local optima. For videos, see https://neuroevolutionbook.com/demos.


GAs help diversity by keeping track of a diverse set of candidate solutions to produce the next generation. However, in practice, most of the solutions in the elite surviving population tend to converge to a local optimum over time. There are more sophisticated variations of GA out there, such as CoSyNe, ESP, and neuroevolution of augmenting topologies (NEAT), which we will discuss later in this book (see chapters 3.3 and 7.1.1), where the idea is to cluster similar solutions in the population into different species to maintain better diversity over time.



2.2.2  Evolution Strategy

Another popular evolutionary algorithm is evolution strategy (ES), originally pioneered by Rechenberg (1973) and Schwefel (1977). Unlike GAs, which are flexible in the type of representation used (e.g., binary, symbolic, etc.), ES typically operates on real-valued vectors and is more focused on optimizing continuous functions. In ES, each individual is represented by a vector of real numbers, which corresponds to the solution’s parameters. The initial population is usually generated randomly or based on some prior knowledge.

Selection in ES is deterministic, meaning that a fixed number of the best individuals (based on fitness) are selected to produce offspring for the next generation. Two canonical ES variations are (μ, λ)–ES and (μ + λ)–ES, which primarily differ in how they select individuals for the next generation. Both variants use a population of parents, denoted by μ, which represents the number of selected individuals that generate offspring. Second, they produce a number of offspring, denoted by λ, where typically λ≥μ. Together, these parameters make it possible to control selection pressure and the amount of variation maintained in the search process:


	(μ, λ) – selection: From λ offspring, the best μ individuals are selected to form the next generation. Parents are not considered for selection; only offspring are eligible.

	(μ + λ) – selection: The best μ individuals are selected from the combined pool of μ parents and λ offspring. Parents can survive into the next generation.



In ES, variation is introduced primarily through mutation, which perturbs the real-valued parameters. Mutation is usually applied by adding a normally distributed random vector to each individual. The mutation strength, often denoted by σ, controls the magnitude of these perturbations. Crossover is less commonly used in ES compared to GAs, but can be applied by combining the parameter vectors of two or more parents.

Let’s look at an example of a simple evolution strategy in more detail, more specifically a (μ + λ)–ES with fixed mutation strength, in which a population of λ offspring is sampled from a multivariate normal distribution centered at a mean vector. This strategy uses elitist selection, retaining the best μ individuals to influence the next generation. In our case, we use μ = 1, meaning that only the best solution from the previous generation is used to generate the next. At each generation 𝑡, we sample a set of λ offspring [image: ] from a fixed Gaussian distribution:

[image: ]

where 𝑚(𝑡)∈R2 is the mean vector (i.e., the center of the sampling distribution) at generation 𝑡, and [image: ] is the fixed standard deviation along each axis; that is, the mutation strength.

The initial mean is set to [image: ], so the first generation is sampled around the origin. After evaluating the fitness of all λ offspring, the new mean 𝑚(𝑡 + 1) is updated to the best-performing solution:

[image: ]

Figure 2.6 shows how the algorithm behaves over 20 generations on the Schaffer and Rastrigin test functions. The green dot indicates the mean of the distribution at each generation, the blue dots are the sampled solutions, and the red dot is the best solution found so far by the algorithm.

[image: Ten small plots show blue and red dots on yellow and orange backgrounds with concentric circles or grid patterns.]
Figure 2.6: Simple ES progress over 20 generations. The green dot represents the mean of the distribution at each generation, blue dots indicate the sampled solutions, and the red dot marks the best solution found so far by the algorithm. For videos, see https://neuroevolutionbook.com/demos.


This simple algorithm will generally work only for simple problems. Given its greedy nature, it throws away all but the best solution and can be prone to getting stuck at a local optimum for more complicated problems. It would be beneficial to sample the next generation from a probability distribution that represents a more diverse set of ideas rather than just from the best solution from the current generation.



2.2.3  Covariance-Matrix Adaptation Evolution Strategy

A shortcoming of both simple ES and simple GA is that our standard deviation noise parameter is fixed. There are times when we want to explore more


[image: Two rows of five plots showing iterative optimization. Each plot displays a yellow-orange background with a pattern and numerous small blue and a few red and green dots. The dots’ distribution changes across the plots.]



[image: Scatterplot showing data points; (a) shows blue points clustered around a green point, (b) shows some purple points added, (c) shows more purple points and fewer blue points, and (d) shows blue points again, more spread out around the green point.]










2.2.4  OpenAI Evolution Strategy
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[image: Ten plots showing the evolution of blue and red point clusters over yellow and orange backgrounds. The top row of plots show a radial background; the bottom row of plots show a grid background.]





[image: Two line graphs showing original and ranked fitness values plotted against sorted solutions.]





2.2.5  Multiobjective Evolutionary Algorithms








	Identify front 1: Find all individuals that are not dominated by any other in the population.

	Identify front 2: Remove front 1 from consideration; then find the nondominated set of the remaining individuals.

	Repeat: Continue removing identified fronts and finding the next nondominated set, until all individuals are classified into fronts.









2.2.6  Further Evolutionary Computation Techniques











 1    import es
 2
 3    # solver = es.SimpleGA(...)
 4    # solver = es.PGPE(...)
 5    # solver = es.OpenES(...)
 6    solver = es.CMAES(...)
 7
 8    while True:
 9      solutions = solver.ask()
10      fitness_list = np.zeros(solver.popsize)
11
12      for i in range(solver.popsize):
13        fitness_list[i] = evaluate(solutions[i])
14
15      solver.tell(fitness_list)
16      result = solver.result()
17
18      if result[1] > MY_REQUIRED_FITNESS:
19        break






2.2.7  Try These Algorithms Yourself




[image: Line graph showing fitness versus generation for five algorithms: Global Optimum, GA, CMA-ES, PEPG/NES, and OpenAI-ES.]










2.3  Neural Networks



2.3.1  Feedforward Neural Networks


[image: (a) Diagram of feedforward ANN with three inputs, one hidden layer with five nodes, and one output node. (b) Diagram showing the components of an artificial neuron: inputs, weights, transfer function, activation function, and output.]
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2.3.2  Training Feedforward Neural Networks with Gradient Descent
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2.3.3  Recurrent Neural Networks


[image: (a) Diagram showing an RNN architecture, with one block and an unrolled version over multiple time steps. (b) Diagram of an LSTM block, illustrating its internal structure with cell state and three gates: forget, input, and output.]
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2.3.4  Long Short-Term Memory





[image: ]



[image: ]



[image: ]



[image: ]






2.3.5  Convolutional Neural Networks


[image: Diagram of a CNN showing an input image of the number 4 processed through convolution and subsampling layers before reaching a fully connected layer and output.]
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2.3.6  Transformers



[image: Diagram of a transformer architecture showing an encoder and decoder, each with multiple layers of multihead attention and feedforward networks.]
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2.4  Neuroevolution: An Integrated Approach







2.5  Chapter Review Questions


	Core principles of evolutionary algorithms: What are the key components of evolutionary algorithms? How do these components collectively emulate the process of natural selection?

	Genetic algorithm operations: Describe the role of crossover and mutation in genetic algorithms, and explain how they contribute to maintaining diversity in the population.

	Covariance matrix adaptation evolution strategy: How does CMA-ES adapt its search over successive generations? What advantage does this adaptation provide in comparison to simpler evolution strategies?

	Multiobjective evolutionary computation: Compare and contrast single-objective and multiobjective evolutionary algorithms. What unique challenges arise in multiobjective EAs, and how does NSGA-II address them?

	Practical applications of fitness shaping: What is fitness shaping, and how does rank-based fitness shaping mitigate the impact of outliers in evolutionary optimization tasks?

	Feedforward neural networks: What is the primary purpose of the activation function in the hidden layers of a FFN? Why is nonlinearity crucial for the network’s performance?

	Recurrent neural networks: How do RNNs maintain information about past inputs? Why are they particularly well suited for sequential data tasks like language modeling?

	Long short-term memory networks: What are the roles of the forget, input, and output gates in an LSTM cell? How do they collectively help mitigate the vanishing gradient problem?

	Convolutional neural networks: Describe the purpose of the convolutional and pooling layers in a CNN. How do these layers work together to extract and summarize features from input data?

	Transformers: What is the self-attention mechanism in a transformer model? How does it enable the model to capture long-range dependencies in sequential data?
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		Figure 1.1: Illustrative opportunities for neuroevolution. (𝑎) A character in a video game is controlled by an evolved neural network. It balances multiple objectives, including ill-defined ones such as “human-like behavior.” (𝑏) Based on a predictive model learned from historical data (top), neuroevolution constructs a strategy that can be applied to different countries at different times. It discovers customized solutions (bottom) that are more effective than general rules of thumb. (𝑐) In learning multiple tasks at once, neuroevolution discovers a common set of modules, and for each task, a different architecture made of these modules (this one recognizes handwritten characters in the Angelic alphabet; the different modules are labeled by color). By combining knowledge from multiple tasks, neuroevolution can make deep learning work even when the data is otherwise insufficient. (𝑑) Neuroevolution discovers sophisticated coordination that allows simulated hyenas to steal a kill from lions. It is possible to identify what steps in evolution led to this breakthrough; i.e., the descendants of risk-taking (red) and risk-averse (blue) hyenas will evolve to approach up to the striking distance (black dotted square) where they can overpower the lion (yellow, with a zebra kill). Figure 𝑐 from Liang, Meyerson, and Miikkulainen (2018).



		Figure 1.2: A general framework for neuroevolution. The process starts with a population of neural networks, encoded e.g., as a set of weights in a fixed network topology, concatenated into a string, and initialized randomly. Each encoding is decoded into a network, which is then evaluated in the task to estimate its fitness–that is, to see how well it performs in the task. The encodings of networks that perform well become parents for the next generation of networks: They are mutated and recombined with other good encodings to form offspring networks. These offspring networks replace those that performed poorly in the original population. Some of these offspring networks are likely to include good parts of both parents, and therefore they will perform better than their parents. This process repeats until networks are eventually created that solve the task. Note that gradient information is not necessary; only high-level fitness information is needed. Thus, neuroevolution is a population-based search that discovers and utilizes building blocks as well as random exploration, resulting in network designs that perform well in a desired task. Figure by Faustino Gomez (2025).



		Figure 1.3: Discovering solutions in large, multidimensional, deceptive search spaces. (𝑎) Hill-climbing methods such as gradient descent and RL are well-suited, but also limited to small, low-dimensional, regular search spaces. If the initial solution is in the scope of the optimum, hill-climbing will find it. (𝑏) Population-based search extends to large, high-dimensional, deceptive spaces. For instance in this deceptive space, the population is distributed over several peaks, and operations such as crossover allow for long jumps between them.



		Figure 1.4: Finding solutions with population-based search. The search space is depicted as a rectangle; the solutions are dots whose size corresponds to their fitness. Population-based search (i.e., evolutionary optimization) starts by spreading the initial population broadly around the search space, thus exploring a diverse set of solutions. The poor solutions are discarded, and the good ones are recombined with other good solutions through crossover and mutation, creating an offspring population. After several generations, the population converges around the best solutions. They often represent different trade-offs from which the human decision-maker can choose. In this manner, the search can discover a host of possible creative solutions. Figure from Miikkulainen and Forrest (2021).



		Figure 2.1: Survival of the fittest. Figure by Tan (2017).



		Figure 2.2: Evolutionary algorithm overview. The process begins with an initial population of candidate solutions, which are evaluated using a fitness function. Based on fitness, a selection mechanism chooses solutions for variation through genetic operators (e.g., mutation, crossover), producing a new population. This cycle repeats until a termination condition is met.



		Figure 2.3: Crossover operators. (𝑎) Single-point crossover: A single crossover point is selected, and genetic material is exchanged beyond this point. (𝑏) Two-point crossover: Two points are selected, and the segment between them is swapped between parents. (𝑐) Uniform crossover: Each gene is independently inherited from either parent with equal probability.



		Figure 2.4: 2D Schaffer and Rastrigin functions. Lighter regions represent higher values of the fitness function 𝐹(𝑥, 𝑦). In addition to the global maximum, these functions are characterized by many local optima.



		Figure 2.5: Simple GA progress over 20 generations. Green dots indicate elite individuals from the previous generation, blue dots represent offspring forming the new set of candidate solutions, and the red dot marks the best solution. Over successive generations (every fourth one is shown), the GA is able to find the global function optima, without getting stuck in the many local optima. For videos, see https://neuroevolutionbook.com/demos.



		Figure 2.6: Simple ES progress over 20 generations. The green dot represents the mean of the distribution at each generation, blue dots indicate the sampled solutions, and the red dot marks the best solution found so far by the algorithm. For videos, see https://neuroevolutionbook.com/demos.



		Figure 2.7: CMA-ES progress over 20 generations. In contrast to the simple GA and ES, CMA-ES dynamically learns the shape of the search landscape by adapting the full covariance matrix of the sampling distribution. For videos, see https://neuroevolutionbook.com/demos.



		Figure 2.8: Illustration of a CMA-ES step. The algorithm proceeds as follows: (𝑎) Evaluate the fitness of each candidate in generation 𝑔. (𝑏) Select the top 25% (purple). (𝑐) Compute the covariance matrix 𝐶(𝑔 + 1) using selected candidates and generation mean μ(𝑔) (green dot). (𝑑) Sample new candidates using updated μ(𝑔 + 1) and 𝐶(𝑔 + 1).



		Figure 2.9: OpenAI ES progress over 20 generations. In this ES variation, the σ is fixed to a constant number, and only the μ parameter is updated at each generation. For videos, see https://neuroevolutionbook.com/demos.



		Figure 2.10: Fitness shaping. A comparison of the original fitness values (𝑎) and ranked fitness values (𝑏). With ranked fitnesses, outliers do not dominate gradient calculations, and the optimization process is less likely to get stuck at local optima.



		Figure 2.11: 100D Rastrigin function results. A comparison of the performance for various algorithms discussed in this section for the high-dimensional Rastrigin function.



		Figure 2.12: Artificial neural networks. (𝑎) This example of a feedforward network has three inputs, one hidden layer with five nodes, and one output layer with one node. The input to the network propagates through the consecutive layers of the neural network to produce the outputs. This particular architecture is often called the fully-connected three-layer network although it has only two layers of weights. The details of an artificial neuron are shown in (𝑏). The inputs to a neuron are first weighted, and their sum is then passed through an activation function.



		Figure 2.13: RNN and LSTM block. (𝑎) The left side shows a basic recurrent neural network architecture, where the hidden state is updated at each time step using the current input and the previous hidden state. The unrolled version of the RNN over multiple time steps is shown at the right, illustrating how the network processes a sequence by passing information forward through time via shared weights. (𝑏) An LSTM block illustrating the internal structure, including the cell state and the three gating mechanisms: forget gate, input gate, and output gate. These components work together to regulate the flow of information, enabling the network to learn long-range dependencies in sequential data.



		Figure 2.14: A typical architecture of a CNN. The input image passes through multiple layers of convolutions, which extract various features, followed by subsampling (pooling) layers to reduce dimensionality. This process is repeated to create deeper feature maps, which are then flattened and connected to fully connected layers to generate the final output.



