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Abstract: Explaining the natural world through cause-and-effect relations is the fundamental principle of science. Although a classical theory of
causality has been recently introduced, enabling us to model causation across diverse research fields, it is crucial to examine which aspects of it
require modification or abandonment to also comprehend causality in the quantum world. To address this question, we will investigate paradigmatic
scenarios, including the double dlit, Bell's theorem and generalizations to quantum networks, also exploring recent experimental advancements.
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Correlation B 4:@
does not imply v |

causation! T N ”
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“Correlation supersedes causation,
and science can advance even withoutm,
coherent models, unified theories, or
really any mechanistic explanation at
all.

Correlation is enough. \We can stop
looking for models. We can analyze
the data without hypotheses about
what it might show. We can throw the
numbers into the biggest computing
clusters the world has ever seen and
let statistical algorithms find patterns
where science cannot.

THE END OF THEORY: THE DATA
DELUGE MARES THE SCIENTIFIC

METHOD OBSOLETE
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Correlation does not imply causality but...

“Very large databases have to

contain arbitrary correlations. These he Deluge of Spurious Correlations in Big Data
correlations appear only due to the Cristian S. Ca'@dE&Giuseppe Longo
Size, faet The fngtil re, of data.. most Foundations of Science 22 (3):595-612 (2016) ¢ Copy @1BBTX

correlations are spurious. Too much
information tends to behave like

HOW TO CONFUSE
very little information. The scientific _ MAGHINE LEARNING

-

method can be enriched by computer
Mining in immense databases, but not
replaced by it.”
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If we look enough, we will always find patterns where there is only noise...

Number of people who drowned by falling into a pool
correlates with

Films Nicolas Cage appeared in

2002 2003 2004 2005 2006

2001 2002 2003

-8~ Nicholas Cage -+~ Swimming po

Data cannot be interpreted in a theoretical vacuum!

We should start with an hyphotesis and only then generate the
date to confirm or falsify it!
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Causality Theory

JUDEA PEARL
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Judea Pearl
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e DAGs and twhe Language of Causality

Outline
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“If an improbable coincidence has
ocurred, there must exist direct
influence and/or a common cause.”“

Reichenbach’s
principle:

NO correlation
without causation.
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For n variables X,. ... X, the causal relationships
are encoded in a'causal structure, represented
by a directed acyclic graph (DAG), with ith
variable being a deterministic

xi=fi(pai’ui)
DAGS: of its parents pa, and jointly independent

Representing noise variables u,
causal relations
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For n variables X,. ... X the causal relationships
are encoded in a causal structure, represented
by a directed acyclic graph (DAG), with ith
variable being a deterministic

xi=fi(pai’ui)
DAGS: of its parents pa, and jointly independent

Representing noise variables u,
causal relations

* Causal relationships are
encoded in the conditional

* indepen®encies (Cls)
implied by the DAG

(A1, A2) = p(A1)p(Aa) 1
)

p(A, B|A1) = p(A|M)p(B| A

Conditional independencies hold

. . . See J Pearl Causalit
information about causation! L v
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Conditional independencies: Uncovering causal relations Part 1

Is a given probability distribution compatible
with a presumed causal structure?

Example: Is a given p(A, Ao, A3, A, B, C') compatible with

])(/\1, Ag) — }_)(e\| )])()\3)
DA, BIA) (AN p(BIA)

» |f the the full probability distribution (of all nodes in a DAG) is available, Cls

hold all information required to solve the compatibility problem

However...
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Bell Inequalities: Uncovering causal relations Part 2

» Usually and for a variety of reasons not all variables in a DAG are observable, i.e., not

all Cls are available from empirical data

X % p(z,y, A) = p(z)p(y)p(A)
plalz,y,A) = pla|z, )

ORHE p(a,bA) = p(al)p(bl)
pla,blz,y) = Zp(a. b, Az, y) :
3

= Zp(a. blz,y, \)p(A|z, y)
A

Bell inequality [N

>

» Cls impose non-trivial constraints on the level ofthe _ . [Rev. Mod. Phys. 86, 419 (2014)]

=S~ plala, Np(bly, Np(N)
A

observable variables, for example, Bell inequalities.
» In quantum mechanics non commuting observables cannot be jointly observed

Marginal scenario: subset of variables that are (jointly) observable
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The challenge: Uncovering causal relations Part 3

» Describe marginals compatible with DAGs
» The observable probability dist. contains the full information required for that...

