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Motivations
Off-policy learning with unknown behavioral policies may introduce biases.

Q1: Can standard algorithm like DQN still learn optimal policies?

Such biases are often due to observation/action space mismatches.

Q2: How do we model it formally with causal inference tools?

Q3: How can we utilize such data for off-policy learning?
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A Motivating Example - Confounded Pong
In the Pong game, score and opponent’s paddle location shouldn’t be a 
determining factor for a good human player,
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(a) Saliency maps of a behavioral policy in Pong; (b) A confounded Pong 
game where score board and opponent’s paddle location is masked.
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A Motivating Example - Confounded Pong
Surprisingly, all standard DQN variants failed to learn the correct policy in this 
confounded environment,
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(a) Saliency maps of a behavioral policy in Pong; (b) A confounded Pong 
game where score board and opponent’s paddle location is masked; (c) 

Evaluation performance of different DQN variants.
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A Motivating Example - Confounded Pong
Except for Causal DQN, our solution to off-policy DRL under unobserved confounders!
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Evaluation performance of different DQN variants.
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Confounded MDP — A Causal Diagram View
The off-policy dataset is confounded while the online agent is interventional, i.e., loses 
access to those unobserved features.
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Conservative Off-policy Learning via Causal Bellman Optimality Equation

Instead of directly learning unreliable Q-values from off-policy data, we use it only to lower 
bound the optimal Q-values,

Proposition (Causal Bellman Optimality Equation). For a CMDP environment  with reward 
, its optimal Q-value function satisfies, , 

where the lower bound  is given by,


where  and ;  are estimated transition 
distribution and rewards from off-policy dataset, respectively. 

ℳ
Yt ∈ [a, b] ⊂ ℝ Q*(s, x) ≥ Q*(s, x), ∀(s, x) ∈ 𝒮 × 𝒳

Q*(s, x)

P(x |s) = P(Xt = x |St = s) P(¬x |s) = 1 − P(x |s) T̃, R̃

Q*(s, x) = P(x |s)(ℛ̃(s, x) + 𝔼𝒯̃[max
x′￼

Q*(s′￼, x′￼)]) + P(¬x |s)(a + min
s′￼

max
x′￼

Q*(s′￼, x′￼))
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Causal Deep Q-Learning
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Experiment Results
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Our Causal DQN outperforms all baselines on 12 confounded Atari games even 
surpassing the demonstrator performance slightly. 



1. Causal Foundations for Off-Policy RL: Introduces the Causal Bellman Equation, 
extending traditional RL theory to handle confounded observational data and 
enabling more reliable policy learning.


2. Causal-DQN: A novel algorithm that learns effective policies even under unobserved 
confounding, outperforming standard DQN across twelve confounded Atari games.


3. Beyond Benchmarks: Unobserved confounding pervades in real-world RL, 
spanning robotics, RLHF for LLMs, and decision-making in critical domains like 
healthcare & self-driving, where scaling data without causal reasoning can amplify 
bias and misalignment.


4. Vision for Causal RL: We envision a future of confounding-robust, causally 
grounded agents capable of reasoning about interventions and consequences, 
learning not just what works, but why it works.

Summary
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