
Lecture 1  

Introduction: A Big Picture of  Causality

Instructor: Kun Zhang

CBMS Conference -- Foundations of Causal 
Graphical Models and Structure Discovery



Representing Causal Relations with 
Directed Graphs

• A directed graph represents a causally sufficient causal 
structure 

• Directed edge from A to B means A is a direct cause of  
B relative to the given variable set V

(adapted from “Causation, Prediction, and Search” by SGS, 1995)



Causality vs. Dependence
• Causality ➜ dependence ! Dependence ➜ causality 
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X is a cause of Y iff  

∃x1 ≠ x2 P(Y|do X=x1) ≠ P(Y|do X=x2) 
X and Y are associated iff  
∃x1 ≠ x2 P(Y|X=x1) ≠ P(Y|X=x2)

(http://imgs.xkcd.com/comics/correlation.png)

3
intervention

An intervention on X changes only the target variable X, 
leaving any other variable unchanged, at least for the moment.

http://imgs.xkcd.com/comics/correlation.png


Classic Ways to 
Find Causal 

Information (i.i.d. 
Case)

• What if  X and Y are dependent? 

• What if  you change X and see Y 
also changes? 

• A manipulation/
intervention directly changes 
only the target variable X

Timetable

* Definition of “interventions”

An intervention on X changes only the target variable X, leaving any 
other variable unchanged, at least for the moment. 

Pearl’s definition: An intervention amounts to lifting [the intervened 
variable] X from the old functional mechanism X = f(PAX , uX), [where 
PAX denotes direct causes of X and uX is the unobserved influence on X] 
and placing it under the influence of a new mechanism that sets the value x 
while keeping all other mechanisms unperturbed.



Introduction

• What is causality? 

• Classic ways to find causal information 

• Introduction to ML and AI, and some connections with causality 

• Causal thinking 
1. Making “changes” 

2. Understanding & information fusion 

3. Prediction in complex environments 

4. Artificial “intelligence”… 

• Typical problems in causality research 

• Identification of  causal effects 

• Counterfactual reasoning 

• Causal discovery & causal representation learning
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Computational Systems Are Reshaping 
Our World…
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What is AI? ML?  

✤ Artificial intelligence is the capacity of a machine to imitate 
intelligent human behavior

✤ Machine learning
✤ Arthur Samuel (1959): the field of study that gives 

computers the ability to learn without being explicitly 
programmed 

✤ Tom Mitchell (1998): The goal is identifying the 
underlying mechanisms and algorithms that allow 
improving our knowledge with more data 



Why Machine Learning?

✤ Solve problems automatically and efficiently almost 
everywhere

✤ Image classification, cyber fraud detection, 
healthcare, finance, logistics, entertainment, 
autonomous driving…



9

What is AI? ML?  



Basic Categories of of ML



Recent Examples



Supervised Learning

✤ Classification 

✤ Regression
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Model	from	Data	
•  Data:	Examples	of	funcSon		
•  Learning:	Curve	fi*ng	to	agree	with	data	
	
	

new x value



An Essential Problem in Supervised 
Learning
✤ Data: data pairs (xi, yi), i=1,…,n
✤ Learning: fitting curve f(x) to “agree with” data
✤ Key: a good f(x) generalizes well (i.e., predict unseen examples well)

Model	from	Data	
•  Data:	Examples	of	funcSon		
•  Learning:	Curve	fi*ng	to	agree	with	data	
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Supervised Learning Algorithms

✤ Nearest-neighbor

✤ Decision trees

✤ Linear/nonlinear regression

✤ Neural networks/deep learning

✤ …



Supervised Learning Algorithms

✤ Nearest-neighbor

✤ Decision trees

✤ Linear/nonlinear regression

✤ Neural networks/deep learning

✤ …
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Supervised Learning
• Nearest neighbour:

CS489/698 (c) 2018 P. Poupart



Unsupervised Learning

✤ Clustering

✤ Visualization

✤ Dimensional reduction

Clustering examples 

&Image+segmenta3on&
Goal:&Break&up&the&image&into&meaningful&or&
perceptually&similar&regions&

[Slide from James Hayes] 



Two Ways of  Finding Simpler 
Data Representations

• Fewer “data points” vs. fewer dimensions (#variables)?
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Unsupervised Learning Algorithms

✤ K-means clustering

✤ Principal component analysis

✤ Autoencoders 

✤ …

K-Means 
•  An iterative clustering 

algorithm 

–  Initialize: Pick K random 
points as cluster centers 

– Alternate: 
1.  Assign data points to 

closest cluster center 
2.  Change the cluster 

center to the average 
of its assigned points 

– Stop when no points� 
assignments change 
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Autoencoders

• Unsupervised learning
• Compress and then reconstruct input

CS489/698 (c) 2018 P. Poupart



Unsupervised Learning: ClusteringUnsupervised	Learning	–	Clustering	

67	

[Goldberger	et	al.]	Group	similar	things	e.g.	images	



Meaningful Clustering?