~ ..very difficult, non-convex sets (algebraic geometry methods required, see for

instance [Geiger & Meek, UAI 1999])
Picture from [Steeg & Galstyan, UAI 2011]

plAd, B,.() = / A dAadA3p(A)p(A2)p(A3)
[)(llAlAz)[ﬁ(BlAl)\g)p((T|/\2/\g)

-----------------------

<Az B>»>
p 4

[Chaves et al, Uncertainty in Artificial Intelligence (UAl 2014)]
[Chaves, Phys. Rev. Lett. 116, Q10402 (2076)]

[Lee, Spekkens, Journal of Causal Inference 5 (2017)]

[Wolfe, Spekkens, Fritz, J Causal Inference 7 (2079)]

[Kela et al, IEEE Transactions on Information Theory 66, 339 (2019)]
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Outline

PHYSICAL REVIEW LETTERS 120, 190401 (2018)
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Causal Modeling the Delayed-Choice Experiment

Rafael Chaves, Gabnela Barreto Lemos, and Jacques Pienaar
International Instinute of Physics, Universidade Federal do Rio Grande do Norte,
Campus Universitario, Lagoa Nova, Natal, Rio Grande do Norte 59078-970, Brazil

e Double slit experiment

PHYSICAL REVIEW A 100, 022111 (2019)

Device-independent test of a delayed choice experiment

Emanuele Polino.!' Tris Agresti.! Davide Poderini.! Gonzalo Carvacho.' Giorgio Milani.'
Gabriela Barreto Lemos,>* Rafael Chaves.>*-" and Fabio Sciarrino’--
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The d O U b | e S| |t | will take just this one experiment, which has been designed to
contain all of the mystery of guantum mechanics... Any other
situation in quantum mechanics, it turns out, can always be

eX De I’I m e ﬂt explained by saying, You remember the case of the experiment
with the two holes? It's the same thing’.

Y -

Richard Feynman

double-

Electrons

electron
beam gun

interference
patiern

@ obsel observe
* ff\‘U"r\jﬁ' b:arrt:ﬁ / \-J \bpalterg

B J VAN / S

t 1
} electrons dmw‘q_:; N N - ] electrons

slits slits

i source i source

~TFTF D\ PZ
LI X ] L]
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The delayed choice version

) a C
2} observed Fal /7, ebserved ; _A
N I\ N pattem P [\ pattemn
- B ] \ L = / \ / \! BS
NS NN A = et N 1
screen screen
|| || —
| electrons | electrons
| | detector N = nad ‘ d
e i i L o i
slits slits L E »
A

] BS, |e

_ Mach-Zender
Double-Slit / Interferometer

[ 1 —
.Tx))._’® ‘A=——(D)

Prepare and Causal Structure
Measure

Can this causal model explain the observed statistics?
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The delayed choice version

‘* [

¥(x,0)) = L (jo1) +eit10)) == pH[x,0) = 1/2

2

¥ (x,1)) = cos(%)|01) —isin(%:)[10) wmp p(1lfx,1) =1- p(0[x,1) = sinz(%lj

[p(d

Y, /\) — Euu P(d\}/: A, “D)P(H‘Dj

il plup=0)=plupn=1;=1/2
ii) p(A=0]x) =1—p(A =1|x) = cos %

iti) p(dly =0Aup)=plly = 0:up) = dgup,
w) pldly=1Aup)=pldly=1,1) =64,

Can this causal model explain the observed statistics?
YES!!!
If we give up on wave-particle concepts, the double-slit experiment
does have a classical explanation.
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The delayed choice version

If we slightly change the experiment, a classical model with
the same dimension constraints cannot explain the data.

