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Difference Between the Two Approaches: Lindley’s Paradox

Same Problem with Asymmetric Noise:

Noise: heavily-skewed split-normal
distribution.

Common sense: true flux < minimum measure:
F, < 47.6.

Frequentism: 95 % confidence interval: [47.5,62.5]
= inconsistent solution.

Bayesianism: 95 % credible range: [34.6,47.7]
= consistent solution.

This is an example of the Jeffreys-Lindley's paradox.

Difficulty of Interpreting Frequentist Results:

The frequentist interpretation leads to irrelevant
interpretations = question frequentist confidence
intervals & p-values.
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Difference Between the Two Approaches: Lindley’s Paradox

Same Problem with Asymmetric Noise:

Noise: heavily-skewed split-normal
distribution.

Common sense: true flux < minimum measure:
F, < 47.6.
Frequentism: 95 % confidence interval: [47.5,62.5]
= inconsistent solution.

Bayesianism: 95 % credible range: [34.6,47.7]
= consistent solution.

This is an example of the Jeffreys-Lindley's paradox.

Difficulty of Interpreting Frequentist Results:

The frequentist interpretation leads to irrelevant
interpretations = question frequentist confidence
intervals & p-values.

Bayesians address the question everyone is inter-
ested in by using assumptions no-one believes,
while Frequentists use impeccable logic to deal
with an issue of no interest to anyone.

(Lyons, 2013)
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p(:|data)

p(Ho|data) —
RO —

posterior odds

F. Galliano (AIM) Astromind 2019, CEA/Saclay 9/36



Hypothesis Testing: the Limitations of Frequentist p-Values

Bayesian Hypothesis Testing:
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Hypothesis Testing: the Limitations of Frequentist p-Values

Bayesian Hypothesis Testing:

p(:|data)

_ pldatalit) | p(Hh)

p(Ho|data) —
RO —

p(data|Ho)  p(Ho)
0

posterior odds Bayes factor prior odds
Bayes factor | Strength of evidence
1to32 Barely worth mentioning
3.2to 10 Substantial
10 to 100 Strong
> 100 Decisive
(Jeffreys, 1961)
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= X Hol Hi hypothesis;
p(Ho|data) p(data|Ho)  p(Ho) o «—|—
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Recent Controversy About the Interpretation & the Significance of p-Values:

2011: concept of p-hacking (Simmons et al., 2011).

2015: Basic & Applied Social Psychology “would no longer publish papers containing
p-values because they were too often used to support lower-quality research’.
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p(t]data) _ pldatalh)  p(H:) 1
p(Holdata) — p(datalHo) ~ p(Ho) 08 AL LI
posterior odds Bayes factor prior odds é 0.6
Bayes factor | Strength of evidence u\E_
1to 3.2 Barely worth mentioning Qo4 o value
3.2 to 10 Substantial 02
10 to 100 Strong
> 100 Decisive V= & =
(Jeffreys, 1961) Fi

Recent Controversy About the Interpretation & the Significance of p-Values:

2011:
2015:

2016:

F. Galliano (AIM)

concept of p-hacking (Simmons et al., 2011).

Frequentist Hypothesis Testing:

Ho: the null
hypothesis;

Hi: complement.
Commonly:

p < 0.05
= reject Hp.

Basic & Applied Social Psychology “would no longer publish papers containing
p-values because they were too often used to support lower-quality research’.

statement of the American Statistical Association: “widespread use of
'statistical significance’ (generally interpreted as 'p<0.05’) as a license for
making a claim of a scientific finding (or implied truth) leads to considerable

distortion of the scientific process”

Astromind 2019, CEA/Saclay
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concept of p-hacking (Simmons et al., 2011).

Frequentist Hypothesis Testing:

Ho: the null
hypothesis;

Hi: complement.
Commonly:

p < 0.05
= reject Hp.

Basic & Applied Social Psychology “would no longer publish papers containing
p-values because they were too often used to support lower-quality research’.

statement of the American Statistical Association: “widespread use of
'statistical significance’ (generally interpreted as 'p<0.05’) as a license for
making a claim of a scientific finding (or implied truth) leads to considerable
distortion of the scientific process” = “post p<0.05 era”.
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Bayesian Hypothesis Testing:

p(Hhildata) _ pldatalth)  p(H:) 1
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Recent Controversy About the Interpretation & the Significance of p-Values:

2011:
2015:

2016:

concept of p-hacking (Simmons et al., 2011).

