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Abstract. Despite the growing importance of interpretable AI in high-
stakes domains, human-in-the-loop methodologies that allow domain ex-
perts to actively shape interpretable models during the optimization pro-
cess remain largely unexplored. In this paper, we present ieldt (Inter-
active Evolutionary Learning of interpretable Decision Trees), a novel
framework that integrates Evolutionary Reinforcement Learning with
a rich human-driven refinement interface. ieldt evolves populations of
interpretable decision tree policies and periodically exposes the best-
performing tree to a domain expert through an intuitive web interface,
allowing manual or natural-language-guided edits. The human-crafted
policy is then re-injected into the evolutionary loop via a Lamarckian
genotype reconstruction algorithm. The framework will be released as
an open-source, modular Python library compatible with the OpenAI
Gym interface, facilitating broad adoption and applicability.
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1 Motivation and background

The increasing adoption of Artificial Intelligence (AI) in safety-critical and high-
stakes domains has amplified the need for models whose decision-making process
can be understood, inspected, and refined by human experts. This has motivated
two complementary research directions: explainable AI (XAI), which provides
post-hoc insight into black-box decisions, and interpretable AI (IAI), which pro-
duces models that are transparent and human-readable by design [1, 5].

A persistent and widely held assumption is that interpretable models are
necessarily less performant than their black-box counterparts. Recent work has
begun to challenge this narrative [2, 3, 6, 9]: in particular, evolutionary IAI ap-
proaches based on interpretable decision tree (DT) policies have demonstrated
competitive performance against state-of-the-art deep Reinforcement Learning
(RL) baselines on standard benchmarks and real-world industrial tasks. Yet, de-
spite this progress, one underexplored dimension of IAI remains the exploitation
of human expertise during the optimization loop itself. Because the evolved poli-
cies are interpretable by construction, a domain expert can, in principle, inspect
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them, identify shortcomings, and inject domain knowledge directly. Notably, this
capability is simply not available when training opaque neural networks.

Prior work [4] introduced a first step in this direction by allowing a human
to cast a vote between the two best-performing DTs at fixed intervals, indirectly
biasing selection pressure. While promising, this interaction paradigm is rather
limited: in fact, the user cannot modify the policy itself, and the implementation
is highly problem-specific and difficult to adapt to new tasks. These limitations
motivate the present work, where we aim to allow for a richer user interaction.

2 Proposed method

We introduce ieldt (Interactive Evolutionary Learning of interpretable Deci-
sion Trees), a human-in-the-loop IAI framework built on two tightly coupled
components (Figure 1).
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Fig. 1. Conceptual scheme of the proposed ieldt approach.

2.1 Evolutionary Reinforcement Learning backbone

The algorithmic core follows the two-level optimization scheme of [2]. An outer
evolutionary loop based on Grammatical Evolution [10] searches the space of
DT structures by encoding each individual as a fixed-length integer genotype,
which is translated into a DT policy via a problem-dependent context-free gram-
mar in Backus-Naur Form (BNF) [8]. An inner Q-learning loop then optimizes
the action assignments at the DT leaves by interacting with an RL task, imple-
mented as an OpenAI Gymnasium environment [12]. Fitness is measured as the
mean cumulative reward over a fixed number of episodes, and the population
evolves through tournament selection, subtree crossover, and uniform mutation
at genotype level.
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2.2 Human-driven refinement and feedback injection

Periodically, the best-performing DT of the current generation is presented to the
human expert through a purpose-built web interface (Figure 2). After a post-
processing step that prunes unreachable branches, the user can interact with
the policy in several ways: they may simulate the policy on a live environment
render, edit the DT directly through the graphical interface (adding, removing, or
modifying nodes and branches), or issue free-form natural language instructions
to a Large Language Model (LLM) middleware, which translates the feedback
into concrete structural edits while enforcing grammar compliance. The user
may also browse an archive of all previously crafted policies.

Fig. 2. Web interface implemented to allow the user to interact with the optimization
process. In the example considered, a classical grid-world RL task inspired by the off-
switch environment introduced in [7] is shown. On the left side, the user can see the
interpretable DT, the performance achieved on the task, and the interaction commands.
On the right side, the implementation of the render method allows the user to simulate
the policy on the environment and visualize the results graphically.

Once the expert confirms the edited policy, re-injecting it into the evolu-
tionary loop requires a translation from phenotype space back to genotype
space. This is a non-trivial step that most Interactive Evolutionary Compu-
tation (IEC) [13] frameworks avoid. We address this through a deterministic
Lamarckian reconstruction algorithm that converts any grammar-compliant DT
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phenotype back into a valid integer genotype. The human-crafted individual
immediately replaces the worst member of the current population [11] and si-
multaneously seeds a dedicated archive H, which acts as a human-driven Hall-
of-Fame. During subsequent generations, crossover is biased to preferentially
combine offspring with individuals drawn from H with high probability, chan-
nelling evolution towards the structural preferences expressed by the domain
expert.

2.3 Modular open-source infrastructure

A key contribution of ieldt is its generality. The framework will be released as a
modular, open-source Python library. Applying ieldt to a new task requires: (i)
encoding the problem as a standard OpenAI Gym environment, augmented with
a render function and a textual summary method used by the LLM middleware;
and (ii) specifying a problem-dependent BNF grammar. This design deliberately
decouples the core optimization and interaction machinery from the task domain,
making the framework reusable and highly customizable across RL tasks.

3 Research questions and expected contributions

The core hypothesis driving this work is that bidirectional human-AI interac-
tion within an interpretable evolutionary RL loop can improve both optimization
efficiency and solution quality while preserving, and indeed leveraging, the trans-
parency of the evolved policies. Concretely, ieldt is designed to investigate the
following research questions:

RQ1. Can interpretable DT-based policies match the performance of state-of-
the-art black-box deep RL algorithms, directly challenging the assumed interpretability-
performance trade-off?

RQ2. Does human-expert feedback injected through the ieldt interface acceler-
ate convergence and improve the quality of the Pareto front in the performance-
interpretability objective space, compared to the non-interactive evolutionary
baseline?

RQ3. Can an LLM effectively serve as a surrogate domain expert for experi-
mental evaluation, and how does LLM-guided optimization compare to genuine
human-expert interaction?

Beyond answering these questions, we expect ieldt to contribute (i) a princi-
pled Lamarckian phenotype-to-genotype reconstruction algorithm for grammar-
constrained DTs, (ii) an open-source, reusable human-in-the-loop IAI library,
and (iii) insights into the design of LLM-mediated interaction for interpretable
evolutionary optimization.
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