Balancing Abstraction and Spatial Relationships
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Focus on what matters.
Simple, structured
representations improve

RL agents.
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e Traditional deep (pixel-based) RL approaches are opaque, do not
result in corrigible agents and are prone to shortcut learning. 1.4

® |nspired by human perception and advantages of object-centric RL,
we propose object-centric attention to simplify inputs by masking
irrelevant pixels. [3:4]

¢ \Ve retain only task-relevant objects and their spatial
positions, reducing input complexity without losing critical structure.

Object-Centric Attention via Masking
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agents focus on relevant objects (just like human attention).

® Preserve structure: It keeps spatial relationships intact by retaining
object positions in the input.

® No complex extraction: |t works with simple object detection (e.g.
bounding boxes), avoiding full symbolic processing or handcrafted

features.
¢ Plug-and-play: OCCAM fits into standard CNN-based RL setups.
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performance.
Preserving object relationships is important for effective

decision-making.
3. Abstraction alone is not enough. While improving robustness
against visual distractions, agents remain vulnerable to changes in

game mechanics.
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Examples of HackAtari [2] Modifications:
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® Filter what matters: OCCAM masks out background noise, letting RL [
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