
HAL Id: hal-04933213
https://hal.science/hal-04933213v1

Submitted on 6 Feb 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

HAL Authorization

Naturally Interpretable Control Policies via Graph-Based
Genetic Programming

Giorgia Nadizar, Eric Medvet, Dennis G Wilson

To cite this version:
Giorgia Nadizar, Eric Medvet, Dennis G Wilson. Naturally Interpretable Control Policies via Graph-Based
Genetic Programming. EuroGP 2024, Apr 2024, Aberystwyth, United Kingdom. pp.73-89, ⟨10.1007/978-3-
031-56957-9_5⟩. ⟨hal-04933213⟩

https://hal.science/hal-04933213v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr


Naturally Interpretable Control Policies via
Graph-based Genetic Programming

Giorgia Nadizar1[0000−0002−3535−9748], Eric Medvet2[0000−0001−5652−2113], and
Dennis G. Wilson3[0000−0003−2414−0051]

1 Department of Mathematics and Geosciences, University of Trieste, Italy
2 Department of Engineering and Architecture, University of Trieste, Italy

3 ISAE-SUPAERO, University of Toulouse, France

Abstract. In most high-risk applications, interpretability is crucial for
ensuring system safety and trust. However, existing research often relies
on hard-to-understand, highly parameterized models, such as neural net-
works. In this paper, we focus on the problem of policy search in contin-
uous observations and actions spaces. We leverage two graph-based Ge-
netic Programming (GP) techniques—Cartesian Genetic Programming
(CGP) and Linear Genetic Programming (LGP)—to develop effective yet
interpretable control policies. Our experimental evaluation on eight con-
tinuous robotic control benchmarks shows competitive results compared
to state-of-the-art Reinforcement Learning (RL) algorithms. Moreover,
we find that graph-based GP tends towards small, interpretable graphs
even when competitive with RL. By examining these graphs, we are able
to explain the discovered policies, paving the way for trustworthy AI in
the domain of continuous control.

Keywords: Graph-based Genetic Programming · Cartesian Genetic Pro-
gramming · Linear Genetic Programming · Interpretable Policy · Con-
tinuous Control

1 Introduction

In the last decade, Artificial Neural Networks (ANNs) have achieved outstanding
results in a myriad of domains, surpassing human performance even in scenarios
where fast decision making (e.g., drone control [20]) or long-term planning (e.g.,
strategy games [41]) are needed. This success comes in conjunction with the
multiplication of available optimization techniques for ANNs [40], which have
become sample-efficient, oftentimes robust, and even transferable to the real
world [38].

However, ANNs carry along a natural downside: their large structures, with
as many as billions of parameters, remain often completely unintelligible for
human observers. In fact, although several post-hoc explanation methods have
been recently put forward [1, 15, 35], ANN-based controllers remain inherently
black-box models, the true functioning of which can only be surmised through
statistical inference.
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In opposition to this paradigm, there has been renewed interest in the de-
velopment of interpretable models, i.e., models which can be “directly” under-
stood, without the need of additional proxies or post-hoc procedures. Even in
the absence of a shared definition of interpretability [28, 34, 46], models which
comply to some notion of interpretability are considered preferable w.r.t. black-
boxes [37], as they allow humans to directly conceive their working rationales.
Not surprisingly, interpretability plays a fundamental role principally in high-
stakes applications, where transparency is among the key factors for trustwor-
thiness [14].

In particular, the domain of robotics is starting to witness a call for more
transparent systems, as most people are reluctant to the adoption of autonomous
robots in the wild, especially when their control algorithms remain obscure. More
generally, this need affects the broader family of control, where the objective is
to find a control law that links inputs and outputs towards the achievement of
some goal.

In this work, we aim at discovering efficient yet interpretable control laws,
by leveraging functional graphs, which are well-suited for capturing complex
mappings between observations and actions while maintaining a fair degree of
interpretability when their size is contained. For searching the space of graphs, we
rely on two graph-based Genetic Programming (GP) techniques, Cartesian Ge-
netic Programming (CGP) and Linear Genetic Programming (LGP), targeting
our optimization at performance, and letting interpretability naturally emerge.