• Can you cluster the 
percentage grade to obtain 
letter grade? 

•  Can you recover ‘red wine 
quality’ from measured 
features (fixed acidity, 
volatile acidity, citric acid, 
residual sugar, chlorides, 
free sulfur dioxide, total 
sulfur dioxide, density, pH, 
etc.)?



Causality and Invariance, Robustness, etc.
• Consider prediction (with regression) in different time periods
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Data
• Population growth and food consumption: 

• data for 174 countries or areas, during the period from 1990-92 
to 1995-97 (former 174 data points) and that from 1995-97 to 
2000-02 (latter 174 points).  

• X1: the average annual rate of change of population; X2: the 
average annual rate of change of total dietary consumption for 
total population (kcal/day)

back



Causality and Invariance, Robustness, etc.
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- Invariance!
- More generally, independent changes



Recommender Systems: Why Make 
Recommendations?



• What is causality? 

• Classic ways to find causal information 

• Introduction to ML and AI, and some connections with causality 

• Causal thinking 
1. Making “changes” 

2. Understanding & information fusion 

3. Prediction in complex environments 

4. Artificial “intelligence”… 

• Typical problems in causality research 

• Identification of  causal effects 

• Counterfactual reasoning 

• Causal discovery & causal representation learning

Introduction



Carl Jung’s Forward to the English 
Translation of  “Book of  Changes”



Foreword to the I Ching 
by Carl Gustav Jung 

HTML Edition by Dan Baruth 



Why Causal Models? Changes!

• Infer effect of interventions:
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What is  
PX3=ON(X1,X2,X4,X5)?



Causal Thinking: Making Changes?

• Dependence vs. causality



• Dependence vs. causality 

• Simpson’s paradox

Causal Thinking: Why “Paradox”?

？



• Dependence vs. causality 

• Simpson’s paradox

Causal Thinking: Why “Paradox”?



• Dependence vs. causality 

• Simpson’s paradox 

• “Strange” dependence 

• Go back 50 years; female college 
students were smarter than male 
ones on average. Why?

gender IQ

college

Causal Thinking: Sample vs. Population



• Dependence vs. causality 

• Simpson’s paradox 

• “Strange” dependence

Causal Thinking: Sample vs. Population



• Dependence vs. causality 

• Simpson’s paradox 

• “Stranger” dependence 

• Let’s go back 50 years; maybe you’ll find female college 
students are smarter than male ones on average. Why?

***

Being 
hit

Where

Survival

- Observe P(B,W | S=1) 
- Infer P(B,W | S=0)

Causal Thinking: Sample vs. Population



With the Causal Story…

• We know P(where|being hit = 1, survival=1), and aim to 
find P(where|being hit = 1, survival=0) 

• P(W|H = 1) = P(W|H = 1, S = 1)P(S=1|H=1) + P(W|H 
= 1, S = 0)P(S=0|H=1)

being hit where

survival



Addressing These AI Problems 

(Goodfellow et al., 2014)

• Generalization/adaptation/robustness, decision making, 
recommendations, fairness, generative AI…

• Dealing with adversarial attacks?



• Prompt 1: a 
human with the 
eyes of  a 
dragonfly

Let’s Look at Stable Diffusion for 
Image Generation



• Prompt 1: a 
human with the 
eyes of  a 
dragonfly

Let’s Look at Stable Diffusion for 
Image Generation



• Prompt 2: a 
peacock eating 
ice cream

Let’s Look at Stable Diffusion for 
Image Generation



• Prompt 2: a 
peacock eating 
ice cream

Let’s Look at Stable Diffusion for 
Image Generation



Unsupervised Image-to-Image Translation

43

Images from the summer season domain.

Images from the winter season domain.

Content
 

                                   Image

Style

Minimize the influence of  ‘Style’ on ‘Image’ 
during translation.

