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ABSTRACT

Vision-based decision-making tasks encompass a wide range of ap-
plications, including safety-critical domains where trustworthiness
is as key as performance. These tasks are often addressed using
Deep Reinforcement Learning (DRL) techniques, based on Artificial
Neural Networks (ANNs), to automate sequential decision making.
However, the “black-box” nature of ANNs limits their applicabil-
ity in these settings, where transparency and accountability are
essential. To address this, various explanation methods have been
proposed; however, they often fall short in fully elucidating the
decision-making pipeline of ANNS, a critical aspect for ensuring reli-
ability in safety-critical applications. To bridge this gap, we propose
an approach based on Graph-based Genetic Programming (GGP)
to generate transparent policies for vision-based control tasks. Our
evolved policies are constrained in size and composed of simple
and well-understood operational modules, enabling inherent inter-
pretability. We evaluate our method on three Atari games, compar-
ing explanations derived from common explainability techniques
to those derived from interpreting the agent’s true computational
graph. We demonstrate that interpretable policies offer a more
complete view of the decision process than explainability meth-
ods, enabling a full comprehension of competitive game-playing
policies.

1 INTRODUCTION

The applications of Artificial Intelligence (AI) and, more specifi-
cally, Reinforcement Learning (RL) is driving innovation in fields
such as autonomous drones [27] and plays a crucial role in vari-
ous robotics [57] and automatic control applications [52], enhanc-
ing the capability of controllers to learn and adapt to complex
scenarios. RL techniques are also being exploited in video games,
enabling breakthroughs in game-play optimization thanks to Al-
driven strategies [7, 36, 44, 53]. RL is being explored for applications
in critical systems like self-driving cars [21], automated airplane
operations [35], or robotic surgery [13] .

However, there is a significant issue in the application of an
automatic decision system, such as a control policy trained through
RL, to critical systems. The control system must be trusted and ver-
ified for possible failure cases [1]. Recent work focuses on making
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RL-based systems more robust [18] to failure cases, or on using post-
hoc analysis to explain the decision pipeline of artificial agents [26].
The goal of understanding a given decision pipeline is rendered
more difficult by the use of deep neural networks, which are highly
parameterized and black-box, as the key decision model [50].

Vision-based decision-making tasks, such as those involved in
self-driving cars [33] or robots interacting with their environments
through cameras [15], further complicate the understanding of
an agent’s decision pipeline. These tasks, by nature, treat high-
dimensional information in order to make sequential decisions over
time; some of the information will be used for a control policy at
certain moments, and different information will be used at oth-
ers. A variety of explainability methods have been developed to
address this challenge, using post-hoc statistical analysis to deter-
mine which part of the visual information is being used for a given
decision [64]. However, there is growing recognition that these
techniques often serve more as exploratory tools than as definitive
explanations [3]. This is because the explanations inferred with such
methods—from visualization, in particular—are strongly influenced
by subjective cognitive biases and rarely offer falsifiable insights,
limiting their utility for rigorous explanation and validation [3].
Furthermore, Explainable Artificial Intelligence (XAI) methods can
be tricked or attacked, failing to provide genuine insights into what
is happening within the model [6].

This has led to the encouragement for the use of inherent inter-
pretability [50], where the model itself is designed to be understand-
able rather than relying on post-hoc explanations. For our purposes,
we define interpretability as “the ability of a user to deduce why a
model is making certain decisions, given sufficient time to analyze
it”. This primarily hinges on two principles: simulatability, where
the entire model can be mentally simulated by a human, and decom-
posability, where individual components of the model correspond
to specific, understandable functions [34].

To this end, we propose an approach based on Graph-based Ge-
netic Programming (GGP) to evolve an end-to-end interpretable
controller for vision-based decision-making tasks. Specifically, we
use Multimodal Adaptive Graph Evolution (MAGE) [12], a Carte-
sian Genetic Programming (CGP) [42] variant designed to han-
dle diverse data types while ensuring type correctness during the
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evolution process. MAGE optimizes a graph composed of simple
building blocks: the optimization determines which blocks to use
and how to connect them effectively. By design, this approach pro-
vides transparency and interpretability as the optimization encour-
ages decomposability—due to straightforward building blocks—and
simulatability—enabled by compact graph size. Moreover, it also
enables users to understand, verify, and debug the complete control
policy, taking corrective actions in cases of unwanted decisions.

We demonstrate the advantage of a transparent controller on
three Atari games: Pong, Freeway, and Bowling. The interpretable
controllers evolved using MAGE achieve performance comparable
to state-of-the-art methods. More importantly, though, is that the
interpretable nature of these controllers allows for rigorous inspec-
tion of the decision-making pipelines, allowing us to identify the
key factors driving decisions and to infer how the system might
behave in uncontrolled scenarios—for instance, predicting triggers
for unwanted behavior. For comparison, we analyze the evolved
controllers using common XAI tools, specifically saliency visual-
izations, which show which visual information is being used per
time frame. While these tools can complement visual inspections
as exploratory aids, they are not strictly necessary due to the inher-
ent interpretability of our method. We show that the explanations
derived from interpretation of the control policy graphs are more
precise, detailed, and understandable than the explanations derived
from the saliency visualizations.

All in all, the contributions of this paper are threefold:

e we use MAGE to generate policies that are of comparable
performance to state-of-the-art methods on three Atari
games,

o these policies are analyzed based on the generated code to
interpret the decision-making mechanisms,

e interpretations are compared to two state-of-the-art post-
hoc explainability approaches to evaluate the added benefits
of our full-interpretable approach.

Our work serves as a starting point for further research into in-
terpretable RL methods, while also raising awareness about the
critical importance of interpretability in decision-making systems.
Crucially, we demonstrate that achieving interpretability does not
always require sacrificing performance.

2 RELATED WORK

2.1 Evolutionary Computation for Interpretable
Reinforcement Learning

Evolutionary Computation (EC), and more specifically Genetic Pro-
gramming (GP), have been recognized as well-established tools for
obtaining inherently interpretable Machine Learning (ML) mod-
els [41, 47, 65]. Within interpretable RL [20], GP has been widely
used for both simple discrete control tasks, such as Cart-Pole and
Mountain Car [8, 24], and more complex continuous control tasks,
where it has achieved notable results in various robotics applica-
tions [30, 39, 40, 46, 60, 62]. Interestingly, several studies have lever-
aged Quality-Diversity (QD) to address premature convergence in
both discrete and continuous control tasks [19, 45].

