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Abstract
Over the years, genetic programming (GP) has evolved, with many 
proposed variations, especially in how they represent a solution.
Being essentially a program synthesis algorithm, it is capable of 
tackling multiple problem domains. Current benchmarking ini-
tiatives are fragmented, as the different r epresentations a re not 
compared with each other and their performance is not measured
across the different domains. In this work, we propose a unified 
framework, dubbed TinyverseGP (inspired by tinyGP), which pro-
vides support to multiple representations and problem domains, 
including symbolic regression, logic synthesis and policy search.

Keywords
Genetic Programming, Implementation, Benchmarking, Symbolic
Regression, Logic Synthesis, Python
ACM Reference Format:
Roman Kalkreuth, Fabricio Olivetti de França, Julian Dierkes, Marie Anasta-
cio, Anja Jankovic, Zdenek Vasicek, and Holger Hoos. 2025. TinyverseGP: 
Towards a Modular Cross-domain Benchmarking Framework for Genetic 
Programming. In Genetic and Evolutionary Computation Conference (GECCO 
’25 Companion), July 14–18, 2025, Malaga, Spain. ACM, New York, NY, USA, 
4 pages. https://doi.org/10.1145/3712255.3726697

1 Introduction
Genetic programming (GP) is an evolutionary algorithmic para-
digm from the field o f r andomised s earch heuristics. I t was first 
introduced by Cramer [4] for the automated discovery of programs, 
and later popularised by Koza, with his GP-driven search to hier-
archical structures [10], which led to meaningful applications in
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symbolic regression, one of the major problem domain of GP. Other
problem domains have emerged, notably classification and digital
circuit design, and revealed the need for different solution encod-
ings, such as linear [15], graph-based [13] and grammar-guided [16]
representations. The interplay between new representations and
applications has led to a versatile landscape, but also to fragmenta-
tion and encapsulation, hindering the development of unified and
cross-domain knowledge. Obsolete real-world problems have been
proposed as benchmarks and bundled in domain-specific bench-
mark suites for program synthesis, symbolic regression and logic
synthesis. However, cross-domain evaluation entails a large imple-
mentation overhead.

In this work, we take a step towards a unified framework, combin-
ing representation models and benchmarks. Our approach, dubbed
TinyverseGP, is inspired by tinyGP [17], following the philosophy
of keeping a minimalist implementation of each variant. The shared
concepts are kept in a common library, making it easy to integrate
new representations and to support different problem domains. We
intend to create a collaborative space to incorporate the different
variants and problem domains, facilitating the understanding of
the characteristics of each representation. As a starting point, we
showcase the integration of a tree-based and graph-based GP in the
domains of logic synthesis, symbolic regression, and policy search.

2 Related Work
Genetic Programming. GP is an evolutionary search method-

ology, located in the wider field of randomised search heuristics,
and was originally proposed for the synthesis of computer pro-
grams. GP as a heuristic paradigm aims at evolving a population
of candidate programs towards a functionally specified solution
for a given search problem. Fundamental to GP-driven search is
the iterative transformation of a population of candidates into new
populations consisting of programs with an improved fitness score.
To represent a program, GP traditionally uses parse trees, which
have been inspired by LISP S-expressions. Commonly used varia-
tion operators applied to the traditional tree-based representation
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are subtree crossover and mutation. Subtree crossover swaps sub-
trees between two trees selected for recombination, while subtree
mutation exchanges a subtree with a randomly generated one.

Problem Domains in GP. Because the very essence of GP is to
search for a computer program, it can be readily applied to different
machine learning tasks that would normally require major adap-
tations. In most cases, merely a grammatical specification for the
respective task is required to seek a solution with GP paradigm. For
example, in regression and classification tasks, the grammar can
be composed of mathematical operators and conditional branching.
Likewise, in policy search, GP can search for the function that es-
timates the value of a given action at the current state, reverting
to a symbolic regression problem, or a computer program that will
return the optimal action for that particular state, thus incorporat-
ing branching and loops in the grammar. Additionally, GP can also
search for Boolean functions, if we constrain the grammar to the
corresponding set of operators, a problem that is often performed
with heuristics or exhaustive search.

Symbolic Regression. Symbolic regression (SR) [10] searches for
a mathematical expression representing a regression model that
accurately and compactly describes the data. Given a set of𝑚 points
{𝑥𝑖 , 𝑦𝑖 }𝑖=1...𝑚 , this task seeks the function 𝑓 (𝑥) ≈ 𝑦.

Logic Synthesis. Logic synthesis (LS) [6], as approached with
heuristic methods, can be defined as a black-box optimisation task
that aims at the synthesis of Boolean expressions. As in symbolic
regression, the expression to be synthesised has tomatch the correct
input-output mapping of a (Boolean) function. LS tackled with GP
predominantly aims at synthesis of Boolean expressions that match
the correct input-output mapping of a Boolean functions.