Our experiments, conducted on eight continuous control problems from the
Mujoco suite [42], reveal that the obtained policies are often comparable with
the state-of-the-art in terms of performance, while being naturally more inter-
pretable, even in the absence of an explicit incentive for interpretability. More-
over, the results achieved via graph-based GP appear more consistent and less
sensitive to hyper-parameters tuning than those obtained with Reinforcement
Learning (RL).

In the remainder of the paper, we briefly survey some relevant related works
in Section 2, before describing our methodology and the needed background
notions in Section 3. Last, we detail our experiments and discuss their results in
Sections 4 and 5, before drawing conclusions in Section 6.

2 Related works

In recent years, the field of Explainable Reinforcement Learning (XRL) has
gained notable traction [35, 47], mostly abiding to the necessity of understanding
the rationale underlying decisions made by artificial agents intended for deploy-
ment in the wild. Taking a step even further, considerable effort has been put
into developing policies that are understandable per se, paving the way towards
interpretable RL [13]. In this context, several proposals for interpretable policies
have appeared, ranging from symbolic policies to decision trees, together with a
wide range of methods for obtaining them [27]. Among them, a popular choice
consists in leveraging evolutionary computation techniques in combination with
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classical RL approaches [50]. In particular, GP and its derivatives are naturally
suited for yielding interpretable policies: from its very origins in the ‘90s, Koza
and Rice [26] proved how GP could be used for searching a policy to control a
robot.

Following this seminal work, GP has often been used to solve various con-
trol tasks, be it via direct policy search or through imitation learning, where
an agent learns by mimicking the actions/behavior of an expert, i.e., of a well-
performing policy. For instance, Verma et al. [43] distilled an ANN policy into an
interpretable program for The Open Racing Car Simulator (TORCS), obtaining
interpretability and robustness at the cost of a slight performance degradation.
However, although imitation learning partially addresses the poor sample effi-
ciency of GP [40], it is not always as effective as direct policy search. In particular,
Hein et al. [17] have considered a model-based RL setting and have shown that
symbolic policies learned via direct interaction with the world model outperform
those obtained with symbolic regression to imitate the behavior of a pre-trained
ANN. Furthermore, sometimes imitation learning can even yield completely un-
profitable policies, especially when the robot/environment interactions are too
complex to be captured via imitation only [31].

Instead, many works have used GP for direct policy search, mostly focusing
on scenarios with discrete action spaces. Custode and Iacca [6] and Ferigo et al.
[9, 10] have evolved decision trees, using GP hybridized with RL and quality-
diversity optimization, respectively, achieving interpretable and effective policies
on simple control tasks, such as cart pole and mountain car. Video games have
often been used as test-beds, given the difficulty of processing high-dimensional
visual inputs as the full gamut of pixels on a screen. In this context, most of
the efforts have been devoted to solving the Atari benchmark [30], e.g., with
co-evolved decision trees [7], or with Tangled Program Graphss (TPGs) [21],
even obtaining a single program able to solve multiple games [22, 24]. Closer to
our work, Wilson et al. [48] relied on mixed-type CGP for finding simple and
well-performing policies for playing the Atari games. Interestingly, as in our case,
the simplicity of the policies was not promoted explicitly during evolution, but
emerged naturally thanks to the representation employed.

Moving even closer to our study, fewer works have succeeded in solving prob-
lems in continuous and multi-dimensional action spaces, as these problems re-
quire finding and exploiting interdependencies between outputs to achieve co-
ordination. For instance, Medvet and Nadizar [31] have experimented with an
ensemble of GP trees for controlling the actuation values of a simulated soft
robot, even matching the performance of ANNs. CGP has also been applied to
continuous control problems: Wilson et al. [49] proposed a positional variant of
CGP where the position of nodes was subject to evolution, and tested it on 9
benchmark problems, including three Mujoco environments. This study is again
strongly linked with ours, although we consider the standard CGP variant on
more environments, and obtain generally better results. Videau et al. [44] have
also employed multi-tree GP for solving a set of Mujoco environments and have
also used LGP to allow information sharing among outputs. This work is closely
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related to ours, although they consider a bi-objective optimization where they
explicitly reward policy simplicity, while we let program simplicity emerge from
evolution only. Moreover, we consider a larger set of environments. More recently,
LGP has also been successfully used on a complex robotic agent, the Laikago
robot, for discovering robust and resilient policies which are also easy to un-
derstand, being expressed as transparent computer programs [23]. Last, Amaral
et al. [2] have shown the potential of Symbiotic Bid-based GP hybridized with
TPGs for a continuous control locomotion task.