Frequentist Hypothesis Testing:

Ho: the null
hypothesis;

Hi: complement.
Commonly:

p < 0.05
= reject Hp.

Basic & Applied Social Psychology “would no longer publish papers containing
p-values because they were too often used to support lower-quality research’.

statement of the American Statistical Association: “widespread use of
'statistical significance’ (generally interpreted as 'p<0.05’) as a license for
making a claim of a scientific finding (or implied truth) leads to considerable
distortion of the scientific process” = “post p<0.05 era”.

2018: Political Analysis “will no longer be reporting p-values”.
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Reductio Ad Absurdum (xkcd)

DID THE SUN JUST EXPLODE?
TS NIGHT, 50 WERE NOT SURE,)

Tmrﬂmmommrm
WHEHER THE. SUN HAS GONE NOVA.
THEN, ITROULS TWO DICE. |F THEY

BOTH COME UP 5iX, ITUES TOUS:

OTHERWISE, 1T TELLS THE TRUFL.
LETS TRY.

CETECTOR! HAS THE
G.‘JNEMJbﬂ’

Al

F. Galliano (AIM)
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TS NIGHT, 50 WERE NOT SURE,)
rmrﬂmmmu:mmuezs
WHETHER THE SUN HAS GONE NOVA.
THEN, TROWS TWO DiCE. IF THEY
BOTH COHME UP 50X, ITLES TO US:
OTHERWISE,, IT TELLS THE TRUTH.

LETS TRY.
CERZTOR! HAS THE
G:JNEMH?

A

FREQUENTIST STRTISTOIN:  BAYEBIAN STATSTIOAN:
HE PROGABLITY OF THS RESULT

HAPPENING BY CHANCE 15 5,=0077 BET YOU $50
SMCE p<0.05 T CONCLUDE. IV HASNT.
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Reductio Ad Absurdum (xkcd)
DIDTHESUNJUQ'B(PLDDE?

TS NIGHT, 50 WERE NOT SURE,)

THI‘BIHJTHI\D
WHEHER THE SUN

LETS TRY.
G:JNEMH?

DEECTOR MERSURES

THEN, ITROULS TWO DICE. |F THEY
BOTH COME UP 5iX, ITUES TOUS:
OTHERWISE, 1T TELLS THE TRUH.

CETECTOR! HAS THE

ra

HAS GONE NOVA.

YES.

FREGUENTIST STATSTURN:  BAYESIAN STRTISTIOAN:
T PROGABLIY OF THG RESULT

HAPPENING BY CHANCE 15 5,=0077 BET YOU $50
SMCE p<0.05 T CONCLUDE. IV HASNT.

THAT THE SUN HAS EXPLODED.

Ta

/

O

F. Galliano (AIM)

The Bayesian Point of View:

p(noval2 x 6) =

p(2 x 6|nova) x p(nova)

Astromind 2019, CEA/Saclay
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The Bayesian Point of View:

p(2 x 6|nova) x p(nova)

2X6)=
p(noval2 x 6) ForT

Laplace’s Law of Succession:

® Probability of an event, knowing it happened n
consecutive times = (n+ 1)/(n + 2).

e The Sun is 5000 years = n = 1826213
(Bible).

(Essai philosophique sur les probabilités, 1814)
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® Probability of an event, knowing it happened n
consecutive times = (n+ 1)/(n + 2).

e The Sun is 5000 years = n = 1826213
(Bible).

e p(nova) = 1 — p(sunrise) = 1/1826215.

(Essai philosophique sur les probabilités, 1814)
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The Bayesian Point of View:
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e The Sun is 5000 years = n = 1826213
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The Bayesian Point of View:

p(2 x 6|nova) x p(nova)

2X6)=
p(noval2 x 6) ForT

Laplace’s Law of Succession:

® Probability of an event, knowing it happened n
consecutive times = (n+ 1)/(n + 2).

e The Sun is 5000 years = n = 1826213
(Bible).
e p(nova) = 1 — p(sunrise) = 1/1826215.

