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Causal questions are ubiquitous: healthcare

Demographic factors ?

High levels of circulating virus /yx
Close proximity of people

living together .
Host factors Vaccine access factors

Old age

Previous infection

High levels of vaccine uptake Which vaccine used

High levels of herd immunity Number of doses

Immune compromise Timing between doses
Heterologous prime-boost

,, Cost-benefit decisions by
/ national vaccine bodies

Limited access to vaccines

Genetic polymorphisms

Underlying health
conditions

Vaccine effectiveness \

| S—

Immune factors

Viral variant factors Positive effect on VE High antibody titres
Antigenic mismatch with Negative effect on VE Quality of antibOdy
vaccine (neutralization)

Unknown effect on VE

Increased transmissibility T cells

https://www.nature.com/articles/s41577-021-00592-1 2
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Causal questions are ubiquitous: climate change

Human influence has warmed the climate

Change in average global temperature relative to 1850-1900,
showing observed temperatures and computer simulations
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Note: Shaded areas show possible range for simulated scenarios
Source: IPCC, 2021: Summary for Policymakers EBEE
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
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Chocolate Consumption (kg/yr/capita)

Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

NL eats more chocolate => nothing changes

[ T T e e e e e e e e e T i

....

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064


https://uvadl2c.github.io/
https://uvadl2c.github.io/

&3

583835 Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

P<0.0001

NL eats more chocolate => nothing changes

... and similarly for other countries (@and other values)

Chocolate does not cause Nobel prizes

[ T T T T T T T T T T T T T

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

In a hypothetical universe:

P<0.0001

NL eats more chocolate => more Nobel prizes

[ T T T T T T T T T T T T T

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y

itzerland

NL eats more chocolate => more Nobel prizes

In a hypothetical universe:

CH eats more chocolate => more Nobel prizes

... and similarly for (some) other countries

Chocolate causes Nobel prizes

[ T T —_— ]

....

et corsmpion b " Based on experimental data

Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.

[Messerli, 2012] https://www.nejm.org/doi/full/10.1056/NEJMon1211064 10
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

11
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

Challenge: estimate the causal effect of an intervention, when we do not
have (all possible) interventional data (e.g. observational data)

12
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A working definition of causality in machine learning

Informal definition: A variable X causes another variable Y, if changing (the
distribution of) X, e.g. by fixing its value, changes (the distribution of) Y
Intervention

Challenge: estimate the causal effect of an intervention, when we do not
have (all possible) interventional data (e.g. observational data)

Representation: We can represent causal relations in causal graphs nodes
are random variables, edges causal relations
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Causality in ML: foundational books (hon-exhaustive)

CAUSALITY Causation, Prediction, and Search

second edition

—~ SECONDEDITION

X
— MODELS. REASONING.
AND INFERENCE

EA PE

Peter Spirtes,
Clark Glymour, and
Richard Scheines

14
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Causality + machine learning (non-exhaustive list)

1. Machine learning (ML) helps causality

2. Causality (in the most general definition) helps machine learning

https://arxiv.org/pdf/1705.08821.pdf, https://arxiv.org/pdf/1802.05664.pdf, https://arxiv.org/pdf/1605.03661.pdf, https://
crl.causalai.net/, https://www.youtube.com/watch?v=0buu3w809CI&ab channel=Connorderzak and many many others 15
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Causality + machine learning (non-exhaustive list)

1. Machine learning (ML) helps causality
 Causal discovery - learning causal graphs from data
 Causal effect estimation - matching, weighting, double ML
(Causal) representation learning

2. Causallty (in the most general deflnltlon) helps machine learning
[e Robustss ransfelearnlng T
Bias mitigation, fairness

https://arxiv.org/pdf/1705.08821.pdf, https://arxiv.org/pdf/1802.05664.pdf, https://arxiv.org/pdf/1605.03661.pdf, https://
crl.causalai.net/, https://www.youtube.com/watch?v=0buu3w809CI&ab channel=Connorderzak and many many others 16
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Outline

1. Graphical models and d-separation [Pearl 1988] are a
principled way to reason about invariances and distribution

shift

2. Example in unsupervised domain adaptation

3. An application in fast adaptation in RL

17
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions Examples
Svmbol Activity

1. Association Seel What is? What does a symptom tell me
Ply|z How would seeing X about a disease?
MOSt M I— S change my beliefginY? What does a survey tell us
about the election results? ,
2. Intervention Doing What if? What if I take aspirin, will my | |
P(y|do(z), 2) Intervening What if I do X7 headache be cured? ' Model-based
_ What if we ban cigarettes” -
Causal |ty 3. Counterfactuals Imagining, Why? Was it the aspirin that | |

P(y.|z',y') Retrospection Was it X that caused Y7 stopped my headache?
What if I had acted Would Kennedy be alive had

differently? Oswald not shot him?
What if I had not been smok-

18
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions Examples
Svmbol Activity

1. Association Seeing What is? What does a symptom tell me
P(y|z) How would seeing X about a disease?

MOSt M I— change my belief inY? What does a survey tell us

about the election results?

What if I take aspirin, will my

headache be cured?

rarettes?

Imagining, P E.g. need many I
Retrospection experiments or strong assumptions to
identify the causal graph or the causal

- variables - _

“Full” causality can be not necessary or too expensive ->

What if?
What if I do X7

2. Intervention

P(y|do(z), z)

Doing
Intervening

Causal |ty 3. Counterfactuals
P(y.|z',y')

19
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions Examples
Svmbol Activity

1. Association Seel What is? What does a symptom tell me
Ply|z How would seeing X about a disease?
MOSt M I— e change my beliefginY? What does a survey tell us
about the election results?
2. Intervention Doing What if? What if I take aspirin, will my
P(y|do(z), z) Intervening What if I do X7 headache be cured?
_ What if we ban cigarettes”
Causal |ty 3. Counterfactuals Imagining, Why? Was it the aspirin that

P(y.|z',y') Retrospection Was it X that caused Y7 stopped my headache?
What if I had acted Would Kennedy be alive had

differently? Oswald not shot him?
What if I had not been smok-

“Full” causality can be not necessary or too expensive -> @fm@ —Wiﬂ%’

20
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Causal Hierarchy [Pearl 2009, 2018]

Level Typical Typical Questions
Svmbol Activity

1. Association What is? What does a symptom tell me
P(y|z) How would seeing X about a disease?
MOSt M I— change my belief inY? What does a survey tell us
about the election results?
2. Intervention Doing What if? What if I take aspirin, will my
P(y|do(zx), z) Intervening What if I do ae be cured?
Causality [3 Counterfactuals | Imagining, , In this talk: examples in
Plyzl=’,y') Retrospection domain adaptation, but lots of

related work

“Full” causality can be not necessary or too expensive -> %ﬂ@ —Milﬂd’

21
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect: VQA

When 1s this scene

What color is the How many cars are

What event is this?

jacket? parked? taking place?
-Red and blue. -Four. -A wedding. -Day time.
-Yellow. -Three. -Graduation. -Night time.
-Black. -Five. -A funeral. -Evening.

