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BAYES-I VISELKEDES

» Bizonytalansag, ambiguitas miatt normativ feltételezés,
hogy a valdszinliségszamitasra van sziikség

» Feltételezzik, hogy az emberi idegrendszer evolucidésan
ugy fejlédott, hogy képes legyen a bayesi inferencidhoz
kozel egyenértékl szamitasokat végezni



BAYES-I VISELKEDES

Insurance agencies employ
actuaries to make predictions
about people’s life spans—the
age at which they will die-
based upon demographic
information. If you were
assessing an insurance case for
an 18-year-old man, what
would you predict for his life
span?



GRIFFITHS & TENENBAUM, 2006

OPTIMAL PREDICTIONS IN EVERYDAY COGNITION

" Movie grosses: Imagine you hear about a movie that has taken in 10
million dollars at the box office, but dont know how long it has been
running. What would you predict for the total amount of box office
intake for that movie?

~ Waiting times: If you were calling a telephone box office to book
tickets and had been on hold for 3 minutes, what would you predict
for the total time you would be on hold?

" Lengths of marriages: A friend is telling you about an acquaintance
whom you do not know. In passing, he happens to mention that this
person has been married for 23 years. How long do you think this
person’s marriage will last?
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OPTIMAL PREDICTIONS IN EVERYDAY COGNITION
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OPTIMAL PREDICTIONS IN EVERYDAY COGNITION
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OPTIMAL PREDICTIONS IN EVERYDAY COGNITION
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KORDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMGTOR LEARNING

Estimated lateral shift

> Mutatéujj két pont kozotti
mozgatasa

> VR setup: nem valodi
helyzet, rdadasul
csaknéha lathaté

> tréning: féluton és ut
végen
> tobbi kondicid: csak

féluton Start @ |ateral shift (e.g. 2 cm)




KORDING & WOLPERT, 2004

TASK VARIABILITY

> amegjelend kurzor eltolasa a megadott
priorbél lett generalva véletlenszerlien

" ezt 1000 tréning préba alatt lehetett
kikovetkeztetni

p(x) ~ N(z|p = lem, o9 = 0.5¢m)

SENSORY VARIABILITY

> A kulonbozd kondicidkban a kurzor
kulonbozd mértékben volt elmosddva:

o' X ~

Probability

N(1,6, = 0.5) cm

Om

1
Prior lateral shift (cm)

Probability

0 1 2
Visually sensed lateral shift (cm)



KORDING & WOLPERT, 2004

3 HIPOTEZIS

1.

Csak a vizudlis becslés alapjan vett kompenzacié (sem a
priort, sem a szenzoros bizonytalansdgot nem veszi
figyelembe

. Mindkét bizonytalansagot figyelmbe vévé optimalis

integracio

. Fix leképezés a vizualis megfigyelés és az eltolas kozott

(figyelembe veheti a priort, de a szenzoros bizonytalansagot
nem)
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KORDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING
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BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

Probability
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KORDING & WOLPERT, 2004

BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

Deviation from
target (cm)

True lateral shift (cm)
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BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

Slope
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BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING

Slope
Inferred prior (a.u.)

Lateral shift (cm) '
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BAYESIAN INTEGRATION IN SENSORIMOTOR LEARNING
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ROCK & VICTOR, 1964

VISUAL CAPTURE

» Torzitélencsén keresztil megfigyelt
objektum exploracidja tapintassal

(3
©

Stimulus Presentation Response Method

Vision  Haptic
alone. alone |

V H V H | Drawing

A

Conflict

190 = 098 | 1.85



ERNST, & BANKS 2002

CUE INTEGRATION

a / » Méretbecslés

» Vizualis informaciod

CRT

Stereo » Haptikus informacid

glasses

Opaque
mirror

» A kettd forras
. "informacidtartalma”,
feedback . ’ .
devices vagyis a hozzaadott zaj
volt varialva
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CUE INTEGRATION

(L
©



ERNST, & BANKS 2002

CUE INTEGRATION

Xyls ~ N(s,0,) Xpls~ N(s,op)
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CUE INTEGRATION

~ prior

== visual

= haptic

== posterior



ERNST, & BANKS 2002

CUE INTEGRATION

5

~ N (i, 8%

prior
== visual
= haptic
== posterior
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ERNST, & BANKS 2002

Probability
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ERNST, & BANKS 2002

2, 2
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ERNST, & BANKS 2002
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ERNST, & BANKS 2002
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2-1FC Task

Standard Comparison A

no feedback!

—— gl ondition

\ )
Visual-alone Haptic-aloig

0 =

Visual-Haptic

(slide from Laurence T. Maloney)



ERNST, & BANKS 2002

Within-modality discrimination
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ERNST, & BANKS 2002

Visual-haptic discrimination

Within-modality discrimination .
(normalized across A)
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INTUITIVE PHYSICS







BATTAGLIA ET AL., 2013

A w1 |nputs == 2 |ntuitive Physics Engme == 3. Qutputs

.gavb- Will it fall?

