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All forms are non-stable and forever changing



The way of change is causality disguised as cause-and-

effect



Do NOT trust a decision derived from correlation alone, 

even if the data are distortion-free and noise-free



Simpson's Reversal & Paradox

Kidney Stone Treatment



Simpson's Reversal & Paradox





Paradoxes are treasures



• Not all things can be seen and known

• Use causal AI to discover, and/or acknowledge the existence of unseen and unknown

• Situation may reduce your ability (vision/IQ/EQ) temporarily

• Basketball & gorilla example

• Mind is a choice maker

• Reaction often leads to a regrettable choice

• Instinct is NOT Intuition

• No learning comes without desire and persistence

• Desire ~= Reward

• 1M-10M episodes for RL to converge



Correlation whispers the presence of causation



Reichenbach's Common Cause Principle

If A correlates with B, then

• A-> B

• Or A <- B

• Or A<- C -> B, where C is the common cause



Causality Brings

• A Deeper Truth: Beyond Mere Correlation 

• Find (root) causes (explainability & accountability)

• Reveal the Right choice ( amidst spurious correlation & Simpson's paradox)

• Uncover hidden variables & mechanism

• Proactive Change: Shaping, Not Just Adapting

• It offers how to change/intervene to achieve specific outcomes (rather than 
merely adapting to survive) 

• A Holistic View: Oneness and Evolution

• See diverse data, tasks and domains as one 

• Naturally evolute to long term optimal with ease (free of fear, and anxiety)  



Causal AI As Structural Causal Models (SCM)

Intervention

Counterfactual
A SCM example



Causal AI’s Key Research Questions

Forward question: Uncover the underlying causal mechanism (which 
then estimates the future consequence of interventions, or 
counterfactual effects in the past) 

Reverse question: How to suggest a sequence (among infinite many) 
of interventions in a changing environment, given resources or 
budgets, to bring a desirable future outcome?



Estimate Causal Effects: Backdoor, Front Door And IV

Back-door exists but unadjustable and 
front-door does not exist

Instrumental Variable (IV) exists

• Strong IV available 

• Strong IV unavailable, but multiple 
weak IVs available

Back-door path and adjustable

Back-door exists but unadjustable, but 
front-door path and adjustable 

No back-door path

Middle image from The Book of Why



Estimate Causal Effects: IV & 2SLS

https://en.wikipedia.org/wiki/Instrumental_variables_estimation
 

Two-stage least squares (2SLS)

To estimate the effect Y of the treatment X.  

C unobservable (i.e. can not adjust or control C)

Strong IV Z observable

https://en.wikipedia.org/wiki/Instrumental_variables_estimation


What if no IV (nor its candidates) available, and the 
structure is unknown?

Is it possible to uncover the unknown causal 
mechanism? How?



Uncover Unknown Causal Mechanism

Is it even possible to uniquely recover what is unobservable 
and unknown (i.e. Z), purely from some observation (i.e. X)?



Changes Make It Possible



Sufficient changes in n and z (via u), enable to recover unknown n 
and z uniquely (a.k.a. identifiability in causal theory)







Quiz 



Disentangle contents from styles to improve generalisation





Creating new image-to-image pairings, or text-to-image pairings, can be 
hard to control the quality 

Creating new text-to-text pairings is easy, and the quality is almost self-
guaranteed. Why?  





No need to remove all 
correlation. Partial causation 
can be ok

Beyond DAGs: A Latent Partial Causal Model For Multimodal Learning

Is it always possible to remove all correlations (i.e. getting a 

complete causal graph/model)?

Would (remaining) correlation(s) in a partial causal model be 

harmful?



How to suggest a sequence (among infinite many) of 
interventions in a changing environment, given 
resources or budgets, to bring a desirable future 
outcome?

This differs from RL, even from causal RL. Both can help a bit, but are far 
from enough. 

The Reverse Question



If just adapt to the environment, reinforcement learning (RL) is sufficient



MDP And POMDP



Expected Return

Expected return

Probability for a trajectory 



Policy Gradient





Q Learning (Bellman Equation)













If wish to proactively change, beyond 
merely adapting to the environment

• Casual RL

• Dynamic Treatment Regime

https://crl.causalai.net

Both can help, but are not sufficient to 
answer the reverse question, which we are 
working. 





AI’s Impact On Society: The Future Of Work?

• Will AI and robotics replace jobs?

• Humans are afraid of losing income (not jobs)

• Why income is linked with jobs, in the past? 

• The Future of Life
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