Ipw = (Doo) + (Do1) + (D10) — (D11) — (D29) <3

Ig=1+2V2
& O ® ©
Non-classicality! Kl — lﬂ
‘A'——(D) A——(D)
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Outline

* Quantifying quantum causajity
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Common causes
b |
Causal Influences

Does smoking cause cancer?

irsa: 23040117 Page 26/54



Common causes
X
Causal Influences
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Friendship

Common causes

X L= B

Causal Influences * +* X

) S

Is obesity contagious?
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What about guantum causality/interventions?

Does A have some causal influence over B, or all the correlations between A and
B are mediated via the common ancestor?

Intervention
QS
p(bla) = Y p(bla, A)p(Ala) p(bldo(a Ep bla, A)p

A

p(bla) # p(b|do(a))

Observation Intervention

-0 2@ -0

Wblie,
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What about guantum causality/interventions?

Does A have some causal influence over B, or all the correlations between A and
B are mediated via the common ancestor?

Intervention
A E5)
p(bla) =3 _ p(bla,A)p(A|a) p(b|do(a Zp bla, \)p(A)

A

p(bla) # p(b|do(a))

4]
Measure of causality

ACE,_,p = sup |p(b|do(a)) — p(bldo(a"))|

a, f?’ l
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Can we do it with observational data only, i.e., without
interventions? Yep, use an instrumental variable X.

Empirical data is encoded
7/ \ in the distribution

w p(a,b|x)
OO

INstrumental
variables
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INstrumental
variables

Pirsa: 23040117

Can we do it with observational data only, i.e., without
interventions? Yep, use an instrumental variable X.

Empirical data is encoded
® @/ \. in the distribution

p(a,b|x)

Can estimate causal influence in a device independent
way, e.g, the average causal effect (ACE).

Balke & Pearl JASA 1997

ACE,_,p = sup |p(b|do(a)) — p(b|do(a’))]

*a,a’b

2 ACE4_g >2p(a=0,b=0|x=0)—2
\ +pla=1b=1x=0)+p(b=1x=1)
.

O

®—0
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THE SVERIGES RIKSBANK PRIZE

pPayaw|g SepjIN :suoijelsn|||

DE\Vile! Joshua

Card D. Angrist  W. Imbens

“for his empirical “for their methodological
contributions to labour cantributions to the analysis
economics” of causal relationships”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

|dentification of causal effects using instrumental variables
JD Angrist, GW Imbens, DB Rubin - Journal of the American ..., 1996 - Taylor & Francis

We outline a framework for causal inference in settings where assignment to a binary
treatment is ignorable, but compliance with the assignment is not perfect so that the receipt
of treatment is nonignorable. To address the problems associated with comparing subjects ...

v¢ 99 Citado por 6370 Artigos relacionados Todas as 26 versoes
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What about guantum causality/interventions?

namre

physics PHYSICAL REVIEW LETTERS 125, 230401 (2020)

Quantum violation of an instrumental test
Quantifying Cansal Influences in the Presence of a Quantum Common Canse
Rafael Chaves©", Gonzalo Carvacho®, Iris Agresti®, Valerio D Giulio @7, Leandro Aolita®

Sandro Giacomini® and Fablo Sciarrino™ Mariam Gachechiladze " Nikols Miklin®.™" and Rafael Chaves™

dmziings for Theorencal Phyracs, | iy of Cologne, 50937 Cologne, (ermany
tre for Theory of Puanam Tachm s (CTETL Universiry of Gadanst, SO-808 Gaarisk Polond
o Frsviruze of Physics, Federal Universiry of Bio Grande do Nome, S9000405 Naral, Brazil

PHYSICAL REVIEW LETTERS 120, 140408 (2018)

Quantum Steering Beyond Instrumental Causal Networks Exclusivity graph approach to Instrumental inequalities