(Essai philosophique sur les probabilités, 1814)

The Bayesian Solution:

p(2x6) = 1/36
p(2 x 6lnova) = 1
p(nova) = 1/1826215
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Reductio Ad Absurdum (xkcd)
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F. Galliano (AIM)

Astromind 2019, CEA/Saclay

The Bayesian Point of View:

p(2 x 6|nova) x p(nova)

2X6)=
p(noval2 x 6) ForT

Laplace’s Law of Succession:

® Probability of an event, knowing it happened n
consecutive times = (n+ 1)/(n + 2).

e The Sun is 5000 years = n = 1826213
(Bible).
e p(nova) = 1 — p(sunrise) = 1/1826215.

(Essai philosophique sur les probabilités, 1814)

The Bayesian Solution:

p(2x6) = 1/36
p(2 x 6lnova) = 1
p(nova) = 1/1826215
= p(noval2 x 6) ~ 2x107°
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The Frequentist Approach

likelihood is not arbitrary.

samples non-observed data &
arbitrary choice of estimator,
loss functions or p-value.

boolean logic = a
proposition is either true or
false.

fast computation.

does not work well with small
samples.

difficult to teach (collection
of ad hoc cooking recipes).

strict: can account only for
data related to a particular
experiment.

can give ridiculous answers.

(cf. reviews by e.g. Jaynes, 1976; Loredo, 1990; Lindley, 1999; Wagenmacker, 2008; Lyons, 2013)
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A Comprehensive Historical Perspective: S. McGrayne’s Book

the theory

R
<2 that would P2y ﬁ;?
not die /g§" s isE
how cracked '
*=<._the enigma code, !
hunted down russian oo Sertseh
submarines & emerged (1942-) &5

triumphant from two ¢~
centuries of controversy

(Published in 2011)

F. Galliano (AIM) Astromind 2019, CEA/Saclay 14/36



First Formulation by Bayes

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15 /36



First Formulation by Bayes

Thomas BAYES
(~1701-1761) =

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15 /36



First Formulation by Bayes

Intellectual Interests:

Thomas BAYES
(~1701-1761) =

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15/36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.
Thomas BAYES
(~1701-1761) =

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15/36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) =g (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15/36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) =g (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).
® Published, during his lifetime: (1) a treaty

of theology; and (2) a treaty of
mathematics.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15 /36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) H& (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).
® Published, during his lifetime: (1) a treaty

of theology; and (2) a treaty of
mathematics.

The Discovery of Bayes’ Rule:

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15/36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) =g (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).
® Published, during his lifetime: (1) a treaty

of theology; and (2) a treaty of
mathematics.

The Discovery of Bayes’ Rule:

Thought Experiment: between 1746 and 1749, he formulates his rule to infer the position of a
ball on a pool table. Prior: position relative to another ball.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15 /36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) =g (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).
® Published, during his lifetime: (1) a treaty

of theology; and (2) a treaty of
mathematics.

The Discovery of Bayes’ Rule:
Thought Experiment: between 1746 and 1749, he formulates his rule to infer the position of a
ball on a pool table. Prior: position relative to another ball.

Probability of an event: “the ratio between the value at which an expectation depending on the
happening of the event ought to be computed, and the value of the thing
expected upon its happening” (An Essay towards solving a Problem in the
Doctrine of Chances, 1764).

F. Galliano (AIM) Astromind 2019, CEA/Saclay 15/36



First Formulation by Bayes

Intellectual Interests:

® Presbyterian reverend from a
nonconformist family.

Thomas BAYES ® Read: (1) David HUME (philosophy);
(~1701-1761) =g (2) Isaac NEWTON (physics); and
(3) Abraham DE MOIVRE (proabilities).
® Published, during his lifetime: (1) a treaty

of theology; and (2) a treaty of
mathematics.

The Discovery of Bayes’ Rule:
Thought Experiment: between 1746 and 1749, he formulates his rule to infer the position of a
ball on a pool table. Prior: position relative to another ball.

Probability of an event: “the ratio between the value at which an expectation depending on the
happening of the event ought to be computed, and the value of the thing
expected upon its happening” (An Essay towards solving a Problem in the
Doctrine of Chances, 1764).

