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Why causal reasoning for (MA)RL?

Single-agent RL: causal reasoning helps in special regimes — partial observability, offline data, off-policy logs.

Multi-agent RL: other agents are not part of the environment. They are adaptive, endogenous causal mechanisms. Non-stationarity, partial
observability, and decentralisation are causal problems by default.

Two properties hold silently in single-agent RL, and break in MARL.
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Research question

How to represent, integrate, and understand causal reasoning in MARL?

Two orthogonal dimensions for causal MARL

Dimension 1 — Interaction Entanglement: why bother with causality.

Your Q-values estimate E|R | S, A]. You want E|R | S,do(A)]. In RL, and mostly in MARL, these diverge — and the gap is hard to detect during training. Causal reasoning is the tool
that detects, corrects, or bounds this gap.
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Dimension 2 — Objective Alignment: what causality gives you.

Cooperative — countertactual credit assignment, cleaner than TD when teammates confound your actions

Competitive — strategic counterfactuals, anticipating how opponents respond to a committed policy
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Preliminary and On-Going Results
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