How?  A minimal number of changing 
components?



Causality may Matter in Prediction: An 
Illustration

Understanding connections between different scenarios 
& modeling differences

5



Causal Thinking Makes a 
Difference

• Active manipulation /control vs. passive prediction 

• Generalization / adaptation ability in new environments? 

• Integration of  causal information: what is the causal model for 
X, Y, and Z if  

• X→Y, Y→Z (expansion) or X→Z, Y→Z (refinement)... 

• Creativity  

• Thoughts consist of  the "What if ?" and the "If  I had 
only..." + knowledge integration + ...



Artificial “Intelligence”
• Traditional machine learning usually assumes a fixed data 

distribution; avoids overfitting 

• Intelligence: understanding; control/intervention; 
decomposability; information fusion,  learning with few 
examples, extrapolation

Artificial Intelligence?

• Enough to avoid overfitting given a fixed data distribution?

• Is deep learning “intelligent” enough?

• Intelligence: understanding; control/intervention; 
decomposability; information fusion,  learning with few 
examples, extrapolation
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• What is causality? 

• Classic ways to find causal information 

• Introduction to ML and AI, and some connections with causality 

• Causal thinking 
1. Making “changes” 

2. Understanding & information fusion 

3. Prediction in complex environments 

4. Artificial “intelligence”… 

• Typical problems in causality research 

• Identification of  causal effects 

• Counterfactual reasoning 

• Causal discovery & causal representation learning

Introduction



Three Types of 
Problems in current AI

• Three questions: 

• Prediction: Would the person cough if we find he/she 
has yellow fingers? 

• Intervention: Would the person cough if we make sure 
that he/she has yellow fingers? 

• Counterfactual: Would George cough had he had 
yellow fingers, given that he does not have yellow 
fingers and coughs?

X1

X2 X3

Smoking

Yellow fingers Cough

P(X3 | X2=1)

P(X3 | do (X2=1))

P(X3 X2=1 | X2 = 0, X3 = 1)

X1 X2 X3 
1 0 0 
0 0 1 
0 1 1 
1 1 1 
0 0 0 
0 1 0 
1 1 1 
1 1 1 
0 0 0 
1 0 0 
... ... ...
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Identification of Causal Effects

• “Golden standard”: randomized controlled experiments

• All the other factors that influence the outcome 
variable are either fixed or vary at random, so any 
changes in the outcome variable must be due to the 
controlled variable

• Usually expensive or impossible to do!

Effect of do(Treatment=A or B)  on Recovery



Identification of Causal Effects: Example

conditioning vs. manipulating

P (R|T ) =
X

S

P (R|T, S)P (S|T )

In the future you will learn:

P (R|do(T ) ) =
X

S

P (R|T, S)P (S)

✄



Identification of Causal Effects: Example

Prediction vs. causal effect

✄

P (R|do(T ) ) =
X

S
P (R|T, S)P (S)
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Counterfactual Inference vs. Prediction
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• Suppose X→Y with Y = log(X + E + 3). For an individual 

with (x,y), what would Y be if X had been x’ ?
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Counterfactual Inference vs. Prediction
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Possible to  

discover causal information (specific 
properties of  the true process)  

from purely observational data ?

Can we go beyond the data?

 X    Y 
------------- 

-1.1    1.0 
2.1         2.0 
3.1     4.2 
2.3      -0.6 
1.3    2.2 
-1.8    0.9 
...    ....

X Y

X Y

X Y

or

or
Z

Causal Discovery



Causality Examples



2/11/14, 1:24 AM

Does Sharing Housework Really Lead to Divorce? - The Wire

Page 1 of 14

http://www.thewire.com/global/2012/09/dont-believe-every-study-you-read/57388/
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Does Sharing Housework Really

Lead to Divorce?

JEN DOLL

FLICKR/ANTHONY PANG

There's a study in the news that's bound to get a bunch of

people talking (Drudge tweeted it this morning, for

instance, with more than 100 retweets). Whether those

people are for or against its pronouncements, it seems to

fly in the face of what we thought we knew about marriage,

gender equality, and the way modern, successful

relationships work. In a piece written by Henry Samuel for

the Telegraph, he explains, "In what appears to be a slap in
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Causality Examples



(Simple) Causal Discovery as 
an Estimation Problem

X1 X3

X2

X4

 X1        X2       X3      X4  
------------- 

-1.1    1.0    1.3     0.2  
   2.1    2.0    3.1    -1.3 
 3.1    4.2    2.6     0.6  
  2.3    -0.6   -3.5    0.8 
 1.3    2.2     0.9    2.4 

  -1.8    0.9    -1.3    0.9  
...       …     …       ...