R. V. Nery,' M. M. Taddei,' R. Chaves,” and L. Aolita"’

51!, Gomzalo Carvacho', Fubio Sciarrine’
hazzale Alde Morn 5, 1-00185 Roma Maly

COMMUNICA“ONS Danvide Podertnt’, Rafsel Chaves™, Irs Agre
PHYSICS Dipartimente di Fisica, Sapienca Universiti d Roma P

. SOUT04GS Natal, Reuzil
dor Norre, SOOFR-070 Naseel Brasil

ARTICLE W) o v
e ‘ R
: S - Quantifyving Quantum Causal Influences
Experimental device-independent certified ying
randomness generation with an instrumental Lucas Hutter," Rafael Chaves,™* Ranieri Vieira Nery,” George Moreno, >4 and Daniel Jost Brod®
causal structure
' M, h A Ay Carva 2 2 L1}

SCIENCE ADVANCES | RESEARCH ARTICLE

PHYSICS

Experimental test of quantum causal influences

Iris Agresti', Davide Poderini’, Beatrice Polacchi', Nikolai Miklin*?, Mariami Gachechiladze®,
Alessia Suprano’, Emanuele Polino', Giorgio Milani', Gonzalo Carvacho',
Rafael Chaves®*, Fabio Sciarrino™
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@

/ \ * Inthe simplest scenario all correlations are classical

@ [Henson,Lal,Pusey NJP 2014]
@ pla, IJ|:%: Y p(alx,A)p(bla,A)p(A)
v+ A

p(a, b|x) = tr[(M} ® Nf)pas]

* But what about interventional data?
Quantum causal p(b|do(a) a,\)p(A)
influences p(bldo(a)) = tr (1 & NE)paa] = tr [NZpsl
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* Quantum ACE

® @/ \ pola, blx) = Tr [(M] @ Mj)oe]
0 = zﬁﬁ)(cﬁ*l + (1 —v)u/4
= (1/v2)( T +1 1)
pqa(bldo(a)) = pq(bldo(a’)) = Tr[(M§)n/2] =1/2
ACEp,5 =0

Quantum causal
influences

* Classical ACE
ACE4,3 >2p(a=0,b=0|x=0)-2
+pla=1b=1x=0)+p(b=1]x =1) .
Quantum effects can
lead to an
ACE B 2 091v —0.75 overestimation of
causal influences!
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Q U a nt | fy | n g Ca U S a | Result 1. Every pure entangled state can generate correla-

tions that violate the classical bound on ACE. Moreover, en-

| m ﬂ U e n Ce S tanglement is necessary but not sufficient for such violations.
0.16 |

 Even though no Bell inequality

can be violated, we still can 0.12 v

witness the non-classicality of the

correlations. 0.08 |

« A guantum common source leads 004 |

to na overestimation of causal '

influences if the classical bounds

are used. 0

S
iy
=y
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Quantifying
gquantum causal
influences

Result 3. In the instrumental scenario with dichotomic mea-
surements qACE is lower bounded as

x)+p(L1x)+2—-1, (11)
+ x=0.1
—max 1_[ (1+ Z -1)*(p x)—p(a,1]x)))
a=0,1 x=0,1

04 r

p(0,0[1)

0.2

0.1

0 0.1 0.2 0.3

p(0,0(0)

0.4 0.5
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Outline

* Quantum networks

Pirsa: 23040117 Page 40/54



@.
Beyond Bell

Quantum networks can have much more
interesting topologies than the
“single source connects all” scenario!
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Beyond Bell
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Bilocality: the independence of the sources is

explicility taken into account
[Branciard, Gisin, Pironio, PRL 104, 170401 (2010)]
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Unlocking new
features with
quantum networks

Pirsa: 23040117

X3

Non-localitity activation of measurements
[Pozas et al, PRL 123, 140503 (2019)

Self-testing quantum theory
[Weilenmann, Colbeck, PRL 125, 060406 (2020)]

Proving the need of complex humbers
[Renou et al Nature 600, 625-629 (2027)