-Orange. -Six. -A picnic. -Morning.

Only using answers!

Method What Where When Who Why How Overall - .
-Green. -Day time.

LSTM (Q, I) [15] 48.9 54.4 71.3 58.1 51.3 50.3 52.1 -Brown. -Night time.

MLP (A) 47.3 58.2 743  63.6 57.1 496  52.9 ‘gra“g“' -Evening.
-Red. -Morning.

[Jabri et al. 2016] "Revisiting visual question answering baselines.” https://arxiv.org/pdf/1606.08390.pdf

28
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Why is it important that ML algorithms are robust to distribution
shift: the “Clever Hans” effect: NLI
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Example: Right for the wrong reasons MNLI
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Premise: The doctor was visited by the judge.
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'High lexical overlap means “entailment”
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Edited from slides by Tom McCoy, [McCoy et al, 2019] Right for the Wrong Reasons: Diagnosing Syntactic Heuristics in Natural
Language Inference, https://aclanthology.org/P19-1334.pdf 29
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Causality vs Transfer learning

* Transfer learning;:

 How can | predict what happens
when the distribution changes”?

oy
=y

&

30
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Causality vs Transfer learning

* Transfer learning: « Causal inference:
 How can | predict what happens * How can | predict what happens when
when the distribution changes? the distribution changes after an

intervention?

&

* Perfect intervention do(X):

—————
e
'

e Softintervention on X ~ change

e do-calculus [Pearl, 2009]

of distribution of P(X| parents)

31
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Causality vs Transfer learning

Very general - can model also
changes in distribution that are not
from “real” interventions

onNs when

How can | predict what haj
when the distribution chan?

ntervention do(X):

e Soft intervention on X ~ change
H of distribution of P(X| parents)

ELLIS Doctoral Consortium 2023
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Causality vs Transfer learning

On Causal and Anticausal Learning ICML 2012

Bernhard Scholkopf, Dominik Janzing, Jonas Peters, Eleni Sgouritsa, Kun Zhang FIRST.LAST@TUE.MPG.DE
Max Planck Institute for Intelligent Systems, Spemannstrasse, 72076 Tiibingen, Germany

Joris Mooij

J.MOOIJ@CS.RU.NL

Institute for Computing and Information Sciences, Radboud University, Niymegen, The Netherlands

Abstract

We consider the problem of function estimation
in the case where an underlying causal model can
be inferred. This has implications for popular
scenarios such as covariate shift, concept drift,
transfer learning and semi-supervised learning.
We argue that causal knowledge may facilitate
some approaches for a given problem, and rule
out others. In particular, we formulate a hypoth-
esis for when semi-supervised learning can help,
and corroborate it with empirical results.

for causal inference in the machine learning community.

An example illustrating the difference between the statisti-
cal and the causal point of view is the correlation between
the frequency of storks and the human birth rate (Matthews,
2000). We may be able to train a good predictor of the
birth rate which uses the frequency of storks (along with
other features) as an input. However, if politicians asked
us whether one could boost the birth rate by increasing the
number of storks, we would have to tell them that this kind
of intervention 1s not covered by the standard 1.1.d. assump-
tion of statistical learning. In practice, however, interven-
tions can be relevant, distributions may shift over time, and
we might want to combine data recorded under different

33


https://uvadl2c.github.io/
https://uvadl2c.github.io/
https://uvadl2c.github.io/

Causality-inspired ML - Sara Magliacane (UvA)

ELLIS Doctoral Consortium 2023

Causality allows us to reason systematically about distribution

shifts

On Causal and Anticausal Learning

J. R. Statist. Soc. B (2016)
78, Part 5, pp. 947-1012

Causal inference by using invariant prediction:

identification and confidence intervals

Bernhard Scholkopf, Dominik Janzing, Jonas Peters, Eleni Sgouritsa, Kun Zhang FIRST.LAST @TUE.MPG.DE

Max Planck Institute for Intelligent Systems, Spemannstrasse, 72076 Tiibingen, Germany

Joris Mooij J.MOOIJ @CS.RU.NL

Institute for Computing and Information Sciences, Radboud University, Nijmegen, The Netherlands

Domain Adaptation as a Problem of Inference
on Graphical Models

Kun Zhang'*, Mingming Gong**, Petar Stojanov’
Biwei Huang', Qingsong Liu®, Clark Glymour'
! Department of philosophy, Carnegie Mellon University
2 School of Mathematics and Statistics, University of Melbourne
% Computer Science Department, Carnegie Mellon University, * Unisound AI Lab
kunzl@cmu.edu, mingming.gong@unimelb.edu.au, liugingsong@unisound.com
{pstojano, biweih, cg09}@andrew.cmu.edu

Anchor regression: heterogeneous data meet causality

Dominik Rothenhausler, Nicolai Meinshausen, Peter Bithlmann and Jonas Peters

Jonas Peters

Max Planck Institute for Intelligent Systems, Tubingen, Germany, and
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Causality allows us to reason systematically about distribution
shifts, e.g. through graphs
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A description of domain adaptation tasks:

e Supervised multi-source domain adaptation

X1 X2 X3
1200 1000 1500 9 -0.1
1201 800 1500 8 ? '
1195 200 1499 7 ? Target dOmaIn
2000 600 3000 7 -0,21
‘/& 2190 450 3000 8 -0,16
2000 200 2999 8 -0,16
Source domains
1200 1000 1500 9 -0,17
\/& 1201 800 1500 10 -0,14
1195 200 1499 10 -0,07
1340 900 1498 0,14

 Estimate f nY = f(X1, X2, X3, X4) from source domains and few labels in
target domain
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A description of domain adaptation tasks:

 Unsupervised multi-source domain adaptation

No labels in target

X1 X2 ) &

1200 1000 1500 9 2

1201 800 1500 8 2 '
1195 200 1499 7 2 Target dOmam
2000 600 3000 7 -0,21

‘/& 2190 450 3000 8 -0,16
2000 200 2999 8 -0,16
Source domains
1200 1000 1500 9 -0,17

\/& 1201 800 1500 10 -0,14
1195 200 1499 10 -0,07
1340 900 1498 -0,14

e Estimate f nY = f(X1, X2, X3, X4) from source domains and by exploiting
the knowledge of the change from the unlabelled data in target
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A description of domain adaptation tasks:

ELLIS Doctoral Consortium 2023

« Domain generalisation: required to work under any intervention

X1 X2
? ?
? ?
? ?
2000 600
2000 200
1200 1000
1195 200
1340 900

) &

?

?