Data

Mysteries... 0 0 0 0

1 0 1 0

0 0 0 0

0 1 0 0

X1 X2 X3 X4

X1

X2

X3

X4

Linear identifiable cases, 
find:  X = B·X + E 

Nonlinear identifiable 
cases, find Xi = fi(PAi, Ei)

What if there are latent confounders?



Temporal Order Often Helpful. 
I.I.D. Case More Difficult.
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• Reichenbach’s common cause principle (“The Direction of  Time”, 
1956) 

• Markov condition (Kiiveri et al., 1984) 

• “Causation, Prediction, and Search” (Spirtes, Glymour, & Scheines, 
1993) 

• Faithfulness condition, PC algorithm, SGS, FCI, Tetrad program… 

• “Causality: Models, Reasoning and Inference” (Pearl, 2000) 

• Greedy equivalence search (GES) (Chickering, 2003) 

• Functional causal model-based methods (LiNGAM, PNL… since 
2005) 

• Latent variable recovery: Factor analysis (Spearman, 1904), Tetrad 
condition (Spearman & CMU), Latent tree structure (Pearl et al., 
1989), measurement model (CMU 2006), GIN (GDUT & CMU), 
rank deficiency (CMU)…

Causal Discovery: A Bit of  History



• Causal system has “irrelevant” modules (Pearl, 2000; Spirtes et al., 1993) 

• Causal discovery (Spirtes et al., 1993)/ causal representation learning 
(Schölkopf  et al., 2021): find such representations with identifiability guarantees 

• Three dimensions of  the problem:

Uncover Causality from 
Observational Data?

i.i.d. data? Parametric 
constraints?

Latent 
confounders?

Yes No No
No Yes Yes

rain

wet_ground
slippery

- conditional independence among variables;
- independent noise condition;
- minimal (and independent) changes…

Footprint of  causality in data



Causal Discovery in Archeology: An Example

• 8 variables of 250 skeletons collected from different locations

Thanks to Marlijn Nobacki.i.d. data? Parametric 
constraints?

Latent 
confounders?

Yes No No
No Yes Yes



• By PC algorithm (Spirtes et al., 1993) + kernel-based conditional 
independence test (Zhang et al., 2011)

Result of PC on the Archeology Data
Thanks to collaborator Marlijn Noback

cranial size

diet

paramasticatory
behavior

climate

geodistance attrition

cranial shape differentiation

gender



• Linear non-Gaussian model (Shimizu et al., 2006): 
Y = aX + E 

• Post-nonlinear causal model (Zhang & Chan, 2006): 

• Additive noise model (Hoyer et al, 2009)
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Linear regression Y = aX + EY
Linear regression X = bY + EX

Y = f(X) +E

Y = f2 ( f1(X) +E )

Functional Causal Model-Based Causal 
Discovery

“Independent changes” renders causal direction 
identifiable

i.i.d. data? Parametric 
constraints?

Latent 
confounders?

Yes No No
No Yes Yes



A Problem in Psychology: Finding Underlying 
Mental Conditions?

• 50 questions for big 5 personality test 



Learning Hidden Variables & Their Relations

L1

L2

L3

L4

X1 X2 X3 X4

X5

X6

X7

X8

Figure 1: A causal structure involving 4 latent variables and 8 observed variables, where each pair of
observed variables in {X1, X2, X3, X4} are affected by two latent variables.

2

Latent variables &  
their causal structure

Discovery: How?

• Find latent variables Li and their causal relations ? 

• Rank deficiency or GIN helps solve the problem

• Measured variables (e.g., answer scores in psychometric questionnaires) 
were generated by causally related latent variables

i.i.d. data? Parametric 
constraints?

Latent 
confounders?

Yes No No
No Yes Yes



Example: Big 5 Questions Are Well Designed but…
openness

conscientiousness

extroversion

agreeableness
neuroticism

neuroticism

conscientiousness

extroversion

agreeableness

openness

openness
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Learning Latent Causal DynamicsLEAP: Latent tEmporally cAusal Processes Estimation 

10

Time-series Inputs !! !"#$

Figure 1: Represent latent causal mechanisms from temporal data. By assuming the noise are spatially-temporally independent, we embed 
the conditional independence condition within functional causal model (FCM) in latent space,. Non-stationarity in noise distribution and 
functional or distributional form assumptions are exploited to identify latent causal graphs from temporal observation data.