Publication: in 1764, by Richard PRICE: his formula gives the probability of causes = can be
applied to prove God's existence.
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® His father pushes him towards a religious career = studies theology at the University of Caen.

® Abandons this idea and moves to Paris = meets d’Alembert in 1769, who helps him to get a
teaching position at the Ecole Royale Militaire.

Applies to the Académie Royale des Sciences = elected in 1773.
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* Wrote: Mémoire sur la probabilité des causes par les événements (1774), where he
rediscovered Bayes' rule.
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apprécier avec exactitude ce que les esprits justes sentent par une sorte d'instinct, sans
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Achievements in Celestial Mechanics: Political Career:

e Newton's geometric approach of 1799: (republic) interior minister.

mechanics = analytic approach. 1808: (empire) Comte d'Empire.
o Origin & stability of the Solar system. 1817: (monarchy) Marquis.
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Rejection of Laplace’s Work:

Mill initiated the frequentist approach 10 years after Laplace's death.

(-..) a very slight improvement in the data, by better observations, or by taking into
fuller consideration the special circumstances of the case, is of more use than the most
elaborate application of the calculus of probabilities founded on the data in their previous
state of inferiority. The neglect of this obvious reflection has given rise to misapplications
of the calculus of probabilities which have made it the real opprobrium of mathematics.

(A System of Logic, 1843)
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(A System of Logic, 1843)
© The idea that probability should represent a degree of plausability seemed too vague to be
the foundation for a mathematical theory & no clear way to assign priors.
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Rejection of Laplace’s Work:
Mill initiated the frequentist approach 10 years after Laplace's death.

(-..) a very slight improvement in the data, by better observations, or by taking into
fuller consideration the special circumstances of the case, is of more use than the most
elaborate application of the calculus of probabilities founded on the data in their previous
state of inferiority. The neglect of this obvious reflection has given rise to misapplications
of the calculus of probabilities which have made it the real opprobrium of mathematics.
(A System of Logic, 1843)
© The idea that probability should represent a degree of plausability seemed too vague to be
the foundation for a mathematical theory & no clear way to assign priors.

® The computation of Bayesian solutions was difficult (no computers).

© Laplace was despised in England for his Bonapartism.
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German submarines (U-boats) coded their ® In 1944, Thomas FLOWERS rused
communication with cryptographic Enigma vacuum tubes instead of mechanical parts
machines. = The Colossus computer.

e Turing built a mechanical computer (The
Bomb) which tested the combinations.

e He used Bayesian priors to reduce the
number of combinations, looking for
frequent words, such as “ein”, “Heil
Hitler” & meteorological terms.

® He developed a unit quantifying the
weight of evidence (Bayes factor), named
the ban, after the city of Banbury, where
punch cards were printed.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 20/36



Bayes at Bletchley Park

Alan TURING (1912-1954) 2
e Founder of theoretical computer science & artificial intelligence.

e Formalised the concepts of algorithm, computability & Turing machine.

The Enigma Code Breaking: The End of the War:
German submarines (U-boats) coded their ® In 1944, Thomas FLOWERS rused
communication with cryptographic Enigma vacuum tubes instead of mechanical parts
machines. = The Colossus computer.
e Turing built a mechanical computer (The ® Decodes Hitler's intentions in case of
Bomb) which tested the combinations. landing in Normandie = shorten the war

e He used Bayesian priors to reduce the by two years (Eisenhower).

number of combinations, looking for
frequent words, such as “ein”, “Heil
Hitler” & meteorological terms.

® He developed a unit quantifying the
weight of evidence (Bayes factor), named
the ban, after the city of Banbury, where
punch cards were printed.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 20/36



Bayes at Bletchley Park

The Enigma Code Breaking:

German submarines (U-boats) coded their
communication with cryptographic Enigma
machines.

e Turing built a mechanical computer (The
Bomb) which tested the combinations.

e He used Bayesian priors to reduce the
number of combinations, looking for
frequent words, such as “ein”, “Heil
Hitler” & meteorological terms.

® He developed a unit quantifying the
weight of evidence (Bayes factor), named
the ban, after the city of Banbury, where
punch cards were printed.

F. Galliano (AIM) Astromind 2019, CEA/Saclay
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e Founder of theoretical computer science & artificial intelligence.

e Formalised the concepts of algorithm, computability & Turing machine.