?
3000
3000
2999
1500
1500

1499
1498

> ) ) Y

(00)

10
10

D ) ) Y

-0,21
-0,16
-0,16
-0,17
-0,14

-0,07
-0,14

No data in
target

Target domain

Source domains

e Estimate f nY = f(X1, X2, X3, X4) from source domains, no idea about

what happens in the target
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Domain adaptation from a graphical perspective

Normal
Normal
Normal

Normal
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Domain adaptation from a graphical perspective

D
Normal
Normal
Normal

Normal

 Add a variable D to represent the domain
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Domain adaptation from a graphical perspective

D X1 X2 Y
Normal 0,1
Normal 0,2
Normal 1,1
Normal 0,1
Gene A 3,1
Gene A 3,2
Gene A 4
Gene A 3,2

W DD W DD W DN WD
VN OV Y Yy O =+ O O

 Add a variable D to represent the domain

* Consider the data as coming from a single distribution P(X,Y, D)
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Domain adaptation from a graphical perspective

D X1 X2 Y
/° “

Normal 0,1
Normal 0,2
 We can represent P(X,Y, D) with a
(possibly unknown) causal graph

Normal 1,1
Normal 0,1
Gene A 3,1
Gene A 3,2
Gene A 4

Gene A 3,2

W DD W DD W DN WD
VoY Yy Yy O =+ O O

 Add a variable D to represent the domain

* Consider the data as coming from a single distribution P(X,Y, D)
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Structural causal model - domain/environment variable

€1, €5, €3, €y ~ N (0,1)

X1=10+€1
Y=3X1+€Y D:O
X2=—2Y+€2
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Structural causal model - domain/environment variable

€1, €5, €3, €y ~ N (0,1)

X; =10+ ¢

Y =3X, + ¢y D=0
X, =—-2Y+¢,

X; =2Y +0.1e;

€1, €5, €3, €y ~ N (0,1)

X, =10+ ¢

Y =3X, + ¢y D=1
X, =1

X; =2Y+0.1€;

€1, €5, €3, €y ~ N (0,1)

X, =10+¢ D ="
Y =3X, + ¢y

X, =10Y + ¢y
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Structural causal model - domain/environment variable

€1, €5, €3, €y ~ N (0,1)

X1=1O+€1
Y=3X1+€Y D — O
X2=—2Y+€2
X.=2Y+0.1
3 T .16 €1, €y, €3, €y ~ N (0,1)

Xl — 10"‘61
€1, €5, €3, €y ~ N (0,1) B
X = 10+¢ I Y =3X, + ¢y
Y =3X,+¢€y o —2Y—I—€2ifD=()
?iinm 2= D=1
3= I 10Y + ¢y if D=2
€1, €, €3, €y ~ N(0,1) X3 =2Y + 0.163
Y=3X1+€Y
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Structural causal model - domain/environment variable

€1, €5, €3, €y ~ N (0,1)

X; =10+ ¢
Y=3X1+€Y D — O
X2=—2Y+€2
X, =2Y+0.1
3 T .16 €1, €y, €3, €y ~ N (0,1)
Xl — 10"‘61
€1, €5, €3, €y ~ N (0,1) B
X = 10+¢ I Y =3X, + ¢y
Y=3X, +e¢ = —2Y+e,if D=0 Q Y ,@
?iinm =11 D=1
3= I 10Y + ¢y if D=2 @
€1, €, €3, €y ~ N(0,1) X3 =2Y + 0.163
X1=1O+€1 D p— 2
Y=3X1+€Y
X, =10Y + ¢y
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Domain adaptation example

€1, €5, €3, €y ~ N (0,1)

Xl — 10+€1
Y: 3X1 -+ €Y
D=0 |x=-wr+e
domains
€1, €5, €3, €y ~ N (0,1)
Xl — 10+€1
D — 1 Y = 3X1+€Y @ Y »@

€1, €5, €3, €y ~ N (0,1)

X, =10+ ¢
D=2 y=3x+¢ Target domain
X, =10Y + ¢y
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Domain adaptation example

O
®

X1 y X2 x3 d X1 y x2 x3 d x1 y X2 x3

D=0 D=1 D=2

8.973763 26.130494 -51.648475 52.330948 9.671277 126.556214 265.034283 53.338139

—

9.941015 28.696601

pa— Y

57.475345
9.613139 27120226 270.746784 54.340341

pa— 4

8.762380 25.715927 1 51.275390

8911484 25166962 -52.313502 50.279162 10.718335 29.589532 295.318526 59.291053

—h

9.636201 28.407387

p—

56.884332
9.002388 26.629254 264.942583 53.340389

1

9.841798 29.783299 -60.419296 59.539914 10.875069 31.370200 1 62.686789

2 9.289340 29.030355 289.747562 58.098312

—h

d
0
0 10.428340 31.894998 -64.373356 63.802704
0
0
0

10.023968 31.253540

-—

8.969118 27.660573 -55.075839 55.327185 62.388444
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Domain adaptation example - X1
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Domain adaptation example - X1
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Domain adaptation example - X2

Source domains Target domain
° 40 - & “.
4

&
35 - "
: .
o
s ,
= 30 A § '
-
O——© -
3
25 1 ©
: / :
°
o
() :

20 - e

N = O
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P(4 |¥2) s el invafiant XZ
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Domain adaptation example - X2

Source domains Target domain

() '
40 A & “
&
35 - :
[
b
g
= 30 §
B
O———6
-
25 - o
: d
§ 0
20 - . . e 1
. ® 2

-100 0 100 200 300 400

P(4 |X2) s ndl invariont xz

sns.scatterplot(data = df, x="x2", y="y", hue="d")

X2_0 = df_0["x2"].values.reshape(-1, 1)

X2_2 = df_2["x2"].values.reshape(-1, 1)

model = LinearRegression().fit(X2_0, Y_0)

est Y 2 = model.predict(X2_2)

print("Mean squared error predicting Y in environment 2 based on model learnt in environment @ from X2", mean_squared_error(Y_2,est_Y_2))

Mean squared error predicting Y in environment 2 based on model learnt in environment @ from X2 30518.374428658524
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Separating features intuition - X1
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Separating features intuition - X1

E(\’ le\) S Invaridat
@\ P(N| Xy, D=0) = ulXa, D-4) = A4\ %y ,0>2)

o Kg =f4| ")
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Separating features intuition - X1

E(\’ le\) S Invaridat
P(N| Xy, D=0) = ulXa, D-4) = A4\ %y ,0>2)
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[ d-separation [Pearl 1988 allows us to read conditional |
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Separating features intuition - X2
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Separating features intuition - X2
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Separating features intuition - summary

?U [Xa) s iniiadt ! 4D | X4
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Separating features intuition - summary
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Causality allows us to reason systematically about distribution shifts

On Causal and Anticausal Learning
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Domain Adaptation as a Problem of Inference
on Graphical Models

01 9}/ 03 92 06

Anchor regression: heterogeneous data meet causality

o @
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(iii) \
Invariant Risk Minimization _>@_>

Counterfactual Invariance to Spurious Correlations:
Why and How to Pass Stress Tests

J. R. Statist. Soc. B (2016)
78, Part 5, pp. 947-1012

Causal inference by using invariant prediction:
identification and confidence intervals

environment e¢ = 1: environment e = 2: environment ¢ = 3:
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Domain Adaptation by Using Causal Inference to
Predict Invariant Conditional Distributions
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Invariant Models for Causal Transfer Learning
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_ ' A Causal View on Robustness of Neural Networks
Invariance, Causality and Robustness
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Which variables d-separate Y from D now?