Inference Module Learnable Causal Prior

Exploiting Nonstationarity OR Functional Form
• Nonparametric + Nonstationary condition

z%& = f'( PA%& , E&% )
• Linear + Laplacian Noise

z%& = A PA%& + E&%
• PNL + Gaussian Noise

z%& = f((f'( PA%& + E&%))

Temporal VAE with Causal Prior

Causal 
Skeleton 
Recovery

Unsupervised 
Representation 

Learning

xt = g(zt)
Latent processes

Recovered latent 
processes

Latent temporal causal processes 
zit can be recovered if they follow 

- completely nonparametric 
model; or furthermore, 

- non-stationary noise; or  
- non-stationary causal 

influence, or  
- Parametric constraints 

LEAP: Latent tEmporally cAusal Processes Estimation 

10

Time-series Inputs !! !"#$

Figure 1: Represent latent causal mechanisms from temporal data. By assuming the noise are spatially-temporally independent, we embed 
the conditional independence condition within functional causal model (FCM) in latent space,. Non-stationarity in noise distribution and 
functional or distributional form assumptions are exploited to identify latent causal graphs from temporal observation data.

Inference Module Learnable Causal Prior

Exploiting Nonstationarity OR Functional Form
• Nonparametric + Nonstationary condition

z%& = f'( PA%& , E&% )
• Linear + Laplacian Noise

z%& = A PA%& + E&%
• PNL + Gaussian Noise

z%& = f((f'( PA%& + E&%))

Temporal VAE with Causal Prior

Causal 
Skeleton 
Recovery

Unsupervised 
Representation 

Learning

i.i.d. data? Parametric 
constraints?

Latent 
confounders?

Yes No No
No Yes Yes

Learn the underlying causal dynamics from 
their mixtures? 

“Time-delayed” influence renders latent processes 
& their relations identifiable

- Yao, Chen, Zhang, “Causal Disentanglement for Time Series,”  NeurIPS 2022
- Yao, Sun, Ho, Sun, Zhang, “Learning Temporally causal latent processes from general temporal data,” ICLR 2022



Results on Video Data 

• For easy interpretation, consider two simple video data sets

Published as a conference paper at ICLR 2022

(Violation) Low-rank State Transition For this dataset, the transition matrix B⌧ in Eq. 4 is low-
rank instead of full-rank. The datasets are created following the steps in the VAR dataset, but we
restrict the rank of state transition matrix B⌧ to 4 and time lag L = 1. The full matrix rank is 8.

(Violation) Gaussian Noise Distribution For this dataset, the noise terms ✏it in Eq. 4 follow the
Gaussian distribution (↵i = 2) instead of Generalized Laplacian distribution (↵i < 2). In particular,
the noise terms ✏it are sampled from i.i.d. Gaussian distribution (� = 0.1).

(Violation) Regime-Variant Causal Relations For regime-variant causal relations, we generate
240,000 data points according to Eq. 55:

xt = g(zt), zt =
LX

⌧=1

Bu
⌧ zt�⌧ + ✏t with ✏it ⇠ p✏i . (55)

The noises ✏it are sampled from i.i.d. Laplace distribution (� = 0.1). In each regime u, the entries
of state transition matrices Bu

⌧ are uniformly distributed between [�0.5, 0.5].

(Violation) Instantaneous Causal Relations For instantaneous causal relations, we generate
45,000 data points according to Eq. 56:

xt = g(zt), zt = Azt +
LX

⌧=1

B⌧zt�⌧ + ✏t with ✏it ⇠ p✏i , (56)

where matrix A is a random Directed Acyclic Graph (DAG) which contains the coefficients of the
linear instantaneous relations. The noises ✏it are sampled from i.i.d. Laplacian distribution with
� = 0.1. The entries of state transition matrices B⌧ are uniformly distributed between [�0.5, 0.5].

B.2 REAL-WORLD DATASET

Three public datasets, including KiTTiMask, Mass-Spring System, and CMU MoCap database, are
used. The observations together with the true temporally causal latent processes are showcased in
Fig. B.1. For CMU MoCap, the true latent causal variables and time-delayed relations are unknown.