		Figure 2.15: Illustration of the transformer architecture. The architecture consists of an encoder (top) and a decoder (bottom). The encoder comprises a stack of layers, each containing a multi-head self-attention mechanism followed by a position-wise FFN, with residual connections and layer normalization applied after each sub layer. The decoder stack is similarly structured but includes an additional masked multi-head self-attention mechanism to prevent positions from attending to subsequent positions. Positional encodings are added to the input embeddings to provide information about the position of the words in the sequence. The final output is generated after applying a linear transformation and a softmax function to produce the output probabilities.



		Figure 3.1: Bipedal walker agent stuck in a local optimum. In this 2-D domain, a robot agent with two legs, controlled by a neural network, needs to walk across a terrain with various obstacles and holes. The task is difficult because the reward is given only in the end—but it also allows learning methods to explore a variety of solutions. Simpler methods like the standard RL may easily get stuck on the obstacles, as it did in this case. Neuroevolution, on the other hand, is well suited for the task and finds several creative ways to solve it. For videos of both stuck and successful behaviors, see https://neuroevolutionbook.com/demos.



		Figure 3.2: Various stages of progress in BipedalWalkerHardcore. (𝑎) Early on, evolution discovers solutions that can walk relatively well on flat ground but frequently get stuck on obstacles. Those who get over some of them are rewarded, and gradually the population gets better with them. (𝑏) Once obstacles are no longer a problem, faster walks evolve. In this manner, the exploration in population-based search leads to solutions of hard problems. For videos of these early learning behaviors and later successful ones, see https://neuroevolutionbook.com/demos.



		Figure 3.3: The competing conventions problem. Two functionally identical networks (each with three hidden neurons) have hidden nodes labeled in a different order (left: A–B–C, right: C–B–A). A naive crossover (recombining at one hidden node position) produces offspring with misaligned structures (bottom), each missing one of the three hidden neurons (here, one offspring lost C and the other lost A). This example illustrates how exchanging genes between differently ordered genomes can lose information. Figure from Stanley and Miikkulainen (2002).



		Figure 3.4: NEAT genotype. Node genes define the types of nodes in the network: sensors (input nodes), outputs, and hidden nodes. Connection genes represent the connections between nodes, with each gene specifying the source and target nodes, connection weight, whether the connection is enabled or disabled, and an innovation number indicating the historical origin of the gene. The bottom section illustrates the neural network (phenotype) constructed based on the genome. This encoding makes it possible to evolve network structures as well as the weights. Figure from Stanley and Miikkulainen (2002).



		Figure 3.5: Structural mutations in NEAT. Mutations in NEAT can add new connections and new neurons to the evolving neural network. (Top) A new connection with an innovation number 7 is added between neurons 3 and 4. (Bottom) The new neuron 6 is added, splitting the connection between neurons 3 and 5: connection 5 becomes disabled, and the new connections 8 and 9 are added to the genome. In this manner, NEAT complexifies the network architecture over time. Figure from Stanley and Miikkulainen (2002).



		Figure 3.6: NEAT crossover. The example shows the merging of two parent networks to produce an offspring network. The top row shows two parent genomes, parent1 and parent2, each represented by a series of genes (connections between nodes) and their corresponding neural network structures. The crossover begins by aligning the genes of the two parents. Matching genes (those present in both parents) are inherited randomly from either parent, while disjoint genes (genes that are present in one parent but not the other) and excess genes (genes that appear after the last gene of the other parent) are also considered. The resulting offspring genome combines these inherited genes, reflecting both the inherited traits from the parents and potentially new neural connections. The final offspring neural network structure, shown at the bottom, includes the selected connections and nodes from both parents. Thus, innovation numbers make it possible to implement crossover without expensive graph matching operations. Figure from Stanley and Miikkulainen (2002).



		Figure 3.7: A compact, explainable solution that NEAT discovered for the pole-balancing problem. (𝑎) In this version, there are two poles on a moving cart that needs to be pushed left or right with a constant force at regular intervals to keep the poles from falling and the cart within the left and right boundaries of the one-dimensional track. (𝑏) NEAT’s solution uses the derivative of the pole angle difference, with a recurrent connection enabling the hidden node to detect whether the poles are converging or diverging, eliminating the need to compute individual pole velocities. Figure 𝑎 from Gomez, Schmidhuber, and Miikkulainen (2008).



		Figure 3.8: Species progression in the double pole balancing task. White triangles indicate extinct species, red good solutions (one stdev), and yellow best solutions (two stdev). A number of species were created as evolution discovered novel structures. They expanded and shrank based on how well they performed, but they stayed around long enough so the innovations in them had a chance to be optimized. In this manner, speciation promotes both innovation and diversity, resulting in better and more creative solutions. Figure from Stanley (2003).



		Figure 4.1: L-systems. (𝑎) L-systems can grow plant like structures by repeatedly applying rewrite rules to an initial starting character. (𝑏) With the addition of some stochasticity, the approach is able to generate realistic trees. Figure 𝑎 from Prusinkiewicz, Hammel, Hanan, et al. (1996), 𝑏 from Solkoll (2005).



		Figure 4.2: Tables grown by evolved L-systems. Shown are tables evolved with a direct (𝑎, 𝑏) and indirect encoding (𝑐, 𝑑). In contrast to the directly encoded tables, the indirectly encoded ones display key biological regularities such as repetition and symmetry. Figures from Hornby and Pollack (2001a).



		Figure 4.3: Cellular encoding approach to evolving neural network structure. (𝑎) The grammar encodes instructions on how to construct the network step by step, starting from a network that consists of a single ancestor cell. Each cell points to a location in the current location in the grammar tree, and is advanced to a child node in the tree as the instruction is executed. S=sequential division, P=parallel division, - = negating a connection, A=adding one to a node threshold, E=end the construction branch. In addition, a recurrency symbol R (not shown) allows continuing the construction again from the top of the grammar, with a counter deciding how many times the recurrency can be traversed. (𝑏) After eight steps, the network that results from this construction process implements XOR. With recurrency added to the bottom right of the grammar, it can be extended by repeating the entire structure, thus implementing networks that calculate the parity of any number of inputs. The grammar trees can be evolved with genetic programming techniques, making automated discovery of complex networks with repeating structure possible. Figures from Gruau and Whitley (1993).



		Figure 4.4: Learning guiding evolution through the Baldwin effect. In this needle-in-the-haystack problem, it would be difficult for evolution to find the sharp peak when the fitness evaluations of the other solutions are all the same. However, learning allows modifying these solutions (i.e., moving left and right along the 𝑥-axis). Therefore, the closer the solution is to the peak, the more likely it is to find it through learning, as indicated by the red curve. Learning can thus provide a more useful fitness, and help evolution find the peak faster. Adapted from Hinton and Nowlan (1987).



		Figure 4.5: Training to imitate champions or parents. When well-performing individuals, such as population champions or parents, are used as teachers (T), they pull the offspring (X) toward them. Those offspring that perform the best after training are likely to be located near the optimum to begin with, and although some (red X) are worse after training, some (green X) are likely pulled closer to the optimum. Such training provides useful exploration around the optimum, making it more likely to be discovered.



		Figure 4.6: Networks evolved with NEAT with and without Hebbian learning. Nodes are numbered through historical markings. Black lines represent excitatory and blue lines inhibitory connections; loops indicate recurrent connections; line thickness corresponds to the connection weight. (𝑎) With Hebbian adaptation, performance is encoded more holistically, utilizing plastic synapses throughout the network. (𝑏) Without Hebbian adaptation, the network is more parsimonious, with adaptation coded into recurrent connections at the outputs. While both types of solutions are successful, Hebbian adaptation provides a larger search space that is more difficult to navigate. In simple tasks at least, it can thus be more effective to rely on recurrency to represent adaptation. Figure from Stanley (2003).



		Figure 4.7: CPPN image encoding. Compositional pattern producing networks are neural networks with diverse activation functions that generate geometric patterns. (𝑎) The network illustrated is a 2D CPPN, as it receives inputs 𝑥 and 𝑦, along with 𝑑, the distance from the point (𝑥,𝑦) to the center of the image. When evaluated over many coordinates (𝑏), the CPPN’s output forms an image or spatial pattern. The architecture depicted in (𝑐) is the specific CPPN that generates the skull pattern shown at the top right. The colors in (𝑐) highlight different components of the evolved network that contribute to key features of the skull image, as determined through functional analysis. The small images within the network nodes represent the activation patterns computed at each node over (𝑥, 𝑦) coordinates. These patterns are ultimately combined by the network to produce the final output image, illustrating that CPPNs can encode complex spatial regularities through simple compositional principles. Figure 𝑐 from Kumar, Clune, Lehman, et al. (2025).



		Figure 4.8: CPPN examples. CPPNs can produce patterns with repetition (𝑎) and repetition with variation (𝑏). They can also create symmetric patterns such as the sunglasses shown in (𝑐), which is encoded through the CPPN shown in (𝑒). By changing only a single connection, varying degrees of symmetry can be produced, such as the morphed glasses in (𝑑). These examples demonstrate the expressive power and flexibility of CPPNs in generating complex, structured patterns. Figures from Stanley (2007).



		Figure 4.9: CPPN pattern elaboration over generations. The figure shows a chronological sequence of CPPN-encoded designs, discovered and elaborated upon during interactive evolution. Together with the designs, the number of hidden node functions and connections is also shown. This progression illustrates CPPNs’ capacity to preserve fundamental structural regularities, such as bilateral symmetry, while elaborating on them across generations. Figures from Stanley (2007).



		Figure 4.10: Indirect versus direct encoding. The goal in this domain is to find the right composition of voxel materials (e.g., red and green voxels actuate at different frequencies while dark blue voxels are passive) so that the robot is able to locomote as fast as possible. This figure shows an example of a 3D, soft robot generated with indirect CPPN encoding (𝑎) and a direct encoding (𝑏), in which each voxel is optimized independently. In contrast to the direct encoding, the CPPN-based encoding is able to produce 3D structures with symmetries and repeating motifs, resulting in fast locomotion. Figures from Cheney, MacCurdy, Clune, et al. (2014). Videos at https://neuroevolutionbook.com/demos.



		Figure 4.11: HyperNEAT substrates. Two types of HyperNEAT substrates are shown, which are the arrangement of nodes and their roles. In (𝑎), nodes are arranged on a 2D square. The CPPN is queried with all pairs of nodes to determine how they are connected to each other. A more complex substrate for evaluating positions in the game of checkers is shown in (𝑏). The input layer reflects the geometry of the checkers board. The output layer C has one node that determines the quality of a board state. The CPPN has two outputs, AB and BC. To query a connection from layer A to B, output AB is used, while from layer B to the output layer C, output BC is used. In this manner, the design of the substrate allows HyperNEAT to leverage geometric regularities to produce structured connectivity patterns. Figure 𝑎 from Stanley, D’Ambrosio, and Gauci (2009) and figure 𝑏 from Gauci and Stanley (2010).



		Figure 4.12: A neural network controller for a quadruped robot produced by HyperNEAT. The goal in this task is to find a neural network able to control a quadruped robot (𝑎). The HyperNEAT substrate has three layers: input, hidden, and output (𝑏). The input and output nodes are arranged in a way to take the task geometry into account. Panel (𝑐) shows a front view of the network, and (𝑑) a view from the back. Input nodes are shown in yellow, and output nodes in blue. Line thickness represents the magnitude of the weight. HyperNEAT autonomously discovers and exploits geometric regularities in the task, generating connectivity patterns that enable efficient quadruped locomotion without requiring the user to specify these patterns explicitly. Figures from Clune, Stanley, Pennock, et al. (2011). Videos at https://neuroevolutionbook.com/demos.



		Figure 4.13: Multiagent HyperNEAT encoding. A single CPPN is used to generate distinct neural networks for each agent in a team. The CPPN (𝑎) is augmented with an additional input 𝑧, indicating which agent’s neural network is currently being created. The team substrate (𝑏) consists of multiple copies of a single substrate replicated along the 𝑧-axis. By querying it, policies that vary smoothly across agents can be created. For example, in the predator-prey task (𝑐), the 𝑧-coordinates for each predator (shown in white) are determined by their initial position, arranged along the horizontal dimension. The heterogeneous multiagent HyperNEAT approach achieved more effective solutions and did it faster than a homogeneous approach (𝑑). When scaled to larger numbers of agents after training, the heterogeneous approach scaled significantly better (𝑒). In this manner, effective teams of varying sizes can be discovered automatically. Figures from D’Ambrosio, Lehman, Risi, et al. (2010). Videos at https://neuroevolutionbook.com/demos.



		Figure 4.14: Evolvable-Substrate HyperNEAT. (𝑎) Starting from the input nodes, ES-HyperNEAT analyzes sequences of 2D slices through the hypercube weight pattern to discover areas of high variance. This information is then used to determine which connections, and thereby nodes, should be expressed. The approach continues from the discovered hidden nodes (𝑏) until some maximum depth has been reached. (𝑐) Similarly, we start from the output nodes to determine to which hidden nodes they should be connected. (𝑑) Once the approach has run a maximum number of iterations, or when no new nodes are discovered, the resulting neural network is pruned, removing any nodes that do not connect to both the inputs and outputs of the network. Thus, ES-HyperNEAT is able to fully determine the topology and weights of a neural network encoded by a CPPN. Figure from Risi and Stanley (2012a).



		Figure 4.15: ES-HyperNEAT example lineage. Shown here are four milestones in one of the maze solution lineages. The CPPN is shown at the top, with the decoded neural network in the middle (CPPN activation functions are G=Gaussian, A=absolute value, S=sigmoid, Si=sine). In addition to the location of nodes, the CPPN also receives the length L of a connection as an additional input. The resulting maze navigation behavior is shown at the bottom, together with the number of nodes 𝑛 and connections 𝑐 in the neural network and in the CPPN. One can observe a gradual growth in the complexity of the CPPN, which increases the information in the underlying hypercube pattern and thus results in an increase in the number of ANN weights and neurons. ES-HyperNEAT outperforms the original HyperNEAT in this task because it can evolve networks with limited connectivity, elaborate on existing network structure, and compensate for the movement of information within the hypercube. Figures from Risi and Stanley (2012a).



		Figure 4.16: Static hypernetwork. In this example, the hypernetwork (shown in orange) generates the weights of each layer of the main network (shown in black) by conditioning the network on layer embeddings. These embeddings are treated as learnable parameters optimized during training. In this manner, they enable approximate weight sharing both within and across layers of the main network. Figure from Ha, Dai, and Le (2017).



		Figure 4.17: Application of dynamic hypernetworks for handwriting sequence generation. In the dynamic indirect encoding approach, the hypernetwork takes as input the internal state of the neural network and its previous action to dynamically generate the weights of the RNN target network (shown as four different colors). In this manner, the dynamic hypernetwork approach enables the model to adapt its parameters on the fly, allowing for highly flexible and context-aware handwriting generation. Figure from Ha, Dai, and Le (2017).



		Figure 4.18: Demonstrating indirect encoding in AttentionAgent for enhanced interpretability. White patches on the game screens signify the agent’s focus areas, with their opacity indicating the relative importance of each patch. The approach was tested on two games: CarRacing requires top-down car racing from a pixel-observation environment; in the DoomTakeCover environment, enemy monsters spawn randomly along the opposite wall and shoot fireballs, which the player has to learn to avoid. Agents are able to selectively focus on a small, survival-critical portion of their visual input, resulting in interpretable agents that are both compact and more generalizable. In CarRacing, the agent primarily attends to road boundaries but shifts its focus to upcoming turns before adjusting its heading. In DoomTakeCover, the agent concentrates on fireballs and monsters, aligning well with human intuition. Figures from Tang, Nguyen, and Ha (2020). Videos at https://neuroevolutionbook.com/demos.