GP has also been applied to address vision-based control tasks,
namely Atari games. Tangled Program Graphs, which involve se-
lecting actions according to the highest bid from competing pro-
grams, have shown impressive results on Atari games, competitive
with deep RL [28, 29, 31]. These methods employ discretized pixels
as inputs, rendering the full understanding of the visual analysis
needed for control less clear. However, the interpretation of which
program in the Tangled Program Graph is being used has led to
interesting analysis; for a single multi-task agent trained to play
different games, the subprograms used for individual games or
shared between games could be identified [29]. Another recent
work [9] proposed to divide the task into two components: visual
processing via a kernel and decision-making through a decision tree.
Their approach focused on the deterministic version of the Atari
environment, which has been identified to be an easier task [37].

Most similar to our work is the application of Mixed-Type CGP
(MT-CGP), another CGP variant [23], to Atari [61]. This work
demonstrated that simple but effective policies can arise when using
MT-CGP, some of which employed static strategies that ignored the
visual input. While those simple policies were interpretable, policies
that relied on visual analysis, such as in the Boxing game, were de-
termined too complex for exhaustive interpretation. In contrast, our
work uses a relatively small set of impactful image analysis func-
tions and ensures type-correctness of the pipelines through MAGE,
enhancing the decomposability and eventually interpretability of
the overall models.

2.2 Explaining Visual Decision-Making

Explanations of the decisions of an artificial agent often rely on a
secondary model or statistical analysis of the agent’s behavior [34,
43]. The explanations arising from these methods aim to provide
either global or local interpretability [14].

Global interpretability focuses on understanding the model with-
out reference to specific inputs or decisions. For example, Activa-
tion Maximization (AM) methods visualize the features that maxi-
mize the activations in Artificial Neural Networks (ANNs). These
techniques have been applied in domains like image classification
Convolutional Neural Networks (CNNs) [55]. Their application to
Atari games has been limited [51], as the decision process of a
game-playing agent often relies on a complex mix of information.
Generative modeling has been used to find counter-example inputs
for a given model, demonstrating potential weaknesses or failure
states of the agent outside of the standard game loop [51].

Local interpretability aims to explain decisions for specific input
data points; this form of explanation has been widely used for
Atari [26]. Methods such as RISE [48] and Occlusion Sensitivity [2,
63] function by randomly perturbing or occluding a part of the
visual input and then determining the change in action resulting
from the input perturbation. By doing so over a full image, a relation
between the important input information and the action taken at
each timestep can be drawn,; this relation is often represented as
a saliency map over the inputs. AM has been similarly applied
to Atari games to visualize the important input information [26,
55]. [22] provided examples of such visualizations for Atari games.
Other methods, such as the work of [32], map input images to



Evolution of Inherently Interpretable Visual Control Policies

textual strategy explanations, a concept increasingly relevant with
advancements in Large Language Models (LLMs) [38].

While post-hoc analysis, such as saliency visualization, can give
an idea of what information is being used for each decision in a
sequence, it does not give a full explanation of the policy’s behav-
ior [3]. Specifically, it is difficult to construct, based on post-hoc
statistical analysis alone, falsifiable hypotheses; if a claim made in
explaining a policy is false, then the falsehood should be identi-
fiable from an experiment or observation. This is not the always
the case for explanations given by saliency maps or LLMs, as they
may not represent the entirety of the information. This limitation
of XAI for visual analysis is known [50, 64], however, there are
few alternatives. One such alternative is to create inherently in-
terpretable surrogate models [49], which has been used for Atari
games [54], creating fully explainable models that imitate the be-
havior of a black-box one. In this work, we argue rather for the
direct optimization of interpretable visual control policies.

3 MULTIMODAL ADAPTIVE GRAPH
EVOLUTION FOR VISION-BASED CONTROL

Our approach focuses on vision-based RL with the primary goal of
synthesizing policies that are both high-performing and inherently
interpretable. Specifically, we target tasks where the input consists
of pixel-based observations from the environment (e.g., the screen
of a game), and the output corresponds to an action selected from
a predefined discrete set (e.g., the button that would be pressed
during gameplay).

In this scenario, a policy 7 is a function that maps the pixel-
based input to an action. The optimization of x is driven by the
cumulative reward collected during an episode, corresponding to
the score achieved in a simulated game. This cumulative reward
serves as the fitness function f to be maximized during policy
evolution.

In our approach, the policy 7 is represented as a graph optimized
with MAGE. MAGE is designed to handle multiple data types while
ensuring type correctness throughout the optimization process [11].
In other words, by being type-aware, MAGE ensures that each
mutation is “type-safe” enabling a more efficient search, by only
allowing for the existence of valid programs.

As with standard CGP, MAGE represents graphs as a sequence of
nodes positioned in a Cartesian plane, where each node represents
a specific function and its connections to other nodes. However,
MAGE introduces a key difference: it groups nodes based on their
output data types. For this application to vision-based RL, we use
three categories of nodes for three types: images, scalars and tuples
of integers with associated libraries composed of image-to-image,
image-to-scalar, scalar-to-scalar or image-to-coordinates functions,
e.g., image dilation (image-to-image), image mean (image-to-scalar),
logarithm (scalar-to-scalar), image argmax (image-to-coordinates).
Connections between nodes are allowed only when type constraints,
defined by the function’s signature, are satisfied, ensuring graph
correctness.

In MAGE, each node is encoded by 1+ 2 - nuyjty integers, where
arity is the highest functions’ arity encountered in the libraries.
The first specifies the function the node performs from a predefined
typed function library. The remaining 2 - nuyity integers indicate

the nodes and their corresponding type, from which the function
takes its inputs. These are selected ensuring that (1) the input’s type
is in accordance with the function’s signature (2) the input node
precedes the caller node. Outputs are derived from the last noyt
scalar nodes of the graph, as in [45]. For our tasks, we define noyt
as the reduced number of available actions chosen for each game
environment, a detailed description for each game is available at
Table 1. Since each output node is mapped to an allowed action in
the environment, the action to be performed is selected by applying
a hardmax function to the value of these outputs. Thus, the genome
of a MAGE individual is composed of ntypes - (1+ 2 * flarity) * Pnodess
for vision-based RL ntypes = 3, as we work with images, scalars and
specific coordinates (i.e., tuples of integers) of the image.