(a) (b) (c)
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Figure B.1: Real-world datasets: (a) KiTTiMask is a video dataset of binary pedestrian masks, (b)
Mass-Spring system is a video dataset with ball movement rendered in color and invisible springs,
and (c) CMU MoCap is a 3D point cloud dataset of skeleton-based signals.

KiTTiMask The KiTTiMask dataset consists of pedestrian segmentation masks sampled from the
autonomous driving vision benchmark KiTTi-MOTS. For each given frame, the position (vertical
and horizontal) and the scale of the pedestrian masks are set using measured values. The difference
in the sample time (e.g., �t = 0.15s) generates the sparse Laplacian innovations between frames.

Mass-Spring System The Mass-Spring system is a classical physical system that several objects
are connected by some visible/invisible spring, which follows Hooke’s law. In this work, we consid-
ered the system with five degrees of freedom and made linearization on the state without calculating
the Euclidian distance between objects. Thus, there are ten causal relations, six of which were
set connected, and the other four were disconnected. The rest length of the spring was uniformly
distributed between [1, 10], and the stiffness of the spring relation was set as 20. The action was
at = 300et, where et followed the Laplacian distribution with mean µ = 0 and variance � = 1.
We assumed there was no damping in the system and randomly assigned the objects in different
positions at the beginning of each episode.
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KiTTiMask 
Video

Learned  
latent processes

(Movement 
in a direction)

(Movement in an 
orthogonal direction)

(Size)

Interpretation

Published as a conference paper at ICLR 2022

(Violation) Low-rank State Transition For this dataset, the transition matrix B⌧ in Eq. 4 is low-
rank instead of full-rank. The datasets are created following the steps in the VAR dataset, but we
restrict the rank of state transition matrix B⌧ to 4 and time lag L = 1. The full matrix rank is 8.

(Violation) Gaussian Noise Distribution For this dataset, the noise terms ✏it in Eq. 4 follow the
Gaussian distribution (↵i = 2) instead of Generalized Laplacian distribution (↵i < 2). In particular,
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� = 0.1. The entries of state transition matrices B⌧ are uniformly distributed between [�0.5, 0.5].
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Three public datasets, including KiTTiMask, Mass-Spring System, and CMU MoCap database, are
used. The observations together with the true temporally causal latent processes are showcased in
Fig. B.1. For CMU MoCap, the true latent causal variables and time-delayed relations are unknown.
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Figure B.1: Real-world datasets: (a) KiTTiMask is a video dataset of binary pedestrian masks, (b)
Mass-Spring system is a video dataset with ball movement rendered in color and invisible springs,
and (c) CMU MoCap is a 3D point cloud dataset of skeleton-based signals.

KiTTiMask The KiTTiMask dataset consists of pedestrian segmentation masks sampled from the
autonomous driving vision benchmark KiTTi-MOTS. For each given frame, the position (vertical
and horizontal) and the scale of the pedestrian masks are set using measured values. The difference
in the sample time (e.g., �t = 0.15s) generates the sparse Laplacian innovations between frames.

Mass-Spring System The Mass-Spring system is a classical physical system that several objects
are connected by some visible/invisible spring, which follows Hooke’s law. In this work, we consid-
ered the system with five degrees of freedom and made linearization on the state without calculating
the Euclidian distance between objects. Thus, there are ten causal relations, six of which were
set connected, and the other four were disconnected. The rest length of the spring was uniformly
distributed between [1, 10], and the stiffness of the spring relation was set as 20. The action was
at = 300et, where et followed the Laplacian distribution with mean µ = 0 and variance � = 1.
We assumed there was no damping in the system and randomly assigned the objects in different
positions at the beginning of each episode.
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• KiTTiMask: a video dataset 
of  binary pedestrian masks

• Mass-spring system: a video 
dataset with ball movement 
and invisible springs

Mass-spring 
Video

Learned  
latent processes Interpretation

(x- & y- coordinates
 of the 5 balls)

- Yao, Chen, Zhang, “Learning Latent Causal Dynamics,”  NeurIPS 2022
- Yao, Sun, Ho, Sun, Zhang, “Learning Temporally causal latent processes from general temporal data,” ICLR 2022



Summary

• Definition of  causality based on interventions 

• Review of  ML 

• A number of  ML or AI problems are related to causality 

• What we can benefit from causal thinking 

• Typical problems in modern causality research


