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Scope

rewardGym is being developed as part of the rewardMap project, test-
ing multiple reward paradigms in the same subjects to reveal common
signatures of reward processing. It is aimed primarily at cognitive neu-
roscientists and psychologists, who study learning and decision-making
in human participants.
▶ Streamline cognitive experiments by using a common graphical

language for each trial.
▶ Use the same logic for artificial and biological agents to interact

with the experiment.
▶ Build on standards from reinforcement learning using the

gymnasium API (Towers et al., 2024) and is further inspired by
neuro-nav (Juliani et al., 2022).

▶ Common API allows for reuse of agents for both simulation and
inference across many tasks.

▶ We address experimentation needs: high control over the
environment, running with standalone PsychoPy (Peirce et al.,
2019).

Overview

PsychopyEnv

run_task

BaseEnv

task specification

artificial agent

collect datasimulate

BIDS 
compatible output

add stimulus 
and timing info

RL 
experimentation

Overview of the framework. At its core, is the task specification using a graph structure. Using this structure, the user can
do classical reinforcement learning experiments (left) using the BaseEnv class. By augmenting the basic graph with stimulus
information, the PsychopyEnv can collect data from human participants and deploy artificial agents to simulate data. This can
also be done using the convenience function run_task, which will store simulated and real data in BIDS format.

Make reinforcement 
environments usable for 

cognitive experiments

Reinforcement 
Learning Experiments

Hybrid:
Simulate Realistic Files

Data Collection with
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Build for standalone - no 
additional installation needed

Task Abstraction Experiment Control

► stimulus timing
► randomization
► staircasing
► ...

Prepare
► visualization
► behavioral analyses
► check experiment
► ...

Graph representation: two-step task

first decision stage

second decision stage

reward feedback

rewardGym

+

two-step task

risk-sensitive task

rewardGym. The common task abstraction, allows integrating implemented tasks into classic
reinforcement learning (RL) workflows, for experimentation and benchmarking.
Features: Adding experiment details (stimuli, timings, randomization), to simulate realistic data using
agents, allowing to implement analysis pipelines and debugging before data collection. Data collection
supports fMRI. Tasks implemented: MID, HCP, risk-sensitive, two-step, Go-Nogo, Posner. Common task
set-up allows for rapid prototyping and automatic tests.
Limitations: Early development. Toolbox does not prioritize reinforcement-learning studies (deep RL,
etc.). Part of a larger project: hard coded intricacies, but working on modularization.

Behavioral 
Simulation

Apply to Real Data

Model & Parameter 
Recovery

Simulate Diagnose

Infer

Study workflow. Using a hybrid, valence-based agent (Niv et al., 2012; Gläscher et al., 2010) to
simulate data and perform model and parameter recovery on the two-step (Daw et al., 2011) and a
risk-sensitive decision making task (Rosenbaum et al., 2022). The agent’s code can be reused for
simulation and inference - the simulation study is available on binder. Code developed for the simulation
is then applied to real data of a pilot study (n = 15).

https://mybinder.org/v2/gh/rewardMap/exampleWorkflow/binder?
urlpath=%2Fdoc%2Ftree%2FCCNRLDMsims.ipynb

rewardGym on Github

https://github.com/rewardMap/rewardGym

Future

▶ Better and more documentation and examples.
▶ Alternative data collection interfaces: pygame.
▶ rewardCoach - inference package for rewardGym
▶ Hopefully larger adaption of standardized modeling in psychology / cognitive

science

Looking forward to discussions, ideas, and contributions!

Example on Binder
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