Policy Search. Policy search focuses on finding decision-making
strategies that maximise performance through interaction with
an environment [18]. The environment is formalised as a Markov
decision process (MDP) M := (S,A, 𝑝, 𝑟, 𝜌0, 𝛾), with state space
S, action space A, unknown transition probability distribution
𝜌 : S × A × S ↦→ R, reward function 𝑟 : S × A ↦→ R, distribution
of the initial state 𝜌0 : S ↦→ R and discount rate 𝛾 ∈ (0, 1). A
policy 𝜋 : S × A → R assigns a probability to each action for
a given state. Interacting with the MDP, 𝜋 collects episodes 𝜏 =

(𝑠0, 𝑎0, 𝑟1, 𝑠1, · · · , 𝑠𝑇 ) over time steps 𝑡 = 0, · · · ,𝑇 . The fitness of a
policy is measured as the return E𝜏∼𝜋 [

∑𝑇
𝑡=1 𝛾

𝑡 · 𝑟𝑡 ].

3 Benchmarking in Genetic Programming
GP benchmarks have, for many years, been criticised by their lack
of rigour, caused by the fragmentation of the field [12]. It has been
argued that a first step towards better benchmarks is the standardi-
sation to ensure a challenging environment and fair comparison
between different flavours of GP as well as alternatives from ma-
chine learning. A major step forward in GP benchmarking has been
made by the proposal of two benchmark suites for program synthe-
sis, PSB1 [8] and PSB2 [7], which cover a diverse set of introductory
and college-level coding problems. Moreover, benchmark suites for
other problem domains, such as SRBench [14] and GBFS [9], have
emerged, and new problem domains have been discovered in recent
years [1].

SRBench: A Living Benchmark for Symbolic Regression.
Orzechowski et al. [14] compared a selection of Symbolic Regres-
sion (SR) with traditional machine learning techniques, addressing
a common criticism regarding the lack of comparison between
these approaches. Their results indicated that SR was a competitive
alternative to opaque models in terms accuracy, with the benefit
of returning interpretable models. La Cava et al. [11] advanced
this effort even further by incorporating new algorithms into the
benchmark, dubbed SRBench, and proposing a collaborative envi-
ronment facilitating the benchmarking of new algorithms using a
common Python interface and a verified installation environment
that enabled external peers to replicate the benchmark. This effort
spanned multiple competitions, one of which led to a publication
highlighting the challenges still faced by the field of SR in general,
not only GP [5].

GBFS: General Boolean Function Benchmark Suite. The
General Boolean Function Benchmark Suite (GBFS) [9] is a highly
versatile benchmark suite for logic synthesis proposed with the in-
tention to facilitate comprehensive assessment of the performance
of GP models as well as to simplify reproducibility of existing re-
sults in this problem domain. GBFS covers a set of 29 problems
carefully selected from seven different types of Boolean functions:
arithmetic, transmission, comparison, counting, mixed, parity and
cryptography. Most of the problems are characterised by having
multiple outputs, such as the digital adder or multiplier function.

Reinforcement and Policy Learning. A variety of bench-
marks have been developed and proposed for Reinforcement Learn-
ing (RL) in recent years, tailored to diverse use cases such as games,
planning and robotics [2, 3, 20]. A widely used platform is Gymna-
sium [19], which provides diverse environments aimed at evaluat-
ing the core capabilities of RL algorithms. Additionally, the Atari
Learning Environment (ALE) [2] offers a standardised and challeng-
ing testbed for RL agents. Benchmarking GP on Gymnasium has
already been explored in [1].

4 The Proposed Framework
Major Motivation. The landscape of existing GP frameworks

can be considered fragmented, in terms of representation as well as
application domain. We acknowledge the implementation efforts
made over time to facilitate broad use of GP. However, existing
implementations are meant to provide an end-user experience, thus
reducing the burden of choosing the most suitable representation
for each task. Notably, there is clearly a gap on benchmarking and
understanding the different representations proposed so far across
different domains, as evidenced by the paper Genetic programming
needs better benchmarks [12], which received the 2022 SIGEVO Im-
pact Award and led to initiatives such as SRBench [11] and GBFS [9],
which provide tight guidelines to ensure fairness of comparison
among the competing algorithms.

Key Features and Properties. For the first version, we concen-
trated on the development of the following features and properties
that represent the fundamental infrastructure of TinyverseGP. In
general, we pursue object-oriented design, to ensure that the design
goals communicated in the previous subsection can be adhered to.
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• Light-weight representation modules: Each representation
derives from a model base class, which promotes uniformity
among different representations. Each representation is imple-
mented within a tiny module that handles initialisation, decoding,
breeding and evaluation of candidate programs concerning the
requirements of the respective model.

• Broad range of applications: TinyverseGP can already be ap-
plied to several problems that differ greatly and require different
methods on how to evaluate an evolved program, showing the
versatility of this tool.

