
Reinforcement-trained recurrent networks reproduce human beat-synchronization dynam-
ics: Supplementary Information
Hyperparameter Search Procedure
To maximize training success, we used a guided hyperparameter search strategy inspired by the Tree-structured Parzen Estimator
(TPE) approach1. For each agent, the following hyperparameters were explored:

• Learning Rate: Ranged from 10−6 to 10−3, with ReduceLROnPlateau dynamically reducing the rate when performance
plateaued.

• Batch Size: Tested values of 16, 32, 64, and 128. Selected based on stability and speed of learning.

• Entropy Coefficient: Ranged from 0 to 10−2 to balance exploration vs. convergence.

• Episode Horizon: Varied between 64 to 512 timesteps. 300 timesteps was found optimal across agents.

Hyperparameter tuning was repeated for each reward scheme. Below is a summary of the final values used in the reported
experiments.

Agent Learning Rate Batch Size Entropy Coef. Episode Horizon

Symmetric 3×10−5 64 0.005 300
Symmetric + Interval 1×10−4 32 0.008 300
Asymmetric 5×10−5 64 0.002 300
Asymmetric + Interval 1×10−4 32 0.001 300

Table 1. Final per-agent hyperparameter settings. Values were selected independently for each agent by Optuna/TPE
search using an identical search space, budget, and selection criterion. For the fairness control described in the main text, every
agent was additionally retrained with the Asymmetric + Interval settings; this did not change the qualitative outcomes.

Training Configuration
Training was implemented using the Gymnasium environment2 with stable-baselines3 contrib PPO3. All experiments were
conducted on a MacBook Air 2022 (Apple M2, 16GB RAM), using Python 3.9.13 and PyTorch 2.2.1. Each agent trained for
up to 1.4×106 simulated seconds (388 hours) or until performance plateaued. Ten seeds were used to ensure reproducibility.

PPO Algorithm Details
PPO minimizes a clipped surrogate objective:

LCLIP(θ) = Êt
[
min(rt(θ)Ât ,clip(rt(θ),1− ε,1+ ε)Ât)

]
(1)

where rt(θ) is the probability ratio between new and old policy, Ât is the estimated advantage, and ε = 0.2. An entropy bonus
term βS(πθ ) was added to encourage exploration.

The actor network was the LSTM agent, while the critic was a feedforward network estimating value for each state-action
pair. Gradient updates were computed using backpropagation through time4.
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