As demonstrated in [11], the mutation in MAGE is type-safe,
i.e., MAGE ensures that any mutation maintains type correctness
by respecting the constraints on input and output types, and is
active-only, i.e., MAGE restricts mutations to the active parts of the
graph—those nodes and connections that contribute to the final
outputs—avoiding changes to inactive parts of the graph.

Evolution of the graph is performed with a mutation-only Ge-
netic Algorithm (GA), rather than the canonical 1 + A evolutionary
algorithm often used for CGP. This choice is motivated by recent
work in GGP which uses a GAs in solving control tasks [46] and
performing function synthesis [12].

4 EXPERIMENTAL EVALUATION

Through experimental evaluation, we aim to demonstrate that
MAGE can generate policies that effectively act in vision-based
control tasks while remaining interpretable by a human. To this end,
we experiment with three distinct vision-based tasks, namely three
Atari games, and optimize policy graphs to solve them. These poli-
cies are compared to other approaches to assess their performance.
While our goal is not to outperform non-interpretable approaches,
MAGE must still generate policies of high quality compared to deep
RL and human performance on Atari. The best policy for each game
is then manually analyzed to fully interpret the discovered strate-
gies, enabling an assessment of their strengths and weaknesses.
Our manual interpretation of the policies is compared to two post-
hoc visual inspection techniques—namely, visual importance maps
and occlusion maps—highlighting the limitations of both methods
when compared to comprehensive interpretation of the generated
graphs.

4.1 Atari Games

We consider three Atari games—Pong, Freeway, and Bowling—as
vision-based control tasks [7, 36]. For all tasks, we use the v4 variant
provided by the Gymnasium library [59]. Atari games have built-
in stochasticity to emulate the original console for comparison
with human scores. This random noise makes new instances of
the game different from each other, and there are multiple ways of
implementing this noise. We use the “GNoFrameskip-v4” variant for
all games, where G is either “Pong”, “Freeway” or “Bowling”. This
variant ensures that the repeat action probability is set to 0.. Then,
as is commonly done, we manually set the frameskip (e.g., action
repeat) parameter to 4 [5] and we stack the previous 4 frames at
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(a) Pong

(b) Freeway  (c) Bowling

Figure 1: The Atari games employed as vision-based control
tasks.

each time step [16]. This allows us to have random “seeds” per game,
enabling a study of robustness to different random conditions.

For each game, the visual input, i.e., the screen, was converted to
grayscale and resized to 84 X 84 pixels [16]. We pre-process these
images to focus on the relevant game field by cropping out the
score area and other irrelevant elements. The exact pixels left out
per game are described in Table 1. After cropping, the inputs are of
size 63 X 84, 63 X 78, 58 X 72 pixels for Pong, Freeway and Bowling,
respectively.

Table 1: Details of Games, Action Sets, and Screen Crops.

Game Action Set noyt Screen Crop
Pong {0, 4,5} 3 [15:77,1:84]
Freeway {0,1,2} 3 [11:74,6: 84]
Bowling  {0,1,2,3} 4  [14:72,6:78]

The action space in Atari games includes up to 18 possible actions
(no-op, fire, movements in 8 directions, and their combinations
with fire). However, the actions actually available to use depend
on the game. For Pong, these are: NOOP, FIRE, LEFT, RIGHT, LEFTFIRE,
and RIGHTFIRE, but we limit them to: NooP, RIGHTFIRE, and LEFTFIRE. For
Freeway, the available actions are: nNoop, uP, and pownN and we used
all three of them. For Bowling, these consist of NooP, FIRE, UP, DOWN,
UPFIRE and DOWNFIRE but we limit them to the first 4 (i.e., NoOP, FIRE,UP
and DOWN).

Concerning the rewards, they are calculated per frame and are
game-dependent. In Pong, rewards are based on scoring against the
opponent by passing the ball beyond their paddle or losing points
if the ball passes one’s own paddle. In Freeway, rewards are earned
by successfully moving the chicken across the freeway. In Bowling,
rewards are granted by making pins fall after throwing the ball.
As per common standard [44], we simulate real Atari gameplay
dynamics using a frame-skip of 4 and an action repeat probability
of 0.0.

4.2 Optimization

For the application of MAGE to the three chosen games Atari, we
focused on maximizing the performance on each game, rather than
performing an exhaustive parameter study across the Atari bench-
mark. We explored two distinct training schedules, each designed to
explore the trade-off between computational efficiency and evolu-
tionary progress. The first schedule used a fixed duration of 36, 000
frames for all episodes. The second schedule aimed to accelerate the
early phases of evolution by progressively increasing the episode

duration based on the evolution’s progress. Specifically, the dura-
tion started at 600 frames for the first 500 generations, increased
to 2,000 frames for the subsequent 1,000 generations, and then
used 36,000 frames for the final phase. This adaptive scheduling
approach helps minimize computational overhead during the early
evolution stages, when policies typically exhibit poor performance,
which is especially important given the computationally demanding
nature of these experiments.

The policies were evolved using three fixed seeds, which re-
mained constant throughout the entire evolutionary process. To
effectively carry one elite population from one generation to the
next one, the games were restarted with their corresponding seeds.
The fitness function f was defined as the average cumulative reward
of the policy 7 over three independent instances of the environ-
ment. To encourage more effective policies, we introduced a bonus
for the use of image-to-scalar functions, which was calculated as
the average entropy of these function’s outputs over all episode’s
time steps. For the second training schedule, this bonus was capped
at a maximum value of one.

We used a population size of 36, as this was the number of CPUs
available in a single computational node used for the experimental
evaluation, allowing for parallel evaluation. After manual hyper-
parameter optimization, we chose a number of offspring of 8, and
tournament selection with a size 3. We evolve the population for
2500 generations in total or 200 hours of wall time, whichever is
reached first.

We set nyodes = 100 and we use the functions listed in Tables 2
to 4 in the Appendix, which have a maximum arity of nyty = 3. If a
function has a lower arity than nyyity = 3 the genes are still present
in the genome and are simply ignored. Thus, there are 3 - 100 = 300
nodes in total. We set the mutation to alter exactly one node.

While the optimization of hyperparameters and choice of train-
ing schedules were not performed exhaustively, the objective of
this work is the demonstration of GP as an alternative for creating
inherently interpretable control policies, rather than a rigorous
evaluation across the Atari benchmark. A more exhaustive compar-
ison of optimization parameters for MAGE on the Atari benchmark,
and a complete comparison with deep RL methods, is considered
for future work, with the understanding that the Atari benchmark
has a high computational cost [58].

