HackAtari: Atari Learning Environments for
Robust and Continual Reinforcement Learning
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Goal: Continual and Robust RL
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(i) Deep RL agents struggle with adaptatlon to slight environmental changes,
unlike adaptive neurosymbolic agents, which learn explicit skills.

(if) RL agents learn suboptimal simpler goals instead of their true objectives.
Existing methods (e.g. importance maps) fail to detect these misalignments.

(iif) HackAtari introduces variations in the Atari environments to test RL agents,
thus helps to identify misalignments and test agents' robustness.

HackAtari: Creating Atari Games Variations
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Creation of Variations: HackAtari modifies Atari environments by altering the
RAM values, creating gameplay variations to test RL agents' generalization.

Modification Types:
(1) Visual Domain Adaptation: Tests robustness to object visual appearances.

(i) Dynamics Adaptation: Evaluates agents' adaptability to gameplay shifts,
e.g. enemies changing their behaviors.

(i) Curriculum Reinforcement Learning (CRL): Use games' simplifications
to gradually increases task complexity, assessing skill or curmculum leaming.

(iv) Reward Signal Adaptation: Tests the agents' ability to adapt to new
objectives and to align with human values.
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Results: Extended ALE for Robust Agents

HackAtari's modified environments:

(1) ... can be used for leaming.

(ii) ... help to uncover flaws of trained agents.

(iii) ... allow to leam altemative behaviors.

(iv) ... enable game simplifications (i.e. curmculum reinforcement leaming).
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(i) Steps
Game PPO Human
Training original  original variation | original  original
Testing original variation variation | original variation
Boxing (OA) |90.9+15  1.9+102 82.2+93| 0.6+27 -12.8+183
Freeway (AC) | 31.4+x15 20.4+07 29.1x18| 21.7+x48 22.4x16
Freeway (MC) | 31.4x15 = 24.6x27 32.7x0s8| 21.7x48  29.3415
Pong (LE) 16.043.4 -12.6424  18.1+44 [-13.7+23 -12.2+464
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Conclusion

Framework Introduction: HackAtari introduces variations to Atari games to test RL agents'
generalization, robustness, and adaptability, addressing key challenges in RL research.

Evaluation and Insights: It allows to uncover shortcut learning behaviors and evaluate RL
agents' performance across different scenarios, revealing flawed decision-making processes.

Broader Implications: Enhance the most popular RL Environments and enable one to test
robustness and adaptability across various applications.
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https://github.com/k4ntz/HackAtari
https://arxiv.org/abs/2406.03997
https://ml-research.github.io/people/jblueml/papertrees/hackatari/index.html

