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The Bible Times

The Bible, for example, tells us that just a few
hours after tasting from the tree of knowledge,
Adam is already an expert in causal arguments.

When God asks: “Did you eat from that tree?”

This is what Adam replies: “The woman whom
you gave to be with me, She handed me the fruit
[from the tree; and I ate.”

Eve is just as skilful: “The serpent deceived me,
and I ate.”

The thing to notice about this story is that God did
not ask for explanation, only for the facts — it was
Adam who felt the need to explain. The message is
clear: causal explanation is a man-made concept.

Judea Pearl. Causality, 2009.



Recap on Causal Inference



Association vs. Causation

Principle of Common Cause [Reichenbach, 1991]

If two random variables .« and ! are statistically dependent, then one of
the following causal explanations must hold:

(b) (c) ﬁ\

(

a)
0

1) Predict what would happen if some variables are intervened.
2) Predict the outcomes of cases that you never observed before.



Independent Causal Mechanism
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Credit: Elements of Causal Inference
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Confounder

Patients with Patients with

verall
O small stones large stones

Treatment a:
Open surgery

78% (273/350)  93% (81/87)  73% (192/263)

Treatment b;:
Percutaneous 83% (289/350) 87% (234/270) 69% (55/80)

nephrolithotomy

Credit: Elements of Causal Inference
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One World

vS. Counterfactuals vS.

Two Worlds

(Exam score)

(Encouragement) (Homework)
X a=0.5 H c=04 Y
e

Population
Individual
X = Uy
H=a-X+Ug

Y:b'X+C‘H+UY

Let us consider a student named Joe, for whom we measure X=0.5,H=1,and Y = 1.5.

Suppose we wish to answer the following query: What would Joe’s score have been had

he doubled his study time?

UX — 05,
Uy;=1-0.5-0.5=0.75, and

Uy=15-0.7-05-04-1=0.75.

—

YH=2(UX —_ 05, UH —_ 075, UY — 075)
=0.5-0.742.0-04+0.75
= 1.90

Judea Pearl. Causality, 2009.



A Simple Taxonomy

Predict Predict under Answer Obtain Learn
Model in 1.1.d. changing distr. counterfactual | physical from
setting or intervention questions insight data
Mechanistic/
physical, e.g., yes yes yes yes ?
Sec. 2.3
Structural
causal model, yes yes yes ? ?
e.g., Sec. 6.2
Causal graphi-
cal model, yes yes no ? ?
e.g., Sec. 6.5.2
Statistical
model, e.g., yes no no no yes
Sec. 1.2

Credit: Elements of Causal Inference




|ldentification

e |dentification in Causal Reasoning

Interventional prob. —> Observational prob.

e |dentification in Causal Learning

Uniqueness of Causal Orientation

e |dentification in Latent Confounder Models

Uniqueness of Causal Strength




Recap on RL



Reinforcement Learning (RL)

’,{Agent}
state reward
S, R,
: Rl+l [
- .
<] Environment

=

action
A,

Figure 1: The agent-environment feedback loop [Sutton and Barto, 1998]

Hypothesis 1 (The Reward Hypothesis). That all of what we mean by goals and
purposes can be well thought of as the maximization of the expected value of the
cumulative sum of a received scalar signal (called reward).

Richard Sutton and Andrew Barto. Reinforcement Learning: An Introduction, 2018.



My Favourite

“Life is quite
“Life is so painful unpleasant; the agent
that the agent heads takes the shortest
straight for the =.= route to the +1 state
nearest exit, even if g and is willing to risk
the exit is worth -1.” . falling into the -1 state
by accident.”

“Life is positively
enjoyable and the agent
avoids both exits..”