4.3 Visual Importance Maps

To compare the explanations attained from intepreting the MAGE
graphs to those commonly found in XAI, we employed vision-based
perturbation saliency mapping algorithms to identify regions of
the input that are likely influential in the agent’s decision-making
process. Specifically, we employed the RISE [48] and the Occlusion
Sensitivity methods [2, 63], both implemented through the Xplique
python library [17]. These algorithms are widely used for interpret-
ing RL agents [26]. Both are pertubartion-based methods, but they
work differently.

RISE [48] involves repeatedly applying random masks to the
input image and observing how these affect the probability of the
action of interest. Masking regions critical to the agent’s decision
is expected to result in a measurable reduction in the action’s prob-
ability. The RISE saliency map is then constructed as a weighted
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average of the unmasked regions and their corresponding output
probabilities for the action of interest.

The Occlusion Sensitivity method [2, 63] works by systematically
sweeping a patch across the input image, occluding regions, and
measures the magnitude of changes in the score for the action of
interest. Regions where occlusion leads to significant changes in
this score are inferred to be critical for the agent’s decision-making
process.

The hyperparameters of both methods have been demonstrated
to impact the quality of the visual explanation [22, 26]. Given that
the objective of hyperparameter tuning is in this case a subjec-
tive visual explanation, the choice of hyperparameters is often
done manually. We visually analyzed the resulting saliency maps
to determine hyperparameters, as some choices greatly deterio-
rated the explanatory nature of the saliency map. For the occlusion
saliency maps, we used patch_size = 3 and patch_stride = 3,
with occlusion_value = 0.. For RISE saliency maps, we gener-
ated n_samples = 2000 per frame, using a grid_size = 5 and
preservation_probability = 0.5. For Pong and Bowling, we apply
the perturbation methods to the 4th and final input frame, whereas
for Freeway, we use the 3rd frame. These choices resulted in clear vi-
sual explanations of agent attention per action. We provide all code
for optimization and explanation methods in our supplementary
materials!.

5 EXPERIMENTAL RESULTS AND
INTERPRETABILITY DISCUSSION

In this section, we analyze the resulting policies for the three stud-
ied games. For each game, we present the policy’s performance,
including its score over training as well as its ability to generalize
to different instances of the same game. Then, we investigate what
the saliency maps reveal about the policy’s behavior. Finally, we
compare these insights to a direct analysis of the evolved program?.
By examining the program itself, we aim to uncover the underly-
ing logic driving the policy’s decision-making, enabling a deeper
understanding of its behavior beyond what can be inferred from
saliency maps alone.

5.1 Pong

Pong is a two-player game where, in Atari, the player controls a
paddle to hit a ball towards a game agent. When the ball passes the
paddle on one player’s side, the adversary scores. The maximum
score in this game is 21, the average human score is 14.6 [44], and
deep RL methods often achieve 21 [4].

The best policy found using MAGE achieved 21 during optimiza-
tion, the maximum score. However, we note that this performance
was limited to the random game seeds used during the optimization
process. The policy did not generalize well to all scenarios, indi-
cating that the solution is not broadly adaptable (t19¢ seeds = 0.84,
0100 seeds = 21.1, bestigg seeds = 21.0). Through interf)retation, we
note that policy exploits a repetitive behavior present in the seeds
they were trained on, where once the agent learns how to score

!https://github.com/camilodlt/MAGE-for- Atari- Gecco- 2025

ZExamples of evolved computational graphs are provided in the Appendix. When
translating these graphs into sequential code, as shown in Figures 4 to 6, computations
that had no effect on the final output were omitted. The presented code remains strictly
functionally equivalent to the evolved graphs, preserving all relevant computations.

Frame : 133 Frame : 134 Frame : 135 Frame : 136

(a) RISE importance map for Pong over four frames
Frame : 135 Frame : 136 Frame : 137 Frame : 138

..

(b) RISE importance map for Freeway over four frames

Frame : 500 Frame : 501 Frame : 502 Frame : 503

(c) RISE importance map for Bowling over four frames

Figure 2: RISE importance maps for all games produced by
perturbations over the fourth frame for (a), third frame for
(b) and fourth frame for (c).

Frame : 133 Frame : 134
T T

Lo | W 0 | ]|
(a) Occlusion’s importance map for Pong over four frames
Frame : 135 Frame : 136 Frame : 137 Frame : 138

(b) Occlusion’s importance map for Freeway over four frames

Frame : 500 Frame : 501 Frame : 502 Frame : 503

(c) Occlusion’s importance map for Bowling over four frames

Frame : 135 Frame : 136

Figure 3: Occlusion’s importance maps for all games pro-
duced by perturbations over the fourth frame for (a), third
frame for (b) and fourth frame for (c).

a point under those conditions, it repetitively replicates the same
actions. As this policy is only partially effective, it characterizes a
local optimum decision-making process. Through explanation and
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interpretation of the agent, we aim to understand such limits to
robustness.

Visualizing RISE saliency maps across multiple gameplays® sug-
gests that (1) the agent tracks the ball’s position when preparing to
respond, and (2) during the opponent’s turn, both the ball’s position
and the opponent’s paddle appear to be key areas of focus. This
is also noticeable from Figure 2a. Importance maps using the Oc-
clusion method in Figure 3a also suggest that the ball is important
for the player’s decision-making process. These findings provide
preliminary insights into how the policy utilizes visual information
to make decisions in the game.

While saliency maps provide some indication of which elements
of the screen influence the policy’s output, they do not clarify how
or to what extent these elements contribute to decision-making.
For instance, when the ball is approaching the player’s paddle, it
remains unclear how the policy decides to move upward and when
it determines that it should stop.

For a more complete understanding, we interpret the MAGE
graph. Figure 4 shows the computer code that maps exactly to the
actions of the player. Careful analysis of this code reveals how each
action is chosen. The Pong player chooses the Noop action when the
ball is on the left part of the screen, this enables it to way in its last
position. Moreover, for the actions RIGHTFIRE and LEFTFIRE it tracks
the ball twice, independently, but one of them introduces a small
lag across frames which the Pong player uses to maneuver up and
pown movements. This lag biases the policy towards the RIGHTFIRE
(i.e., the up action) when the ball comes up diagonally towards it.
The same visual lag helps it move down when the ball comes down
diagonally towards it. Lastly, since both actions follow the same
object in the screen, they often result in the same value, which
seems to benefit the player as the paddle can gain some momentum
if the same action has been pressed too many times. A simplified
pseudocode version of this behavior can be seen in the appendix
Algorithm 1.