~
2000 600 3000 -0,21
2190 450 3000 -0,16
@ Y »@ 2000 200 2999 -0,16
1200 1000 1500 -0,17
@ 1201 800 1500 -0,14

1195 200 1499 -0,07
1340 900 1498 -0,14
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Which variables d-separate Y from D now?

N N N
N N )
N Y N
N N Y

2000 600 3000 -0,21

2190 450 3000 -0,16

@ Y ,@ 2000 200 2999 -0,16
1200 1000 1500 0,17

1201 800 1500 -0,14

@ 1195 200 1499 -0,07

1340 900 1498 -0,14

| Intervention on every variable except Y =
‘ _domain generalisation
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Common misconceptions 1: An invariant feature need not be causal
-0-0-0

* Which sets of variables d-separate Y from D? (List all)
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Common misconceptions 1: An invariant feature need not be causal

Y 1L D|X,

o"e_’o_’@ Y 1L D|X,,X,
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Common misconceptions 1: An invariant feature need not be causal

Y 1L D|X,

@*0*@ Y 1L D|X,,X,

* Y|X1,X2 is invariant = invariant features are not necessarily parents of Y

Invariant feature across “many different datasets” is not enough in general to find |
| causal parents, need more assumptions 00 |
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Common misconceptions 1: An invariant feature need not be causal

Y 1L D|X,

40_'°_’° Y 1L D|X,,X,

* Y|X1,X2 is invariant = invariant features are not necessarily parents of Y

Invariant feature across “many different datasets” is not enough in general to find |
| causal parents, need more assumptions 00 |

« How do you get (some of) the parents?
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Common misconceptions 1: An invariant feature need not be causal

Y 1L D|X,

40_'°_’° Y 1L D|X,,X,

* Y|X1,X2 is invariant = invariant features are not necessarily parents of Y

Invariant feature across “many different datasets” is not enough in general to find |
| causal parents, need more assumptions 00 |

e |nvariant Causal Prediction [Peters et al. 2016] under causal sufficiency:

SF = ﬂ S C Pa(Y) {Xsz} M {X1} — {X1}

Y1LDI|S
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Common misconception 2: Parents are not enough under latent confounding

uENy
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* Which sets of variables d-separate Y from D? (List all)

 Note: you cannot have H in the conditioning set, because it’s latent
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Common misconception 2: Parents are not enough under latent confounding

uENy
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e Y|X1 is invariant, Y|X2 is not, even if X2 is a parent

Y 1L D|X,
Y 1. D|X,
Y 1L D|X,, X,
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Common misconception 2: Parents are not enough under latent confounding

uENy
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e Y|X1 is invariant, Y|X2 is not, even if X2 is a parent

Y 1L D|X,
Y 1. D|X,
Y 1L D|X,, X,
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Common misconception 2: Parents are not enough under latent confounding

H Y 1L D|X,
-0-0-0 o
Y 1L D|X,, X,

« Y|X1 is invariant, Y|X2 is not, even if X2 is a parent

 Conclusion: causality (e.g. using the causal parents, learning the
complete causal graph) is neither necessary or sufficient” for transfer,
what we care about are conditional independences/d-separations
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Takeaways 1/3

o Graphical models and d-separation [Pearl 1988] are a principled way to
reason about invariances and distribution shift

 Not a new observation, known since [Schoelkopf et al 2012]

 Even with unknown causal graphs

75


https://icml.cc/2012/papers/625.pdf
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Desiderata for a causal domain adaptation method

X, Y and changes can be represented by an unknown causal graph

e Allow for latent confounders

* Avoid parametric assumptions, allow for heterogeneous effects across
domains

* |Instead of modeling changes between each domain, distinguish the
change between the mixture of sources and the target
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Domain Adaptation by Using Causal Inference to
Predict Invariant Conditional Distributions NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris M. Mooij

* Unsupervised multi-source domain adaptation

* We interpret the change in the target domain as a soft intervention

Normal
Normal
Normal
Normal
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Domain Adaptation by Using Causal Inference to
Predict Invariant Conditional Risis NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stgf\" [¥] 1] o] [N oo ]a (=) ¢ L5 =] o) S8 o
C1,C2...

* We interpret the change in the target domain as a soft intervention

Normal
Normal
Normal
Normal
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Domain Adaptation by Using Causal Inference to
Predict Invariant Conditional Distributions NeurlPS 2018

Now the graph is unknown!
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

https://arxiv.org/abs/1611.10351 80
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

Normal
Normal >
Normal

Normal

https://arxiv.org/abs/1611.10351 81
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

Normal
Normal

do(X;) =1

https://arxiv.org/abs/1611.10351 82
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

We add context variables so we can disentangle changes in distribution across the datasets

Normal
Normal

Soft intervention
on X,

00O
00 0
00O

https://arxiv.org/abs/1611.10351 83
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

* We add context variables so we can disentangle changes in distribution across the datasets

U

@ do(X3) =1

Soft intervention on X,

https://arxiv.org/abs/1611.10351 84
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

000
3350 oo

G =1 M Soft intervention on X,

https://arxiv.org/abs/1611.10351 85
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

Context -.
variables ;

System

variables

Soft intervention on X,

@ do(X3) =1

https://arxiv.org/abs/1611.10351 86
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

Normal
Normal

Now the graph is unknown!

https://arxiv.org/abs/1611.10351 87
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

C1 C2 X1 X2 X3

Normal 0 0 0,1 2 0
Normal 0 0 0,2 3 0
0 0 1,1 2 1

0 0 0,1 3 0

1 0 3,1 2 1

1 0] 3,2 3 1

1 0] 4 1 1

1 0] 3,2 3 1

0 L 0,2 1 0

0 1 0,3 1 1

0 L 0,3 2 1

https://arxiv.org/abs/1611.10351 0 1 0,4 1 1
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* We represent different distributions (including interventional) as an unknown joint causal
graph (possibly cyclic or with latent confounders)

 We add context variables so we can disentangle changes in distribution across the datasets

Normal
Normal

' Context ' System

:

variables| - variables

https://arxiv.org/abs/1611.10351 89
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

 We add context variables so we can disentangle changes in distribution across the datasets
(and optionally background knowledge, e.g. context variables are uncaused)

* We can reuse any standard method for observational data that fits any chosen assumptions

C1 C2 X1 X2 X3
0 0 0,1 2 0
) 0 0,2 3 0
0 0 1,1 2 1
0 0 0,1 3 0
1 0 3,1 2 1
1 0 3,2 3 1
1 0 4 1 1
1 0 3,2 3 1
0] L 0,2 1 0
0 L 0,3 1 1
0] L 0,3 2 1
0 1 0.4 1 1 https://arxiv.org/abs/1611.10351

90
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

 We add context variables so we can disentangle changes in distribution across the datasets
(and optionally background knowledge, e.g. context variables are uncaused)

* We can reuse any standard method for observational data that fits any chosen assumptions

Q
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N
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

 We add context variables so we can disentangle changes in distribution across the datasets
(and optionally background knowledge, e.g. context variables are uncaused)

* We can reuse any standard method for observational data that fits any chosen assumptions

C1 C2 X1 X2 ) &
0 0 0,1 2 0 FCI-JCI
0 0] 0,2 3 0
0 0 1,1 2 1
X, 1 G,
0 0] 0,1 3 0
1 0] 3,1 2 1 )¢ J.L
1 0 3,2 3 1 1L GIG
1 0] 4 1 1 X J.l_ C X
1 0 3,2 3 1 2 11X
0] 1 0,2 1 0
0 1 0,3 1 1
0] L 0,3 2 1 _
0 1 0.4 1 1 https://arxiv.org/abs/1611.10351

92
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Joint Causal Inference from Multiple Contexts

Joris M. Mooij, Sara Magliacane, Tom Claassen

* Additional background knowledge based on assumptions:
A1 (“exogeneity”): No system variable causes any context variable.