-0.0221 {R(S){(] (R(s’)::-v(}

Artificial Intelligence: A Modern Approach
Stuart J. Russell and Peter Norvig. 1995



Markov Decision Processes (MDPs)

Formally, MDPs can be defined by:

* S, aset of states. § can be continuous RPs, or discrete {s1,...,sy,}
e 4. a set of actions. 4 can be continuous R4, or discrete {ay,... ,aNﬂ};
* R, a set of rewards. R can be continuous R, or discrete {ry,... ,rNK};

p: S X AxS —|0,1], a state-transition probability function, defining the probability
of an agent who executes action a € 4 in state s € $ resulting in a transition to sate

s' € 8, i.e., p(s'ls,a).

r: §$ x4 — R, an expected reward received when executing action a € 4 from state
s € S, that 1s,

r(s,a) =E[R/S;_1 =5,A;_1 = a; (2.2)

0 < vy <1, adiscount factor determining the present value of future rewards.

Richard Sutton and Andrew Barto. Reinforcement Learning: An Introduction, 2018.
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MDPs

Definition 1 (Markov Decision Process). A Markov decision process is a tuple
(S, A, R, p) such that

p(S,arlsaa) — Pr{St — S,,Rt — r|St—1 — SaAt—l — a} (2)

where S, € S (state space), A, € A (action space), R, € R (reward space) and p
defines the dynamics of the process.

Definition 2 (Discounted Returns). Discounted Return is defined as the total
sum of rewards following a time step t until the end of the sequence of rewards
discounted by a factor y at each time step

G, =Ri1 +yRip + 72Rt+3 + ... (3)
Gt =Ry + 7G1+1

where R; € R Viandy € [0, 1].

Richard Sutton and Andrew Barto. Reinforcement Learning: An Introduction, 2018.



Value Functions

Definition 3 (Policy). A policy is defined as the probability distribution of actions
at a given states.

nA,=al|S, =s5)VYS, €S 4)

where A, € A(s) is the state specific action space.

Definition 4 (State Value Function). Value function of a state s under policy r is
defined as the expected return when starting in state s and following a policy n to
take actions

Vi(s) =E,[G,|S,=s] Vs €S (5)

Definition 5 (Action Value Function). Value function of a state s and action a
under policy n is defined as the expected return when starting in state s, taking
action a and following a policy n to take actions further.

Q"(s,a)=E,[G,|S,=5,A, =a] Vs €S8, a e A(s) (6)

Richard Sutton and Andrew Barto. Reinforcement Learning: An Introduction, 2018.



Terminology Comparisons

Model-based versus Model-free

On-policy versus Off-policy

Online versus Offline/Batch Setting/Observational Setting
Inverse RL (IRL) versus Imitation Learning (IL)

Offline RL versus Imitation Learning (IL)

POMDPs versus Predictive State Representations (PSRs)



What’s Wrong with RL?



Reinforcement Learning never

worked, and 'deep’ only helped a
bit.

(DEEPER  _ »

RL researchers all the time Legit RL research request

‘Exploration and Long Term Credit Assignmn

Himanshu Sahni's Blog



https://himanshusahni.github.io/

RL’'s Funhdamental Flaw

A (rough) Venn Diagram of Al Problem Complexity

‘Easy/cheap to get ‘Game-like’
lots of data for’ (deterministic,
(cheap to simulate fully-observable,
record, annotate) discrete,
easy to score)
DOTA,
Video Predlctlon Poker StarCraft

I

5 ’rarfmg From Scratct

Conversational Al

Image Captioning Natural Language
Speech Synthesis Understanding
Language Translation Robot.ic
Grasping

‘No need for memory’
(a full-observable
Fraud Detection | Markov Process) Self Driving Cars

AGI

Andrey Kurenkov's Blog



https://thegradient.pub/author/andrey/

RL is a Cherry

Y. LeCun

How Much Information is the Machine Given during Learning?

P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

> A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

P Predicts future frames in videos
» Millions of bits per sample

© 2019 IEEE International Solid-State Circuits Conference 1.1: Deep Learning Hardware: Past, Present, & Future



What is Causal RL?