		Figure 4.19: Method overview of AttentionAgent. Key modifications to the attention mechanism include (1) condensing the attention matrix into an importance vector, and (2) omitting the value component in favor of extracting the top-𝑘 most significant patch features as the output 𝑌. (𝑎) After basic image pre-processing, patches are extracted from the input image using a sliding window of size 𝑀 × 𝑀 and stride 𝑆. The resulting shape of the output is , where 𝑁 is the number of patches, 𝑀 is the height/width of each patch, and 𝐶 is the number of channels in the input image. The data is then flattened. (𝑏) The flattened patches are projected into Keys and Queries and the attention matrix (of shape 𝑁 × 𝑁) is calculated. Softmax is applied to each row. The sum of elements in each row of the matrix gives the patch importance vector. (𝑐) The patch importance vector is sorted, and the indices of the top 𝐾 patches are extracted. The patch indices are then mapped to the corresponding features and given as input to the controller to get the action. In this manner, the architecture allows the agent to focus on information that is critical to the task at hand. Figures from Tang, Nguyen, and Ha (2020).



		Figure 4.20: Visual variations to the CarRacing and VizDoom:TakeCover environments. (𝑎) The original agent observations in each environment. (𝑏) Three modifications in each environment: CarRacing: (1) color perturbation, (2) vertical frames, and (3) a background blob; VizDoom:TakeCover: (1) higher walls, (2) different floor texture, and (3) hovering text. Because of the dynamic adaptive capability of self-attention, AttentionAgent is unaffected by these different types of external distractions. Figures from Tang, Nguyen, and Ha (2020).



		Figure 5.1: Using behavioral diversity to discover solutions in a domain with a deceptive or flat fitness function. The robot (𝑎) has to move to the lights in the order indicated by the arrows (𝑏) to eventually turn on light 6. Fitness is defined as the number of time steps to reach light 6, and therefore does not indicate which behaviors are promising early on. In contrast, behavioral diversity rewards controllers that turn on more and more lights; thus, it encourages exploration that eventually makes the search successful (𝑐). In this manner, behavioral diversity can be used to guide search even when the fitness function is flat (as in this case) or deceptive (more generally). Figures from Mouret and Doncieux (2009).



		Figure 5.2: Stepping-stone-based versus direct evolution of a skull image. How can a CPPN be evolved to create a particular image, such as the skull? (𝑎) Human players of Picbreeder selected images that looked interesting on their own, without the goal of generating a skull, which emerged serendipitously toward the end of the evolution from these stepping stones. (𝑏) When evolution is directed to evolve the skull image directly with a distance-based fitness, it falls short of most of the details; shown are the final results of five such example runs. In this sense, the discovery of stepping stones is crucial in generating complex solutions. Figures from Woolley and Stanley (2011).



		Figure 5.3: Illustration of search based on stepping stones. In this experiment, a population of points is evolved on the 2D rectangle. Fitness is zero in the background, and increases in each claw from left to right and from bottom to top. The population starts at the bottom left and has to discover the top fitness at the top right. While fitness-based and novelty-based searches are not much better than random, a search method that discovers and utilizes stepping stones performs much better. It discovers the local optima at the end of each finger of the claw-like pattern, and then combines them to make the jump to the next claw. In this manner, stepping stones can be identified as local optima and recombined to make discoveries that would otherwise be difficult to make. Figure from Meyerson and Miikkulainen (2017). For a video, see https://neuroevolutionbook.com/demos.



		Figure 5.4: Contrasting the creativity of solutions in convergent and divergent search. Gaits for the bipedal walker are evolved in two ways. (𝑎) Convergent (fitness-based) evolution favors small, safe improvements that allow the robot to travel incrementally further. The resulting gait is rigid and slow and often fails. (𝑏) In contrast, divergent (novelty-based) evolution discovers dynamic behaviors, such as falls and jumps, that are different from others. They serve as stepping stones in exploring a larger space, which eventually includes robust dynamic gaits. In this manner, superior solutions can be discovered even when (and because!) they are not directly rewarded. For videos, see https://neuroevolutionbook.com/demos.



		Figure 5.5: Diverse competent morphologies discovered within a typical single run of NSLC. Various creatures are shown that have specialized in order to effectively exploit particular niches of morphology space. Compared to approaches relying on global competition, NSLC uncovers a greater range of functional morphologies in a single evolutionary run. The hopper (𝑎) is a unipedal hopper that is very tall, (𝑏) is a heavy, short crab-like creature, and (𝑐) and (𝑑) are distinct quadrupeds. Creature (𝑐) drives a large protrusion on its back to generate momentum, and (𝑑) has a tail for balance. Figures from Lehman and Stanley (2011b). Videos at https://neuroevolutionbook.com/demos.



		Figure 5.6: Example maps annotated with example organisms from different areas of the feature space. Figures (𝑎) and (𝑏) show maps of two different MAP-Elites runs. Within a map, MAP-Elites smoothly adapts a design theme along the desired dimensions of variation. One can see that there is some variation between maps, both in the performance discovered at specific points and in the types of solutions. That said, each map generally paints the same overall picture of the performance capabilities of each region of the feature space. Note the different scale of the bottom color map. Figures from Mouret and Clune (2015).



		Figure 5.7: Effect of simple ensembling in a complex control task. (𝑎) When the cart-pole task is extended with an extensible pole, it becomes a fly-swatting task. The control dynamics change constantly as the pole changes, making control highly context-dependent and well-suited to ensembling. (𝑏) The population of controllers is first evolved with NEAT for 150 generations; once the performance plateaus, a gating network is evolved to select among eight species champions. The performance improvement is significant and immediate, suggesting that ensembling is a simple and reliable way to boost performance of neuroevolution experiments. Figures from Pardoe, Ryoo, and Miikkulainen (2005).



		Figure 5.8: The effect of diversity and egalitarian learning. A population of agents needs to forage in an environment with good and bad objects. (𝑎) The agents gain fitness by consuming food items of various positive values (A) and avoiding items of negative values (B). They have a limited view (C), requiring them to move around a lot to find the items. With direct neuroevolution, several strategies developed, some taking advantage of covering a lot of ground, and others taking advantage of being careful not to miss anything. (𝑏) With egalitarian social learning (ESL), the evolved agents could also learn from each other during their lifetime. ESL achieved higher fitness by generation 50 than direct neuroevolution or a student-teacher approach by Generation 500. This experiment thus demonstrated both the value of diversity and of learning from population culture. Figures from Tansey, Feasley, and Miikkulainen (2012). Videos at https://neuroevolutionbook.com/demos.



		Figure 6.1: Neuroevolution of effective control and behavioral strategies. (𝑎) Neuroevolution discovers a controller that can keep the rocket stable by controlling the amount of thrust to its four engines. It is accurate enough so that the fins are no longer required, allowing the rocket to fly much higher with the same amount of fuel. It is, however, difficult for the controller to generalize to variations in the rocket parameters and environmental conditions. (𝑏) In the NERO video game, a human player trains the agents through a curriculum of exercises to attack a target, while at the same time avoiding fire from opposing agents. This is a sophisticated behavior, but a good team needs other behaviors as well, such as defending and sharpshooting, which are difficult to evolve at the same time. A challenge for neuroevolution, thus, is to discover flexible, multimodal behavior on its own, as an important step toward general intelligence. Figure 𝑎 from Gomez and Miikkulainen (2003); figure 𝑏 from Stanley, Bryant, and Miikkulainen (2005). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.2: Evolving symmetries for four-legged walking. In this experiment, neuroevolution was extended to take advantage of symmetry in the four-legged robot. (𝑎) Each leg has its own controller neural network, and each one receives input from the others. (𝑏) Evolution starts with fully symmetric designs and breaks the symmetry as needed; that is, allowing the weights on the different connections to diverge (as indicated by the different colors). Such highly symmetric networks allow the robot to take advantage of the four main gaits on the flat ground. (𝑐) A controller crossing a slippery incline sideways requires a less symmetric solution than a straightforward walk on flat ground: It evolved to use the front downslope leg primarily to push up so that the robot could walk straight. In this manner, neuroevolution can demonstrate how principles such as symmetry help construct robust behavior. Figures 𝑎 and 𝑏 from Valsalam and Miikkulainen (2011). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.3: Modeling the environment explicitly with a context network. In many domains, conditions can vary significantly and unexpectedly, requiring extrapolation beyond training. For instance in an extended FlappyBird domain, the strength of the forward flap, upward flap, gravity, or drag can change. (𝑎) In context+skill networks, it can be beneficial to model the variation explicitly with a context network; the decision maker can then use the context to modulate the actions of the skill network appropriately. (𝑏) With context+skill control, the context network evolves to standardize the variation so that the decision-maker sees little of it (shown here through the first principal components of the context and skill module output over time on top, lined up with the bird’s location in the bottom). It can thus perform well in a new situation, such as the decreased strength of the upward flap or an increased drag. (𝑐) In skill-only-control, without context, the skill network outputs vary much more, making it difficult for the decision maker to generalize. In this manner, explicit understanding of the context extends the behavior robustly to variations of the domain. Figures from Tutum, Abdulquddos, and Miikkulainen (2021). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.4: Transferring control to physical robots. In these two examples, the controller neural network is evolved in simulation and then used to control the corresponding physical robot. (𝑎) A four-legged physical robot evolved to walk straight even with one leg inoperative. (𝑏) An accurate simulator of a robotic arm was used to evolve controllers that generalize well to new situations and imprecise computation. In this manner, it is not only possible to transfer to physical robots, but also to construct controllers that are robust against noise, faults, and new situations. Figure 𝑎 from Valsalam, Hiller, MacCurdy, et al. (2013); Figure 𝑏 from Huang, Sentis, Lehman, et al. (2019). For a video of the four-legged robot, see https://neuroevolutionbook.com/demos.



		Figure 6.5: Neuroevolution in evolutionary robotics. While robotics generally focuses on hardware designs, it is difficult to construct controllers by hand, especially with novel and variable designs. Neuroevolution is often a useful approach in many such cases. (𝑎) Neural network controllers can be evolved directly in hardware, such as to develop homing behavior in Kheperas. The light source identifies the corner with the charging area (painted in black). (𝑏) It is possible to evolve the robot morphology and control together, and 3D print the designs, in essence evolving artificial life forms. (𝑐) Swarms of robots can perform tasks that single robots may not, such as traversing over holes in the ground. In this manner, neuroevolution makes it possible to develop behaviors for a wide variety of robotic designs. Figure 𝑎 from Floreano and Mondada (1996a); Figure 𝑏 from Lipson and Pollack (2000); Figure 𝑐 from Trianni, Tuci, Ampatzis, et al. (2014). Videos of the coevolving morphology and control at https://neuroevolutionbook.com/demos.



		Figure 6.6: Fractured high-level strategy in half-field soccer. High-level strategies are difficult to discover and implement because they often require changing behaviors abruptly based on small changes in the input. (𝑎) For instance in half-field soccer, five offenders (blue dots) try to score on five defenders (white dots) by holding the ball, passing to one of the teammates, and shooting. (𝑏) Visualization of successful actions for an offender with a ball at various locations in the field, given the positions of all other players. Each color represents a subset of actions that would be successful. Small changes to just this one variable have a large effect on success, making good strategies highly fractured and difficult to evolve. Neuroevolution with local neurons and cascaded refinement is an effective approach in such cases. Figures from Kohl and Miikkulainen (2012). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.7: Discovering effective and surprising multimodal task divisions. Behavioral strategies are often multimodal (i.e., require performing different behaviors at different times). Modular network structures are a natural way to encourage multimodal behavior to emerge. (𝑎) A powerful approach is to evolve a network with multiple output modules together with preference neurons (gray) to indicate when each module should be used to control the agent. (𝑏) Such a system may discover surprising task divisions. For instance, in Ms. Pac-Man, instead of separating the threatening and edible ghost situations into different modules, it separates general easy movements into one module, and behaviors when ghosts are close into an escape module (active during the green trace). That module is used to lure the ghosts nearby and then escape to eat a power pill; afterward, the movement module is used to eat the ghosts (which is easy because they are nearby), resulting in a high score. Such division and behavior would be difficult to discover and prescribe by hand, and yet evolution discovers it as an effective solution to a multimodal game. Figure 𝑎 from Schrum and Miikkulainen (2016b). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.8: Overcoming deception in the evolution of cognitive behaviors. During an evaluation that consists of multiple trials, the agent needs to use (𝑎) communication, (𝑏) memory, or (𝑐) learning to navigate to the reward in the T-maze reliably. Even when the necessary elements for these abilities are available, fitness-based evolution cannot discover how to put them together. Instead, it only discovers reactive behaviors; that is, always going to the left or the right. In contrast, they serve as stepping stones for novelty search, which eventually discovers effective cognitive behavior. Thus, the lineage of an eventual successful agent in novelty search includes many drops in fitness (𝑑). For instance, the novel behavior of going to the opposite corridor with some inputs (arrow) turns out to be a useful stepping stone in discovering communication. Figures from Lehman and Miikkulainen (2014).



		Figure 6.9: Evolutionary surrogate-assisted prescription. In domains where evaluation of decision strategies is not possible, a surrogate model can be used to guide the search. (𝑎) The surrogate model, or a predictor, maps contexts and actions to outcomes. The decision-maker model, or a prescriptor, maps contexts to optimal actions. (𝑏) The models are constructed in one or more cycles of an iterative process. Starting from historical observations of contexts, actions, and outcomes, the predictor (e.g., a neural network or a random forest) is trained through supervised learning. It is then used to evaluate prescriptor candidates, constructed through neuroevolution. The final prescriptor is deployed in the domain. More data can then be collected and the cycle repeated, resulting in more accurate predictors and more effective prescriptors. Figures from Francon, Gonzalez, Hodjat, et al. (2020).



		Figure 6.10: Evolving effective decision-making through co-learning of the surrogate model. This example illustrates the synergy of learning the predictor and prescriptor at the same time in the function approximation domain. (𝑎) With the context as 𝑥 and the action as 𝑦, the ground truth outcomes are indicated by the colored background. (𝑏)–(𝑑) The current predictor is indicated as the colored background instead, so it can be compared with the ground truth in (𝑎). The training pairs are illustrated with translucent dots. The actual optimal policy is indicated by the blue dotted line, and the policy that is optimal with regards to the current predictor is shown as a white dotted line. The policy represented by the current top predictor is indicated by the solid orange line. The prescriptors evolve policies that are better than the predictors suggest. The prescriptors are evaluated with several different predictors over time, which act as an ensemble that is more accurate than any single predictor alone. Such co-learning of the predictor and the prescriptors thus results in automatic regularization, leading to faster learning and more robust solutions. Figures from Francon, Gonzalez, Hodjat, et al. (2020). For a video of this process, see https://neuroevolutionbook.com/demos.