5.2 Freeway

Freeway is a simple game where you control a chicken trying to
cross a busy highway without getting hit by cars. You can only
move up or down, and each successful crossing earns a point. The
goal is to cross as many times as possible before time runs out while
avoiding traffic. The average human score in Freeway is 29.6 [44]
and state-of-the-art deep RL methods achieve the maximum score
of 34 [10].

For the game Freeway, the best policy out of the four runs demon-
strated subhuman but satisfactory performance on the game seeds
it was trained on (Usqin_seeds = 21.3; Otrain_seeds = 0.57). Unlike
Pong, however, the evolved policies also generalized effectively to
unseen seeds, achieving consistent performance across different
conditions (k100_seeds = 22-5, 0100_seeds = 1.6, bestiog_seeds = 26.).
A visual inspection of the gameplay? reveals that the policies ex-
hibit a clear intention to cross to the top of the screen as quickly
as possible. From the saliency maps, we can observe in Figure 2b
that a car in the top portion of the screen is also used for decisions.

3 Videos of multiple gameplay episodes, along with RISE and Occlusion saliency
maps and code are available in the online appendix of the paper: https://github.com/
camilodlt/MAGE-for- Atari-Gecco-2025.

ACTIONS = [0,4,5]
function evolved_pong_policy(framel, frame2, frame3, frame4)
# output NO OP
mean_frame_2 = mean(frame2)
size_axis = Float64(size(framel)[1]) # 63
frame2_closed = closing(frame2, 40.0)
pos_last_line = argmaxposition_to(frame2_closed, size_axis
mean_frame_2) # sees if our paddle is in the bottom, it will
either be (1,1) or (1,48)
remove_top_and_bottom = notmaskfromto_vertical(framel, 8., 10.)
ball_pos = argmax_position(remove_top_and_bottom)
approx_ball_has_crossed_middle = true_gt_or_eq(ball_pos
pos_last_line) # 1 if ball_pos >= pos_last_line on x and y
ball_vertical_pos = horizontal_relative_argmax(
remove_top_and_bottom)
output_noop = ball_vertical_pos % approx_ball_has_crossed_middle
# if the modulo returns NaN (a modulo by @.), this action will
be chosen

# Output RIGHTFIRE (UP)
closed = closing(frame2, 40.)
edges_game = sobely(closed, 30.)
expanded_players = morphogradient(edges_game, 10.) # get a view
with the players and ball expanded
edges_game_dilated = dilation(edges_game)
expanded_players_last_frame = morphogradient(frame4, 30.) # also
expand the objects in the last frame
expanded_players_last_frame_removed_first_cols = maskfromtov(
expanded_players_last_frame, 0., 10.)
subtract_last_to_recent = subtract(
expanded_players_last_frame_removed_first_cols
edges_game_dilated) # left bias when ball goes down, right bias
when ball goes up
recomposition = add(subtract_last_to_recent, expanded_players) #
a lagged view
output_up = exp(log_(horizontal_relative_argmax(recomposition)))

# Output LEFTFIRE (DOWN)

small_elements_in_game = tophat(frame2, -1.)

output_down = horizontal_relative_argmax(small_elements_in_game)
# usually the position of the ball

outputs = (output_noop, output_up, output_down)
return ACTIONS[argmax(outputs)]
end

Figure 4: Code for the Pong player.

In Figure 3b, the same car is highlighted in some frames as well as
other portions of the screen. Once again, the saliency maps gener-
ated provide useful information but it remains unclear how these
important regions are used. The exact impact of the highlighted
car on the action decision can only be assumed, but not precisely
determined.

Figure 5 shows the computer code representing the evolved
MAGE policy. Through careful analysis of it, it becomes clear that
the policy indeed tracks a white car located at the top of the screen.
It is the main car that the evolved policy tries to avoid. However, the
policy’s behavior is not limited to tracking the top car alone. As it is
more clearly seen in the pseudocode in the appendix Algorithm 3,
the policy predominantly moves up when the white car is far from
the left corner of the screen. The car running through the middle
road line is also looked upon. Distances are calculated from this car
to the center of the screen and from the top corner to the chicken’s
position. These quantities help determine if the middle car has
crossed the chicken’s vertical position. When it has and the white
top car is close to the left corner, the agent chooses the noor actions
until one of the cars leaves the screen.
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ACTIONS = [0,1,2]
function evolved_freeway_policy(frame1, frame2, frame3, frame4)

# output NO OP

car_in_the_middle = sobel(frame2, border = 50.)

x_y_car = argmax_position(car_in_the_middle) # the car in the
middle is usually highlighted because of the road lines

blurry_frame3 = dilation(frame3, k = vertical_argmax(frame1l))

blurry_frame3 = gaussian_blur(blurry_frame3)

x_y_center = center_of_mass(blurry_frame3) # ~ midpoint of the
screen

dir_car_to_center = direction_from_to(x_y_car, x_y_center)

extract_chicken = tophat(frame3, k = 100)

x_y_chicken = argmax_position(extract_chicken)

d_chicken_to_dir_car_to_center = direction_from_to(x_y_chicken,
dir_car_to_center)

x_y_chicken_second_frame = argmax_position(frame2)

x_y_chicken_first_frame = argmax_position(framel)

d = direction_from_to(x_y_chicken_second_frame
x_y_chicken_first_frame) # has the chicken move up/down or not
moved

outputl = true_gt_or_eq(d, d_chicken_to_dir_car_to_center) #
checks if the middle car has crossed the x coordinate of the
chicken

# Output UP

from = exp(vertical_relative_argmax(sobely(sobelx(frame4))))

k = vertical_argmax(frame4)

dilated_once = dilation(frame3, k)

dilated_twice = dilation(dilated_once, k)

edges = sobely(dilated_twice)

upper_edges = notmaskfromto_vertical(edges, from, 10) # gets the
top part of the screen who can have some pixels if the top car
is there

y_pos_edge = vertical_argmax(upper_edges)

output_2 = y_pos_edge * 0.5 # if the top car "disappears" from
the top, this value will be low, high otherwise (unless the
chicken is also there).

# Output DOWN
edges = sobelm(frame2, 50)
opened = opening(edges, 50)

edges_2 = sobelm(opened, 40)
output3 = horizontal_relative_argmax(edges_2) # usually a very
low value

outputs = (outputl, output_2, output_3)
return ACTIONS[argmax(outputs)]
end

Figure 5: Code for the Freeway player.