A2 (“complete randomised context”): No context variable is confounded with
a system variable.

* A3 (“generic context model”): The context variables do not cause each other
and they are assumed to be confounded.

https://arxiv.org/abs/1611.10351 93
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Domain Adaptation by Using Causal Inference to Predict
Invariant Conditional Distributions NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris M. Mooij

C1 G2 X2 Y

0 1 0

0 1 0 TN

0 > 1 .

) ) 1 Source domains

1 3 1 \ \

4 3 1

0 0 > > —
A 0 0 2 Target domain

0 1 9

 We assume we can model all the domains in with a single unknown
acyclic causal graph with multiple context variables [Mooij et al. 2020]

https://arxiv.org/abs/1707.06422 >
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Causal domain adaptation: separatlng features
LOO\< g, ¢ %amrgs SeX Y1 4 D’ S 1 " Aka stable features, |

_invariant features etc.

e Separating features: sets of features that d-separate Y from the context
variable C1 representing the target domain

A& b

\ Y1 C|S?

|
0-0-0

e {X1}is a separating feature set, {X1, X2} could lead to arbitrary large error
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What if the causal graph is unknown?

* |dea: we could test the conditional independence in the data
YU C|X,? YICl|X,?
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What if the causal graph is unknown?

* |dea: we could test the conditional independence in the data

YLeTx? YLedx,

 Problem: Y is always missing when C1=1, so we cannot test these
X2 Y

Q
Q
N

- - - O O O O O O
— O O W W ihDDN - =
O -4+ O ™~V VvV v =+ O O

0
0
0
L
L
L
0
0
0
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What if the causal graph is unknown?

* |dea: we could test the conditional independence in the data

YLeTx? YLedx,

 Problem: Y is always missing when C1=1, so we cannot test these

ldea: Invariant features in source domains are
also separating in the target domain

Y 1l CZ‘{XI’Clz()} — Y 1l Cl‘Xl
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Separating features in sources are also separating in target -
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Separating features in sources are also separating in target -

Yl CZ‘{XDCI = 0}
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What if the causal graph is unknown?

* |dea: we could test the conditional independence in the data

YLeTx? YLedx,

 Problem: Y is always missing when C1=1, so we cannot test these

ldea: Invariant features in source domains are
also separating in the target domain

Y AL G |{X,.C =0T = Y ILG,|X,

This Is a strong assumption
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What if the causal graph is unknown?

* |dea: we could test the conditional independence in the data

YLeTx? YLedx,

 Problem: Y is always missing when C1=1, so we cannot test these

Ci1 C2 X2 Y

0 0 1 0 X. IL X

0 0 1 0 I 2

0 0 2 1 Xl_ﬂ_C1

1 0 2

1 0 3 XI'ILXQ,‘CI

1 0 3

0 1 0 0 X, LX|Y,C =0
0 1 0 1 ..

0 1 1 0

 |ldea: Can we use all other in/dependences?
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Domain Adaptation by Using Causal Inference to Predict
Invariant Conditional Distributions NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris M. Mooij

« We search for separating features that d-separate Y from C (target)

 We assume no extra dependences involving Y in target domain C1="1
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Domain Adaptation by Using Causal Inference to Predict
Invariant Conditional Distributions NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris M. Mooij

« We search for separating features that d-separate Y from C (target)

 We assume no extra dependences involving Y in target domain C1="1

Q
Q
N

Y.lLClel:O
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0
0
0
L
L
L
0
0
0

Perform allowed CI tests

https://arxiv.org/abs/1707.06422 104
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Domain Adaptation by Using Causal Inference to Predict
Invariant Conditional Distributions NeurlPS 2018

Sara Magliacane, Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris M. Mooij

« We search for separating features that d-separate Y from C (target)

 We assume no extra dependences involving Y in target domain C1="1

Ci1 C2 \" /\
S 0 YL G|C =0 e .
0 0 0 ‘
0 0 1 ',o' \\
0 1 1 Y J.I_ C2 ‘Xl’ Cl — O l x/' \\
0 1 1 A 4
0 L 1 Xz Al Cz‘ Y, Cl — O °—>°---->
1 0 2?
1 g : Perform allowed CI tests All possible compatible graphs
| ?
https://arxiv.org/abs/1707.06422 Y J'L Cl ‘Xl ’ 105
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Assumptions [Magliacane et al. 2018]

* We assume that there exists an acyclic causal graph that fits all the data
(Joint Causal Inference)

* We assume Y cannot be intervened upon directly
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Assumptions [Magliacane et al. 2018]

* We assume that there exists an acyclic causal graph that fits all the data
(Joint Causal Inference)

* We assume Y cannot be intervened upon directly

* We assume no extra dependences involving Y in target domain C1="1
ADBCWV\IX.C)  YUA|BLC, =0)= YLA|B{, =1
ALD|B,Y.C, =0)= ALD|BY.C =1

There can be extra

iIndependences in the target
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Assumptions [Magliacane et al. 2018]

 We assume that there exists an acyclic causal graph that fits all the data
(Joint Causal Inference)

* We assume Y cannot be intervened upon directly

 We assume no extra dependences involving Y in target domain C1="1
ADBCV\{Y,C;) YU A|B,C,=0 = YU A|BC =1
ALD|BY,C,=0 = AL D|B,Y,C =1

* Note that this does not assume anything about the separating set test :

M‘?
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A small example that we proved by hand

Q
N

- = = 0O O 0O O O O
W) W) ) = 1 d a O O R

0
0
0
L
L
L
0
0
0
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A small example that we proved by hand

Q
N

Y.lLCz‘CIZO
XZLCZ‘Y,CIZO

- = - 0 O O O O O
W) W) W) = = A a O O K

0
0
0
L
L
L
0
0
0

Perform allowed CI tests
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4
X

A small example that we proved by hand

C2 X2 Y
0 0 1 0 /
0 0 1 0 Y.lLCz‘CIZO
[ o'o
0 L 2 1 YJ.LCz‘Xl,Cle
0 1 3 1
B o oe
1 0 0 ?
1 0 1 ?