Causal RL |

—

Model-free
Causal Reasoning On-policy
Model-based _
Causal Learning Off-policy
Reinforcement
Causal Inference  Causal RL .
Learning

Confounding

Counterfactuals
Discovery

V\_/



Causal RL II [Credit to Elias]

context / state

2 m D

Agent | @tom | Environment
0, G * M
A P w
Causal Diagram Structural Causal Model

observational, interventional, counterfactual



Causal RL lll — Example

Causal IAnference

Discovery

Counterfactual

Confounding

-

Spatiotemporal Info

e

Woulda, Coulda, Shoulda
(DeepMind)

/ » RL

State Action

Reward



Why is Causal RL?



Why from RL

Is RL an exercise in causal inference? Of course! Albeit a restricted
one. By deploying interventions in training, RL allows us to infer
consequences of those interventions, but those interventions.
A causal model is needed to go , i.e., to actions not used in
training.

The relation between RL and causal inference has been a topic of
some debate.

: why is RL on the original high-dimensional Atari games harder
than on downsampled versions?
: why is RL easier if we permute the replayed data?

RL is closer to causality research than the machine learning mainstream in
that it sometimes effectively directly estimates (on-policy
learning). However, as soon as off-policy learning is considered, in particular
in the batch (or observational) setting, issues of causality become subtle.




Why from Natural Science

AAAS: Machine learning 'causing
science crisis'

By Pallab Ghosh
Science correspondent, BBC News, Washington

(® 16 February 2019  Science & Environment

Reproducibility Crisis|

[ Flawed Pabterns ;&

= e e e — = ———

Experiments



Why from Cognition

f, Humans summarise rules or_experience from their |
with nature and then exploit this to improve their adaptation in
| the next exploration.

What Causal RL does is exactly to mimic human behaviours, i.c., |
learning causal relations from an agent that with l
the environment and then optimising its policy based on the

n learned causal structures. |

|
!

“Our grasp of the world — the way we mirror its causal structure — 1is at

the mercy of the inferential tools we have in the brain.”

— JAKOB HOHWY

“Play is the answer to how anything new comes about.”

— JEAN PIAGET

“All reasonings concerning matter of fact seem to be founded on the relation
of cause and effect. By means of that relation alone we can go beyond the

evidence of our memory and senses.”

— DAVID HUME




Marcus and LeCun in Complete Agreement on Seven Points
October 2017

e Alis still in its infancy

* Machine learning is fundamentally necessary for reaching strong Al
* Deep learning is a powerful technique for machine learning

* Deep learning is not sufficient on its own for cognition

* [model-free] Reinforcement learning is not the answer, either

* Al systems still need better internal forward models

 Commonsense reasoning remains fundamentally unsolved



Some basics that evolution might have
endowed humans with

* Representations of objects

« Structured, algebraic representations
» Operations over variables

* A type-token distinction

* A capacity to represent sets, locations, paths tracjectories, obstacles
and enduring individuals

* A way of representing the affordances of objects

« Spatiotemporal contiguity / conservation of mass

» Causality

Thé Algebraic Min&  Translational invariance
Integrating Connectionism and Cognitive Science

Gary F. Marcus » Capacity for cost-benefit analysis




f::-. Questions

P “All of these Al systems we see, none of them is ‘real’ Al

— Josh Tennenbaum at CCN 2017

» | agree (Josh and | start our talks the same way).

» The brain learns with an efficiency that none of our machine learning
methods can match.

» Our supervised learning systems require large numbers of example

» Our reinforcement learning systems require millions of trials

>t
>t

nat’'s w

nat’'s w

ny we don't

ny we don't

» What is missing?
Learning paradigms that build (predictive) models of the world
through observation and action.

nave robots that as agile as a cat or a rat

nave dialog systems that have common sense



Nature's Learning Method: Reinforcement

Action

7~ A

Observe Rewards

Explore Exploit

GOTO 2018 - On the Road to Artificial General Intelligence * Danny Lange



Key Concepts in Causal RL



State, Action, and Reward

Reward

Transition
Hidden state

state, action — reward
state, action — state
hidden state — observation

Table 1: Summary of causa.

| relationships in reinforcement learning.