While the saliency maps provided related insights, they offered
only a partial view, ignoring for example the elements that condi-
tion the Noor action. This detailed analysis shows that the policy
is relatively simple and unsophisticated, as it tracks only two cars
instead of all of them. The key point, however, is that the policy’s
existence in code format enabled us to identify its limitations. This
verification can offer a valuable perspective, allowing us to go be-
yond solely considering the player’s final score.

5.3 Bowling

Bowling is a game where the player rolls a ball down a lane to
knock over pins at the end. The player has ten frames to make an
action, with two chances per frame to knock down all ten pins.
The more pins you hit, the higher your score, with strikes (all pins
in one roll) and spares (all in two rolls) giving bonus points. The
average human score in Bowling is 160.7 [44] and state-of-the-art
deep RL methods score over 200 points [5].

For the game Bowling, our results were particularly promising,
with the best-performing policy surpassing human performance.

The best policy achieved a high performance on seeds used for
training (Uyrqin seeds = 211., Otrain seeds = 11.5), similar to state-
of-the-art deep RL methods [5], and outperformed the human av-
erage on unseen scenarios (i10g_seeds = 172.2, 0100_seeds = 374
maxipo_seeds = 223.).

The saliency maps, generated using both RISE and the Occlusion
method Figures 2c¢ and 3c, indicate that the agent places significant
importance on the player’s position in its decision-making pro-
cess. However, beyond this observation, the saliency maps provide
limited insight into the specific mechanisms driving the agent’s
behavior. In this game, the player can still take actions once the ball
is released, so attention that follows the ball or focuses on the pins
would be expected. However, we find that the saliency is diffuse,
apart from a small focus on the player sprite.

A deeper understanding is obtained through an analysis of the
evolved program’s underlying code. The program in Figure 6 re-
veals that the agent never selects the pown action, as it is consis-
tently assigned a low support value. The support for the up action
is strongly correlated with the distance between the darkest pixel
on the screen—usually corresponding to the player or the ball—and
the screen’s bottom-right corner. Consequently, when the agent is
in the bottom-left portion of the screen, the up action is preferred.
While the player moves upward, the support for the FIre action
is triggered once the player’s “head” enters the top portion of the
screen, overwhelming all other action supports. This moment no-
tably coincides with the player being perfectly aligned at the center
of the bowling pins.

If the initial throw does not result in a strike, the agent remains
stationary, continuing to FIRe as the ball returns. The environment’s
mechanics eventually reposition the player to the initial starting
point. Since the agent continuously fired during the previous phase,
it automatically launches the ball upon receiving it. The agent then
repeats its earlier behavior: selecting the up action to move the ball
diagonally toward the remaining pins.

In the case of a strike on the first attempt, the agent continues to
FIRE as before, but ceases to do so once the ball is halfway through
its return trajectory. This cessation coincides with a visual “blink-
ing” effect introduced by the environment which makes the player
disappear from the top portion of the screen. In this scenario, the
Noop action dominates, as it responds to the number of distinct gray
pixel intensities present on the screen.

6 DISCUSSION

This study demonstrates the potential of GP to evolve inherently
interpretable control policies for Atari games, offering a promising
approach to applications that require transparency. The inherent
interpretability of the evolved programs represents a significant
advantage, particularly for critical domains where understanding
and auditing decision-making processes is highly important [1, 26].

We employed common post-hoc explainability methods as an
initial approach to gain insight into the logic behind the evolved
policies. These methods provided a preliminary understanding of
how the policies process states and make decisions. However, the
insights gained from saliency maps are often insufficient [56], func-
tioning more as an exploratory tool rather than providing a com-
prehensive explanation of the policies’ behavior [3].



Camilo De La Torre, Giorgia Nadizar, Yuri Lavinas, Hervé Luga, Dennis G. Wilson, and Sylvain Cussat-Blanc

ACTIONS = [0,1,2,3]

function evolved_policy_bowling(frame1, frame2, frame3, frame4)
# OUTPUT NOOP
output_noop = reduce_ncolors(frame2)

# OUTPUT FIRE

remove_top_bottom = maskfromto(frame4, exp(-1.0), 66.0)

exponent = vertical_argmax(remove_top_bottom) # has the player
reach the top ?

# normally the exponent will be one if the player hasn't, 3
otherwise

n_diff_pixel_values = reduce_ncolors(frame1l)

details = tophat(frame4, n_diff_pixel_values,) # big Kernel =>
makes pins salient

whitest_pixel = argmax_position(details) # usually the pins

whitest_pixel_orig_framel = argmax_position(framel) # usually
the head of the player

dist_player_pins = dist(whitest_pixel_orig_framel, whitest_pixel

)

output_fire = dist_player_pins*exponent

# OUTPUT UP

blackest_pixel = argmin_position(dilation(frame4))

constant_coordinate = (27, 84) # last pixel

closed_framel = closing(framel)

player = argmax_position(closed_frame1)

player_vector = direction(player, constant_coordinate) # player
to bottom_left

output_up = dist_second(player_vector, blackest_pixel) # compare
horizontal coordinate for both

# OUTPUT DOWN
output_down = 1.0

outputs = (output_noop, output_fire, output_up, output_down)
return ACTIONS[argmax(outputs)]

Figure 6: Code for the Bowling player.

First, the sequential nature of the game introduces a challenge,
as static saliency maps reflect poorly the relationship between
agent actions and its value over the long-term. For example, the
complex behavior of the Bowling agent after throwing the ball is
poorly captured by saliency, even in a video format. Second, saliency
gives an incomplete explanation over the multitude of information
contained in the four input frames. As seen in the Freeway agent,
saliency explanations can given an incomplete picture of what
information is being used, and how it is being used. Finally, the
outputs of saliency methods are sensitive to the parameters used [25,
26] which complicates their interpretation —particularly when two
saliency maps for the same state yield conflicting results.

However, certain challenges and limitations associated with the
current methodology are worth of discussion, many of which can
be addressed in future work. The first is the interpretability of the
evolved pipelines. The graphs evolved by MAGE require exper-
tise for effective analysis. Understanding the underlying logic and
interactions within the functions demands familiarity with the com-
ponents and their operations. Additionally, as the pipelines execute
over time and produce multiple outputs, the process of tracking
these interactions introduces complexity. Evolutionary processes
can also yield solutions that, while functionally effective, may devi-
ate from conventional human logic or exhibit redundancy, making
them less immediately intuitive. One avenue for exploration is the
use of LLMs to provide preliminary explanations of the full code
version of evolved graphs.