		Figure 6.11: Automatic curricular evolution through co-learning of the surrogate model. In the FlappyBird game, the challenge is to flap the bird up at the appropriate times so that it flies through a course of gates without hitting them. The predictor, trained to estimate the result of an action (flap/no-flap) at a state, (𝑎) places the gate nearby, (𝑏) clusters a number of them together, (𝑐) spreads them apart at the same level, and (𝑑) finally presents the full game challenge accurately. Such a series of increasingly challenging evaluations provides a curriculum that makes it possible to evolve successful behavior, even when it would not evolve with the full challenge from scratch. Co-learning the predictor and prescriptor thus constructs an effective curriculum automatically, allowing neuroevolution to solve more difficult tasks. For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 6.12: Prescriptor evolution and performance. In the land-use optimization domain, the goal is to achieve low carbon emissions with minimal change in land use. (𝑎) The Pareto front moves toward the lower-left corner over evolution, finding better implementations for the different trade-offs of the ELUC and change objectives. (𝑏) Each prescriptor evaluated during evolution is shown as a dot, demonstrating a wide variety of solutions and trade-offs. The final Pareto front is shown as red dots in both figures, constituting a set of solutions from which the decision-maker can choose a preferred one. (𝑐) The Pareto fronts of evolved prescriptors versus heuristic baselines. Whereas the heuristics try to optimize each region equally, the evolved prescriptors allocate more change to where it matters the most. This result demonstrates that the approach can discover non-obvious opportunities in the domain, and thus find better solutions than the obvious heuristics. Figures from Young, Francon, Meyerson, et al. (2025). For an interactive demo of the system, see https://neuroevolutionbook.com/demos.



		Figure 6.13: Predictive and prescriptive models for discovering NPIs in the COVID-19 pandemic. The predictor is used as a surrogate model for the world to evolve prescriptors that implement good NPI strategies. (𝑎) The predictor is an LSTM network that receives a 21-day sequence of cases and NPIs as inputs, and predicts the cases for the next day. The network is trained with historical data across different countries. During performance, the prediction is looped back to the input and rolled out indefinitely into the future. (𝑏) The prescriptor receives the same sequence of cases and NPIs as inputs, and prescribes the NPIs for the next day. Since the optimal prescriptions are not known, it is constructed through neuroevolution to reduce both the number of cases and the total stringency of NPIs. Each prescriptor is evaluated through the predictor as the surrogate model. In this manner, the predictor is constructed entirely based on data and is fast enough to evaluate a large number of prescriptor candidates. Figures from Miikkulainen, Francon, Meyerson, et al. (2021).



		Figure 6.14: Learned predictors and prescriptors. (𝑎) Given the diverse training data across time and countries, the predictor learned to estimate the number of cases accurately. This example is Italy in July 2020. Given the actual sequence of NPIs as input, it predicted the cases accurately for the next 14 days for which there was data. It also suggested that these NPIs, if maintained, would bring the cases down, but if lifted, an explosion of cases would result. (𝑏) The performance of the final population of prescriptors along the case and cost objectives. The Pareto front evolved strongly toward the bottom left, and in the end offered a set of trade-offs from which the decision-makers could choose. Figures from Miikkulainen, Francon, Meyerson, et al. (2021). For a video of the Pareto front, see https://neuroevolutionbook.com/demos.



		Figure 6.15: The predicted delta surge in India and a prescription to avoid it. (𝑎) On February 19, 2020, the cases were decreasing (top plot) and the prescriptors suggested that many NPIs could be lifted (bottom plot, lighter colors). (𝑏) The cases were similarly low on March 1, 2020, but there had been delta surges elsewhere, and the models predicted a major surge in India if the current NPIs were continued—which was hard to believe at the time. The prescriptors suggested tightening some of them, which could have still avoided a major surge. (𝑐) However, more stringent NPIs were only established several weeks later, by March 21, and by that time, even a full lockdown could not have avoided the major surge. In this manner, the models can be used to detect problems early enough when it is still possible to fix them. For an interactive demo, see https://neuroevolutionbook.com/demos.



		Figure 6.16: RHEA leveraging expert solutions through evolution, compared to MoE and weighted ensemble. Several solutions may include different good ideas; the challenge is to form a combined solution that takes advantage of all of them. In this synthetic example, the plots in the middle show the Pareto fronts for each method: RHEA in blue ★, MoE in green ×, and weighted ensemble in yellow  + ; in addition, the original expert solutions are shown in purple •. The structure of each solution is visualized as a grid that identifies which actions (rows) are used in each context (columns). On the left are the two original specialist solutions a and b, and on the right, the original generalist solution c. The solutions on the RHEA Pareto front are on top, and those for MoE in the bottom. Whereas MoE and weighted ensemble can utilize the knowledge in the expert solutions in only a limited way, RHEA can recombine, add innovations, and remove redundancies and detrimental elements to construct superior solutions. Whereas such solutions would be difficult to evolve from a random initial population, RHEA thus harnesses the latent potential in expert solutions, and finds the optimal Pareto front reliably. Figure from Meyerson, Francon, Sargent, et al. (2024).



		Figure 6.17: Combining human expertise and machine discovery in NPI optimization. The recombination and mutation operators in evolution are well suited for combining, refining, and extending existing ideas. (𝑎) The RHEA Pareto front dominates both the solutions created by human experts (Distilled), as well as solutions evolved from a random initial population. (𝑏) Given the human decision-makers’ preference for mid range trade-offs, RHEA’s solutions would be selected nearly always. These results demonstrate that neuroevolution can be used to take advantage of human expertise, resulting in solutions that are better than both those of humans and evolution alone. Figures from Meyerson, Francon, Sargent, et al. (2024).



		Figure 6.18: Characterizing the discovered NPI policies. The policies can be characterized in five dimensions, revealing similarities and differences among the approaches. (𝑎) RHEA’s policies were similar to the submitted ones in terms of focus, but they differed in four other dimensions. In terms of swing and separability, it found solutions similar to those implemented in the real world, but in terms of agility and periodicity, a potential new opportunity that both human experts and real-world decision-makers missed. In this manner, RHEA can leverage both human expertise and machine creativity. (𝑏) Performance (in terms of hypervolume) of the submitted solutions versus their contributions to the final Pareto front. While better solutions generally contribute more, there are many solutions that do not perform well but end up contributing a lot (those in the upper left area). This result highlights the value of soliciting diverse expertise even if some of it is not immediately useful: Methods such as RHEA can then be used to realize their latent potential. Figures from Meyerson, Francon, Sargent, et al. (2024).



		Figure 7.1: Evolution of subpopulations of neurons. In the cooperative coevolution of a single network, each subpopulation evolves one neuron for the network, which may be fully recurrent. The genetic encoding of each neuron specifies the neuron’s connection weights to other neurons. Each neuron receives the fitness of the entire network evaluated in the task. Thus, neurons evolve to cooperate well with other neurons: The subpopulations optimize compatible subtasks and each subtask is encoded robustly in a couple of subpopulations. Such a search for partial solutions is also efficient: the subtasks remain diverse, the approach avoids competing conventions, and the search space is compact. Figure from Gomez (2003).



		Figure 7.2: Heterogeneous neural architecture training through DIP. The agent model is composed of three main modules. First, a visual component generates a latent code 𝑧𝑡 at each time step 𝑡. This code is concatenated with the hidden state ℎ𝑡 from an LSTM-based memory module, which receives 𝑧𝑡 and the previous action 𝑎𝑡−1 as input. The resulting vector (𝑧𝑡, ℎ𝑡) is then passed to the controller module, which selects the agent’s next action. By temporarily protecting recent innovations in upstream components, the deep innovation approach (DIP) allows training the whole architecture end-to-end using a multi-objective genetic algorithm. Figure from Risi and Stanley (2021). Videos of trained agents at https://neuroevolutionbook.com/demos.



		Figure 7.3: Evolving centrally controlled, heterogeneous, and homogeneous teams. (𝑎) In centrally controlled teams, a population of controller networks is evolved in a single population; each network controls all three agents in the team. (𝑏) For a heterogeneous team, the networks are evolved in separate populations, and a team is formed by randomly selecting one network from each population. (𝑐) In a homogeneous team, networks are evolved in a single population, and a team is formed by cloning a selected network three times. In each case, the fitness of the team is used as the fitness for each network that participated in it. While in principle the central controller is able to coordinate the team well, heterogeneous networks may evolve distinctly different compatible roles that solve the task better. However, each network in a homogeneous team is a generalist that can take on different roles at different times, resulting in a more flexible team.



		Figure 7.4: Role-based cooperation through stigmergy. Similarly to a single-network evolution, team members can be evolved in separate subpopulations and rewarded based on team success. In a toroidal world, three predator agents tried to capture a prey (X) that always runs away from the nearest predator and is as fast as the predators. Two of the predators (2, 3) evolved chaser roles, and the third (1) a blocker role: The chasers push the prey to the waiting blocker around the torus. Remarkably, evolution of agents in separate subpopulations was more effective than evolution of a central controller for the entire team. It was also more efficient to not bother with communication with other team members (even through visual sensing); each team member knew their role, and it was most effective for them to simply observe the prey (i.e., to communicate through stigmergy). Figure from Yong and Miikkulainen (2010). For a video of this behavior, see https://neuroevolutionbook.com/demos.



		Figure 7.5: Discovering complex behavior through competitive coevolution. Two simulated Khepera robots need to consume food, pursue the opponent when they have higher energy than the opponent, and evade it when their energy is lower. When the robots collide, the one with higher energy wins. In the domain illustrations, the dark ovals are food items, and the red and yellow circles are the two robots. The red line indicates the direction that the robot is facing, the outer ring the opponent sensor values, and the inner ring the food sensor values. The rings are yellow for the robot with higher energy. In the network diagrams, the nodes are depicted as red squares and numbered in the order that they were created. Positive connections are black and negative are blue, recurrent connections are indicated by triangles, and the width of the connection is proportional to its strength. The approach discovered (𝑎) a foraging strategy that resulted in high energy and was often successful when accidentally crashing on the opponent, (𝑏) a hidden node that allowed it to switch between following and resting based on energy, (𝑐) a way to model and compare the opponent’s and their own energy, and (𝑑) eventually how to fake a move toward a far-away food item (top), causing the opponent to dash to it and then spend most of its energy to get to the last item (left) but failing to get to it first, thereby providing an easy win. Complexifying evolution thus provides a way of understanding network performance; in this experiment, it provides a clear example of how a single competitive coevolution population can discover increasingly complex behaviors. Network diagrams from Stanley (2003). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 7.6: Evolutionary arms race of increasingly complex pursuit-evasion strategies. Through multiple phases, the predator and prey populations alternate in gaining the upper hand in the competition, which serves as a challenge and an opportunity for evolution to improve the disadvantaged population. The later behaviors largely subsume the earlier ones, and therefore there is a progression in an absolute sense toward more complex and effective behaviors that would otherwise be difficult to discover. The simulation also serves to shed light on observed animal behaviors such as cooperative hunting and herding, and escaping by confusing the predators. It thus demonstrates both a way to construct complex intelligent agents, as well as to understand how intelligence may have emerged in biological evolution. Figures from Rawal, Rajagopalan, and Miikkulainen (2010). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 7.7: CA-NEAT. The NEAT-evolved neural networks have learned to grow a French flag–like pattern (𝑎) and to perform pattern replication (𝑏) only through the local interaction of cells. It thus demonstrates a way that neuroevolution can produce complex, coordinated behaviors from simple, decentralized rules. Figures from Nichele, Ose, Risi, et al. (2017).



		Figure 7.8: NCA-based soft robots. (𝑎) Evolution discovered a variety of NCAs that were able to grow 2D and 3D soft voxel robots with different walking gaits. (𝑏) A second NCA, trained specifically for damage recovery, is able to regrow damaged parts of the robot solely through the local communication of cells. Thus, neuroevolution is not only well suited to finding NCAs for static designs, but also functional morphologies. Figures from Horibe, Walker, and Risi (2021). Videos at https://neuroevolutionbook.com/demos.



		Figure 7.9: NCA architecture for game level generation. A convolutional neural network repeatedly transforms levels based on the local interaction of 3×3 cells. Levels are evaluated after being modified for a fixed number of iterations. Figure from Earle, Snider, Fontaine, et al. (2022).



		Figure 7.10: NCA-generated Zelda levels. Shown are example levels generated by NCAs evolved using a MAP-Elites-based QD approach. The method successfully discovers NCAs capable of producing a diverse set of valid and solvable Zelda maps, varying meaningfully along two dimensions: path length and symmetry. Each map adheres to strict gameplay constraints, including exactly one avatar, one key, and one door. These results demonstrate the effectiveness of combining NCAs with QD algorithms for constraint-aware, diverse procedural content generation in game design. Figures from Earle, Snider, Fontaine, et al. (2022). Videos of the growth process at https://neuroevolutionbook.com/demos.



		Figure 7.11: NCA level growth. Shown are the intermediate growth states of a Zelda level. The growth process starts with a fixed initial seed at the center of the level until a stable configuration is reached. Interestingly, during the intermediate stages of growth, levels frequently contained multiple keys or doors. These additional intermediate tiles appear to function as a form of external memory, helping to transmit spatial information across the level and enabling the emergence of globally coherent patterns. The main result is that through purely local iterative interactions, the NCA is able to produce levels that fulfill complex, high-level functional constraints. Figures from Earle, Snider, Fontaine, et al. (2022).



		Figure 7.12: HyperNCA. (𝑎) In a developmental growth phase, a 3D NCA updates an initial random seed over a fixed number of steps. The NCA and the seed may contain one or multiple information channels; for simplicity, a single-channel example is shown. (𝑏) In the policy evaluation phase, the first channel of the developed pattern is interpreted as the weight matrix of a policy network, which is then evaluated on the particular task. Figure from Najarro, Sudhakaran, Glanois, et al. (2022).



		Figure 7.13: Neural developmental program approach. During the stage of information aggregation, the graph systematically transmits state 𝑠 of each node to its adjacent nodes over 𝑛 iterations. The replication model network takes as input the updated node state 𝑠𝑡 + 𝑛 and decides which nodes should replicate. Another network comes into play to determine the weights of the edges connecting each node pair, using their combined embeddings. Once the network is grown for the given number of developmental steps, it is then evaluated to solve a specific task. Figure from Najarro, Sudhakaran, and Risi (2023).



		Figure 7.14: NDP growth of a network solving the CartPole task. The network begins as a solitary node and progressively develops into a more complex network, encompassing two, four, five, and ultimately ten neurons, along with 33 weighted edges, over the course of four growth stages. Within this network, the red nodes function as sensory neurons, the white nodes serve as hidden neurons, and the blue nodes operate as output neurons. Above each neuron, there is a vector displayed, representing the node embeddings. These embeddings are indicative of the state of each neuron throughout the stages of network development. These results demonstrate that NDPs can enable the growth of well-performing policy networks during a phase of neural development. Figures from Najarro, Sudhakaran, and Risi (2023). Videos at https://neuroevolutionbook.com/demos.



		Figure 7.15: NDP performance across tasks. Across four tasks (𝑎–𝑑), the original vanilla NDP is compared to a version that includes intrinsic states and to a version based on hypernetworks, which does not include development. Intrinsic states allow the NDP to perform significantly better in more complex domains. While the approach does not outperform a hypernetwork approach, it is able to reach a competitive performance through a completely decentralized approach based on neural growth. Note that in all four experiments, NDP-vanilla converged to a degeneration policy early in training and was therefore run for fewer generations.