GP has been shown as a useful means of discovering interpretable policies
on a number of environments. In this work, we hope to further this literature
by demonstrating that graph-based GP can naturally find simple, interpretable
policies for continuous control on complex simulated robotics tasks.

3 Graph-based Genetic Programming for continuous
control

We concentrate on the domain of continuous control, with the aim of finding an
interpretable yet effective controller, whose actions will steer the system towards
the achievement of a certain goal. Namely, we consider those tasks where both
the observations and the possible actions are real-valued and multivariate, in a
discrete-time simulated environment.

More formally, an environment is a Markov Decision Process (MDP) [36],
i.e., a tuple (S,A, p, r), where S ⊆ Rn and A ⊆ Rm are the state and action
spaces, respectively, p : S × A → S is the function describing the dynamics of
the environment, and r : S × A → R is the reward function. We consider par-
tial observability, thus we introduce an observation space O ⊆ Rq, with q ≤ n,
and an observation function ϕ : S → O mapping states to the correspond-
ing observations. At each simulation time step t, the environment is in a state
st ∈ S, the agent observes a subset of the current state, ϕ(st) = ot ∈ O, and
takes an action at ∈ A according to a policy π : O → A, which results in the
system changing into state st+1 with probability p(st+1|st,at) and the agent
receiving a reward r(st,at). The objective consists in finding a policy which
maximizes the cumulative reward obtainable in a simulated episode of duration
T , RT (π) =

∑T
t=0 r(st, π(ot)), starting from an initial state s0. While we con-

sider the formalization of an MDP, in this study we use optimization methods
based only on the total episode reward RT (π). Unifying the terminology with
the previous paragraph, π is the controller we search for, which determines the
actions in the environment.

In our case, π is a graph which represents a multi-variate function. This family
of policies can be inherently interpretable because each graph results from the
high-level composition of simple functions, e.g., +, −, or sin, and is constrained
in size. We rely on two flavours of graph-based GP for searching the space of
graphs, namely CGP and LGP. We define the fitness of a policy graph π as the
aforementioned cumulative reward, f(π) := RT (π), which evolution maximizes.
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3.1 Graph-based Genetic Programming

Although GP was primarily born as a technique for evolving computer pro-
grams, internally represented as trees [25], throughout the years graph-based
alternatives have gained notable traction [11]. Here we consider two variants of
graph-based GP, CGP [33] and LGP [19], which share a linear integer genotype
and a phenotype that can be interpreted as a Directed Acyclic Graph (DAG).
We describe them in further details in Sections 3.2 and 3.3, while we devote the
remainder of this section to describing the Genetic Algorithm (GA) we leverage
for both of them.

The first step of the optimization process consists in the initialization of a
population of size npop, i.e., in the generation of npop genotypes; each genotype
θ is then mapped into a policy graph πθ, and evaluated according to the fitness
function f(πθ). Then, the GA proceeds by iterating the following steps for ngen

generations. First, np parents are selected from the population with tournament
selection (with size ntour). Then, the collection of offspring, also of size np, is
generated by applying some genetic operators. Next, the offspring is encoded
and evaluated. Last, the offspring is merged with the best npop − np individuals
of the parent population (selected with truncation selection), obtaining the new
population, which is used to start the following loop.

The genotype, the encoding procedure, and the genetic operators employed
differ between CGP and LGP, as we describe in the following.

3.2 Cartesian Genetic Programming

CGP represents programs as grids of nodes in a Cartesian plane [32, 33]. Each
node represents a function, which can use either the outputs of the nodes of the
previous layers or the program inputs as arguments. The final outputs of the
program are collected from the outputs of nout selected nodes.