The second challenge is to increase the overall performance of
agents evolved with MAGE. The agents we trained demonstrated
limited robustness against the stochasticity inherent in the Atari
benchmark, and did not consistently match state-of-the-art deep RL.
It is important to note, however, that robustness was not a specific
objective during training. Furthermore, assessing the best perfor-
mance for each game would require extensive hyperparameter
tuning, followed by fitting sufficient models to enable a statistically
sound performance estimation.

Despite these considerations, the flexibility and potential of the
proposed method offer clear pathways for addressing these limita-
tions. Robustness can be explicitly targeted in future iterations by
incorporating it as an objective during the evolutionary process. For
critical applications where interpretability is highly important, it is
reasonable to expect dedicated expertise and resources to aid in the
interpretation of evolved pipelines. Furthermore, evolving policies
explicitly for interpretability by introducing complexity penalties—
whether computationally defined or guided by user preferences—
represents a possible avenue for future work.

We demonstrate in this work that it is possible to search for high-
performing policies that are natively interpretable. We showed that
MAGE—a GGP approach capable of handling diverse data types—
can create human-level policies for various vision-based control
tasks. Our primary objective was to synthesize interpretable control
policies. Through experiments on three Atari games, Pong, Freeway
and Bowling, we demonstrated that the evolved policies are fully
transparent. The exact programs governing agent behavior are fully
accessible, allowing all operations performed by the agent to be au-
dited and examined. This ensures that the decision-making process
is entirely transparent, with no hidden components. Moreover, the
programs are decomposable, meaning individual operations can be
analyzed in isolation to understand their contribution to the overall
policy. Once the program logic is fully understood, it can often be
neatly simplified, making it easier to interpret, apply, and explain.

We also demonstrate that the explanations given through inter-
pretation of the evolved programs are more precise and rigorous
than those derived through post-hoc explanation methods. We show
that post-hoc explanation methods can fail to explain parts of the
decision pipeline, making them unreliable for critical applications.
This makes an argument, as has been proposed elsewhere [50], that
research should focus on the creation of interpretable Al methods
in addition to the explanation of black-box ones.
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A FUNCTION LIBRARIES

A.1 Image function library

Table 2: List of functions returning an image with their descriptions and arities. If a function has multiple possible arities, that
means that multiple signatures exists for the same function. The dispatched function will depend on the types of the inputs.
Normally a function has default values (lower arity) and a version with higher arity which accepts scalar parameters.

Function Name Description Arity
add Adds two images. 2
badd Broadcasts the addition of an image and a scalar. 2
binarize_adaptive Adaptive threshold 1,2,3
binarize_manual Parameterized Threshold by a scalar 1,2
bmult Broadcasts the multiplication of an image and a scalar 2
bsubtract Broadcasts the subtraction of an image and a scalar 2
bothat Applies the bothat filter to an image 1,2
closing Applies the closing operation to an image 1,2
dilation Applies the dilation operation to an image 1,2
erosion Erodes the image 1,2
exp Exponentiates the pixel values of an image 1
fastscanning Applies the fastscanning segmentation on an image 1,2
gaussian Applies a gaussian filter on an image 1,2,3
identity Returns the image 1
if_else_multiplexer Returns an image a or an image b depending on the value of the first scalar parameter. 3
invert Inverts the intensities of an image 1
log_ Applies a safe log to each pixel on an image 1
maskfromtoh Covers in black (pixels with value of 0.) regions inside the from and to scalar parameters (vertically). 3
maskfromtoh. relative Cove.rs in black (pixels Witl"l value of 0.) regions inside the from and to scalar parameters 3

(vertically and uses normalized parameters between 0 and 1).
maskfromtov Covers in black (pixels with value of 0.) regions inside the from and to scalar parameters (horizontally). | 3

. Covers in black (pixels with value of 0.) regions inside the from and to scalar parameters

maskfromtov_relative . . 3

(horizontally and uses normalized parameters between 0 and 1).
morphogradient Applies the morphogradient filter to an image. 1,2
morpholaplace Applies the morpholaplace filter to an image. 1,2
notmaskbycolor Returns the binarized image: white where the color is the requested one, black elsewhere. 2
notmaskfromtoh Covers in black (pixels with value of 0.) regions outside the from and to scalar parameters (vertically). 3

. Covers in black (pixels with value of 0.) regions outside the from and to scalar parameters

notmaskfromtoh_relative . . 3

(vertically and uses normalized parameters between 0 and 1).
notmaskfromtov Covers in black (pixels with value of 0.) regions outside the from and to scalar parameters (horizontally). | 3

. Covers in black (pixels with value of 0.) regions outside the from and to scalar parameters

notmaskfromtov_relative . ] 3

(horizontally and uses normalized parameters between 0 and 1)
opening Applies the opening operation to an image 2
tophat Applies the tophat operation on an image 1,2
maskeqt Indicator function, where pixel values equal to a scalar parameter are 1. 1,2
maskgt Indicator function, where pixel values greater than a scalar parameter are 1. 1,2
masklt Indicator function, where pixel values less than a scalar parameter are 1. 1,2
mult Multiplies and clamps between 0 and 1 two images. 1
ones Returns an image full of 1s of the same size and the input image. 1
powerof Elevated each pixel value to the power of a scalar parameter 2
sobelm Applies the sobel filter (horizontally and vertically) to the image 1,2
sobelx Applies the sobel filter (horizontally) to the image. 1,2
sobely Applies the sobel filter (vertically) to the image. 1,2
subtract Subtracts two images (values clamped). 2
watershed Applies the watershed segmentation algorithm to the image. 3
Zeros Returns an image full of 0s of the same size and the input image 1
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A.2 Scalar (float) function library

Table 3: List of functions returning a scalar with their descriptions and arities. If a function has multiple possible arities, the
same comment in Table 2 applies.

Function Name Description Arity
dist Square distance between two tuples of integers 2
dist_first Difference between the first element of two tuples of integers 2
dist_second Difference between the second element of two tuples of integers 2
exp_ Returns the exponent of a scalar 1
gt_on_one Returns 1 if at least one element of the tuple a is greater than the same element of a tuple b. | 2
horizontal_argmax Returns the second element of the argmax of an image. 1

Returns the second element of the argmax of an image
(coordinate is relative—divided by the size of the axis).