Full network nonlocality
[Pozas,Gisin, Tavakoli ,PRL 128, 010403 (2022)
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Unlocking new
features with

Non-localitity without inputs
Qua ntum networks [Fritz, NJP 14, 103001 (2012)]

[Renou et al, PRL 123, 140407 (2019)]

Genuine Multipartite non-locality in a network
[Suprano et al, PRX Quantum 3, 030342 (2022)]

Quantifying measurement dependence

in Bell’s theorem
[Chaves et al, PRX Quantum 3, 040323 (2021)]
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Experimental realization
of the “Fritz” distribution

[Polino et al, Nat Comml4, 909 (2023)
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Experimental realization
of the “Fritz” distribution
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OUTPUT p(ali\mJ\E) P(bA A Ple[Aeac) BRSPS AR

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Visibility (v)

(a) Deep learning illustration. {b) ML nonclassicality detection.

[Krivachy et al, npj Quantum Inf 6, 70 (2020)]
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Experimental realization
of the “Fritz” distribution

()
&7 333

{a) Triangle network second-order inflation (b) The coefficients of a quadratic inequality

[Wolfe, Spekkens F@'fz, J. Causal Inference 7, 2019]
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Causality theory provides a fairly unexplored
framework

Causal analysis of the double slit experiment shows
Its classicality

Interventions and the quantification of causal
influences allow for new method to detect non-

Ta ke-l—lome classicality 0,

Messages

Causal networks reveal new quantum features
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Come to Paraty! Registration is open!

VIl Paraty Quantum Information School and Workshop

Paraty — Rio de Janeiro — Brazil — 7-18 August 2023
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Embedding Bell
g PP 7 1(Ao: Aag) +I(Ag : Co) < H(Ao)

iNn a Triangle PL Jj

\h A / \ J\AB -
Aac BC @ e \ )

W/ S

. ¢o ©1)
o [ ag | bo )
[0){0] @ |ébo){do| — (0,0), [0){0| @ |&1) (1] — (0,1) . N
1D (1] @ |wo){wo| — (1.0), [L){1] & jwi){wr| — (1,1)

[Fritz, NJP 14, 103007 (2012)]
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Embedding Bell
N a Triangle
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M‘JEL\LM‘ L a1 /AA{‘E\.' b
T~ BN

AR b] ? / I(Ag - AAB) + I(A[) : CO) < H(A(])

: Aap .
‘al./‘/ \_hll

,hA(‘, J
\ C_[J "_:1 4 : ao .'bn |
|0)(0| @ |do){do| — (0,0), [0)(0] @ |¢1) (]| (0,1)
1) (1] ® |wo){wo| — (1,0), |1){1] ® |wi){w:] — (1,1)

[Fritz, NJP 14, 103007 (2012)]
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@

/ \ * In the simplest scenario all correlations are classical
[Henson,Lal,Pusey NJP 2014]

®-0—0@ (e bl) — EP(”\"" A)p(bla, A)p(A)

p(a, blx) = tr[(M7 & Ny)pas]

* But what about interventional data?
Quantum causal ~ p(bldo(a) ,A)p(A)
IﬂﬂueﬂCGS p(bldo(a)) = tr[(1 ®N” )pAB] = tr [N} pB]

* Do the classical bounds on ACE still apply?
ACE4 _,p = max (p bldo(a)) — p(bldn(u’)))

aa',b

+p(a=1,b=1x=0)+pb=1x=1)
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The delayed choice version

a0

If we slightly change the experiment, a classical model with
the same dimension constraints cannot explain the data.

Ipw = (Doo) + (Do1) + (D10) — (D11) — (D20) <3

lo=1+2v2
@ ¢ ® ®
Non-classicality! T T = l/y
A——(D) A——(D)

minRy_,, = max [ITTS, 0}
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The delayed choice version

Double-Slit

[ 1

Prepare ahd
Measure

=)

¢

o el
BS,

b

. d

BSFA‘ ’)
Mach-Zender

Interferometer

Causal Structure

Can this causal model explain the observed statistics?
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