Here, without loss of generality, we consider a uni-dimensional grid, i.e., a
sequence of nodes of length nnodes. Hence, to fully determine a CGP graph,
we need (1) nout indexes to specify the program outputs, and (2) nnodes tuples
(h, i1, . . . , imar

), specifying the function and its arguments for each node, where
mar is the maximum arity of the functions available in the function set H, 2
in our case. We remark that for each of the tuples, h is an index bounded by
the cardinality of H, whereas each input index can range from 0 to nin + j − 1,
where j indicates the current node position. Thus, the genome of a CGP graph
is a sequence of bounded integers of size nout + (1 +mar)nnodes.

To initialize each genome, we sample a uniform distribution over the allowed
integer values for each position. As a genetic operator, we use int-flip mutation,
i.e., we sample a new integer value in the allowed interval, with a different
probability for node inputs pi, node functions pf , and program outputs po. While
CGP traditionally used a (1 + λ) EA for evolution [33], the use of a GA with
multiple elites, as we have done here, has shown similar results [32] and allows
for greater parallelization and a direct comparison with LGP.



6 Giorgia Nadizar, Eric Medvet, and Dennis G. Wilson

3.3 Linear Genetic Programming

In LGP, programs are lists of instructions from a programming language, where
the result of each instruction is assigned to a register from a predefined set [4].
The inputs of the program are copied into the first nin registers, whereas the
outputs are taken from the last nout registers. If we consider the information flow
in a LGP program, we can interpret it as a DAG, and hence LGP falls under
the category of graph-based GP [11].

To describe a LGP program, each instruction is determined by specifying
(1) the index of the register to be assigned, (2) the function to execute from
those available in H, and (3) the sequence of arguments to be passed to the
function (i1, . . . , imar), expressed in terms of register indexes (mar = 2 being the
maximum arity of functions in H). Hence, to fully determine a program of nlines

lines, the genome is a sequence of bounded integers of size (2+mar)nlines. In this
case the bounds for register indexes are constituted by the amount of available
registers nreg, as even those not explicitly assigned before are initialized to 0 and
are available to select.

To generate each genome, we sample a uniform distribution over the allowed
integer values for each position. Regarding the genetic operators, we apply one-
point crossover (constraining instructions to be atomic) followed by int-flip mu-
tation, with a different probability for the left-hand side of each program line,
i.e., the registers to be assigned, pa, functions pf , and function inputs pi. We
provide hyperparameters and other experimental details below.

4 Experimental evaluation

In our experimental evaluation we address the following research question: “can
graph-based GP yield effective yet interpretable policies for continuous control
tasks?” To this end, we perform several optimizations for both CGP and LGP on
8 continuous control tasks from the Mujoco suite. To have meaningful effective-
ness baselines, we compare the performance of the resulting graph policies with
those obtained with two state-of-the-art RL algorithms which represent policies
using ANNs. Moreover, we measure the complexity of the graphs obtained by
GP, and analyze example policies in detail to appraise their interpretability.

We open-source our code and our experimental results at https://github.
com/giorgia-nadizar/cgpax.

4.1 Continuous control benchmark tasks

We employ 8 benchmark continuous control tasks from the Mujoco suite [42].
Namely, we consider environments of growing complexity in terms of input and
output space dimensionality, as we summarize in Table 1.

Specifically, we consider two balancing tasks, inverted pendulum and inverted
double pendulum, where the controller is rewarded for preventing the pendulum
from falling (and also penalized for excessive movements for the inverted double

https://github.com/giorgia-nadizar/cgpax
https://github.com/giorgia-nadizar/cgpax
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Environment Obs. O Act. A
Inverted pendulum R4 [−3, 3]
Inverted double pendulum R8 [−1, 1]
Reacher R11 [−1, 1]2

Swimmer R8 [−1, 1]2

Environment Obs. O Act. A
Hopper R11 [−1, 1]3

Walker2d R17 [−1, 1]6

Half cheetah R18 [−1, 1]6

Ant R27 [−1, 1]8

Table 1: Observation and action space sizes for the considered problems.

pendulum). We also incorporate a target-aiming task, reacher, where a robotic
arm has to reach an object and is rewarded for getting as close to the object as
possible and penalized for excessive movements. Last, we include 5 locomotion
tasks, swimmer, hopper, walker2d, half cheetah, and ant, which all use a positive
reward for the distance covered and a penalty term for excessive movements.
Among the locomotion problems, hopper, walker2d, and ant can be unstable;
they therefore have an additional reward term for maintaining their balance
throughout the simulation. For these problems, if the agent falls to the ground,
the episode is terminated earlier.

