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Overview

1. Recap
a. Structural Causal Model (SCM)
b. RL Markov Decision Process (MDP)

2. CRL Definition
a. Causal Decision Model (CDM)

i. Policy Space
b. CRL Tasks

i. Learning Regimes
ii. Structure Assumption

3. 3 RL tasks through causal lenses
a. Off-policy learning

i. Inverse Propensity Weighting (IPW)
ii. Dynamic Programming (DP)

b. Online learning
i. Randomized Controlled Trials (RCT)
ii. Upper Confidence Bound (UCB)

c. Causal Identification
i. Sequential Backdoor Condition (SBC)
ii. Do-Calculus learning
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Causal Decision Model (CDM)

Motivation: 

Armed with this new formalism, we can represent many canonical decision-making settings 
found in the literature within the semantic framework of SCMs. 

Canonical RL models:

1. multi-armed bandits (MABs), 
2. Markov decision processes (MDPs),
3. dynamic treatment regimes (DTRs).



Policy Space

In words, a policy space Π defines:

1. the action space X that the agent could control after being deployed in the environment,
2. the state space S1, . . . , SH that the agent could perceive at the time of intervention for every action X1, . . . , 

XH .



Policy Space
Example: 2-stage dynamic treatment regimes (DTR) 

In healthcare, a typical patient is often treated at multiple stages; the physician repeatedly adapts each 
treatment, tailoring it to the patient’s time-varying, dynamic state. SCM definition:



Policy Space
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Causal Reinforcement Learning (CRL) Task



General Learning Strategy

Alg. 1 provides pseudocode describing the general learning strategy of a CRL agent to 
solve a CRL task



CRL Task Example
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Off-Policy Learning Task

● Off-Policy: 
● an agent attempts to learn an optimal policy from observational data generated by a different behavior policy
● Can learn from data generated by other policies, including old experiences or experiences from a different source.
● Generally more sample-efficient and flexible since it can reuse data, but it may be less stable and require careful 

handling (e.g., replay buffers).
● On-Policy: 

● The agent learns and improves the same policy that it is currently following to select actions.
● The policy being learned and the policy being used for data collection are the same.
● Tends to have more stable learning but may be less sample-efficient since it updates based on the current policy's 

behavior



Off-Policy Learning Task



No Unmeasured Confounder (NUC)

This NUC assumption is important because
1. We want only the causal association, not the confounding association. 
2. If the confounder is not observable, the effect of the variable can 

incorrectly be (partly) assigned to the treatment, resulting in a biased 
model.

3. NUC ensures that no other variables generate non-causal variations 
between the decision X and the outcome Y.



OFF-POLICY EVALUATION (Prediction)

● Motivation: 
○ When the expected rewards of candidate policies are computable, the agent could then search 

over the policy space and obtain an optimal policy estimate using policy gradient (Sutton et al., 
1999).

● Goal: 
○ given policy π, calculate its expected rewards.

● Methods: 
○ Inverse propensity score
○ Dynamic programing



1. Recap
a. Structural Causal Model (SCM)
b. RL Markov Decision Process (MDP)

2. CRL Definition
a. Causal Decision Model (CDM)

i. Policy Space
b. CRL Tasks

i. Learning Regimes
ii. Structure Assumption

3. 3 RL tasks through causal lenses
a. Off-policy learning

i. Inverse Propensity Weighting (IPW)
ii. Dynamic Programming (DP)

b. Online learning
i. Randomized Controlled Trials (RCT)
ii. Upper Confidence Bound (UCB)

c. Causal Identification
i. Sequential Backdoor Condition (SBC)
ii. Do-Calculus learning



Inverse Propensity Weighting

● Sampling Bias Estimate: Simple average mean is a biased estimate due to 
sampling bias such as selection bias, missing data, or unobserved variables.

● Intuition: IPW “upweights” or “downweights” individual data points based on how 
likely (or unlikely) the action taken in the historical data was under the behavior vs. 
the target policy, which giving us a fairer estimate of how the new policy would 
perform.

● NUC ensures that behavior probability (propensity score) can be accurately 
specified, which means no other unobserved variables determines action x_i
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Dynamic Programming
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Online Learning Task

● Online Learning
○ The agent interacts with the environment and learns continuously, updating its policy 

incrementally as it gathers new data.
● Offline Learning

○ The agent learns from a fixed dataset of experiences without any new interactions with the 
environment during training.



Experimental NUC

Note that for every policy, in the submodel M induced by intervention do(X), all input covariates S 
affecting every action X and other variables in the system are observed and measured. This 
means that the NUC condition is implied in the post-interventional system.
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Randomized Controlled Trails (RCT)



Cumulative Regret



Regret of RCT
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Upper Confidence Bound (UCB)

Motivation: RCT requires prior knowledge of the total number of episodes T. UCB is an 
adaptive randomization strategy which requires no prior knowledge.
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Causal Identification Task

Motivation:

1. For online learning, randomized experiments are not applicable in all settings
2. For off policy learning, NUC assumption is often fragile in practice. 
3. An alternative approach for policy evaluation is to relax the NUC assumption 

and explore other more general structural assumptions in a causal diagram. 



Identifiability

Recall:

1. IPS

1. DP



NUC Implies Identification

Intuition: Structure assumption NUC don't require a causal diagram. No 
unobserved confounder (NUC) implicitly enforces all the possible causal diagram 
in a certain way that only the action variable X can cause reward Y.



4 Structure Assumptions

1. Online Learning Task
a. Implies Exp-NUC
b. Strongest assumption
c. Could have unobserved confounder
d. agent goes online in the environment and collects experimental 

data
2. Off policy Learning Task

a. Assummes NUC 
b. Weaker assumption
c. Need to condition on the observable confounder to identify the 

causal relationship
3. Casual Identification (Causal Diagram Based)

a. Sequential Backdoor Condition (SBC)
i. Broader assumption
ii. Could have unobserved confounders, as long as it was 

blocked by the backdoor path
b. Identifiability

i. Most general assumption
ii. Complete and sound
iii. Using Do-calculus and mathematical rules to identify 

causal effects from the observational distribution

Summary of the relationships of structural assumptions about 
the data generating process discussed so far that permit the 
evaluation of the effects of candidate policies
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Sequential Backdoor Condition (SBC)
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Do-calculus Learning

Motivation: There are learning settings where the sequential backdoor criterion does not hold, but 
the agent could still explore the structural constraints in the causal diagram to recover the effects of 
candidate policies from the observational data.



Do-calculus Learning







Question

Why online learning implies NUC?



END

Thank You!
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