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Motivation

• Dimensionality reduction
• Curse of dimensionality & visualization

• Causal learning and inference

• Causal variable & structure

• What’s the most suitable scale for causal learning and inference?
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Motivation

• Higher dimension: more redundancy

• Lower dimension: lose more ‘causal’ information

• There is a trade-off
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Literature survey

• Dimensionality reduction
• PCA (linear, uncorrected)

• VAE (nonlinear, reconstruction error)

• Causal VAE (labels causal structure)

4• Weakness: can not tell us the proper dimension K*



Literature survey
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1993 Pearl’s do-calculus

2002 Tian’s c-factorization

2006 Huang’s ID and 

Shpitser’s ID

2006 Shpitser’s IDC

2019 ID in segregated graph

from observation 

to intervention

from intervention 

to intervention

2012 zID, sID

2019 gID

2015 data fusion (ob, exp, biased, and dissimilar)

2021 neural ID

2021 matrix ID

2019 po-calculus and related algorithm

SCM-based identification

• Weakness: diagram and distribution are known

Others

1980 SUTVA

1984 strong ignorability

2019 single strong ignorability

2020 sequential single strong ignorability

RCM-based 

identification

2020 graph with loop

2021 approximation



Literature survey

• Independence-based algorithms
• PC, FCI

• Mechanism assumption

• LiNGAM: Linear model with additive non-Gaussian noise

• Post-NonLinear: 𝑥𝑖 = 𝑓𝑖,2 𝑓𝑖,1 𝑝𝑎𝑖 + 𝑒𝑖 where 𝑖 = 1, . . , 𝑛

nonlinearinvertible
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• Weakness: the mechanism and noise assumptions may not be true



Literature survey

• Benchmark and dataset for causal learning and reasoning
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Literature survey

• Packages for causal learning and reasoning
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Research questions

• How to efficiently compute ‘causal’ information and find the optimum 
scale K* of low dimensional representation?
• What if no causal sufficiency, causal faithfulness, distribution, and causal 

diagrams

• ADMG Θ 2𝑛
2−𝑛 ∗ 𝑛! 1.3𝑛
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• How to learn the encoding model for this most suitable scale K*?
• PCA

• VAE
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Proposal for adaptive methods

• Find the optimum scale K*

• Causal discovery + merge symmetric variables

• All non-parametric causal models + identification + parametrization + testing

• Symmetry: 𝐼𝑑𝑜 𝑥𝑖
𝑥𝑗 = 𝐼𝑑𝑜(𝑥𝑗)(𝑥𝑖) and 𝐼𝑑𝑜 𝑥𝑘 𝑥𝑖 = 𝐼𝑑𝑜 𝑥𝑘 𝑥𝑗 and 𝐼𝑑𝑜 𝑥𝑖

𝑥𝑘 =

𝐼𝑑𝑜 𝑥𝑗
𝑥𝑘 for any k
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Proposal for adaptive methods

• Causal discovery + merge symmetric variables
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Proposal for adaptive methods

• All non-parametric causal models + identification + parametrization + testing
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𝑀 = 3,𝑁𝐻 = 5

𝑝(𝑋𝑗)

𝑝(𝑋𝑗|𝑋𝑖)

෍

𝑥𝑘

𝑝 𝑥𝑘 ∗ 𝑝(𝑋𝑗|𝑋𝑖, 𝑥𝑘)

෍
𝑥𝑘

𝑝 𝑥𝑘|𝑋𝑖 ෍
𝑥𝑖

𝑝(𝑥𝑖) 𝑝(𝑋𝑗|𝑥𝑖, 𝑥𝑘)

Not identifiable

for h=1, .., 5 𝑝𝑑𝑜(𝑥1)(𝑥𝑗) 𝑝𝑑𝑜(𝑥2)(𝑥𝑗) 𝑝𝑑𝑜(𝑥3)(𝑥𝑗)

𝑝𝑑𝑜(𝑥𝑖)(𝑥1) 1//1//1//1//1 ?//?//?//?//? ?//?//?//?//?

𝑝𝑑𝑜(𝑥𝑖)(𝑥2) ?//?//?//?//? 1//1//1//1//1 ?//?//?//?//?

𝑝𝑑𝑜(𝑥𝑖)(𝑥3) ?//?//?//?//? ?//?//?//?//? 1//1//1//1//1

h 𝐼𝑑𝑜(𝑥1)(𝑥𝑗) 𝐼𝑑𝑜(𝑥2)(𝑥𝑗) 𝐼𝑑𝑜(𝑥3)(𝑥𝑗)

𝐼𝑑𝑜(𝑥𝑖)(𝑥1) 0 1 1

𝐼𝑑𝑜(𝑥𝑖)(𝑥2) 1 0 1

𝐼𝑑𝑜(𝑥𝑖)(𝑥3) 2 2 0

𝑋1

𝑋2

𝑋3



Results of identification
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We did not find correct open-source codes (including causaleffect, ananker, dowhy, cee, dagitty) to provide the identified 

latex expression of Shpitser’s complete ID algorithm. We implement the algorithm in python. Some non-trivial running 

results will be given.



Results of identification
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X1 X2

T

Y

X1 X2

T
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X
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X
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We did not find correct open-source codes (including causaleffect, ananker, dowhy, cee, dagitty) to provide the final 

identified expression of Shpitser’s complete ID algorithm. We implement the algorithm in python. Here are some non-trivial 

running results.

෍
𝑥
𝑝 𝑥 𝑝(𝑌|𝑥, 𝑇)

෍
𝑥1,𝑥2

[𝑝 𝑥1|𝑇 𝑝 𝑌 𝑥1, 𝑥2, 𝑇 ෍
𝑡
𝑝 𝑡 𝑝 𝑥2 𝑥1, 𝑡 ]

σ𝑥1 𝑝 𝑥1 𝑝(𝑇, 𝑌|𝑥1, 𝑥2)

σ𝑦σ𝑥1 𝑝 𝑥1 𝑝(𝑇, 𝑦|𝑥1, 𝑥2)

෍
𝑥
𝑝 𝑥|𝑇 ෍

𝑡
𝑝(𝑡) 𝑝(𝑌|𝑡, 𝑥)

𝑃 𝑌 𝑑𝑜 𝑇



Results of parametrization and bias testing
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Identification will not be obviously helpful to reduce MSE of estimation, but it can 

help you to reduce the bias of causal effect estimation if your diagram is correct.



Papers
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• 1 rejected paper



Thanks!
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