For all tasks, we use the Brax [12] implementation which leverages parallelism
on GPU accelerators with JAX [3]. We use the v1 simulation engine of Brax and
set all parameters to their default values. We run all episodes to a duration
T = 1000 time steps.

4.2 Reinforcement Learning baselines

As baselines for comparing the performance of the graph policies, we use two
state-of-the-art RL algorithms for the optimization of ANNs, Proximal Policy
Optimization (PPO) and Soft Actor Critic (SAC).

PPO [39] is an on-policy RL algorithm that optimizes agent policies within a
“trust region”, balancing the exploration-exploitation trade-off. It achieves this
by optimizing a first-order approximation of the expected reward while ensuring
that policy updates remain close to the actual values.

SAC [16] is an off-policy RL algorithm that balances the maximization of two
objectives: the expected cumulative reward and the policy entropy. By simulta-
neously promoting exploration through entropy maximization and exploitation
through return maximization, SAC ensures robust learning in complex environ-
ments with continuous action spaces.

These two algorithms are considered state-of-the-art for deep RL and are the
default algorithms for the Brax library. We use the Brax library implementations
for both PPO and SAC.

4.3 Parameter settings

For the GP evolutionary loop we set npop = 100, np = 90, and ntour = 3.
Concerning the amount of iterations performed ngen, instead, we have a different
value for each problem, depending on how difficult the optimization task is.
Namely, for inverted pendulum we set ngen = 10, for half-cheetah we set ngen =
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500, for inverted double pendulum, reacher, and swimmer we set ngen = 1000,
for hopper and walker2d we set ngen = 1500, and for ant we set ngen = 2500.
Regarding the representation specific parameters, we set nnodes = 50, pi = pf =
0.1, and po = 0.3 for CGP, while we set nreg = nin + nout + 5, nlines = 15,
pa = 0.3, and pf = pi = 0.1 for LGP.

For both CGP and CGP we consider the following function set H = {• +
•, •−•, •×•, •÷∗ •, |•|, exp •, sin •, cos •, log∗ •, • < •, • > •}, where • represents
an operand, and operators marked with * are protected. The last two functions
are Boolean functions, where the output is 1 if the condition is satisfied and 0
otherwise. Moreover, we add two constant inputs to each observation, namely
{0.1, 1}, thus increasing all observation spaces dimensionalities displayed in Ta-
ble 1 by 2.

For the RL algorithms, we optimize an ANN with 4 layers of size 32 with SiLU
activation for PPO, and an ANN of 2 layers of size 256 with ReLU activation for
SAC, following the default provided in Brax. Concerning the algorithm specific
hyper-parameters we apply the default ones from the Brax implementations of
both PPO and SAC with a few minor variations (we report the full parameter list
at https://github.com/giorgia-nadizar/cgpax/blob/main/rl_run.py).

In all cases, we repeat the optimization for 10 independent times to ensure
results consistency. Furthermore, for the GP techniques we evaluate each in-
dividual on 5 distinct episodes and consider the median reward across these
episodes as fitness, in order to make the evolutionary search more stable. For
the same reason, we also re-evaluate the elite individuals upon merging them
into the offspring population.

Last, when analyzing results in a comparative manner we perform a Mann-
Whitney U test between pairs of distributions, considering equivalence between
the two as null hypothesis. When performing multiple pairwise comparisons, we
apply the Bonferroni correction, thus dividing the significance level α = 0.05 by
the number of pairwise comparisons computed.

5 Experimental results and discussion

5.1 Performance results

We report the results in terms of performance in Figure 1. We show the dis-
tribution across 10 runs of the cumulative reward RT (π

⋆) obtained by the best
policy π⋆ discovered at the end of the optimization on episodes of T = 1000 time
steps. We divide our data by environment and by optimization technique to ease
the visual comparison of results. We also show the p-values resulting from the
pairwise Mann-Whitney U tests performed in Table 2, again dividing data by
environment.