Policy is NOT a causal relationship.

Samuel J. Gershman. Reinforcement Learning and Causal Models, 2015



Soft vs Hard Intervention

P(Y|do(X = g(2))) = ) P(Y|do(X = g(2)). Z)P(Z| do(X = g(2)))
4

= ) P(Y|do(X),Z)|y_, ., P(Z)
Z

= E[P(Y|dO(X),Z) y_, 7]

Stochastic Policies

P(Y|do(z(X|2))) = ) ) P(Y|do(X),Z)P(X|Z)P(Z)
X Z

Judea Pearl. Causality, 2009.



Challenges In
Causal Inference for RL



Latent Confounding

E~N (0, G2 for w €] X, T, 2]

- ‘ ex eRT', €4, 6y €/R
o+ ex
B'X+~Z +ey
2zz  %zx 2zy
Yixyz =
mx M .
K /
/

Sxx = aa'c? + diag(o?)
Sxy = ZxxB+yos
Syy = (B'a+7)0} + B diag(0%)B8 + 07

Z
X :
Y

§ e—

> (@1, 81,71, 07,1, %1, Oy 1
Jt - ' = —

2 2 9 9 ol

x0y)|

B3m + 3 unprswn parameqess
Alex D’Amour’s Blog




Deconfounding RL

p(rt+1 ‘ e Clt) - p(rt+1 ‘ e dO(az))

Lu et al. Deconfounding Reinforcement Learning in Observational Settings, 2018



Counterfactuals

(@)
/ SN N
ou| omowsaom
@)

Figure 1: Structural causal models (SCMs) model environments using random variables U (cir-
cles, ‘scenarios’), that summarize immutable aspects, some of which are observed (grey), some not
(white). These are fed into deterministic functions f; (black squares) that approximate causal mech-
anisms. Left: SCM for a contextual bandit with context U,., action A, feedback O and scenario U,.
Right: SCM for a POMDP, with initial state Uy; = S, states S; and histories H;. The mechanism
that generates the actions A; is the policy 7.

initial state (level) observations

Sl - U1 01 02 03

DRAW model

Buesing et al. Woulda, Coulda, Shoulda: Counterfactually-Guided Policy Search, 2019



Where to Intervene and to See

Z »U E[Y | do(x.z)]= E[Y | do(x) ]
\ '," \\ +(YLZ | X) in Gx,z (Rule 3 of do-calculus)
» .
X »“Y Implication: prefer playing do(X) to playing do(X, Z).

E[Y] = 2z E[Y|do(z)] P(2)
< >z E[Y]|do(z")] P(z)
= E[Y|do(z*)] z* = argmaxz E[Y|do(z)]

C. E[Y] = E[Y|do(z*)]
Implication: playing do(Z) should be preferred to playing do().

Lee et al. Structural Causal Bandits: Where to Intervene, 2018



Causal Representation

Machine Learning

Chaochao Lu. The Agnostic Hypothesis: A Unifying View of Machine Learning, 2020



Opinion 1: Anticausal

pixels label
Biochemical and Mechanical - -
Causal Mechanisms
1 “Cat”
VAVAVAVAVAVY:

—_—
anticausal 0
X Y

P(X. Y) = P(X) RO
X—-Y Y- X

Scholkopf et al. On Causal and Anticausal Learning, 2012
Chaochao Lu. Is Image Classification a Causal Problem?, 2020



Opinion 2: Causal

Nature variables ixels label
HHe vatd Nature causal b human o
mechanisms cognition s
J\/\/\/\/V—> e
causal e
-_ -
<«
anticausal causal

e predict human annotations from images in
order to imitate the cognitive process (i.e.,
humans produce labels by following a causal
and cognitive process after observing images.)