		Figure 7.16: Learning to grow different 3D target structures. An NCA is trained through gradient descent to grow a given target pattern. The approach is able to grow both static structures, such as a tree or an apartment building, but also functional machines, such as a locomoting caterpillar. The caterpillar can even regenerate into two creatures when cut in half. Figures from Sudhakaran, Grbic, Li, et al. (2021). Videos at https://neuroevolutionbook.com/demos.



		Figure 7.17: Combining evolutionary discovery and gradient descent precision. (1) Evolutionary optimization is used to discover a wide range of diverse morphologies. (2) An NCA is then trained to regenerate these target morphologies, even after different types of damage. (3) The trained NCA can successfully grow a soft robot and recover it from severe damage. Figure from Horibe, Walker, Berg Palm, et al. (2022). Videos at https://neuroevolutionbook.com/demos.



		Figure 8.1: Setting up a NERO experiment. The NERO game allows specifying increasingly challenging environments so that complex behavior can be evolved. (𝑎) The human player can place various objects in the environment to create challenges, including walls, flags, static enemies, and moving enemies. (𝑏) The human player controls the fitness by adjusting sliders with continuous positive or negative values along various dimensions such as approach an enemy, approach a flag, hit a target, avoid getting hit, and stay with teammates. (𝑐) Each agent in the game is controlled by a neural network evolved through NEAT. As its input, it senses the environment around it, including enemies, teammates, walls, and other objects; it also senses whether its weapon is on target, and the direction from which the nearest fire is coming. As its output, it issues actions to move forward and back, turn left and right, and fire. (𝑑) During evolution, the entire population of agents is evaluated together in an enclosed environment that may contain multiple objects. In this case, the agents spawn on the right and are rewarded for approaching the flag on the left. At regular intervals, the worst agent is replaced by offspring in a continuous replacement process. In this manner, the human player can create a curriculum of increasingly challenging tasks that prepares the team well for battle against other teams. Figures from Stanley, Bryant, and Miikkulainen (2005). For videos of various training scenarios, see https://neuroevolutionbook.com/demos.



		Figure 8.2: Training NERO teams through interactive neuroevolution. The player first specifies a simple task such as approaching a static enemy that fires (a “turret”), so the agents learn to approach it from different sides. In the next scenario, they learn to approach one turret while minding fire from another. Next, the turrets move and turn, and the agents need to take cover behind walls. Through multiple such increasingly challenging scenarios, the agents learn effective battle behaviors. The team is then placed into a battle against another team, evaluating how well the human player was able to train them. NERO thus aims at creating intelligent behavior strategies through interactive neuroevolution. Figure from Stanley, Bryant, and Miikkulainen (2005).



		Figure 8.3: Discovery of expected and unexpected behaviors in NERO. What makes the game interesting is that the player has some control over what will happen, but evolution will also find surprising solutions. (𝑎) By gradually adding more walls and rewarding the agents for staying away from each other, they evolve to take various paths through the maze, without any explicit path planning. (𝑏) An effective strategy for hitting the target while not getting hit is to run backward while shooting. (𝑐) An avoidant team can be effective when they have time to back up against a wall, forming a firing squad. (𝑑) A subteam of three agents is agile and has significant firepower. These discoveries and many more like them were surprising, resulting from evolution solving the challenges posed by the human player. In this manner, humans can provide guidance while still letting evolution find creative solutions. For videos of these and other battle behaviors, see https://neuroevolutionbook.com/demos. Figures 𝑎, 𝑏, and 𝑐 from Stanley, Bryant, and Miikkulainen (2005).



		Figure 8.4: Utilizing rule-based advice in NERO. It is sometimes useful to be able to guide the evolutionary discovery with human knowledge. Such knowledge can be expressed as rules and incorporated into the population of networks. (𝑎) As an example, two rules about going around the wall on the right side are encoded as a partial network structure. (𝑏) This structure is then spliced into NEAT networks like any mutation. The networks continue to evolve to take advantage, modify, or co-opt the advice to perform better. (𝑐) A snapshot of NERO with the three sequential positions identified. The agents were first rewarded for going to the flag in the middle, then to the one at left, and then the one at right. (𝑑) The advice suggested going to the first flag around the right side, and it sped up evolution compared to having no advice. When the flag was moved to the left, networks with advice adapted very quickly, utilizing the same advice structure with different output actions. After the flag was moved again, there was no difference in adaptation with or without advice, suggesting that the advice had become incorporated into the network like any other structure in it. Figures from Yong, Stanley, Miikkulainen, et al. (2006).



		Figure 8.5: Tasks for evaluating methods that incorporate human knowledge in NERO. Plain neuroevolution from scratch on one hand, and full scripting of behavior on the other, were compared to advice, examples, and shaping. Plain neuroevolution turned out to be more successful than scripting, and at least one of the human-guided methods more successful than plain neuroevolution: examples in (𝑎), advice in (𝑏), and shaping in (𝑐). Thus, the different methods of incorporating human knowledge can play a different role in constructing intelligent agents in interactive neuroevolution domains. Figures from Karpov, Valsalam, and Miikkulainen (2011).



		Figure 8.6: A proposal for active human-guided neuroevolution. The human expert provides advice, examples, and shaping for the neuroevolution process. The process monitors itself and determines what kind and when such input would be most useful. In this manner, humans and machines can work synergistically to construct intelligent agents. Figure from Karpov, Johnson, Valsalam, et al. (2012).



		Figure 8.7: Picbreeder interface. Users in Picbreeder select at least one CPPN-generated image, from which subsequent populations are generated through mutations and crossover of the underlying CPPNs. Users can also move back and forth through the generations and publish their creations, allowing others to branch off from their discoveries. Figure from Secretan, Beato, D’Ambrosio, et al. (2011).



		Figure 8.8: Examples of Picbreeder images. Shown is a variety of designs that were evolved by many collaborating users. For each design, the number of nodes 𝑛 and connections 𝑐 of the underlying CPPN are also shown together with the total number of cumulative generations 𝑔. Because Picbreeder allows users to build on each other’s work, it facilitates the discovery of a wide range of complex and compelling images. Figures from Secretan, Beato, D’Ambrosio, et al. (2011).



		Figure 8.9: The Petalz video game. Players in Petalz can decorate their balconies with various pots and balcony designs. They can breed new flowers by clicking on the existing flowers and trading flower seeds with other users. By allowing players to branch off the flowers discovered by others, the game allows a new type of digital social interaction that links players through collaborative interactive neuroevolution. Figure from Risi, Lehman, D’Ambrosio, et al. (2016). Videos at https://neuroevolutionbook.com/demos.



		Figure 8.10: A Petalz flower phylogeny. Shown here is a family tree that tracks the collaborative efforts of 13 distinct users. Each pair of parent and offspring is divided by one generation. For cases where a flower emerges from cross-pollination, the connecting line to the second parent is highlighted in red. The inset offers a closer look at the evolutionary dynamics, featuring minor phenotypic changes (𝑎), an instance of cross-pollination (𝑏), and substantial yet shared phenotypic transformations (𝑐). This flower phylogeny highlights the rich diversity and lineage of designs that emerge when users are able to collaboratively evolve content through play. Figure from Risi, Lehman, D’Ambrosio, et al. (2016).



		Figure 8.11: Evolved particle weapons in Galactic Arms Race. The interactive evolution component of GAR allowed players to evolve a large range of different and aesthetically pleasing weapons. More importantly, different evolved weapons have different tactical implications, such as the wallmaker (𝑐), which favors defense play by creating a particle wall in front of the player, or tunnelmaker (𝑒), which protects the player from attacks from the left or right side. Figures from Hastings, Guha, and Stanley (2009). Videos at https://neuroevolutionbook.com/demos.



		Figure 8.12: Example of initial and final images with and without seeding interactive neuroevolution. The early phase of Picbreeder is not very engaging, but it can be bypassed by seeding. In this comparison, the initial unseeded images were generated with random CPPNs; the initial seeded ones were generated by running CPPN evolution for a while and selecting the most impressive images. Both sets of images were then evolved further with Picbreeder using HCMs. Interactive evolution from seeded images results in more complex and appealing final images, suggesting that proper initialization is crucial in taking full advantage of interactive evolution. Figures from Lehman and Miikkulainen (2013).



		Figure 9.1: Effect of extinction events on evolvability. While extinctions are catastrophic in the short term, they may empower evolution in the long term. (𝑎) Without extinction events, the population in the abstract domain evolves to fill in the available niches (i.e., cells in the 401×401 grid). A variety of evolvability levels exists in the end, indicated by the gray-scale values (lighter is more evolvable). (𝑏) With extinction events, higher evolvability is favored. Such events occurred at random intervals averaging 2,500 generations. In this snapshot, five individuals survived a recent event, and the population is currently expanding to fill in the available niches. On average, these individuals are about 50% more evolvable than those in (𝑎), indicated by the lighter color. (𝑐) In the bipedal walker domain, extinction events rebound quickly, filling in more niches than before the event, and eventually more than evolution without extinction events. Thus, extinction events accelerate evolution and result in the discovery of more novel solutions. Figures from Lehman and Miikkulainen (2015).



		Figure 9.2: Constructing neural networks with a GRN. GRNs, a mechanism for decoding genetic representations in biology, can also be used as an indirect encoding for neural networks. The GRN is encoded as a set of rules. The current state is represented by products (indicated by letters). The antecedents are matched with the current products, leading to the generation of more products. The match is based on similarity between products, implemented through regulatory factors. In mapping the GRN to a network, products create nodes and antecedent matches create connections between them. In this case, starting with products G and B as a starting point, matching the first rule creates a negative connection from B to itself. Because C is a similar product to B, H and D are created as hidden nodes and connected to B. Matching D in turn leads to a recurrent self-connection, as well as creating and connecting to an output node K. In this manner, a recurrent structure is created; it can be further evolved by modifying the rule set and the regulatory factors. Figure from Reisinger and Miikkulainen (2007).



		Figure 9.3: Performance, evolvability, and structure resulting from GRN-based neuroevolution. The GRN-based encoding has several useful properties, as illustrated in the Nothello game domain. (𝑎) The GRN-based indirect encoding evolves better solutions faster. (𝑏) This result is likely due to the evolvability that the system discovers over evolution, measured by how good the offspring solutions are on average. (𝑐) The evolvability is likely due to more varied networks motifs, taking advantage of recurrent structures. The significance is measured by comparing to randomly connected networks with the same size. This example illustrates a fundamental principle of evolvability: It emerges from the continuously changing fitness function (due to coevolution), makes coevolution more effective, and can thus potentially be harnessed for open-ended discovery. Figures from Reisinger and Miikkulainen (2007).



		Figure 9.4: Expressive encodings through genetic programming and neural networks. Expressive encodings make evolution more powerful by allowing for large changes. (𝑎) For instance, the phenotypes of these two GP parents are all zeros, but their crossover results in an offspring of all 1s, with a probability of 0.25. They share most of the structure except for special segments defining the variables a and b. (𝑏) A similar encoding through a neural network. The input is a constant 1, and the output is all zeros; they differ in the weights of the first layer such that a crossover results in all 1s with a probability of 0.25. (𝑐) Direct encoding of parents cannot lead to an all-1s offspring. These simple examples illustrate how expressive encodings make such miracle jumps possible when they are not possible through direct encoding. Figures from Meyerson, Qiu, and Miikkulainen (2022).



		Figure 9.5: Examples of evolved morphology. (𝑎) In the easy, flat environment, the approach developed a thick but short rear lower limb that enabled a fast gait. (𝑏) In the more complex environment that included obstacles and holes, a larger rear leg evolved that allowed the agent to push over obstacles better. Evolution thus optimized the body and control jointly to meet the challenge as well as possible. Figures from Ha (2019). Videos at https://neuroevolutionbook.com/demos.



		Figure 9.6: Optimizing for desired design properties. Evolution was rewarded for finding solutions that included small legs. (𝑎) In the easy flat environment, very small legs evolved. (𝑏) In the more challenging environment, its legs were longer, but they were the smallest that could still solve the task. In this manner, multiple design goals can be combined to obtain a variety of solutions. Figures from Ha (2019).



		Figure 9.7: Optimization without constraints. With all design constraints removed, evolution came up with a really tall bipedal walker that solves the task by simply falling over and landing near the exit! This example shows that the approach can be creative beyond preconceived human notions of what the solutions should be like. Figures from Ha (2019).



		Figure 9.8: Overview of OMNI. OMNI enables open-ended learning in vast environment search spaces by ensuring that the training tasks not only have high learning progress, but are also interesting. They harness LLMs to make such a heretofore impossible judgment. Figure from Zhang, Lehman, Stanley, et al. (2024).



		Figure 9.9: Overview of OMNI-EPIC. OMNI-EPIC continuously generates and solves new, interesting tasks in simulation. The approach maintains a task archive of learned and failed tasks. Figure from Faldor, Zhang, Cully, et al. (2025). Videos at https://neuroevolutionbook.com/demos.



		Figure 9.10: Results in Crafter. (𝑎) Conditional success probabilities of all tasks in Crafter. Tasks are organized from simple to complex based on the prerequisite tasks that must be accomplished before completing the target task. Task names (left of each row) are readable in a digital format when zoomed in. (𝑏) Performance in Crafter on all tasks. While OMNI biases training toward interesting tasks, it achieves higher average task success rates and learns more tasks than uniform sampling or choosing tasks based on learning progress alone, even across all tasks. Figure from Zhang, Lehman, Stanley, et al. (2024).



		Figure 9.11: Results in BabyAI. (a) Conditional success probabilities of a subset of tasks in BabyAI. These plots only show tasks with a success rate of at least 0.05 by any method at any time step. Tasks are organized from simple to complex based on the instruction length. (b) Performance in BabyAI on all tasks. The average task success rate scale for BabyAI is low because it is averaged over the entire task set, which includes many tasks that are difficult to learn. This approach captures the microcosm of the real world, where there can be infinitely many difficult or even impossible tasks. OMNI achieves much higher average task success rates and learns more tasks than uniform sampling or choosing tasks based on learning progress alone. Figure from Faldor, Zhang, Cully, et al. (2025).



		Figure 9.12: OMNI-EPIC performance in a long R2D2 simulation. (𝑎) Cell coverage of archive diversity plots in long runs with simulated learning by OMNI-EPIC and the controls. (𝑏) ANNECS-OMNI measure of progress for OMNI-EPIC and the controls. Dotted lines are median values, and shaded regions are 95% confidence intervals. OMNI-EPIC generated significantly more diverse tasks and continued to innovate throughout the run. Figures from Faldor, Zhang, Cully, et al. (2025).



		Figure 9.13: The POET approach. POET generates complex environments and effective agent solutions unachievable through standard ES. As depicted, agents optimized directly by ES (top row of panel (𝑎) and left panels of (𝑏) and (𝑐)) tend to develop suboptimal behaviors, often quitting prematurely. In contrast, POET not only engineers these demanding scenarios but also successfully trains agents that adeptly navigate through them, as demonstrated in the bottom row of panel (𝑎) and the right panels of (𝑏) and (𝑐). Figures from Wang, Lehman, Clune, et al. (2019). Videos at https://neuroevolutionbook.com/demos.



