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My work is about causal inference, individual treatment, and 
medical AI.

And treatment effect estimation for Medical AI requires strong 
explainable/intervention model and credible number.

Paper 1: an end-to-end (causal effect identification and estimation) 
neural method for arbitrary 𝐿2 query (estimand)

Paper 2: a tractable causal neural model based on conditional  
sum-product network

The connection with my work
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and more ……



Pearl, J., 2000. Models, reasoning and inference. Cambridge, UK: Cambridge University Press, 19.
Pearl, J. and Mackenzie, D., 2018. The book of why: the new science of cause and effect. Basic books.
http://web.cs.ucla.edu/~kaoru/3-layer-causal-hierarchy.pdf 4
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Application

◼Recommendation system (A/B, popularity bias etc.)
◼CV and NLP (stable learning, IRM, HRM etc.)
◼Robotic
◼Causal reinforcement learning (POMAP etc.)
◼Transfer learning (transportability, data fusion etc.)
◼Economics (labor markets, natural experiment etc.)
◼Climate



◼ modularity (modules independence and model/data 
independence)

◼ do-operation (mutilation) and do-calculus

Basic
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Causal effect doesn’t include spurious correction!

confounding bias
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6ZHANG jiji. HKBU. Do-calculus and Modularity in Causal Markov Categories. 2021 PCIC talk.
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Pearl, Judea (1995), "Causal diagrams for empirical research", Biometrika, 82 (4): 669–710, doi:10.1093/biomet/82.4.669.
Huang, Yimin; Valtorta, Marco (2006). "Pearl's Calculus of Intervention is Complete". Proceedings of the Twenty-Second 
Conference on Uncertainty in Artificial Intelligence: 217–224.

Do-operation is an operation to remove arrow/influence to the variable of SCM 
that we want to do intervention on.

Do-calculus is a COMPLETE and SUFFICIENT algebraic method for ALL identifiable 
cases to prompt 𝐿2 Query globally with local Markov property of DAGs  and give 
𝐿0 Response in polynomial time by 𝐿1 𝐷ata.

Basic



◼Motivation: disentangling the notions of expressivity and 
learnability

◼Methods: g-constrained Neural Causal Model

◼Experimental dataset: generated by equations

◼Major findings: an end-to-end algorithm that is both 
sufficient and necessary to determine whether a causal effect 
can be learned from data (causal identifiability) and then 
estimates the effect whenever identifiability holds (causal 
estimation/estimand) or give up and low bound

Paper 1: The Causal-Neural Connection: Expressiveness, Learnability, and Inference
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Expressivity and Learnability

Expressivity of Neural Model Expressivity of Neural Causal Model
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Expressivity and Learnability

Identifiability
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P(cancer | do(smoke)) is NOT 
identifiable due to unobserved gene.
M1: G->S and G->C are NOT 0 and 
S->C is 0
M2: G->S and G->C are 0 AND S->C 
is NOT 0
It maybe a bad causal graph.

D means dopamine; B means brain; G means undetected 
gene/physique ; E mean social environment not easy to measure.

P(cancer | do(smoke)) is minimum graph that is identifiable by do-
calculus but not identifiable by front-door and back-door.

𝑃 𝑐 𝑑𝑜 𝑠 =
σ𝑑 𝑝 𝑐, 𝑠 𝑑, 𝑏 𝑝(𝑑)

σ𝑑 𝑝 𝑠 𝑑, 𝑏 𝑝(𝑑)
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Example of Identifiability

Zečević, M., Dhami, D.S., Karanam, A., Natarajan, S. and Kersting, K., 2021. Interventional Sum-Product Networks: Causal 
Inference with Tractable Probabilistic Models. arXiv preprint arXiv:2102.10440.
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Extra Glance Material

Structural Causal Model: 
https://wiki.swarma.org/index.php?title=%E7%BB%93%E6%9E%84%E5%9B%A0%E6%9E
%9C%E6%A8%A1%E5%9E%8B

Do-calculus:
https://wiki.swarma.org/index.php?title=Do%E6%BC%94%E7%AE%97

https://wiki.swarma.org/index.php?title=%E7%BB%93%E6%9E%84%E5%9B%A0%E6%9E%9C%E6%A8%A1%E5%9E%8B
https://wiki.swarma.org/index.php?title=%E7%BB%93%E6%9E%84%E5%9B%A0%E6%9E%9C%E6%A8%A1%E5%9E%8B
https://wiki.swarma.org/index.php?title=Do%E6%BC%94%E7%AE%97


Theorems
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Expressivity and Learnability
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Algorithm
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Algorithm
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Example of mutilation/truncated factorization

SWIG (single world intervention graph)

Shpitser, I., Richardson, T.S. and Robins, J.M., 2020. Multivariate counterfactual systems and causal graphical 
models. arXiv preprint arXiv:2008.06017.