e In the causal direction, Nature variables (e.g.,
colour, light, angle, animal, etc.) produce
images through nature causal mechanisms.

e In the anticausal direction, we attempt to

|
|
|
|
|
|
|
|
disentangle the underlying causal factors of .
9 ying ! o P(Y|X) should be stable across environments
|
|
|
|
|
|

or domains. Hence, empirical risk minimisation
(ERM) should work quite well.

variation behind images (i.e., Nature variables).
e Disentanglement vs. Inference

e Hierarchy of Nature Variables vs. Occam’s Razor

Arjovsky et al. Invariant Risk Minimization, 2019
Chaochao Lu. Is Image Classification a Causal Problem?, 2020



The Agnostic Hypothesis

—_— caqsal Nature variables
—_— anticausal

—> anticausal+causal

Image and label as two different
representation spaces

e Plato’s Theory of Forms (Credit to Hannes)
e Manipulability Theory
e Principle of Common Cause

a feature extractor and a classifier e Theory of Linguistics (Credit to Rebecca)

Chaochao Lu. Is Image Classification a Causal Problem?, 2020
Chaochao Lu. The Agnostic Hypothesis: A Unifying View of Machine Learning, 2020



Connections to ML

Reinforcement
Learning

Chaochao Lu. The Agnostic Hypothesis: A Unifying View of Machine Learning, 2020



Independently Controllable Features

(Bengio et al. 2017)
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Challenges iIn
RL for Causal Inference



Intractability

Number of DAGs with d nodes

|

3

25

543

29281

3781503

1138779265

783702329343

1213442454842881

4175098976430598143

31603459396418917607425

521939651343829405020504063
18676600744432035186664816926721
1439428141044398334941790719839535103
237725265553410354992180218286376719253505
83756670773733320287699303047996412235223138303
62707921196923889899446452602494921906963551482675201
99421195322159515895228914592354524516555026878588305014783
332771901227107591736177573311261125883583076258421902583546773505

T e T e T e S e e S S S S S S =
O 0 AN N D PO —mo 00T W~

Peters et al. Elements of Causal Inference. 2017



Neurath’s Ship

“|Learners| are like sailors who on the open sea must reconstruct
their ship but are never able to start afresh from the bottom. Where
a beam 1is taken away a new one must at once be put there, and for
this the rest of the ship is used as support. In this way, by using
the old beams and driftwood the ship can be shaped entirely anew,

but only by gradual reconstruction.”

— WILLARD V. O. QUINE

Inference + Intervention

Neil Bramley. Constructing the world: Active causal learning in cognition. 2017




Inferring the World
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Neil Bramley. Constructing the world: Active causal learning in cognition. 2017



Intervening the World

&

1‘ argmax E |V (M|d' Dt Lw C’t L )
EC d’GD

a) Hypothesis space b) Payoff matrix d) Disagreement between objectives

Highest expected score .

M 3 2 1 1.00-

(x 2 o P N _ G€® 0.75- U=2.5
.‘L 5 & 50’1:0 @) mi= < 8 _

m1 m2 m3 A o 2 3 1 0.50 - P=0.5
Z 3 0.25- 1=0.58

C) Objective functions 0.00-

A Highest probability correct [l
@"@ ® @ £0 ® 1,004
Ground truth (m
2075+ U=24
P(m2=1 "= P(my=1) g 0.50 P=0.7
Expected Score o
Q 0.25- 1=0.40
] I |
P(m1=1) P(m1=1) 0.00
Lowest uncertainty

1.00-
0.75 4 U=2.2
N e 0.50 - P=0.5
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N > lop : o 0.00 . . .
P(m2:1) p(m1)=0 P(m3=1) P(m2=1) p(nil) = 0 P(m3=1) @ )
Probabilty correct Information gain Ig SI d & g ®
m1 m?2 m3