AN
? 9 oeoo
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A small example that we proved by hand

Q
N

Y

e @ @
Y1 G|X,C, =0 l

Xz_ﬂ_ Cz‘Y,Cl :O
Perform allowed CI tests All possible compatible graphs

- = - 0 O O O O O
W) W) W) = = A a O O K

0
0
0
L
L
L
0
0
0
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A small example that we proved by hand

Q
N

Y

e .
P .
PA .
! ¢
l ' ss
’ .
’ N
o' s
A 4
°_>°- N ->°

Perform allowed CI tests All possible compatible graphs

Y.lLCz‘CIZO
Y Il CZ‘XI’Cle
XZLCZ‘Y,CIZO

- = - 0 O O O O O
W) W) W) = = A a O O K

0
0
0
L
L
L
0
0
0

 \We can prove untestable separating test without reconstructing the graph:

Y1 C|X, True in all possible compatible graphs
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Inferring separating sets automatically

Provably separating

Y 1L C, | X,
All testable conditional Provably not separating
Independences from data Y A Cl ‘Xl
YU G |X,C,=0 ? Not identifiable

X2J.LC2‘Y,C1=O

| features selected by standard feature

Logic encoding of d-separation
[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y

SRR | (X1, C2), {X1, X2, C2}, {X1, X2}, ..))

selection
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y

SRR | (X1, C2), {X1, X2, C2}, {X1, X2}, ..))

selection
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y
Standard feature a1
<election - | =({X1, C2}, {X1, X2, C2}, {X1, X2}, ...)

Q
Q
N

All testable conditional o
iIndependences from data Theorem prover
X; AL X5 X,

Y1 C2|X1,C1 =O
X2J.LC2|Y,C1=O

= = 4 O O O O O O
©C ©O O = - 4 O O O
- O O W W NN =2 =
) ) ) = =2 4 a4 O O ES

Logic encoding of d-separation
[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y
Standard feature
ST L=({X1, G2}, {X1, X2, G2}, {X1, X2}, ..

Provably not separating

Y ILC,|S

Q
Q
N

All testable conditional -~
independences from data Theorem prover [z ?
X, L X,|X, -
Y1 G|X,C =0
X5 1L GlY,C =0

Not identifiable

= = 4 O O O O O O
©C ©O O = - 4 O O O
- O O W W NN =2 =
) ) ) = =2 4 a4 O O ES

Logic encoding of d-separation
[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y
Standard feature
ST L=({X1, G2}, {X1, X2, G2}, {X1, X2}, ..

Provably not separating

Y ILC,|S

Q
Q
N

All testable conditional -~
independences from data Theorem prover [z ?
X, L X,|X, -
Y1 G|X,C =0
X5 1L GlY,C =0

Not identifiable

= = 4 O O O O O O
©C ©O O = - 4 O O O
- O O W W NN =2 =
) ) ) = =2 4 a4 O O ES

Logic encoding of d-separation
[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y
Standard feature
ST L=({X1, G2}, {X1, X2, G2}, {X1, X2}, ..

C1 C2 Y

0 0 1 0 All testable conditional

0 0 1 0 independences from data Theorem prover

0) 0 2 1

5 ; , 1 X, 4L X51X, er R

o 1 3 1 YU G|X,C, =0 Provably separating _Learn f(S)
0 1 3 1 X 1L GlY, G =0 YJ-LC1|S ON source
1 0 0 2

10 0 2 domains

1 0 1 2

Logic encoding of d-separation

[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Source domains data List of combinations of features ordered
by source domain loss in predicting Y

SRR | (X1, C2), {X1, X2, C2}, {X1, X2}, ..))

selection
W Select new set S

lterate until empty

Provably not separating

Y ILC,|S

Ci C2 Y - . %
0 0 1 0 All testable conditional N |

L L 1 0 independences from data Theorem prover & e ? Not identifiable

0 0 2 1 , f

0 1 2 1 Xl AL X3 |X4 St - A
o ° 1 YL Gl 6 =0 Provably separating . Learn f (S)
0 1 3 1 X 1L G|Y.C =0 p, YU Cy|S e

. ° 2 on source
o — domains

1 0 1 2

Logic encoding of d-separation

[Hyttinen et al. 2014]
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A simple causal feature selection algorithm

Learn f(S)
on source
domains
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A simple causal feature selection algorithm

No need to find causal graph or :
- equivalence class, we only care about
| conditional independences/d-separations |

Learn f(S)
on source
domains
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Takeaways 2/3

 Graphical models and d-separation [Pearl 1988] are a principled way to
reason about invariances and distribution shift

 Not a new observation, known since [Schoelkopf et al 2012]

 Even with unknown causal graphs, Missing data/zero-shot settings

* Often we do not need to reconstruct the causal graph, we only need
to infer missing conditional independences
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Inferring separating sets of features

No need to find causal graph or :
| equivalence class, we only care about |
 conditional independen rations

A big (current) limitation:
Scalability

Other limitations: the
concept of separating sets might
be too conservative

Other limitations: current only
feature selection
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1

=

Domain n

' Simplifying
l assumption: no |

0 L
. 0 -
—— | hew edges in |
" | target domain |

126
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1

— { {player,, Domain-specific parameters "

| | I

1L advs,, g O

- o Tidi=0,... T N
| [ Domain-shared representatior . When we learn from symbolic inputs, |
| player,, | . - p- :
| ball, player,_| player, | the causal graph can be identified, but
N adVS}r’ i we don’t have guarantees on what the;
: = a.,r,f._ ; {
T e bal latent change factorsare |

Domain n advsf—l\ advst
1" n-u— {playert, \

———— ball,, N
advs.,
3 e —— 0
L Ay Uifr—0,...T
— 1 . .
: timeslice t-1 timeslice t
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1 Domain-specific parameters

%

. When we learn from images, we |

Domain-shared representation cannot identify the causal variables,

S1i—1 S1 so what we learn is not necessarily |

/ causal... but it is still useful ;

LT S2,t—1 S2,t e ——— e ——— S —————— = R o SroE P Sl et A S S bt eusna]

Domain n - n u_ S3,t—1 \ S3,t
T \
il (o —— D
{0p a1} g 7 timeslice t-1 timeslice t 128
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1

|

Domain 2

Estimate graph over

-

i

estimated Sk’ Hk

129
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1

min min
, 0,

Identify s/

Domain 2

from the estimated
graph

81,1-1 \Sl,t S1,+1

* |dentify the dimensions of the state and change factors that $2.-1 S2.¢ $2.1+1
are necessary and sufficient for policy optimisation 53 tl\\s3,t \SW

S

130
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022

Source domains

Domain 1

Learn optimal

Domain 2

. min Qmin
policy *(s,"", 6;"")
on source domains

81,11 $1.,¢ $1,14+1

* |dentify the dimensions of the state and change factors that $2.-1 S2.¢ $2.1+1
are necessary and sufficient for policy optimisation 53 tl\\s3,t \SW