The End of the War:

In 1944, Thomas FLOWERS rused
vacuum tubes instead of mechanical parts
= The Colossus computer.

Decodes Hitler's intentions in case of
landing in Normandie = shorten the war
by two years (Eisenhower).

The work at Bletchley Park remained
classified until 1973, to hide that the
British could crack Russian codes

= delayed glory for the Bayesian
approach.
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Norman RASMUSSEN Z= estimated the risks of a nuclear incident in the 70s = possible, but
not necessarily desastrous (cf. Three Mile Island, 1979).

Bayesian Search Algorithm used to find lost nuclear bombs & russian submarines.
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1984: Most popular MCMC solver, the Gibbs sampling (Geman & Geman, 1984).
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Modern Applications:

1983: NASA estimated the probability of shuttle failure at 1 in 100000, with
frequentist methods. An independent Bayesian analysis estimated the odds of
rocket booster failure at 1 in 35. In 1986, the 28 launch (Challenger) exploded.

1987: explosion of SN1987A, with two dozen neutrinos detected = Loredo & Lamb
(1989) sucessfully applied Bayesian modelling, while frequentist techniques were
failing to analyze this valuable data (Loredo, 1990, for a review): (1) very good
agreement with theory of stellar collapse & neutron star formation; (2) upper
limit on the mass of 7e.

2003: completion of the Human Genome Project, which used Bayesian techniques.

The Bayesian Foundation of Machine-Learning & A.l.:
® Most machine-learning techniques are probabilistic.
® Training a neural network < informing a prior.
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Importance of Bayes’ Rule For Neurosciences

- Médecine/PsychoIogie_

Stanislas (Lectures given
)
DEHAENE .

Le cerveau statisticien:
la révolution Bayésienne en
sciences cognitives
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Optical lllusions: Manifestation of the Brain’s Bayesian Prior

X

(From Dehaene’s Lecture in College de France, 2011)

Most objects are illuminated from above (sunlight, spots, etc.) = the visual cortex interprets
shades, using this prior.
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Outline of the Talk

© IMPLICATIONS FOR THE SCIENTIFIC METHOD
o Karl Popper's Logic of Scientific Discovery
e Bayesian Epistemology
e How Researchers Actually Work
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Popper’s Criticism of Induction in Empirical Sciences

Karl POPPER
(1902-1994)
LS

Myth of Induction:

Inductive logic “does not provide a
suitable criterion of demarcation with
metaphysical speculation”.

“The actual procedure of science is to
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The Myth of Induction: Falsifiability, the Criterion of Demarcation:

* Inductive logic “does not provide a » Criticize conventionalism who “evade
suitable criterion of demarcation with falsification by using ad hoc modifications
metaphysical speculation”. of the theory.”

® “The actual procedure of science is to ® “One must not save from falsification a
operate with conjectures: to jump to theory if it has failed.”
conclusions — often after one single

observation” = Falsifiabilism: deductivism & modus tollens.
Modus tollens: ((A = B)A B) = A

= Deductivism: “Hypotheses can only be

emprically tested and only after they have

been advanced”.
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tested.

® Only repeatable experiments can be tested by anyone = no coincidence.

Principle of Parsimony:

Simplicity < degree of falsifiability <> higher prior improbability.
= simpler theories have a higher empirical content.

Popper’s Epistemology has a Frequentist Frame of Mind:
Falsifiability < p-value to reject the null hypothesis.

Boolean/Platonic logic & reject of probability as quantification of knowledge (no account for its
subjectivity).

Necessary repeatability: no possibility to account for sparse, unique constraints (must first think
about a falsifiable experience).

Parsimony: ad hoc principle.

Opposed to induction: “The logic of probable inference leads to apriorism”.