Neil Bramley. Constructing the world: Active causal learning in cognition. 2017



Connections to
Machine Learning



Causal RL in Transfer Learning

https://youtu.be/hx_bgoTF7bs




Causal RL in Meta RL
Training signal fa) \

Reward Distribution of
Observatlon\ environments

Action—»»  Environment <

Agent

Last action —

i Inner loop i

<— Outer loop

Fig. 2. Illustration of meta-RL, containing two optimization loops. The outer loop samples a new

environment in every iteration and adjusts parameters that determine the agent’s behavior. In the inner

loop, the agent interacts with the environment and optimizes for the maximal reward. (Image source:
Botvinick, et al. 2019




Causal RL in Multi-Agent RL

Challenge I: Joint Action Space

concerning result by [Lowe et al., 2017] shows that for a simple setting of binary
actions, the probability of taking a gradient step in the correct direction decreases
exponentially with the number of agents. Formally

Pr [NJ, vJ) > o] oc 0.5V (26)

where the agent’s policy is initialzed to an uninformed policy s.t. m(a = 1|s) = 0.5,
N 1s the number of agents and VJ 1s the gradient estimate from a single sample.

Multi-Agent Reinforcement Learning: A Report on Challenges and Approaches.
(Sanyam Kapoor. 2018)



Causal RL in Multi-Agent RL

Challenge II: Common Knowledge of Rationality
Pastine et al. Introducing Game Theory, 2017

Common knowledge of rationality is a more
subtle requirement. Not only do we both have to be
rational, but I have to know that you are rational. I
also need a second level of knowledge: I have to know

1 Know that
you Know that
1 Know You are
rational.

that you know that I am rational. I need a third level
of knowledge as well: I have to know that you know
that I know that you know I am rational. And so on
to deeper and deeper levels. Common knowledge of
rationality requires that we are able to continue this
chain of knowledge indefinitely.

Foerster et al. Counterfactual Multi-Agent Policy Gradients, 2017
Jaques et al. Social Influence as Intrinsic Motivation for Multi-Agent Deep Reinforcement Learning, 2019



Causal RL in Multi-Agent RL

Challenge lll: Game-Theoretic Effect

Ben
Silent congess
Silent A1, B+ L A:-15, B0
consess A:0 B:-15 A:-10, B:-10

Challenge IV: Non-Markovian Nature of Environments

Pastine et al. Introducing Game Theory, 2017

Multi-Agent Reinforcement Learning: A Report on Challenges and Approaches.
(Sanyam Kapoor. 2018)



Potential Applications



Computer Vision |

A Fluent

O Causing Action

Fig. 8. A Causal And-Or Graph for door status, light status, and screen status. Action A, represents
nonaction (a lack of state-changing agent action). Nonaction is also used to explain the change of the monitor
status to off when the screensaver activates. Arrows point from causes to effects, and undirected lines show

deterministic definition.

Learning Perceptual Causality from Video
(Fire et al. 2015)



Computer Vision I

o - H ﬂ
Action Switch 1 Switch 2 Switch 3

. © o O 0
Predicted o o O . o ®
Graph o o @) O e o
Udete © o + o e T o e + O\
o o O @ O e

Figure 6: Sample of Causal Induction. Here we show an example of our Iterative Causal Induction
Model for 5 switches, in the “One-to-Many” case. Given the trajectory of actions and images of
the scene, the model needs to reason about which lights were turned on, and how what update this
implies in the graph. In this example, the first observed action turns on one of the switches, and the
model makes the corresponding update to the graph. The next switch does not change the lighting
so the model outputs no update to the graph. The next action sees one light go on, and updates the
corresponding switch. The next action turns on two lights, and the graph is updated to reflect this.
Lastly, since one light remains unaccounted for, the model knows to add that edge to the graph. Note:
The edges and updates are soft updates, but the model learns to predict close to exactly 1 for edges
and exactly O for non-edges.

