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Background

• ⟨O, H, A, T, P, R, γ⟩

O：the observation space
H：the history space
A：the action space
T：the horizon(time steps into the future when making decision)
P:   the history-action transition probability
R:   reward function
γ:   discount rate

• History-based Decision Process (HDP)



Background
• History-based RL

• current state sequence of past states and actions+ =  Decision Making

• Pros
• Partial Observability
• Handling Sequential Dependencies
• Adaptive Behavior

• Cons
• Data efficiency
• Computational Complexity
• do not adjust for confounding correlations Counterfactual 

Inference (CI)



Background
• Experiment



Background
• Former Effort

• Prior researchers perform CI on Markovian RL tasks for feature selection where the states are Markovian

• for history-based RL, we should intervene for each non-Markovian observation-and-time 
combination ot and estimate its causal effect

high computational complexity due to the large scale of historical observations

单变量干预

不适用

需要开发多变量干预



Preliminaries
• Do-calculus and Backdoor Formula

• causal diagram G:
• covariates X := {X1, · · · , Xn} 
• a response variable Y

• the intervention operation do(Xj = x) :
adopted by imposing a certain value x on one of the covariates Xj

Xba ⊆ X are the backdoor variables relative to (Xj, Y )

1) Xba contains no descendant of Xj
2) Xba blocks each path pointed to X between Xj and Y



the past observaƟons, the current observaƟon, and the acƟon {ht−1, ot, at}

and the immediate reward and next observation {rt+1, ot+1}

• Covariates

• response variables

• Fine-Grained History Counterfactual Inference

Preliminaries



• Average Treatment Effect (ATE)

The difference between the counterfactual and factual distributions
• History-base 需要遍历所有的

历史观测，计算量大

Preliminaries

ATE趋向于0表示无因果

Can we develop a method that 
can decide the causality amont
numbers of variables?



Coarse-to-Fine History Counterfactual Inference

• estimate the causal effects of observations without timestamps. Ω(T · |O|)  Ω(|O|).     空间推理

• Second, perform CI on observation sub-spaces.   Ω(|O|)  Ω(log|O|)      时间推理

• Problem

• Steps

multiple intervened historical observations have no common backdoor variables



Coarse-to-Fine History Counterfactual Inference
• Counterfactual Inference on Observations



Coarse-to-Fine History Counterfactual Inference

计算Xi后门（后门准则）
计算Xj和Xi的step-backdoor（SBAF）



Coarse-to-Fine History Counterfactual Inference

• Counterfactual Inference on Sub-Spaces

𝑂 : observation sub-space with historical causality.

Suppose:
an observation space is divided into Z ≥ | 𝑂 | sub-spaces 

at least Z − | 𝑂 | parts containing no causal observation



Coarse-to-Fine History Counterfactual Inference

• Combining RL and Coarse-to-Fine Counterfactual Inference

算法包含两个loops
1）T-HCI loop，
2）策略学习loop

两者交换进行：在策略学习loop里，
agent被采样学习一定回合数量，并
将样本存在replay pool中；在T-HCI 
loop中，利用存储的样本进行上述
的因果推理过程



Coarse-to-Fine History Counterfactual Inference

• Combining RL and Coarse-to-Fine Counterfactual Inference

: the constructed discrete observation space

: the current intervened observation subspace

: the observations that have been eliminated by previous inference

I(·): the indicator function

Gateθ(oj) taking value 1 if and 0 otherwise

                  = ቊ
1        oj ∈             

   0              otherwise



Coarse-to-Fine History Counterfactual Inference

• Policy learning
• Built on the memories of causal historical observations, 

mapping φ : {o0, · · · , ot−1, ot} 7→ {Gate(o0) ⊖ o0, · · · , Gate(ot−1) ⊖ ot−1, ot}

• name ψ as causal memory. a policy πθ(at|φθ(ht))

• Train with Deep Monte Carlo (DMC) ，A2C and PPO



Coarse-to-Fine History Counterfactual Inference

for iteration 1,2… do,
for iteration 1,2,… do，

PPO algorithm（update mapping φ ）
end for
store θ into replay pool
for iteration 1,2…, do

T-HCL algorithm（update  ）
end for

end for
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