[\

horizontal_relative_argmax

identity_float Returns the scalar value. 1
if_else_multiplexer Returns the scalar a or scalar b depending on the value of the first scalar parameter. 3
is_gt Returns 1 if the first parameter is greater than the second parameter. 0 otherwise. 2
is_lt Returns 1 if the first parameter is less than the second parameter. 0 otherwise. 2
is_eq_to Returns 1 if the first scalar parameter is equal to the second. 2
less_on_one Returns 1 if at least one element of the tuple a is less than the same element of a tuple b. 2
log10_ Safe log with base 10 of a scalar value. 1
log_ Safe natural logarithm of a scalar value 1
modulo Unsafe modulo between two scalar values. 2
not Returns 1 if the scalar parameter is less than 0.5 1
number_div Divides one scalar by another 2
number_minus Subtracts one scalar to another 2
number_mult Multiplies one scalar by another 2
number_sum Sums two scalars. 2
pi_ Returns 0
power_of Elevates a scalar value to the power of another 2
reduce_biggestAxis Returns the size of the largest axis from an image 1
reduce_histMode Returns the most common pixel value from an image. 1
reduce_length Length of an image (number of pixels) 1
reduce_maximum Returns the maximum pixel value from an image. 1
reduce_mean Returns the average pixel value from an image. 1
reduce_median Returns the median pixel value from an image. 1
reduce_minimum Returns the minimum pixel value from an image. 1
reduce_nColors Returns the number of unique pixel value from an image. 1
reduce_propBlack Returns the proportion of pixels at a value of 1. 1
reduce_propWhite Returns the proportion of pixels at a value of 0. 1
reduce_smallerAxis Returns the size of the smallest axis from an image 1
reduce_std Returns the standard deviation of pixel values from an image. 1
ret_1 Returns 1 0
safe_div Safe division of two scalar values 2

Returns 1 if elements of a tuple are greater than
true_gt . 2

the respective elements of another tuple.

Returns 1 if both elements of a tuple are greater or equal than
true_gteq . 2

the respective elements of another tuple.

Returns 1 if elements of a tuple are less than
true_less . 2

the respective elements of another tuple.

Returns 1 if elements of a tuple are less than or equal
true_lesseq 2

than the respective elements of another tuple.
vertical_argmax Returns the first element of the argmax of an image. 1
Returns the first element of the argmax of an image

vertical_relative_argmax . . . .. . .
- -arg (coordinate is relative—divided by the size of the axis).




Evolution of Inherently Interpretable Visual Control Policies

A.3 Tuple function library

Table 4: List of functions returning a tuple of two integers with their descriptions and arities. If a function has multiple possible
arities, the same comment in Table 2 applies.

Function Name Description Arity
argmax_position Coordinates of the argmax of an image 1
Using relative coordinates parameters, returns the argmax coordinates of an image

argmaxposition_from S . 3
smaxp - as if it was cropped from the first and second parameters to the end (coordinates are then rescaled).
. Using relative coordinates parameters, returns the argmax coordinates of an image
argmaxposition_to rs 3
as if it was cropped from the first and second parameters to the end.
argmin_position Coordinates of the argmin of an image 1

center_of_mass Coordinates of the center pixel weighted by pixel values.
direction Coordinates of the vector going from the first tuple to the second tuple. 2
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B PSEUDOCODE

The pseudocode presented in this section captures the core logic
of the evolved agents while abstracting away low-level details. Its
purpose is to provide a high-level interpretation of the agent’s
decision-making process, serving as a bridge between the evolved
computational graph and a human-understandable strategy or pol-
icy. A fully faithful translation, including all implementation details,
can be found either in the sequential code shown in Figures 4 to 6
or directly in the— equivalent—computational graphs shown in
Figures 7 to 9 in the Appendix.

B.1 Pseudocode Pong player

Algorithm 1 Pseudo-code of Pong player.
Input: fi, 5, f3, fa

Output: action € {Noop,ur,DoWN}
> decision-making for noor
Xmid < fwidth/2 > horizontal midpoint of frame
if Xpa1l f; < Xmid then > ball in frame 2 did not cross midpoint
return NooP
end if
> decision-making for up
dg,, dy, « dilate(f), dilate(fs) > image dilation on frames
bias < img_diff(dy,, df,) » left bias when ball goes down, right
bias when ball goes up
biasedy, < img_add(bias,dy,)
xup < x_of_brightest(biased fz)
> decision-making for bown
detailsg, « top-hat(fz) > extract details/small elements
Xdown < X_of_brightest(detailsg,)
if xup > Xgown then
return up
else
return powN
end if

> last 4 game frames (f3 is current)

> biased frame

B.2 Pseudocode Freeway player

Algorithm 2 Pseudo-code of simplified Freeway player.
Input: fi, fo, f3, fa

Output: action € {NooP,uP,D0NN}
top_car_near « is_top_car_near(fy) »> assess if the white top
car is near to the left part of the screen
> check if the middle car has crossed the x coordinate of the
chicken
middle_car_crossed « has_middle_car_crossed(f2, 20)
> checking the top car is irrelevant if the chicken is close enough
to the top
if chicken_close_to_top(fs) then
top_car_near < false
end if
if top_car_near and not middle_car_crossed then
return Noor
else
return up

end if

> last 4 game frames (f3 is current)

B.3 Pseudocode Bowling player

Algorithm 3 Pseudo-code of simplified Bowling player.

Input: fi, 2, f3, fa > last 4 game frames (f3 is current)
Output: action € {NooP, FIRE, UP, DOWN}
> Never do pown
> Verify the top portion of the screen
player_reach_top < has_player_reach_top(fs)
if screen_blinks(f3) and player_reach_top then
player_reach_top < false » A strike causes a blink which
causes the player to disappear momentarily
end if
if player_reach_top then
return FIRE
end if
nb_grays <« nb_of_distinct_gray_values(f2)
support for Noor
> Usually the ball or the player
darkest_pixel « get_darkest_horizontal_position(f3)
dist_to_corner « approx_dist_to_corner(darkest_pixel)
if nb_grays > dist_to_corner then
return NooP
else
return up

end if

> and keeps pressing FIRE

> The only
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C SEQUENCE OF OPERATIONS
(COMPUTATIONAL GRAPH) OF THE BEST
POLICY FOR EACH GAME

C.1 Pong’s evolved computational graph
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C.3 Bowling’s evolved computational graph
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Figure 9: Action FIre is chosen.
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