= It was conceived at the peak of the frequentist winter.
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Bayesian Solution to the Paradox:
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Falsifiability & the Limits of Platonic Logic

Hempel’s Paradox (Hempel, 1940):

Raven = Black < Not Black = Not a Raven
—_———

proposition contraposition

Carl Gustav
HEMPEL
(1905-1997)

=

Thus:

Bayesian Solution to the Paradox:

Raven = Black <  p(Black|Raven) =1
1 — p(Black|Raven)
1 — p(Black)
Most importantly: the weight of evidence (Bayes factor) is small for a red apple (Good, 1960).

p(Not a Raven|Not Black) =1 — p(Raven) # p(Black|Raven)

Popper’s Criterion of Demarcation & Bayesian Epistemology:

No need to require falsification = the weight of evidence tells us how relevant an observation is.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 31/36



Reproducibility, Parsimony & Accumulation of Knowledge

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8

PDF
N

X‘\
0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) =

PDF
N

X
0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

p(M|data) = /p(data| ) x p(>1|My)d

X
0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay

32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
w o< L(R)dx1 X
24
2
0 -

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay

32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
. o L(%)S XAL
24
2
0 -

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay

32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(Mi|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 a
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
0 X1

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(Mi|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 a
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
p(Ms|data)
0 X p(M; |data)

0 0.25 0.5 0.75 1
Parameter, x;

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(Mi|data) = /p(data| ) x p(>1|My)d
6 ) 1
w o< L(C&A)ox1 X —
g4 a
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
Ms|dat 0
: p(Mldata) (A)><<—>
0 X p(M; |data) A
0 025 05 075 1 e
Parameter, x <1

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 A
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
M| dat. 0
) P(M>|data) o L(%) x (7)
0 X p(M; |data) A
0 0.25 0.5 0.75 1
Parameter, x <1

The Prior Allows Accumulation of Knowledge:

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 A
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
M| dat. 0
) P(M>|data) o L(%) x (7)
0 X p(M; |data) A
0 0.25 0.5 0.75 1
Parameter, x <1

The Prior Allows Accumulation of Knowledge:

p(par)
~——

new prior

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 A
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
M| dat. 0
) P(M>|data) o L(%) x (7)
0 X p(M; |data) A
0 0.25 0.5 0.75 1
Parameter, x <1

The Prior Allows Accumulation of Knowledge:

x 1 x
p(par)

new prior initial prior

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



Reproducibility, Parsimony & Accumulation of Knowledge

Reproducibility is Useful, But Not Necessary:

Multiple experiments increasing evidence, but single observations are meaningful.

The Parsimony Principle is Hard-Coded in Bayes Factors:

8
p(M|data) = /p(data| ) x p(>1|My)d
6
1
w o< L(C&A)ox1 X —
g4 A
= Bayes factor between models M; (1 parameter) & M (2
) parameters):
Ms|dat 0
) P(M>|data) o L(%) x (7)
0 X p(M; |data) A
0 0.25 0.5 0.75 1
Parameter, x <1

The Prior Allows Accumulation of Knowledge:

1 x p(data® X ... x p(data®™
p(par) o p(data'™|par) p(data\™|par)

new prior initial prior cumulated data

F. Galliano (AIM) Astromind 2019, CEA/Saclay 32/36



OPERA: an Experiment Refuted by Theory

F. Galliano (AIM) Astromind 2019, CEA/Saclay 33/36



OPERA: an Experiment Refuted by Theory

Oscillation Project with Emulsion-tRacking Apparatus (OPERA):

F. Galliano (AIM) Astromind 2019, CEA/Saclay 33/36



OPERA: an Experiment Refuted by Theory

Oscillation Project with Emulsion-tRacking Apparatus (OPERA):

In 2011, it detected neutrinos appearing 1 + 2 x 10> times faster than light, at 6o significance
(frequentist analysis; OPERA coll., 2012).

F. Galliano (AIM) Astromind 2019, CEA/Saclay 33/36



OPERA: an Experiment Refuted by Theory

Oscillation Project with Emulsion-tRacking Apparatus (OPERA):

In 2011, it detected neutrinos appearing 1 + 2 x 10> times faster than light, at 6o significance
(frequentist analysis; OPERA coll., 2012).

Strict Popperian/Frequentist:

= reject special relativity.

F. Galliano (AIM) Astromind 2019, CEA/Saclay

33/36



OPERA: an Experiment Refuted by Theory

Oscillation Project with Emulsion-tRacking Apparatus (OPERA):

In 2011, it detected neutrinos appearing 1 + 2 x 10> times faster than light, at 6o significance
(frequentist analysis; OPERA coll., 2012).