The first observation we can make regards the comparison between the two
employed graph-based GP techniques: in all the considered environments they
achieve similar results, with no statistical difference ever observed among the
pairs of distributions. We also note that the results are usually consistent for

https://github.com/giorgia-nadizar/cgpax/blob/main/rl_run.py
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Fig. 1: Box plots of the cumulative reward RT (π
⋆) collected by the best policy

discovered at the end of optimization π⋆ in an episode of duration T = 1000
time steps.

both CGP and LGP, as opposed to the two glsrl techniques, where the distri-
butions appear generally more spread and with greater differences between the
two considered algorithms, PPO and SAC. This suggests that graph GP is more
consistent than RL, which is a desirable properly for achieving robust results. We
speculate this partially descends from the high sensitivity of these RL algorithms
to the chosen hyper-parameters.

For a more detailed comparative analysis, we return to the first part of our
research question, concerning the effectiveness of the graph policies found. In the
scope of this work, we consider a policy to be effective if it is not significantly
worse than the examined RL baselines. Given the reduction in the number of
parameters used and the subsequent interpretability gain, we consider policies
which achieve similar, but not necessarily better, results to state-of-the-art poli-
cies as effective. Among the studied environments, graph policies are not signifi-
cantly worse than either RL policy in 50% of cases (inverted pendulum, inverted
double pendulum, swimmer, and hopper), while they are not worse than at least
one of the RL ones in three more cases (reacher, walker2d, and half cheetah). In
fact, the only environment where graph policies are not able to match neither
of the RL algorithms is the ant, likely because of the higher dimensionality of
both action and observation spaces, and of the known difficulty of graph GP of
finding good mappings between high-dimensional spaces. Thus, we can give a
generally affirmative answer regarding the effectiveness of both CGP and LGP
policies.

Interestingly, in some cases, graph GP is even able to significantly outperform
RL. Namely, in four environments (inverted double pendulum, reacher, hopper,
and walker2d) both CGP and LGP significantly surpass one of the two RL
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PPO SAC

CGP 0.168 0.078
LGP 0.168 0.078

(a) Inv. pendulum

PPO SAC

CGP 0.005 0.571
LGP 0.006 0.623

(b) Inv. doub. pend.

PPO SAC

CGP ≈0 0.003
LGP ≈0 0.003

(c) Reacher

PPO SAC

CGP ≈0 ≈0
LGP ≈0 ≈0

(d) Swimmer

PPO SAC

CGP ≈0 0.021
LGP ≈0 0.017

(e) Hopper

PPO SAC

CGP ≈0 ≈0
LGP ≈0 ≈0

(f) Walker2d

PPO SAC

CGP 0.064 0.003
LGP 0.031 0.001

(g) Half cheetah

PPO SAC

CGP ≈0 ≈0
LGP ≈0 ≈0

(h) Ant

Table 2: p-values resulting from pairwise Mann-Whitney U tests comparing, for
each environment, the algorithm on the row with that on the column with the
null hypothesis of equivalence of the distributions. We write ≈ 0 for all cells
with p < 0.001. We consider a significance level of α = 0.05/5 = 0.01 (and
highlight all significant values in bold) according to the Bonferroni correction,
as we performed 5 pairwise comparisons per environment: the ones reported
in the table plus the comparison between CGP and LGP (which never yielded
statistically significant differences).

algorithms, whereas on swimmer both GP methods neatly outperform both RL
algorithms. Arguably, some of these outcomes might come from sub-optimal
parameter tuning for the poor-performing RL algorithm, which could potentially
yield better results with more tweaking. However, this further corroborates our
previous point concerning the robustness of GP results w.r.t. hyper-parameter
tuning, unlike RL which is highly sensitive to changes in hyperparameters [18].