		Figure 9.14: Agents demonstrate advanced navigation abilities in complex scenarios engineered by POET. Notable challenges include (𝑎) navigating exceptionally large steps and (𝑏) mastering a rough-terrain course featuring a mix of narrow and wide gaps, alongside stumps of varying heights. In addition, ES alone fails to match POET’s performance in various settings. (𝑐) A dotted line at a score of 230 indicates the success threshold. The plots clearly show that ES consistently falls short of meeting the challenges effectively addressed by POET. Figures from Wang, Lehman, Clune, et al. (2019).



		Figure 9.15: POET versus direct-path curriculum-building controls. Each rose plot depicts one environment that POET created and solved (red pentagon). For each, the five blue pentagons indicate what happens in control runs when the red pentagon is the target. Each blue pentagon is the closest-to-target environment solved by one of the five independent runs of the control algorithm. The five vertices of each pentagon indicate roughness (roughness), the bottom and top values of the range of the gap width of all the gaps (gap_lower and gap_upper), and the bottom and top values for the height of stumps (stump_lower and stump_upper) in the given solved environment. The value after MAX in the key is the maximum value at the outermost circle for each type of obstacle. Each column contains sample solved environments from a single independent run of POET. Figures from Wang, Lehman, Clune, et al. (2019).



		Figure 9.16: Enhanced POET. With the CPPN-based environment generation and other innovations, enhanced POET is able to generate (and solve) a wide diversity of environments within a single run. In contrast, the original POET can generate environments only with limited types of regularly-shaped obstacles (e.g., stumps and gaps). Figures from Wang, Lehman, Rawal, et al. (2020).



		Figure 9.17: Sample episodes of chase and escape. The quadruped robot is the chaser and the red dot-bot is the escapee; the blue and red lines are their trajectories. In the experiments, some adversarial agents developed advanced evasion tactics, such as luring the quadruped robot to approach, then dodging and stopping abruptly, causing the robot to run past them.



		Figure 9.18: Comparison with baseline methods. (𝑎) Three configurations of initial positions for a static adversary. (𝑏) Trajectories of the methods when the chaser robot tries to catch an escapee robot that moves along a sine-wave-shaped route. A cross at the end of a trajectory indicates that the chaser has fallen or the target has escaped. A dot at the end means successfully catching the target at that position. Short trajectories ending with dots indicate the chaser catches the target early. The chaser trained with dynamic adversaries (blue trajectory) is able to catch the target much earlier than other baseline policies, including the policy that plays against a single opponent (). Figures from Tang, Tan, and Harada (2020).



		Figure 10.1: Types of nodes and activation functions in the backprop NEAT experiment. The colors are used to label the nodes in figures 10.2 and 10.3. Different functions implement different computational properties that make the search for a good architecture more effective.



		Figure 10.2: An example of a network from the first generation. The network (𝑎) is tasked with classifying input samples (two-dimensional points) into one of two categories (𝑏). The initial population consists of networks that implement logistic regression with a different set of random weights. If the population is large enough and the classification problem is simple enough, some of those initial networks may already do well in the task, as is the case in this nearly linearly separable classification task. Videos at https://neuroevolutionbook.com/demos.



		Figure 10.3: Evolved backprop NEAT networks for classifying data of varying complexity. Networks (𝑎) are shown together with their classification performance (𝑏). With XOR (top row), the architecture relies on abs and ReLU that allow the forming of long lines with sharp corners. In contrast with concentric circles (middle row), the architecture takes advantage of sinusoidal, square, and Gaussian functions to establish features that work well in such radially (nearly) symmetric domains, making the machine learning task easier. With concentric spirals, it further utilizes a complex topology to approximate the complex decision boundary. In this manner, evolution discovers hyperparameters and structures that work well for the task, similar to (and possibly exceeding) the ability of human engineers to design them.



		Figure 10.4: The AlexNet deep learning architecture. This architecture put deep learning into the spotlight when it won the ImageNet competition in 2012. There are careful engineering decisions that were involved in its design, including the principled organization into convolutional, pooling, and dense layers. More recent networks are often even more sophisticated and require a pipeline that spans network architecture and careful training schemes. Much manual labor is required in addition to the human insight to make them work, which suggests that automated methods of configuring them might help. Figure from Krizhevsky, Sutskever, and Hinton (2012).



		Figure 10.5: NAS in LSTM node design. At the lowest level, NAS can be used to design nodes in a recurrent neural network. In the node diagrams shown here, the ℎ(𝑡) is the main output of the node, propagated to other nodes, and the 𝑐(𝑡) and 𝑑(𝑡) are outputs of the native memory cell, propagated internally. The green input elements denote the native memory cell outputs from the previous time step–that is, 𝑐(𝑡−1) or 𝑑(𝑡−1). The red input elements are formed after combining the node output from the previous time step–that is, ℎ(𝑡−1) and the new input from the current time step 𝑥(𝑡). The other colors identify activation functions in computational cells: ReLU, sigmoid, tanh, sin, add, and multiply. In all solutions, the memory cell paths include relatively few nonlinearities. Unlike LSTM (𝑎) and NASCell (𝑏), the evolved nodes reuse inputs and utilize extra memory cells in different parts of the node; they also discovered LSTM-like output gating. The evolved nodes for language (𝑐) and music modeling (𝑑) are different, suggesting that evolution captures and utilizes the inherent structure in these domains to perform better. In this manner, neuroevolution was able to improve upon a human design that had stayed the same for decades and was considered optimal among many variants. Figures from Rawal and Miikkulainen (2020). For a video of this search process and an interactive demo, see https://neuroevolutionbook.com/demos.



		Figure 10.6: Discovering general neural architectures through coevolution of modules and blueprints. The CoDeepNEAT approach (Miikkulainen, Liang, Meyerson, et al., 2023) aims at discovering modular architectures in an open-ended search space. (𝑎) Blueprints represent the high-level organization of the network, and modules fill in its details. The blueprint and module subpopulations are evolved simultaneously, based on how well the entire assembled network performs in the task. This principle was originally developed for evolving entire networks including the weights (Gomez and Miikkulainen, 1997; Moriarty and Miikkulainen, 1997), but it applies in neural architecture search for deep learning as well. (𝑏) The overall structure of a network evolved for the image captioning task; the rectangles represent layers, with hyperparameters specified inside each rectangle. One module, consisting of two LSTM layers merged by a sum, is repeated three times in the middle of the network. The main advantage of CoDeepNEAT is that it can discover a wide range of network structures. They may take advantage of principles different from those engineered by humans, such as the multiple parallel paths brought together at the end in this network. Figures from Miikkulainen, Liang, Meyerson, et al. (2023). For a demo of CoDeepNEAT in the character recognition task, see https://neuroevolutionbook.com/demos.



		Figure 10.7: Evolutionary discovery in the NASNet search space compared to RL and random search. In contrast with the open-ended search in CoDeepNEAT, the AmoebaNet method (Real, Aggarwal, Huang, et al., 2019) performs a more focused search. (𝑎) It evolves a stacked architecture of inception-like normal and reduction modules (cells); these networks are then scaled to larger sizes algorithmically. AmoebaNet also promotes regularization by removing the oldest individuals in the population. (𝑏) As a result, it discovers architectures that are more accurate than those discovered through random search and RL, reaching state-of-the-art accuracy in standard benchmarks like ImageNet. Figures from Real, Aggarwal, Huang, et al. (2019).



		Figure 10.8: Simultaneous optimization of network size and performance. The number of parameters in the network is in the 𝑥-axis, and the accuracy in classifying X-ray images to 14 diseases is in the 𝑦-axis. The curves show the Pareto fronts obtained in a single-objective evolution (of accuracy; green) and multiobjective evolution (of accuracy and number of parameters; blue). Both populations include a range of trade-offs, but the multiobjective evolution discovers consistently better ones, including one at the elbow that is 1/12th of the size and only 0.38% less accurate than the top accuracy. In this manner, NAS can discover architectures that not only perform well but also adhere to cost constraints, making more applications possible in the real world. Figures from Liang, Meyerson, Hodjat, et al. (2019). For a video of this process, see https://neuroevolutionbook.com/demos.



		Figure 10.9: Alternative approaches to multitask learning. When multiple tasks are learned simultaneously, the network may discover and utilize general principles underlying them, and perform better than when trained with each task alone. (𝑎) If the tasks are similar, a single column with a different head for each task may work well. (𝑏) A more flexible architecture may consist of a number of modules at each level, and each task uses them differently. (𝑐) In the most general case, a customized topology may be used to support a number of different tasks. It is difficult to decide which architecture works well; evolutionary NAS can be used to find optimal ways to do it. Figures from Meyerson and Miikkulainen (2018a).



		Figure 10.10: Network topologies discovered for different handwritten alphabets. Each network is trained to recognize handwritten characters of one alphabet. However, each topology is constructed from the same set of neural network modules (indicated by color), and thus such training results in modules that encode the underlying functional primitives of many tasks. More complex alphabets receive more complex topologies, and similar alphabets receive similar topologies. The resulting topologies are consistent across several runs of evolution and training, suggesting that they indeed capture underlying principles. Even though the training data is limited for each task, the primitives make it possible to learn each task well—and better than if the networks were trained from scratch with their own data only. Thus, NAS can be used to tie together the learning of multiple tasks so that learning with otherwise insufficient data is possible, making it possible to extend machine learning to more real-world tasks. For a video of this evolutionary process, an interactive character recognition demo, and other demos on multitask evolution, see https://neuroevolutionbook.com/demos.



		Figure 10.11: The MSuNAS approach for evolving convolutional networks. The idea is to make search practical by limiting the search space and by guiding the search. The search space consists of five computational blocks, and it is parameterized through the number of layers, kernel size, channels (that expand through the layers), and input resolution. (𝑎) The parameters are selected from a prespecified set and can be coded either as variable (𝑏) or fixed (𝑐) length individuals. A supernet is created with the largest values and subsumes the entire search space. Good trade-offs between performance and other objectives are then found in this space using the NSGA-II multiobjective search method. A surrogate model, trained with a sample of architectures in this space, is used to guide the search, and the trained supernet to initialize the weights of the candidates. The approach can find architectures that perform better than or similar to standard architectures and are smaller, with significantly less training. Figure from Lu, Deb, Goodman, et al. (2020).



		Figure 10.12: Asynchronous evaluation of individual and coevolutionary encodings. One challenge in parallelizing the evaluation of neuroevolution candidates is that the evaluation times may vary. Therefore, instead of evaluating an entire generation of candidates synchronously before generating new ones, candidates are placed in a queue and evaluated as soon as compute nodes become available. In this manner, compute nodes are never idle and evaluation can be sped up significantly. (𝑎) With encodings that represent the entire solution, the population and elites are maintained as usual, and evolution progresses in batches of 𝑀 individuals. (𝑏) With coevolutionary encodings such as CoDeepNEAT, the individuals are created and fitness is distributed among participating blueprint and module populations. The process favors individuals with short evaluation times, which means that 𝑀 needs to be larger when those times vary a lot. However, the speedup is also larger than, for instance, 14-fold for CoDeepNEAT. The bias toward networks that evaluate fast is also beneficial in NAS, resulting in more desirable solutions as a surprising side benefit. Figures from Liang, Shahrzad, and Miikkulainen (2023).



		Figure 10.13: Solving problems with NAS alone without gradient descent. In the WANN approach, network architectures are evolved with a shared random value for weights. Surprisingly, without any gradient descent, they can solve RL tasks such as bipedal walking (𝑎) and driving (𝑏), and perform competently (at 94%) in MNIST handwritten digit classification (𝑐). The diagram on the left side of (𝑐) is part of an interactive demo that shows which parts of the input and network are used to classify different handwritten digits. WANN networks can be seen as a model of precocial performance in many animal species, where newborn individuals already perform well in a number of tasks necessary for survival without any experience or learning. Figures from Gaier and Ha (2019). For interactive demos, see https://neuroevolutionbook.com/demos.



		Figure 11.1: Bilevel neuroevolution. Neuroevolution performance depends crucially on a proper setting of its hyperparameters. They can be evolved as part of the optimization process, resulting in bilevel neuroevolution. More specifically, neural networks with parameters (weights)  are evolved using a low-level neuroevolution algorithm  with parameters . The  are in turn optimized with an upper-level MEA algorithm . The expected fitness  is taken as the fitness of . In this manner, the neuroevolution process can be optimized automatically, which makes it possible to solve harder problems with it. Figure from Liang and Miikkulainen (2015).



		Figure 11.2: Enhancing neuroevolution with bilevel optimization. (𝑎) Neuroevolution with eight hand-tuned evolution parameters (shown as HNE in the plot) is successful in the helicopter hovering task, but when those same parameters are optimized at the same time through bilevel evolution (HNE8), better solutions are found faster. In this manner, bilevel evolution can be harnessed to improve upon human design of neuroevolution experiments. (𝑏) The cumulative success of neuroevolution with five hand-tuned evolutionary parameters (PNE), five bilevel-optimized parameters (PNE5), and fifteen bilevel-optimized parameters (PNE15) in the double pole balancing task. More parameters allow bilevel evolution to develop a more powerful neuroevolution parameterization, resulting in faster discovery of solutions. Therefore, when bilevel optimization is available, it is better to make the neuroevolution method more flexible and configurable, even beyond human ability to optimize. Figures from Liang and Miikkulainen (2015). For videos of helicopter hovering, see https://neuroevolutionbook.com/demos.



		Figure 11.3: Regularization and robustness with evolved loss functions. Surprising synergies emerge when loss functions are evolved as part of the optimization process. (𝑎) The standard loss function, such as log loss (or cross-entropy), has a high loss for outputs that are far from correct (1.0 in this case) and a low loss otherwise. In contrast, evolutionary optimization of loss functions through GLO/TaylorGLO (Gonzalez and Miikkulainen, 2020, 2021) discovered a new principle: When the output is very close to the correct one, a high loss is incurred. This principle, termed “Baikal loss” for its shape, discourages overfitting, thus regularizing the network automatically, leading to better generalization. Such a loss is effective, but it is counterintuitive and thus unlikely to be discovered by human designers. (𝑏) Baikal loss also makes the network performance more robust. This effect can be quantified by perturbing the network weights. With Baikal loss, the network’s performance is less affected than with cross-entropy loss. This effect can be further magnified by making robustness against adversarial inputs an explicit second objective in evolution. Thus, loss-function optimization can be used to improve not just regularization, but robustness as well. Figure 𝑎 adapted from Gonzalez and Miikkulainen (2020) and figure 𝑏 adapted from Gonzalez, Qiu, and Miikkulainen (2025).



		Figure 11.4: Activation functions discovered over space and time. Activation functions are as fundamental to network performance as its weights. PANGAEA combines evolution of the function structure synergistically with gradient descent of its parameters. It is possible to discover general functions, but the approach is most powerful in customizing them to a particular architecture and task. Moreover, the functions change systematically over learning time, as well as through different depths of layers, presumably starting with coarse learning and regularization and transforming into fine-tuning and classification. These results suggest a possible duality with weight learning and a possible synergy for the future. Figure from Bingham and Miikkulainen (2022).