Causal Induction from Visual Observations for Goal Directed Tasks
(Nair et al. 2019)
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Robotics

Video Pixel Networks
(Kalchbrenner et al. 2016)



Self-driving |

Scenario A: Full Information Scenario B: Incomplete Information

policy attends to brake indicator policy attends to pedestrian

Figure 1: Causal misidentification: more information yields worse imitation learning performance. Model A
relies on the braking indicator to decide whether to brake. Model B instead correctly attends to the pedestrian.

Figure 2: A graph of the underlying causal dynamics of
imitation learning. Parents of a node represent its causes.
State variables { X!}/, are fully observed.

de Hann et al. Causal Confusion in Imitation Learning, 2018



Self-driving |l

Demonstrator car Front car

Figure 2: The tail light of the
front car 1s unobserved in high-
way (aerial) drone data.

F[Y|do(x)] = Z Y - P(Y|do(x))
Y

_ Z YZ P(Y|do(x), Z)P(X | Z)P(Z)
Y X7

Zhang et al. Causal Imitation Learning with Unobserved Confounders, 2020



Recommendation Systems

user_intent v — query z ad_inventory v

Mb

scores ¢

slate s prices c

W l

clicks y »>revenue z

(u,€1) Query context x from user intent u.

(x,v,€) Eligible ads (a;) from query x and inventory v.
(x,v,€3) Corresponding bids (b;).

(x,a,€4) Scores (i p,R,) from query x and ads a.
(a,q,b,€s) Ad slate s from eligible ads a, scores g and bids b.
(

(5,

(¥,

a,q,b,€e) Corresponding click prices c.

S, U,€7) User clicks y from ad slate s and user intent u.

N O 1 S Q =

SrEEnrRS

c,€3) Revenue z from clicks y and prices c.

Bottou et al. Counterfactual Reasoning and Learning Systems: The
Example of Computational Advertising, 2013



Healthcare/Medicine

(a) Upper-layer Gaussian process (b) Lower-layer Gaussian process
© Lockdown & No Lockdown
o < Training data D> Fatality forecasts D
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Figure 1: Pictorial illustration of compartmental Gaussian processes. (a) The upper-layer GP fiy maps coun-
try features and lockdown policies to a predicted Ro. Here we depict a simplified binary policy indicator (lock-
down or no lockdown). (b) The lower-layer GP fr maps time to number of COVID-19 fatalities. The mean func-
tion is an SEIR model modulated by the upper-layer GP. Projections are obtained using the GP posteriors.

When and How to Lift the Lockdown?
Global COVID-19 Scenario Analysis and Policy Assessment
using Compartmental Gaussian Processes
(Qian et al. 2020)
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CAUSALITY FOR MACHINE LEARNING

Bernhard Scholkopf
Max Planck Institute for Intelligent Systems, Max-Planck-Ring 4, 72076 Tiibingen, Germany
bs@tuebingen.mpg.de

ABSTRACT

Graphical causal inference as pioneered by Judea Pearl arose from research on artificial intelligence
(AI), and for a long time had little connection to the field of machine learning. This article discusses
where links have been and should be established, introducing key concepts along the way. It argues
that the hard open problems of machine learning and Al are intrinsically related to causality, and
explains how the field is beginning to understand them.

arXiv:1911.10500



https://arxiv.org/abs/1911.10500

The Bitter Lesson

Rich Sutton

March 13, 2019

The biggest lesson that can be read from 70 years of Al research is that general methods that

leverage computation are ultimately the most effective, and by a large margin. The ultimate
reason for this is Moore's law, or rather its generalization of continued exponentially falling cost per unit of
computation. Most Al research has been conducted as if the computation available to the agent were constant (in
which case leveraging human knowledge would be one of the only ways to improve performance) but, over a
slightly longer time than a typical research project, massively more computation inevitably becomes available.
Seeking an improvement that makes a difference in the shorter term, researchers seek to leverage their human
knowledge of the domain, but the only thing that matters in the long run is the leveraging of computation. These two
need not run counter to each other, but in practice they tend to. Time spent on one is time not spent on the other.
There are psychological commitments to investment in one approach or the other. And the human-knowledge
approach tends to complicate methods in ways that make them less suited to taking advantage of general methods
leveraging computation. There were many examples of Al researchers' belated learning of this bitter lesson, and it is
instructive to review some of the most prominent.