To gain deeper insight on the evolutionary process underlying the GP pol-
icy search, we also display the progression of the fitness of the best individual
in the population, i.e., the cumulative reward RT (π

⋆), at each iteration in Fig-
ure 2. For all the reported plots, we note that evolution has achieved a plateau,
where additional generations would likely result in null or negligible fitness im-
provements. Moreover, in most cases we can distinguish an initial phase where
the fitness grows steeply, followed by a longer phase with minor improvements.
This highlights how evolution tends to converge rather quickly—a trait that has
both positive and negative implications. Namely, for the environments where
the results are satisfactory (i.e., comparable to the state-of-the-art) this implies
a reduction in computational costs. However, for the tasks where GP has not
matched RL, it indicates that evolution has stagnated in a hard-to-escape local
optimum, which clearly hinders the overall performance.

Reasoning further in this direction, we examine some videos of the behaviors
of the graph policies and study the reward model of hopper, walker2d, and ant,
to investigate the reasons underlying premature convergence. From the visual
analysis, we see that the graph policies do make the agents move, yet slowly
and very cautiously. This is coherent with the reward model of the environment,
where (1) agents are rewarded for maintaining their stability, and (2) the episode
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Fig. 2: Progression of the cumulative reward RT (π
⋆) collected by the best policy

in the population π⋆ at each generation in an episode of duration T = 1000 time
steps; median and inter-quartile range across 10 independent runs.

is terminated early if an agent falls (thus preventing the collection of any addi-
tional rewards). We speculate that such a model creates a large local optimum
for graph GP, where innovative policies which would require some fine tuning
to become stable get swept away by evolutionary pressure.

Along this hypothesis, we experimented disabling the early termination of
the episode upon the agent fall. However, the results did not show notable im-
provements, hinting that future work is needed to examine the phenomenon more
carefully. Yet, interestingly, we found some physically unrealistic policies for the
hopper, which would collect a reward as high as 30 000 by making the agent fly
(video4). Clearly, these policies are exploiting some instability within the Brax
simulator [12], though being white-boxes they could be thoroughly studied to
addressing the discovered shortcoming.

5.2 Interpretability of resulting policies

To evaluate the interpretability of a graph policy π, we consider ρc(π), which
we define as the fraction of complexity employed w.r.t. the available one. In
practical terms, for CGP, ρc is the fraction between the amount of nodes in
the policy graph and the maximum possible nodes (50 in our case), whereas for
LGP, ρc derives from the amount of program lines that contribute to the output
computation divided by the total lines of the program (15 in our case).

Clearly, this is a proxy for interpretability, as (1) there is no clear shared
definition of interpretability, and (2) interpretability can be a highly subjective
notion [46]. Therefore, to ensure the general validity of our results, we repeated

4 https://giorgia-nadizar.github.io/cgpax//hopper_cgp_flying

https://giorgia-nadizar.github.io/cgpax//hopper_cgp_flying
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the same analysis with two other interpretability measures: namely, the num-
ber of edges composing the policy graph, and the formula ϕ found in [45]. For
applying the latter, which derives from a user study targeted at evaluating de-
composability and simulatability of mathematical formulae, we first extracted
the equations mapping the inputs to the outputs in the graph, and then com-
puted the median value of ϕ across these equations. Since the results obtained
with all the considered metrics were consistent, we only display them in terms
of ρc, for reasons of space.

In Figure 3 we report the progression of ρc(π
⋆) for the best policy graph

in the population π⋆ in terms of median and inter-quartile range across the 10
runs, diving our data by environment and GP technique. From the plots we can
distinctly note that in all scenarios the obtained policies rely only on a relatively
small fraction of the available complexity, in most cases keeping a ρc smaller than
one third for the entirety of evolution. Moreover, we can highlight that there is
no overall sharp growing trend for ρc along generations: although some plots
display a slight upward tendency, most of them stay approximately constant
or even decrease with generations. This is particularly interesting to observe in
comparison with Figure 2. In fact, we discover that a sharp increase in fitness
does not imply the growth of the policies, i.e., performance does not come at the
cost of interpretability.
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Fig. 3: Fraction of complexity employed ρc(π
⋆) for the best performing policy

graph in the population π⋆; median and inter-quartile range across 10 indepen-
dent runs.