S
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022
Source domains

Domain 1

—-

Domain 2

Identify s/ , ™" Learn optimal

from the estimated J§ policy 7*(s;" . 0, ")
graph on source domains

Estimate graph over
estimated §,, 0,

-

Target domain

-
L

i Simplifying
i assumption: no |
| new edges in |
| target domain |

{0, ay, rt}t=0,...,T

https://arxiv.org/abs/2107.02729
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AdaRL: What, Where, and How to Adapt in Transfer RL

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang ICLR 2022
Source domains

Domain 1

il

Domain 2
q

Identify s/ , ™" Learn optimal
from the estimated policy *(s,"", 6;"")
graph on source domains

Estimate graph over
estimated §,, 0,

Target domain

| Simplifying |

- Use model to : ion: ;

mny > | nin . gmin Apply policy | assumptlon._no |

I = estimate Syq,ger Yiarger E( QI . hew edges In
— with few samples arger iarset

| target domain |

{0, ay, rt}t=0,...,T

https://arxiv.org/abs/2107.02729
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AdaRL:

What, Where, and How to Adapt in Transfer RL
ICLR 2022

Biwei Huang, Fan Feng, Chaochao Lu, Sara Magliacane, Kun Zhang

* Results: we consistently outperform the state-of-the-art thanks to the graph

Oracle Non-t CAVIA PEARL AdaRL* AdaRL Oracle Non-t PN PSM MTQ AdaRL* AdaRL
Upper bound lower bound (Zintgr af et al., 201 9) (R akelly et al., 201 9) Ours w/o masks Ours Upper bound lowerbound (Rusuetal., 2016) (Agarwaletal., 2021a) (Fakooretal.,2020) Ours w/o masks Ours
o 18.65 6.18 @ 9.70 e 11.61 e 15.79 o 14.27 o 18.97
G in 2486.1 1098.5 1603.0 1647.4 1940.5 2217.6 -0l (£2.43) (£2.43) (£2.09) (+3.85) (£+3.26) (+1.93) (£2.00)
- (£369.7) (£472.1) (+877.4) (£617.2) (+841.7) (£981.5) o o | 19-86 6.40 o 9.54 e 10.82 o 10.82 o 12.67 o 15.75
o 693.9 204.6 3020 e 1345 4395 e 5083 - (£1.09)  (£3.17) (£2.78) (£3.29) (£4.13) (£2.49) (+3.80)
- (£100.6)  (+39.8) (£125.8) (£102.4) (£157.8)  (+138.2) Cin | (foas) (1008  (tosm (41.17) (£2.02) Gran  (+105)
M in 2678.2 748.5 @ 2139.7 1784.0 1946.2 o 2260.2 C out 19.78 8.26 @ 14.84 o 17.66 o 15.45 o 17.92 19.03
- (£630.5) (£342.8) (£859.6) (£845.3) (£496.5) (+682.8) % (+£0.25)  (£3.45) (+£1.98) (£2.46) (£3.30) (£1.83) (£0.97)
1405.6 371.0 @ 972.6 e 793.9 o {74.5 @ 1001.7 S_in 18.32 6.91 e 11.80 e 12.65 e 13.68 ¢ 14.23 ¢ 16.65
M_out (4368.0) (£92.5) (£401.4) (4394.2) (£290.8) (£273.3) %91;;3) (:2002) (;tz;%) (Sii'sn) (lﬂi?’;g) (;3;(1)9) (ili'szz)
. . [ ] . [ J . [ ] . [ J . [ ] o
G_iq 1984.2 365.0 @ 1012.5 e 1260.8 o 1157.4 @ 1428.4 S_out (+1.04) (£3.11) (+4.58) (+4.51) (+2.46) (£2.62) (£2.35)
& M_in (+871.3) (£144.5) (£664.9) (£792.0) (£578.5) (+495.6) N 18.48 5.51 e 12.73 11.30 o 12.67 o 13.78 16.84
G_out 939.4 336.9 e 648.2 o 544.32 @ 596.0 e 689.4 - (£1.25) (£3.88) (£3.67) (£2.58) (+3.84) (£2.15) (£3.13)
&M_out | (£270.5) (£139.6) (£481.5) (£175.2) (£184.3) (£272.5) N out | 18-26 6.02 o 13.24 o 11.26 » 15.77 o 14.65 o 18.30
(£1.11)  (£3.19) (£2.55) (£3.15) (£2.12) (£+3.01) (£2.24)

Average final scores on Cartpole (MDP) with N_target=50 Average final scores on Pong (POMDP) with N_target=50
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
Fan Feng, Biwei Huang, Kun Zhang, Sara Magliacane NeurlPS 2022

 Task: RL agent has to learn a policy that is robust to different types of non-
stationarity, including multiple simultaneous changes of different types

Continuous
episode %

1 2 3 4
Different functions, e.g. sine, linear, damping

Discrete 4|_I_L _|_I_

episode —_ ey
1 2 3 4 1 2 3 4
Within-episode Across-episode
Non-stationary environments Non-stationary rewards
(wind changes) (target changes)

https://arxiv.org/abs/2203.16582 135
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
Fan Feng, Biwei Huang, Kun Zhang, Sara Magliacane NeurlPS 2022

 The latent change factors are not constant anymore and they model nhon-stationarity

~
Y ~
L Y 4 ~
PRGN Vs
» Y4
' - - .
S o
1,t—1 .
P 4
Y4
s Y4
V4
4
4
Y4

Factored Non-Stationary MDP
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
Fan Feng, Biwei Huang, Kun Zhang, Sara Magliacane NeurlPS 2022

 The latent change factors are not constant anymore and they model nhon-stationarity

; ' L 0%
: S1 : Change factor :
= _, Chang R
. inference network

5 a,_ e R G T TTTT T S R ¥o-----

B ::: el he Learne*d mask Learne*d mask
Transition Reward change
change factor factor
-------------------------- v dynamics dynamics

Trajectories \\t ﬂ E E e

collected with an

.. . Learned masks Learned masks
*7 initial policy (e.g.

: S N 0000 Baros oo e e

: ! : Change factor : i:l .*: :

: - . —> :

L a r, . inference network : o o
¥ \ 4

\ 4 Y
-"s random - -
;A ) Transition Transition

decoder decoder

T1: O ¢
S, St+1 Ty

Factored Non-Stationary MDP Factored Non-Stationary Variational Autoencoder
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FansRL: Factored Adaptation for Non-Stationary Reinforcement Learning
Fan Feng, Biwei Huang, Kun Zhang, Sara Magliacane NeurlPS 2022

* Policy learning: estimate latent change factors, learn policy as if they were observed