		Figure 11.5: Evolutionary discovery of learning methods. At the highest level, meta-learning extends to the learning mechanisms themselves. In AutoML-Zero (Real, Liang, So, et al., 2020), sequences of instructions for setup, prediction, and learning are evolved through mutation-based regularized search. AutoML-Zero first discovered simple methods such as linear models, and then several known extensions such as ReLU and gradient normalization, and eventually more sophisticated techniques such as multiplicative interactions. The approach could be particularly useful in customizing learning methods to different domains and constraints. Figure from Real, Liang, So, et al. (2020).



		Figure 11.6: Utilizing surrogates to discover surprising activation functions. Surrogate modeling can be used to evaluate activation function candidates without full training, making it possible to search in larger spaces, which may result in more innovative solutions. (𝑎) Uniform manifold approximation and projection (UMAP) embeddings of the 2,913 activation functions in the three benchmark settings (columns) in three surrogate spaces: FIM eigenvalues (top row), function outputs (middle row), and both (bottom row). UMAP is a dimensionality-reduction technique that preserves the structure of high-dimensional spaces well (in this case 13,692, 16,500, and 11,013 FIM eigenvalue histogram dimensions and 1,000 function output samples). Function performance is indicated by color coding. Similar colors cluster best in the bottom row, suggesting that using both FIM and output features as the surrogate space makes search for good functions the easiest. (𝑏) The best activation function in the CoAtNet experiment turned out to be a sigmoid. The histograms indicate the values with which it is activated in the network. At initialization (blue histogram), it is used similarly to ReLU; after training (orange histogram), both saturation regions are used. This discovery suggests that sigmoidal activations may be useful in specific situations, challenging the conventional wisdom in ML. Figures from Bingham and Miikkulainen (2023b).



		Figure 11.7: Utilizing meta-learning synergies to beat human designers. In this natural experiment, human experts and meta-learning were working at the same time to improve the accuracy of age estimation from facial images. In two datasets (D0 and D1), evolutionary meta-learning was able to discover models that performed better than those simultaneously designed by human data scientists. While the neural networks were being continuously trained, evolution optimized the learning, architecture, and data-augmentation hyperparameters. The approach discovered and utilized synergies between design aspects that were difficult for humans to utilize. The final accuracy, MSE of 2.19 years, is better than human accuracy in age estimation (3–8 years). Figure from Miikkulainen, Meyerson, Qiu, et al. (2021).



		Figure 11.8: Demonstrating the value of medical aesthetic treatment with AI. The vertical axis shows the perceived age difference from pre-treatment images to images taken at different times after treatment. The error bars indicate standard error on RIO values, averaged across individuals. Whereas the estimated age differences with placebo treatment are centered around zero, the actual Botox treatments (of which there were two versions) reduce the apparent age substantially, demonstrating that the treatments are effective. Figure from Miikkulainen, Meyerson, Qiu, et al. (2021).



		Figure 11.9: Evolving a neuromorphic race car controller. Neuromorphic control can reduce the energy consumption of both sensing and actuation, which is crucial in applications at the edge, such as self-driving cars. (𝑎) The physical platform was an F1TENTH robotic vehicle, intended to represent 1/10 of a Formula One race car. The controller was implemented on the μCaspian neuromorphic development board. (𝑏) Performance of the neuroevolved controller on various simulated race tracks. The bottom five were used for training and the top 15 for testing. Performance was measured on the 𝑥-axis as the fraction of two laps completed. The box plots show the distribution of the best networks found in 30 evolution runs; the red star is the network with the best average performance. Some tracks are more difficult than others, but evolution discovered networks that performed well on each of them, and the best network did well on nine of the 15. When transferred to a real-world track (not shown), performance was not as good as in the simulation, but still demonstrated a practical implementation of a neuromorphic controller at the edge. Figures from Schuman, Patton, Kulkarni, et al. (2022).



		Figure 12.1: Evolutionary reinforcement learning. In ERL, a population of neural networks is evolved through NE. Data collected during those rollouts is used to train a deep RL agent, which is periodically injected into the EA population. Figure from Khadka and Tumer (2018).



		Figure 12.2: Performance of ERL. In most domains, such as HalfCheetah (𝑎), Reacher (𝑐), Ant (𝑑), and Walker2D (𝑓), ERL significantly outperforms vanilla EA and deep RL approaches. By combining EA’s broad, population-driven exploration with RL’s gradient-based optimization, ERL achieves both stability and sample efficiency, leading to superior performance even in sparse-reward and deceptive environments. Figures from Khadka and Tumer (2018).



		Figure 12.3: Evolutionary function approximation. Q-learning with a manually designed neural network is compared to both NEAT and NEAT+Q. Both NEAT methods significantly outperform Q-learning in both the MountainCar (𝑎) and server job scheduling tasks (𝑏). These results demonstrate that NEAT is able to evolve the right initial parameters and architecture of value networks that are better at learning. Figure from Whiteson (2006).



		Figure 12.4: NEAT+Q evolved networks topologies. Shown here are the best neural networks evolved by NEAT+Q for MountainCar (𝑎) and server job scheduling (𝑏). Inputs are shown at the bottom, while outputs are shown at the top. Each input is also directly connected to each output node (connections are not shown). Output nodes can also be connected to other output nodes. The sparsity and irregularity of these networks suggest that they might be difficult to find through a manual process. Figure from Whiteson (2006).



		Figure 12.5: Quick adaptation through ES-MAML. The evolutionary meta-learning approach called ES-MAML allows a robot only trained in a simulated environment to transfer to the real world and adapt to changes not seen during training, such as reduced motor power and an added payload of 500g placed on the robot’s side. Figures from Song, Yang, Choromanski, et al. (2020). Videos at https://neuroevolutionbook.com/demos.



		Figure 12.6: Navigation of mobile robot with Hebbian plasticity. The navigation of the robot before (𝑎) and after lifetime learning (𝑏). The evolved learning rules allow the robot to quickly learn to navigate a maze without colliding with the walls. Figures from Floreano and Mondada (1996b).



		Figure 12.7: Dynamics in random networks with synapse-specific Hebbian plasticity. The evolved Hebbian rules allow the controller to quickly learn to control a quadrupedal robot, starting from randomly initialized starting weights. The networks are shown at three different time steps (A, B, C) during the lifetime of a robot with the standard morphology. The quick change in the initially random weights, which is driven purely by the learned Hebbian rules, is reflected in the increase in the reward performance (bottom). Even when the morphology of the robot changes through damage to one of the legs (top right), the same Hebbian network is able to adapt in a few time steps, allowing the robot to continue locomoting. Figure from Najarro and Risi (2020). Videos at https://neuroevolutionbook.com/demos.



		Figure 12.8: Hebbian network for sim-to-real transfer. A neural network incorporating Hebbian plasticity (𝑎) is trained to control a robot in simulation before being transferred to a physical robot. The approach was tested on a dung beetle (𝑏) and a gecko-inspired robot (𝑐). Training curves for the dung-beetle robot locomotion are shown in (𝑑). The graph displays the average performance and standard deviation of the best individual across five trials for each model. While the LSTM network performs slightly better in the environments seen during training, only the Hebbian network is able to control the dung beetle-like robot when transferred to the physical robot (𝑒). Figures from Leung, Haomachai, Pedersen, et al. (2025). Videos at https://neuroevolutionbook.com/demos.



		Figure 12.9: Neural activity and weights during the simulated bee’s lifetime. The top graph shows the intensity of the signal generated by the single modulatory neuron, the middle graph represents the amount of reward received upon landing, and the bottom graph tracks the synaptic weights of color inputs to the output neuron, which determine the bee’s preference for a specific flower color; the graphs line up over time. Notably, the modulatory signal remains low during flight but increases significantly upon landing, facilitating a more rapid update of synaptic weights at that critical moment. Figure from Soltoggio, Dürr, Mattiussi, et al. (2007).



		Figure 12.10: Adaptive HyperNEAT. In adaptive HyperNEAT, the CPPN is queried each time step, given the location of nodes but also the current weight of the connection and the activity of the presynaptic and postsynaptic neurons. This way, each connection in the network can learn arbitrary learning rules that can be geometrically encoded by the CPPN. Figure from Soltoggio, Stanley, and Risi (2018).



		Figure 12.11: Neural Turing machine. In an NTM, a neural network (the controller) is augmented with an external memory component that it can learn to read from and write to through dedicated read and write heads. The external memory allows the network to store information over many time steps and use it to learn algorithms such as copy, sort, or associative recall. Figure from Graves, Wayne, and Danihelka (2014).



		Figure 12.12: Evolvable Neural Turing Machine. (𝑎) The evolvable NTM is characterized by a hard attention mechanism and a theoretically infinite memory tape. (𝑏) The NTM discovered by NEAT is able to learn new associates in one shot without forgetting previously learned ones. In this manner, evolved networks with an external memory show promising performance for tasks requiring continual learning. (𝑐) Days 3 and 4 of season 1, as well as all days beyond day 2 in season 2, are not displayed but are completed flawlessly. Legend: E-I: ANN output indicating whether the food item should be consumed. E-O: ANN inputs from the environment: summer item (1–4), winter item (5–8), reward (9), punishment (10). E-S: Score indicator. TM-W: Write vector. TM-I: Write interpolation. TM-C: Content of the tape at the current head position after writing. E-J: Content jump input. TM-S: The three shift values in descending order: left, none, right. TM-R: Read vector. TM-H: Current head position after control operations. Figures from Lüders, Schläger, and Risi (2016).



		Figure 12.13: Overview of the DERL approach. DERL generates embodied agents through the interaction of two adaptive processes. The outer loop performs evolutionary search over morphologies, applying structural mutations—such as limb addition or modification, illustrated in (𝑏)—to iteratively refine the agent’s physical form. In parallel, the inner loop uses reinforcement learning to train a neural controller from scratch for each morphology (𝑐). A range of example morphologies generated within the UNIMAL design space, a modular and expressive representation for articulated agents, is shown in (𝑑). The environments in which these agents evolve vary in complexity; (𝑒) shows the variable terrain setting, composed of stochastically generated obstacles including hills, steps, and rubble. In the most complex scenario—manipulation in variable terrain—agents must not only traverse the terrain, but also manipulate an object from a randomly assigned starting location (green sphere) to a designated goal (red square), requiring coordinated locomotion and interaction with the environment. Figure from Gupta, Savarese, Ganguli, et al. (2021). Video at https://neuroevolutionbook.com/demos.



		Figure 13.1: GA process in EvoPrompt. In step 1, LLMs perform crossover on the given two prompts (words in orange and blue are inherited from prompt 1 and prompt 2, respectively). In step 2, LLMs perform mutation on the prompt. Figure from Guo, Wang, Guo, et al. (2024).



		Figure 13.2: Normalized scores on Big Bench Hard tasks for EvoPrompt. Since the tasks are challenging, GPT-3.5 was used as the LLM. Score normalization is calculated in comparison to the prompt “Let’s think step by step” with a three-shot Chain-of-Thought demonstration. The differential evolution (DE) version consistently outperformed the GA version, achieving up to 25% improvement with an average gain of 3.5%, while GA reached a peak of 15% and a 2.5% average. Figure from Guo, Wang, Guo, et al. (2024).



		Figure 13.3: The Promptbreeder approach. This process begins with a set of problem descriptions and initial prompts, creating evolution units with task and mutation prompts. Using a binary tournament genetic algorithm, it evaluates and iteratively refines these prompts across generations, enhancing their effectiveness and domain-specific adaptation. Figure from Fernando, Banarse, Michalewski, et al. (2024).



		Figure 13.4: Overview of multiple variants of self-referential prompt evolution. In (𝑎), the LLM is directly used to generate variations 𝑃′ of a prompt strategy 𝑃. Using a mutation prompt 𝑀, an LLM can be explicitly prompted to produce variations (𝑏). By using a hyper mutation prompt 𝐻, the mutation prompt itself can also be evolved, turning the system into a self-referential one (𝑐). Promptbreeder (𝑑) improves the diversity of evolved prompts and mutation prompts by generating an initial population of prompt strategies from a set of seed thinking styles , mutation prompts , as well as a high-level description 𝐷 of the problem domain. Figures from Fernando, Banarse, Michalewski, et al. (2024).



		Figure 13.5: Evolutionary model merging. The approach involves three key components: (1) evolving the mixing weights for parameters at each layer within the parameter space (PS); (2) evolving the permutations of layers within the data flow space (DFS); and (3) an integrated strategy that combines both PS and DFS. Importantly, merging in the PS goes beyond simply copying and stitching together layer parameters; it actively blends the weights, much like mixing colors (e.g., red and blue blending to form purple). Figure from Akiba, Shing, Tang, et al. (2025).



		Figure 13.6: Maximizing reward and minimizing difference in the conciseness task. Qwen models of various sizes were fine tuned to generate concise answers to questions. Compared to RL methods such as GRPO, ES makes answers concise (i.e., high reward) with very small changes to the model (measured by KL divergence). To be concise, RL hacks the reward and often results in incorrect or even nonsensical answers. The main difference is that ES explores in the parameter space rather than in the action space, presumably making it possible to discover principled and systematic changes that improve performance. Figure from Qiu, Gan, Hayes, et al. (2025).



		Figure 13.7: ELM mutation operator and MAP-Elites integration. (a) The success rate for GP mutation decreases exponentially with the number of mutations, and it produces no solutions when there are five bugs. In contrast, diff mutation degrades only with the fifth bug. The conclusion is that LLM-based mutation can indeed make multiple sensible coupled changes to code. (b) In each MAP-Elites iteration, a Python solution is sampled from the archive for each replica of a diff model. Each replica generates a batch of diffs applied to the sampled solution to produce modified candidates. These candidates are evaluated and used to update the archive. Over time, a single seed program evolves into a variety of high-performing Python programs. Figures from Lehman, Gordon, Jain, et al. (2023).



		Figure 13.8: Sodaracer seeds and discovered designs. The starting seeds are shown in (𝑎). From top to bottom: CPPN seed, radial seed, and square seed. The discovered designs are shown in (𝑏). From top to bottom: Wheel, from radial seed; Galloper, from square seed; Runner, from CPPN seed. ELM enabled bootstrapping from simple, often ineffective seed programs to hundreds of thousands of functional and diverse sodaracers in a domain unseen by the language model. These evolved artifacts were effective enough to train LLMs to generalize to novel tasks. Figures from Lehman, Gordon, Jain, et al. (2023). Videos at https://neuroevolutionbook.com/demos.



		Figure 13.9: The impact of fine-tuning the diff model on the performance of ELM. For both the pretrained diff model and the fine-tuned one, shown are (𝑎) the number of niches reached, (𝑏) the QD score of the produced map, and (𝑐) the percentage of valid/runnable diffs proposed. The experiments demonstrate that fine-tuning the diff model improves the performance of the evolutionary process across all three metrics. Figures from Lehman, Gordon, Jain, et al. (2023).



		Figure 13.10: Language model crossover (LMX). New candidate solutions are generated by concatenating parents into a prompt, feeding the prompt through any pre-trained LLM, and collecting offspring from the output. Such an operator can be created through very few lines of code. The enormity and breadth of the dataset on which the LLM was trained, along with its ability to perform in-context learning, enable LMX to generate high-quality offspring across a broad range of domains. Domains demonstrated include (𝑎) binary strings, (𝑏) mathematical expressions, (𝑐) English sentences, (𝑑) image generation prompts, and (𝑒) Python code; many more are possible as well. When integrated into an optimization loop, LMX serves as a general and effective engine of text-representation evolution. Figures from Meyerson, Nelson, Bradley, et al. (2024).