• Benchmarking support:We provide an interface to SRBench
and GBFS, covering two problem domains in combinational syn-
thesis. Additionally, we provide an interface to policy learning
benchmarks from Gymnasium, which is accomplished with an
implementation of an agent class that bridges the gap between
the respective GP model and the environment.

5 Top-level Architecture
TinyverseGP hybridises object-oriented design with modularisa-
tion, two programming paradigms commonly used to establish an
efficient reusable architecture. With modularisation, we also facil-
itate encapsulation of diverse techniques and methodologies, to
maintain an organised and interpretable code structure, as Tiny-
verseGP is expected to become larger and more heterogeneous
in the future. We therefore leverage modularisation and object-
oriented features to implement a design that is well-equipped to
apply various GP models to a diverse set of benchmarks.

Figure 1 provides an overview of the modular architecture of
TinyverseGP. The GP module represents the core of our framework,
and the current architecture allows further integration with less
effort; existing Python implementations of other GP models can be
easily integrated into the already existing framework model, which
already provides essential features to handle function and terminal
sets, as well as the hyperparameter and model configuration.

The fundamental architecture is illustrated in Figure 2 on the
class level. The most common problem type that is tackled with the
GP paradigm are black-box problems, where known input-output
pairs are given in the respective training dataset. Policy search prob-
lems, on the other hand, are commonly applied to environments
where an agent executes actions in accordance to a policy for which
he receives rewards. For this type of problem we provide an agent
class that receives a candidate policy from the respective GP model,
as illustrated in Figure 3.

6 Discussion, Vision and Future Work
The primary intention behind TinyverseGP is to take the first step
towards a community-driven framework that simplifies the process
of performing comparative studies among various representations
of GP, thereby promoting best practices for benchmarking ran-
domised search heuristics within this field. We acknowledge the
efforts that have already been made in this direction by the proposal
of various benchmark suites for major GP problem domains. We
believe that facilitating cross-domain benchmarking that leverages
previous efforts for specific domains is a natural next step and will
bring the field forward. However, unifying both the representa-
tion models and a diverse landscape of application domains in one

Benchmarks

Genetic Programming

Logic Synthesis
+ PLU Reader
+ BLIFF Parser

Program SynthesisSymbolic Regression
+ SRBench

Policy Search
+ GPAgent

Benchmark
+ Generator

Tinyverse
+ GPModel

+ Hyperparameter
+ Configuration

TinyCGP
+ CGP Config

+ CGP Parameters

TinyTGP
+ TGP Config

+ TGP Parameters

Problem
+ BlackBox

+ PolicySearch

Loss
+ Euclidean Distance
+ Hamming Distance

Functions
+ Arithmetic

+ Logical
+ Comparative 

Figure 1: Modular top-level view of TinyverseGP

framework is a task that requires well-considered design choices
to be equipped for further expansion. Our vision for TinyverseGP
can be summarised as follows:
• Community driven development: The source code will be
open-sourced and freely available.

• Easy to extend: By providing a common API requiring just a
few methods, the framework can be easily extended without the
need for understanding the entire codebase.

• Simplicity of implementation: The minimalistic approach al-
lows us a direct comparison between representations without the
influence of other external agents that can influence the perfor-
mance of the algorithm, such as different selection mechanisms,
island models and local search.

Table 1: Planned support for different benchmarks and prob-
lem domains.

Problem Domains Support Benchmarks

Logic Synthesis Classic, GBFS
Symbolic Regression ( ) Classic, SRBench, Feynman

Policy Search ( ) Gymnasium
Program Synthesis × Leet Code, PBS 1& 2, SyGuS

Planned Features and Extensions. Two specific extensions
can be considered as natural next steps for the project. Firstly, we
plan to include linear-based and grammar-based GP in the context
of our tinymodule approach, enabling a scope on the representation
level that can be used for a first broad comparative study performed
with TinyverseGP. Secondly, on the domain level, we will con-
centrate on the integration of program synthesis benchmarks by
providing an interface for the General Program Synthesis Bench-
mark Suites (PSB1 and PSB2) proposed by Helmuth et al. [7, 8];
a summary is given in Table 1, where supported benchmarks are
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GPModel

TinyTGP

TinyCGP

Problem

BlackBox

PolicySearch
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Figure 2: High-level architecture of TinyverseGP
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+ Policy

PolicySearch

+ GPAgent Environment

GPModel

Problem

Action

Observation

Reward

Fitness

Transfer

Evaluation

Figure 3: Policy search with TinyverseGP

marked using , partially supported ones using ( ), and those under
development using ×.

7 Conclusion
We have proposed the first prototype of a modular cross-domain
benchmarking framework for GP that is meant to be the blueprint
for a large and scalable framework. TinyverseGP can already be
used to evaluate various benchmarks from three problem domains
to which GP is highly applicable, including the underrepresented do-
main of policy search. to achieve a better balance against overused
benchmarks.

8 Resources
The source code of the actively developed main branch, test scripts
and a handbook are available on GitHub.1 The version proposed in
this paper is provided in a locked branch.2
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