Strict Popperian/Frequentist: Bayesian:

= reject special relativity. p(vv >c) kK1

F. Galliano (AIM) Astromind 2019, CEA/Saclay 33/36



OPERA: an Experiment Refuted by Theory

Oscillation Project with Emulsion-tRacking Apparatus (OPERA):

In 2011, it detected neutrinos appearing 1 + 2 x 10> times faster than light, at 6o significance
(frequentist analysis; OPERA coll., 2012).

Strict Popperian/Frequentist: Bayesian:

= reject special relativity. p(vy > ¢) < 1 = check your cables.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 33/36



Is Verifying General Relativity Useful?

F. Galliano (AIM) Astromind 2019, CEA/Saclay 34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves:

LIGO Hanford

512 + t +

Frequency (Hz)

LIGO Livingston
L

07 08
Time (sec)

05 3

(LIGO coll., 2015)

F. Galliano (AIM) Astromind 2019, CEA/Saclay 34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves: First Image of a Black Hole (M 87):

512 T T

LIGO Hanford

2

512 + t + t

256 1
128 1

LIGO Livingston
L

Frequency (Hz)

07 08
Time (sec)

05 3

(LIGO coll., 2015) (Event Horizon coll., 2019)

F. Galliano (AIM) Astromind 2019, CEA/Saclay 34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves: First Image of a Black Hole (M 87):

LIGO Hanford

2

512 t + + t

256 B
128 l

LIGO Livingston
L

Frequency (Hz)

o5 3 07 08
Time (sec)

(LIGO coll., 2015) (Event Horizon coll., 2019)

Strict Popperian/Frequentist Point of View:

F. Galliano (AIM) Astromind 2019, CEA/Saclay 34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves: First Image of a Black Hole (M 87):

LIGO Hanford

512 t t + t
256 1
128 I

LIGO Livingston
L

Frequency (Hz)
¢

o5 3 07 08
Time (sec)

(LIGO coll., 2015) (Event Horizon coll., 2019)

Strict Popperian/Frequentist Point of View:

© Those two experiments are distinct.

F. Galliano (AIM) Astromind 2019, CEA/Saclay 34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves:

512 t t + t

32
LIGO Hanford %

Frequency (Hz)

LIGO Livingston AN
L

o5 3 07 08
Time (sec)

(LIGO coll., 2015)

Strict Popperian/Frequentist Point of View:

© Those two experiments are distinct.

First Image of a Black Hole (M 87):

i

(Event Horizon coll., 2019)

# An absence of detection would not have disproven general relativity

F. Galliano (AIM)

Astromind 2019, CEA/Saclay

34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves:

LIGO Hanford

512 t

Frequency (Hz)

LIGO Livingston
L

05 3

(LIGO coll., 2015)

07 08
Time (sec)

Strict Popperian/Frequentist Point of View:

© Those two experiments are distinct.

First Image of a Black Hole (M 87):

i

(Event Horizon coll., 2019)

# An absence of detection would not have disproven general relativity = no falsifiability.

F. Galliano (AIM)

Astromind 2019, CEA/Saclay

34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves:

LIGO Hanford

Frequency (Hz)

LIGO Livingston

05 3

(LIGO coll., 2015)

07 08
Time (sec)

First Image of a Black Hole (M 87):

L

(Event Horizon coll., 2019)

Strict Popperian/Frequentist Point of View:

© Those two experiments are distinct.

# An absence of detection would not have disproven general relativity = no falsifiability.

Bayesian Point of View:

F. Galliano (AIM)

Astromind 2019, CEA/Saclay

34/36



Is Verifying General Relativity Useful?

First Detection of Gravitational Waves: First Image of a Black Hole (M 87):

LIGO Hanford

512 t + + t
26 !
128 /

LIGO Livingston
L

Frequency (Hz)
¢
3

o5 3 07 08
Time (sec)

(LIGO coll., 2015) (Event Horizon coll., 2019)

Strict Popperian/Frequentist Point of View:

© Those two experiments are distinct.

# An absence of detection would not have disproven general relativity = no falsifiability.

Bayesian Point of View:

Those two experiments, combined, bring a large weight of evidence in favor of general relativity.
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This is already the way we think (at least qualitatively), because it is the way our brain works.
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