* Results: we consistently outperform the state-of-the-art thanks to the graph

Half-Cheetah V3 Sawyer-reaching Mini-taur _ _
Ablation studies
¢SS 7 —7—>  (ofe & 3]
( ) Lope I ! ®© Ours
0.9¢ z ? i w /o structure
_ * * V] v w/o smooth
= 5 080 ] #  w/0o min sets
£ | @ | -
5 ~ 07l ‘ w /0 sparsity
- _ ¢  w/o reward pred
0.6 w /o state pred
~100f 05l | w /o disentangled
0.000 0025 0050 0.075 0100 0.125 0.0 0.1 0.2 0.3 0.4 0.00 0.05 0.10 0.15 0.20 A-EP(D) A-EP(R+D) A-EP(R+2D)
#. Steps (M) #. Steps (M) #. Steps (M)
Ours = LILAC TRIO VariBAD == == Qracle (average highest) == == SAC (average highest)
Continuous changes on Across-episode changes Across-episode changes on both dynamics The biggest difference in performance is
dynamics (sine wind) on rewards (changing target) (mass) and reward (target velocity) switching off learning the graph
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Takeaways 3/3

 Graphical models and d-separation [Pearl 1988]| are a principled way to
reason about invariances and distribution shift

 Not a new observation, known since [Schoelkopf et al 2012]

 Even with unknown causal graphs, Missing data/zero-shot settings

* Often we do not need to reconstruct the causal graph, we only need
to infer missing conditional independences

* These ideas seem empirically useful even if we cannot guarantee that
we are learning the true causal variables or the true causal graph
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Sneak peak: Causal Representation Learning
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Causal discovery (structure learning) - simplest setting

r=0.791

MMMMM
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GDP

33K
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N
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46K

Observationa

data

C » GDP

[Optional] Background knowledge

Sets of graphs that fit the data
and background knowledge

Summary graph
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Causal Representation Learning

What if the causal variables
are not directly observed (but
we have high-dimensional
observations, e.g. images)?
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Causal Representation Learning

Task 1: learn/disentangle the
causal variables

What if the causal variables
are not directly observed (but
we have high-dimensional
observations, e.g. images)?
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Causal Representation Learning

Task 1: learn/disentangle the
causal variables

What if the causal variables
are not directly observed (but
we have high-dimensional
observations, e.g. images)?

Task 2: learn the causal graph

(or equivalence class)
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Can we learn causal variables from high-dimensional data?

Towards Causal Representation Learning

Bernhard Scholkopf T, Francesco Locatello T, Stefan Bauer *, Nan Rosemary Ke *, Nal Kalchbrenner
Anirudh Goyal, Yoshua Bengio

Abstract—The two fields of machine learning and graphical et al., 2018], and speech recognition [Graves et al., 2013], a
causality arose and developed separately. However, there is now  gybstantial body of literature explored the robustness of the
cross-pollination and increasing interest in both fields to benefit .. i tion of state-of-the-art deep neural network architectures.

from the advances of the other. In the present paper, we review . L . .
fundamental concepts of causal inference and relate them to The underlying motivation originates from the fact that in the

crucial open problems of machine learning, including transfer r€al world there is often little control over the distribution from

and generahzatlon, thereby assaymg how causallty can contmbute which the data comes from. In computer vision [Geirhos et al.,
SRR e ‘ inoropplisssmetisnwy 2018, Shetty et al., 2019], changes in the test distribution

"ppOS'te direction: we note that most work in causallty starts ¥ may, for instance, come from aberrations like camera blur,

1 A central § . ) : : .
:;r::)l::letzle g)r:rzn:e :::t ct::sg?lltl;allsva:ll:ll; wc::: algl::;rwe;::llhl;)n & noise or compression quality [Hendrycks and Dietterich, 2019,

3 learmng, the dlscovery of lngh-level causal vanables from low- ¥ Karahan et al., 2016, Michaelis et al., 2019, Roy et al.,
L. Jevel observations. Einallv..we . delineate some_implications_of & 2018], or from shifts, rotations, or viewpoints [Azulay and

o causahty for'machme leammg and'propose key mear' ch areas Weiss, 2019, Barbu et al., 2019, Engstrom et al., 2017, Zhang,
at the intersection of both communities. 2019]. Motivated by this, new benchmarks were proposed to

https://arxiv.org/abs/2102.11107 and many many more since.... 145
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICML 2022

Possibly
noisy

https://arxiv.org/abs/2202.03169 146
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICML 2022

Possibly
noisy

e

https://arxiv.org/abs/2202.03169 147
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Stochastic intervention
(we don’t know where the ball will be)
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICML 2022

Possibly
noisy
t_ N
ball x
\
‘
VAR
%

oK

I [ I I [ [ __
11—1 12—0 13—0 14—0 15—() 16—0
Stochastic intervention The paddles continue moving as
(we don’t know where the ball will be) usual (not counterfactual)
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICML 2022

Possibly
noisy

I=1 IL=0 I=0 I'=0 ['=0 [I'=0

Stochastic intervention
(we don’t know where the ball will be)
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CITRIS: Causal Identifiability from TempoRal Intervened Sequences

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICML 2022

e ———— e ———— - —————— — ———————— —

\

Encoder gp CTT ]

[
:
e I
s ! I
// : I
/ /'/ : s :
/// i p¢(zt+1|zt, It-l-l) _ Hp¢ (Z\tlf—tllzta Iit—l-l) E

Latent to causal
variable assignment

t

______________________________________

r+tajojo ———)[Transition prior} ”””
\ Zt+1|zt’It+1)

Encoder gy CC T Decoder py

L — )

_—
—_—
-
—_
—_—
-
-
=
—
—
-—
-
—
-
-

P

$t+1

CITRIS-VAE Also CITRIS-NF...
https://arxiv.org/abs/2202.03169 150



https://arxiv.org/abs/2202.03169
https://uvadl2c.github.io/
https://uvadl2c.github.io/
https://uvadl2c.github.io/

&3

,83835 Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

CITRIS: Causal Identifiability from TempoRal Intervened Sequences
Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICMVL 2022

-1.0
ball _vel _dir -
- 0.8
ball x
-
o
L ball y
Q
-
=
} v ' v 5 pleft_y
ot beny) oy Ao
pright y
No variable 0.98

ball x
ball y
pleft y

pright y
score left -

ball vel dir
score _right -

True causal factors

https://arxiv.org/abs/2202.03169


https://uvadl2c.github.io/

&3

,83835 Causality-inspired ML - Sara Magliacane (UvA) ELLIS Doctoral Consortium 2023

ICITRIS: Causal Representation Learning for Instantaneous Temporal Effects

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves ICLR 2023
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BISCUIT: Causal Representation Learning from Binary Interactions

Phillip Lippe, Sara Magliacane, Sindy Lowe, Yuki M. Asano, Taco Cohen, Efstratios Gavves UAI 2023
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https://phlippe.github.io/BISCUIT/
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CRL workshop at NeurlPS 2023

@crl_neurips2023 Follows you

Causal Representation Learning workshop at @NeurlPSConf 2023 in New Orleans

Submission deadline: Oct 2, 2023, 23:59 AoE
Workshop date: Dec 15 or 16, 2023

© New Orleans, USA 2 crl-workshop.github.io [ Joined July 2023
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Thanks! Questions?

(joint work with Thijs van Ommen, Tom Claassen, Stephan Bongers, Philip Versteeg, Joris Mooij,
Biwei Huang, Fan Feng, Chaochao Lu and Kun Zhang)

https://xkcd.com/552/
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