http://incompleteideas.net/Incldeas/BitterLesson.html
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VIadimir Propp’s
31 basic structural elements
in Russian folk tales

Introduction

1. Absentation: Someone goes missing

2. Interdiction: Hero is warned

3. Violation of interdiction

4. Reconnaissance: Villain seeks something

5. Delivery: The villain gains information

6. Trickery: Villain attempts to deceive victim
7. Complicity: Unwitting helping of the enemy

The Body of the story

8.Villainy and lack: The need is identified

9. Mediation: Hero discovers the lack

10. Counteraction: Hero chooses positive action
11. Departure: Hero leave on mission

The Donor Sequence

12. Testing: Hero is challenged to prove heroic qualities
13. Reaction: Hero responds to test

14. Acquisition: Hero gains magical item

15. Guidance: Hero reaches destination

16. Struggle: Hero and villain do battle

17. Branding: Hero is branded

18. Victory: Villain is defeated

19. Resolution: Initial misfortune or lack is resolved

Propp’s Predicates

o

?_/.o”’

4.
.-

arl =
- ’

The Hero's Return

20. Return: Hero sets out for home

21. Pursuit: Hero is chased

22. Rescue: pursuit ends

23. Arrival: Hero arrives unrecognized

24. Claim: False hero makes unfounded claims
25. Task: Difficult task proposed to the hero

https://youtu.be/bQa7hpUpMzM

26. Solution: Task is resolved

27. Recognition: Hero is recognized

28. Exposure: False hero is exposed

29. Transfiguration: Hero is given a new appearance
30. Punishment: Villain is punished

31. Wedding: Hero marries and ascends the throne

A ‘h‘: .‘; =




Vapnik’s Challenge

Using 60,000 training examples of MINIST digit recognition
problem (6,000 per/class) DNN achieved ~ 0.5% test error.

1. Find predicates which will allow you to achieve the same
level of test error using just 600 examples (60/per class).

2. Find a small set of basic predicates to achieve this goal.




THE UNREASONABLE EFFECTIVENSS
OF MATHEMATICS IN THE NATURAL
SCIENCES

Eugene Wigner

Mathematics, rightly viewed, possesses not only truth, but supreme beauty cold and
austere, like that of sculpture, without appeal to any part of our weaker nature, without
the gorgeous trappings of painting or music, yet sublimely pure, and capable of a stern
perfection such as only the greatest art can show. The true spirit of delight, the
exaltation, the sense of being more than Man, which is the touchstone of the highest
excellence, is to be found in mathematics as surely as in poetry.

- BERTRAND RUSSELL, Study of Mathematics

Communications in Pure and Applied Mathematics, Vol. 13, No. | (February 1960)




“Nature” vs “Nurture”
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New from Carlo Rovelli

Bestselling author of
Seven Brief Lessons on Physics

“Does time has an order?”
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The
Design of Experiments

By
R. A. .Fisher, Sc.D., F.R.S.

Formerly Fellow of Gonville and Caius College, Cambridge
Honorary Member, American Statistical Association
and American Academy of Arts and Sciences
Galton Professor, University of London

Oliver and Boyd
Edinburgh: Tweeddale Court
London: 33 Paternoster Row, E.C.

1935




Foundations and New Horizons for Causal Inference

Mathematisches Forschungsinstitut Oberwolfach, 26 May - 1 Jun, 2019
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