SWIG without latent projection



Algorithm
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Experiment Setting
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Result

20



Result
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◼Motivation: tractable causal models, solve intractability and 
flexibility challenge

◼Methods: learning interventional distribution using CSPNs

◼Experimental dataset (four toys): ASIA, Earthquake, Cancer, 
Causal Health

◼Major findings: connect causality with tractable probabilistic 
models by using SPNs

Paper 2: Interventional Sum-Product Networks:
Causal Inference with Tractable Probabilistic Models
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ignoring causal change(s) in a system, i.e., the change of 
structural equation(s) underlying the system, can lead to a 
significant performance decrease and safety hazards. 

---- Elements of causal inference

Why learn interventional pdf rather than observational pdf ?

Jonas Peters, Dominik Janzing, and Bernhard Schölkopf. Elements of causal inference. The MIT Press, 2017.
Shalit, U., Johansson, F.D. and Sontag, D., 2017, July. Estimating individual treatment effect: generalization 
bounds and algorithms. In International Conference on Machine Learning (pp. 3076-3085). PMLR.

Outcome

Covariate

T=1

T=0



What’s SPN?

H. Poon and P. Domingos, "Sum-product networks: A new deep architecture," 2011 IEEE International Conference on 
Computer Vision Workshops (ICCV Workshops), 2011, pp. 689-690, doi: 10.1109/ICCVW.2011.6130310.
Gens, R. and Domingos, P., 2012. Discriminative learning of sum-product networks. Advances in Neural Information 
Processing Systems, 25, pp.3239-3247. (Outstanding Student Paper Awards)
Sánchez-Cauce, R., París, I. and Díez, F.J., 2021. Sum-product networks: A survey. IEEE Transactions on Pattern Analysis 
and Machine Intelligence.

◼Inference tasks in time 
proportional to the number 
of links in the graph

◼Compute ANY joint, marginal, 
or conditional probability at 
most two upward passes with 
one network

Advantage
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What’s SPN?



An overview of iSPN
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Xiaoting Shao, Alejandro Molina, Antonio Vergari, Karl Stelzner, Robert Peharz, Thomas Liebig, and Kristian Kersting. Conditional 
sum-product networks: Imposing structure on deep probabilistic architectures. arXiv preprintarXiv:1905.08550, 2019.



An overview of iSPN
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Experiment

◼Comparison of running times◼Comparison to Generative models
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◼ Precise 

Estimation of 

do-influenced 

variables

◼ Comparison to 

Generative 

models

Experiment
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Experiment

◼ Comparison 

to causal 

models
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Experiment

◼ Different Types of Intervention
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Data Query Response Tractable Explicit Inductive Bias

ID-NCM (paper 1) 𝐿1 𝐿2 𝐿0  

iSPN (paper 2) 𝐿2 𝐿2 𝐿0  

Reinforcement 
learning

𝐿1 / 𝐿2 / 𝐿3 𝐿2 𝐿0 / 𝐿1 / 𝐿2  

Limitations and further enhancements



Limitation:
require DAG hypothesis; high dimensional problem; lack mechanism 
explanation; neural inductive bias; toy experiments
Paper 1: not tractable (training one network only for one specific intervention 
query)
Paper 2: learning from intervention data

Further enhancements:
address realistic and large dataset, such as MIMIC-IV and MIMIC-CXR; solve 
these problem using deep learning method
make individual treatment in reality be a killer-app of causal inference

Limitations and further enhancements
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Thanks for watching!
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◼Motivation: give a tight bound of non-identifiable causal 
effects given data and generation hypothesis (DAG)

◼Methods: causal diagram -> canonical diagram

◼Experimental dataset: International Stroke Trial (1997)

◼Major findings: link between causal diagram and canonical 
diagram; an efficient algorithm for bounding causal effects 
from observation in arbitrary causal diagrams

Paper 3: Non-Parametric Methods for Partial Identification of Causal Effects

C

X Y

P (Y | do(x) ) is non-identifiable.
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• Theorem 2. For a causal diagram G and its canonical diagram H, 
consider the following conditions:

1. M is the set of all SCMs associated with G.

2. N is the set of all SCMs associated with H where each Ri 2 
R is a discrete variable drawn from N.

Then M and N are do-equivalent.

Method
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Method
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• 𝑃 y 𝑑𝑜 𝑥 = σ𝑟,𝑧ς𝑉∈𝑽\𝑿𝑃(𝑣|𝑝𝑎𝑉 , 𝑟𝑉)ς𝑅∈𝑹𝑃(𝑟)

Method
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Algorithm
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Result
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