Notably, these results naturally emerge from the representations of CGP and
LGP [11, 32], without any form of explicit interpretability promotion, which
leads us to confirm the natural bias of these graph GP techniques towards small
and interpretable graphs.
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For completeness, we also repeated the optimization in a bi-objective setting—
aiming at both effectiveness and interpretability—as in [44], employing NSGA-
II [8] in place of the GA described in Section 3.1. As before, we performed 10
runs for each scenario, although we only considered two environments: inverted
double pendulum and swimmer.

We present such results in Figure 4, where we plot the cumulative reward
RT (π

⋆) vs. the fraction of complexity ρc(π
⋆) for all the policies π⋆ in each of

the final Pareto fronts. For context and reference, we also include the policies
obtained with the standard GA. From this figure we notice that NSGA-II is
able to discover simpler policies than the standard GA, though it oftentimes
fails to find slightly larger but more effective ones, due to its bias towards the
satisfaction of its easiest objective [29]. Thus, we can conclude that for these GP
techniques, where interpretability tends to naturally emerge, it is advisable to
maintain a single objective in the search.
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Fig. 4: Cumulative reward RT (π
⋆) vs. fraction of complexity ρc(π

⋆) for each
policy π⋆ in each pareto front at the end of evolution with NSGA-II. Policies
found with the standard GA added for reference.

To conclude our study on the interpretability of the obtained policies, we an-
alyze two policies for the swimmer environment. We report a schematic represen-
tation of the environment [5], together with the two policies and their conversion
in equation form, in Figure 5, and make the corresponding videos available5.

By looking at both Figures 5b and 5c, we can immediately perceive their
simplicity and their compliance to the transparency objective in interpretability.
Although in a dynamical system it is hard to achieve full understanding without
considering all the equations governing it, as, e.g., those from the simulator, we
can still gain some intuitions from the reported formulae. In particular, we can
notice a dependency of each torque control value from the state of the opposite
side of the agent, either in terms of angles or in terms of angular or linear
velocities. This trait, which could not be easily detected in a black-box policy, is
of paramount importance for achieving coordination of movement, and is likely
a key factor for accomplishing outstanding results at the locomotion task.

5 https://giorgia-nadizar.github.io/cgpax/swimmer_cgp

https://giorgia-nadizar.github.io/cgpax/swimmer_lgp

https://giorgia-nadizar.github.io/cgpax/swimmer_cgp
https://giorgia-nadizar.github.io/cgpax/swimmer_lgp
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θf

θ1

θ2
ωf

ω1

ω2
vy

t1

t2
(a) Swimmer schematic.

θ2 × × t1

vy

θ1

ωf

− +

− + t2

t1 = θ32

t2 = 4(vy − θ1)− θf

(b) CGP solution.

def controller(inputs , r):
# inputs to registers
r[0:10] = inputs
# perform computation
r[13] = r[1] - r[5]
r[16] = r[16] - r[7]
r[15] = r[13] - r[6]
r[15] = r[15] + r[2]
r[16] = r[16] - r[1]
# registers to output
return r[-2:]

t1 = θ1 − ωf − ω1 + θ2

t2 = −ω2 − θ1

(c) LGP solution.

Fig. 5: Schematic representation (5a) of the swimmer environment with the ob-
served variables θf , θ1, θ2, ωf , ω1, ω2, vy and the control variables t1, t2, and the
policies found with CGP (5b) and LGP (5c), shown in their original form and
as formulae.

6 Concluding remarks

In this work, we leveraged two graph-based Genetic Programming (GP) tech-
niques, Cartesian Genetic Programming (CGP) and Linear Genetic Program-
ming (LGP), to address several continuous control problems, the goal being
that of obtaining effective yet interpretable control policies. Experimenting on
eight Mujoco environments, we found graph policies that not only did perform
at state-of-the-art level on a subset of tasks, but were also simple enough to
be observed and directly understood. In fact, we confirmed the natural trend
of both CGP and LGP to yield simple graphs, even in the absence of an ex-
plicit incentive, and found single objective optimization to be more successful in
finding a good trade-off between performance and simplicity, in comparison to
bi-objective optimization.

In the future, we plan to tackle some of the observed shortcomings of graph-
based GP, as, e.g., premature convergence. To this end, we intend to experiment
with quality-diversity optimization, novelty search, or diversity preserving mech-
anisms, to prevent stagnation and enable the discovery of more effective policies.
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