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Background

• Causal Effect and Randomized Control Trail
• "Unknown potential yields" of Neyman’s agriculture experiment

Population

Control Group

Treatment Group

Randomization

Control Outcome 𝑌 0

Treated Outcome 𝑌 1

Treatment Assignment 𝑊
Causal Effect

𝑌 1 − 𝑌(0)
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Background

• Limitation and Opportunity
• RCT can only give a population-level conclusion.
• RCT can not be performed due to immorality and high cost.
• Observational data upsurges.

• As an alternative, learning causal effects from the observational dataset is not
totally impossible.

Holland, P. W. (1986). Statistics and causal inference. Journal of the American statistical Association, 81(396), 945-960.
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Background

• Causal AI is still in the 
innovation trigger stage.
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Application

https://www.ambiata.com/blog/2020-07-07-uplift-modeling/
Yang, Mengyue, et al. "Causalvae: Disentangled representation learning via neural structural causal models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021.

Uplift Marketing Individual Drug Recommendation

Individuals 𝐸(𝑌! 1 ) 𝐸(𝑌! 0 ) Recommendation

𝑢" Good Good No

𝑢# Bad Bad No

𝑢$ Good Bad Yes

𝑢% Bad Good No

𝑢& Good Good No

Causal Feature
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Problem and Challenge

• Open Problem: Learning causal effects from observational data
• Challenge:
• Hidden confounding
• High dimensionality
• Robustness
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Challenge 1: Hidden confounding

• Treatment assignment is unknown and not randomized in observation 
data. We can not identify causal effects from observational data.

Knowledge, 
Social Status

Treatment Outcome
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Challenge 2: High dimensionality

• Potential dependency is exponential. 
• For example, the number of acyclic-directed mixed graphs is 𝑂"

#
2*!+* ∗

𝑛! ∗ 1.3*!  where 𝑛 is the number of variables.
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Challenge 3: Robustness

• What if the dependency relationship (structure and parameters) changed?

Social Status

Treatment Outcome

0.9 0.8

Mediator

Health

0.7 0.6

0.5

𝑀" ∶ 𝐸(𝑌(𝑊)) = 	𝐸'|)*+(𝐸, 𝐸 𝑌 𝑊, 𝑋 𝑀" still work well?

Social Status

Treatment Outcome

-0.3 0.9

Mediator

Health

0.6 0.6

0.5
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Related works: Algorithm

Counterfactual Imputation: impute the influence, such as loss value, of counterfactual data on our model.
Balancing Regularization: treatment group and control group are sampled from the same distribution.
Potential Outcome Prediction: learning potential outcomes prediction function for causal effect estimation.
Estimand Modeling: learning a function for the specific causal quantity that we want.

Four Components
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Related works: Benchmark

• Benchmarking Difficulty:
ØLacking randomized interventions and well-matched twins
ØCounterfactual missing
ØHigh deployment cost 12



Related works: Dimensionality Reduction
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Related works: Toolbox
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Our Preliminary works

• Open Package: Identification and Structural Causal Model
• A Rejected Paper (UAI 2022 January): OOD Robustness
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Our Preliminary works: Open Package

• Characteristics 
üAutomatic Identification
üSampling data from given SCM 

with parameters

16



Our Preliminary works: Robustness

• In our simulation, we want to calculate the causal effect of smoking on cancer.
• We use 𝑝 𝑐 𝑑𝑜 𝑠 = ∑" 3 4 3 𝑠, 𝑐 𝐷, 𝑏

∑" 3 4 3 𝑠 𝐷, 𝑏  and maximum likelihood to estimate 𝐸(𝑐|𝑑𝑜(𝑠)) 
for all individuals.

• The left column is 
train data, and the right 
column is test data. 
Yellow and purple 
indicate smoking or 
not.
• 𝑋! and 𝑋" are variable 
𝐷 and 𝐵. Y is variable 
C.

• Novelty: introduce auto identification 
into causal effect estimation.
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Our Preliminary works: Robustness

• In unbiasedness testing, estimations after identification are more unbiased than MR Freedman 
(2008) and INT Lin (2013) from ATE estimation results in both discrete and continuous cases. 
Considering estimation variance, it got better performance when outer mechanisms (dashed 
line) are changed. 18



Our Approach to Address Challenges

• Hidden Confounding: Individual Diagram
• Novelty: Will be the first to learn Individual Structural Causal Model 

for causal effect estimation.

Unit = Unit =

Diagrams often assume non-
parametric dependency among 

variables for all units.
But different units may have different

dependencies and parameters.
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Our Approach to Address Challenges

• High Dimensionality: 
• Balancing Representation
• Variables Grouping (the dependencies between variables within each group can 

be learned separately)
• Multi Diagram Identification
• Model Learning

• Novelty: The dependency among variables will be simplified by 
representation learning and variable grouping while preserving causal 
effect estimation performance.
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Our Approach to Address Challenges

• Robustness: 
• Use multi-head techniques in the diagram identification stage to improve 

robustness for causal effect learning

• Novelty: Will be the first to introduce multi-head identification 
modules in causal effect learning.

𝐸' 𝐸 𝑌 𝑤, 𝑋𝐸' 𝐸 𝑌 𝑤, 𝑋

Concat

FC

𝑅' 𝑅, 𝑅-

……Backdoor
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Futural plan
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Thanks!
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IHDP (semi-synthetic)
• The causal effect of a 

home visit on IQ test 
result
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Twins
• The causal effect of 

birth weight on 
mortality
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TARNet

• Model

• Loss
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CEVAE
• Model

• Loss
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