		Figure 13.11: Heritability and convergence of LMX on binary strings. (𝑎) The histogram shows the distribution of how far offspring are from the all-1s string, depending on whether parents are taken in the neighborhood of the all-1s or all-0s string. As expected, these distributions are significantly different. The conclusion is that LMX indeed produces heritable variation. (𝑏) Convergence results (median and interquartile range) for a simple genetic algorithm using either LMX or one-point crossover. Although fewer solutions converge on the optima using LMX than the classical recombination (16/20 versus 20/20), mean values are higher (Mann-Whitney ). While not as efficient as a domain-specific operator, it is clear that LMX can indeed drive an evolutionary process. Figures from Meyerson, Nelson, Bradley, et al. (2024).



		Figure 13.12: Four examples of LMX for symbolic regression. The prompt of seven parents is in blue; the LLM output parsed as (up to three) offspring is in violet; and the remaining discarded LLM output is in gray. In all cases, the children exhibit meaningful variations of their parents. Figure from Meyerson, Nelson, Bradley, et al. (2024).



		Figure 13.13: Image generation results. (𝑎) Performance aggregated (mean and standard error) over nine runs (three seeds for each color for each method; normalized to [0, 1] based on the min and max fitness for each seed) shows that LMX substantially outperforms the alternatives, such as a one-point crossover. The zero-shot LLM baseline quickly stagnates, as it is unable to iteratively refine its initial solutions; even human random solutions eventually outperform it, as they have greater diversity. (𝑏) The highest-fitness prompts and corresponding images of LMX for each color all include the word “background”, but they vary in the length and detailed content, highlighting LMX’s ability to discover diverse, non-obvious solutions. Figures from Meyerson, Nelson, Bradley, et al. (2024).



		Figure 13.14: Sodarace results. We show the results for varying numbers of parents in the LLM prompt and across LLM scale. (𝑎) Number of niches filled in MAP-Elites. (𝑏) QD scores (the sum of the fitnesses of all niches in the map). (𝑐) Validation rate (%) for the generated sodaracers. LMX generally benefits from more examples in its prompt, is able to produce reasonable variation, and often creates valid Sodarace mutations, highlighting its promise for evolving code. Figures from Meyerson, Nelson, Bradley, et al. (2024).



		Figure 13.15: Overview of EvoLLM. (𝑎) An overview of the EvoLLM procedure. An LLM suggests updates to the ES search distribution by working within a discretized search space and ranking solutions from worst to best based on performance. To manage context length as the number of dimensions increases, the search space can be divided into blocks, allowing for batch queries to the LLM. (𝑏) Aggregated results from eight BBOB benchmark settings and three neuroevolution control tasks. Results are averaged over 10 runs for BBOB and five runs for control problems. LLM-driven evolution strategies (green) consistently outperform traditional baselines (blue). Figures from Lange, Tian, and Tang (2024a).



		Figure 13.16: EvoLLM Prompt Design Space. All solution evaluations and their performances are tracked in a context buffer. This buffer is used to construct query prompts for the LLM. After parsing the LLM output and performing sampling, the resulting population is evaluated, and the new information is added to the buffer. Figure from Lange, Tian, and Tang (2024a).



		Figure 13.17: AlphaEvolve discovery process. The user provides an initial program (with components to evolve marked), evaluation code, and optional configurations. AlphaEvolve then initiates an evolutionary loop. The prompt sampler uses programs from the program database to construct rich prompts. Given these prompts, the LLMs generate code modifications (diffs), which are applied to create new programs. These are then scored by evaluators, and promising solutions are registered back into the program database, driving the iterative discovery of better and better programs. Figure from Novikov, Vũ, Eisenberger, et al. (2025).



		Figure 13.18: Illustrative example of applying AlphaEvolve to evolving a supervised learning pipeline. All snippets are abbreviated, with ellipses (…) indicating skipped lines. (𝑎) The user-provided file with blocks marked for evolution, and the special evaluate function that can be invoked to score the current version of the code. (𝑏) Example of an assembled prompt to be provided to the LLMs. (𝑐) Example output generated by the LLM. The proposed diffs in (𝑐) will be applied to the current program shown in the prompt (𝑏), and the resulting modified program will then be sent to the evaluators. The evaluators will invoke the evaluate function from (𝑎) to obtain the scores of the newly proposed program. This approach makes it possible to harness the power of population-based search in a wide range of problems from simple mathematical objectives to performance-critical engineering tasks. Figures from Novikov, Vũ, Eisenberger, et al. (2025). Video at https://neuroevolutionbook.com/demos.



		Figure 13.19: Overview of the two-phase MarioGAN approach combining GAN training and latent vector evolution. (𝑎) In phase 1, a GAN is trained in an unsupervised manner to generate Mario levels. (𝑏) In phase 2, the search focuses on identifying latent vectors that produce levels exhibiting desired properties. The approach thus combines the power of generative models to learn from existing level examples, with the ability of evolution to search that space efficiently. Figures from Volz, Schrum, Liu, et al. (2018). Video at https://neuroevolutionbook.com/demos.



		Figure 13.20: Examples of MarioGAN-generated level segments. Shown are level segments optimized to maximize (𝑎) and minimize (𝑏) the number of jumps, respectively. Searching the latent space of a GAN through CMA-ES allows the algorithm to quickly find level segments satisfying the given objectives. Figures from Volz, Schrum, Liu, et al. (2018).



		Figure 13.21: Example levels generated by MarioGPT. MarioGPT can successfully generate levels aligned with the text prompt in most cases (𝑎–𝑒). For instance, levels vary in pipe count, enemies, and block distribution according to the description. Failure cases are rare, such as in (𝑓), where enemies are still being generated despite being excluded in the prompt. Figures from Sudhakaran, González-Duque, Freiberger, et al. (2023). Video of an agent playing a generated level at https://neuroevolutionbook.com/demos.



		Figure 13.22: Novelty search framework with MarioGPT-based mutation operators. A level is selected from the archive of top elites and undergoes mutation. If the resulting level exhibits sufficient novelty, it is added back to the archive. The mutation process consists of two steps: (1) a random segment of the level is replaced with a new sample generated by MarioGPT, using a randomly selected prompt; and (2) the surrounding border region is inpainted using MarioBERT to ensure path continuity and playability. Figure from Sudhakaran, González-Duque, Freiberger, et al. (2023).



		Figure 13.23: World model architecture. The agent consists of three components that work closely together: vision (V), memory (M), and controller (C). The world model components V and M can be trained efficiently in an unsupervised manner through gradient descent to capture compressed spatial and temporal representations of the environment. Leveraging these learned features, a compact and simple controller can then be evolved to solve the target task. Thus, this world model combines both neuroevolution and a generative world model in a synergistic way. Figure from Ha and Schmidhuber (2018b). Videos at https://neuroevolutionbook.com/demos.



		Figure 13.24: Variational autoencoder. Example of a VAE trained on screenshots of VizDoom. High-dimensional input frames are compressed into a low-dimensional latent vector 𝑧, which captures the essential spatial features. The decoder reconstructs the input from 𝑧, enabling efficient representation learning for downstream tasks. Figure from Ha and Schmidhuber (2018b).



		Figure 13.25: Flow diagram of the world model agent. The raw observation is first processed by V at each time step 𝑡 to produce 𝑧𝑡. The input into C is this latent vector 𝑧𝑡 concatenated with M’s hidden state ℎ𝑡 at each time step. C will then output an action vector 𝑎𝑡 for motor control. M will then take the current 𝑧𝑡 and action 𝑎𝑡 as an input to update its own hidden state to produce ℎ𝑡 + 1 to be used at time 𝑡 + 1. Figure from Ha and Schmidhuber (2018b).



		Figure 13.26: Combining a vision-only model with NEAT. Because NEAT is able to evolve the network’s weights together with an increasingly complex neural architecture, it was able to evolve a high-performing controller for CarRacing, which only uses the latent vector 𝑧 of vision model V to output the action. Figure from Gaier and Ha (2019).



		Figure 14.1: Evolution of command neurons in a navigation and foraging task. In the simulated grid world, there are a number of poison and food items. The agent needs to first navigate to the 10 × 11 bottom-left area where the food items are, eat as many of them as possible, and avoid poison items at all times. The agent’s behavior was controlled by neural networks that were evolved through genetic algorithms over time. Some of the evolved interneurons act as command neurons, switching the behavior from navigation to foraging as soon as the first food item is consumed. Similar command neurons have been observed in biology; the experiment demonstrates how they may arise as an advantage in evolving effective behavior in the domain. Figure from Ruppin (2002).



		Figure 14.2: Evolution of modularity based on maximizing performance and minimizing wiring length. The goal was to evolve a visual system to locate and identify objects. Objects appear on the left and/or the right side of the retina, and the network needs to decide whether there is an object in both. With the objective of minimizing wiring length, more modular networks evolve over time. Modular networks also perform better, although there are some well-performing non-modular networks as well. Computational simulations thus suggest that wiring length is the primary evolutionary pressure behind modularity; performance and adaptability pressures may further enhance it. Figure from Clune, Mouret, and Lipson (2013). Videos at https://neuroevolutionbook.com/demos.



		Figure 14.3: Taking advantage of neuromodulation in the maze navigation task. Neuromodulation offers a dimension of adaptation that may make it easier to solve complex tasks. (𝑎) The three standard neurons activate the postsynaptic neuron through a weighted sum as usual. A modulatory neuron then amplifies the Hebbian adaptation of those weights. (𝑏) In the T-maze task, the agent needs to traverse a corridor and then turn left or right to get to the larger reward; in a double maze (not shown here), two such turns need to be made. The location of that reward changes periodically, and the agent needs to adapt its behavior accordingly. Networks evolved with modulation perform more reliably than non-plastic and non-modulatory networks, suggesting that evolution finds a way to take advantage of modulation even when it is not strictly necessary. Figure from Soltoggio, Bullinaria, Mattiussi, et al. (2008).



		Figure 14.4: Synergistic development in a foraging task. The creatures evolve to navigate to food items, aided by development to predict the consequences of their actions. (𝑎) The evolved network is trained to predict how its sensory inputs change as a result of its actions in the previous time step. (𝑏) Their prediction ability improves over their lifetime throughout evolution; even in later generations (near G99), it is not genetically encoded. (𝑐) The development of prediction allows evolution to discover better solutions faster. Thus, the experiment demonstrates the value of synergistic development. Figures from Nolfi, Elman, and Parisi (1994).



		Figure 14.5: Synergy of evolution and learning through evolved pattern generators. The task was to recognize handwritten digits on a 10 × 10 simulated retina; the recognition system consisted of 10 neurons that adapted through competitive Hebbian learning. (𝑎) The weight vectors of each neuron (unit) were initialized randomly. (𝑏) When they learned through competitive learning, the final weight vectors resembled the inputs. However, learning was not very effective, and e.g., 7, 8, and 9 were often confused. (𝑐) When the weight vectors were evolved directly, they emphasized the differences that matter for classification. (𝑑) The evolved patterns emphasized mostly the locations in the horizontal midline. (𝑒) Prenatal training with such patterns took place only in two units, but it was enough to separate 7, 8, and 9. (𝑓) After postnatal learning with actual handwritten digit patterns, most examples were categorized correctly. Evolution thus discovered useful biases and utilized the learning mechanism itself to encode them, thus demonstrating synergy of evolution and learning. Figures from Valsalam, Bednar, and Miikkulainen (2007). For videos of these processes, see https://neuroevolutionbook.com/demos.



		Figure 14.6: Neuroevolution of complex behavior in evolved virtual creatures. The bodies and the brains of simulated creatures were evolved together, thus providing constraints on what kind of movements were possible. As a result, they appear natural and therefore believable. The low-level behaviors such as locomotion, turning right and left, and strike were encapsulated and formed sub-behaviors to the more complex behaviors turn-from, turn-to, retreat, and attack. At the highest level, the creature chooses between (𝑎) fight and (𝑏) flight depending on whether the object is seen as good or bad, respectively. Such believability makes it natural to anthropomorphize the agents, which can be appealing in constructing virtual worlds. For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 14.7: Neuroevolution of human-like behavior in the Botprize competition. The competition is essentially a Turing test for game bots. The judge in this screenshot is player 443, and is interacting with another player, 932, to determine whether it is an AI-controlled bot or a human player. When neuroevolution was used to maximize the game score of the bot, the behavior was too systematic, repetitive, and effective to be human. Instead, when various constraints were imposed on accuracy, behavior selection, and multitasking, behavior became eventually indistinguishable from human behavior. Thus, the simulation demonstrated how even complex behavior can be seen as emerging from evolutionary optimization under environmental constraints. For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 14.8: Complex coordinated behavior of hyenas mobbing lions.. In this behavior, hyenas form a mob that attacks a group of lions, gaining possession of their kill. (𝑎) A screen capture of a video documenting a mobbing event. Lions are much stronger than hyenas, but if the hyenas are much more numerous and coordinate their attack well, they can drive the lions away from the kill. This behavior is more complex than others that hyenas exhibit, largely hereditary, and may represent an evolutionary breakthrough. (𝑏) A simulation of mobbing. A lion and several hyenas are placed in a 100 × 100 grid world. If four or more hyenas enter the interaction circle simultaneously, they get a high reward; if fewer than four, they get killed. Neuroevolution simulations suggest that mobbing can arise from the simpler stepping stones of attacking, waiting at a distance, and waiting at the circle. These behaviors persist even in prolonged evolution, making the mobbing behaviors more robust. Figure 𝑏 from Rajagopalan, Holekamp, and Miikkulainen (2020). For videos of these behaviors, see https://neuroevolutionbook.com/demos.



		Figure 14.9: Evolution of communication code for mate selection and hunting. The agents were able to move in a simulated one-dimensional world where their fitness depended on successful mating and hunting. (𝑎) Each agent in the population is controlled by an evolved neural network that receives the current task (either mate selection or hunting), the distance to the prey, and the message from the other agent as its input. At its output, it decides to mate or move and generates a message that the other agents can use to decide whether to mate or whether to coordinate prey capture. (𝑏) For mating to succeed, the agents need to be compatible; compatibility is determined by an inherited 2-bit trait. For prey capture to be successful, they need to step on it at the same time. Over evolution, the agents discover a messaging code that allows them to communicate their trait and current distance to the prey effectively to other agents. It turns out that if mate selection is evolved first, instead of evolving prey capture first or at the same time, the agents develop a more effective and parsimonious code for both tasks. This result suggests that communication may have originally evolved for mate selection, and later adapted to other uses.



		Figure 14.10: A primary hypothesis is that language emerged at the same time as symbolic culture. Then again, we don’t really know. Figure by Essner (2021).
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		Table 13.3: Accuracy of ES fine-tuning on the countdown task. The percentage of correct answers is compared across different model types (Qwen and Llama) and sizes (0.5B to 8B), and different fine-tuning algorithms (PPO, GRPO, and ES). Raw refers to the model without fine-tuning; GRPO8 and GRPO30 indicate group sizes of eight and 30. On average, ES fine-tuning improves accuracy significantly more than the RL methods, even with small models. For a video of this process, see https://neuroevolutionbook.com/demos.
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