(t) —_— (t+1) - ' " Soeiis ()

Add blocks, blocks made of styrofoam, blocks made of lead, blocks made of goo,
table is made of rubber, table is actually quicksand, pour water on the tower,
pour honey on the tower, blue blocks are glued together, red blocks are magnetic,
gravity is reversed, wind blows over table, table has slippery ice on top...



BATTAGLIA ET AL., 2013

C1 . Probabilistic IPE D Ground-truth physics
' @ o |
T t TI |
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e Fall —» | Fall —»
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Model (avg. proportion fallen) Model (avg. proportion fallen)
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PHYSICAL ILLUSIONS D' Ground-truth physics

Fall —»

00 02 04 06 08
Model (avg. proportion fallen)

(€)
(B)




BATTAGLIA ET AL., 2013

WHICH DIRECTION?

Difference between Difference between
model & human model & human
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VARYING OBSTACLES, FORCES
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0SSZEFOGLALAS

» Bizonytalansag, ambiguitas miatt normativ feltételezés, hogy a
valészinliségszamitasra van sziikség

» Feltételezziik, hogy az emberi idegrendszer evolucidésan ugy fejl6dott,

hogy képes legyen a bayesi inferencidahoz kozel egyenértéki
szamitasokat végezni

» Lattunk empirikus példakat arra hogy ez megvaldsul,

» de nyilvanvaléan nem minden feladatban fogjak az emberek
optimalisan integralni a rendelkezésre allé informacioét, olyan
feladatokban van erre esély ahol az evolucié erre
rakényszeritette
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DECISION THEQRY

Decision theory

World knowledge:
how probable is each _
outcome as a function
of the decision?

| asons

Cost function: how
good or bad is each _|
potential decision
outcome?

E|[U (action)]

= Z P(outcomelaction)U (outcome)

Very low
uncertainty
5 20 4

Motor errors




DECISION THEORY

Z P(outcomel|action)U (outcome)

al.berkeley.edu


http://ai.berkeley.edu




© U (action)




Z P(outcomelaction)U (outcome) © U (action)]




BAYES-| VISELKEDES

VISELKEDES

» Vilag reprezentacidja: P(h, 0)
h hipotézis
O megfigyelés (observation)
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VISELKEDES

» Vilag reprezentacidja: P(h, 0) és P(h"h, CL)

(A cselekvés (action)
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VISELKEDES

» Vilag reprezentacidja: P(h, 0) és P(h"h, CL)
» Erték fiiggvény: V(h) = —L(h)



BAYES-I VISELKEDES

VISELKEDES

» Vilag reprezentacidja: P(h, 0) és P(h"h, CL)
» Erték fliggvény: V(h) — —L(h)

» Dontés:  opta f(V, P(h/‘h, a), P(h))



BAYES-I VISELKEDES

VISELKEDES

» Vilag reprezentacidja: P(h, 0) és P(h"h, CL)
» Erték fliggvény: V(h) — —L(h)

» Dontés:— opta f(V, P(h'|h,a), P(h))

ol: a = argmaa:(z V(R YP(h'|h,a)P(h))
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» Hogyan hatdrozza meg a koltségfliggvény a dontésiinket?

» Specidlis eset: a dontés ugyanabban a térben szuletik,
mint az inferencia, ekkor a dontés eredménye egy specialis

I kivalasztasa
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» Hogyan hatarozza meg a koltségfliggvény a dontéstinket?
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KOLTSEGFUGGYVENY

» Hogyan hatarozza meg a koltségfliggvény a dontéstinket?

» Specidlis eset: a dontés ugyanabban a térben sziletik,
mint az inferencia, ekkor a dontés eredménye egy specialis
T kivélasztasa

L(%,z) = (2 — z)° —— i=) zP(z) posterior mean

L(z,z) = |7 — x| — Z P(z) = % posterior median

r=——00




KOLTSEGFUGGYVENY

» Hogyan hatarozza meg a koltségfliggvény a dontéstinket?

» Specidlis eset: a dontés ugyanabban a térben sziletik,
mint az inferencia, ekkor a dontés eredménye egy specialis
T kivélasztasa

L(%,z) = (2 — z)° —— i=) zP(z) posterior mean

L(z,z) = |7 — x| — Z P(z) = % posterior median

r=——00

L(z,7) = 0 dbe=t  _ 4 _ jromax P(z)  maximum a posteriori (MAP)
—1 otherwise . . . .

2y 4
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TROMMERHAUSER, MALONEY, & LANDY, 2008

OPTIMALIS DONTESEK EMBEREKNEL

Where to aim?
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OPTIMALIS DONTESEK EMBEREKNEL
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OPTIMALIS DONTESEK EMBEREKNEL
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Adott mértéku motor-zajt feltételezve
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OPTIMALIS DONTESEK EMBEREKNEL

Where to aim?

Adott mértéku motor-zajt feltételezve
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0.07, —12.5 cents
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OPTIMALIS DONTESEK EMBEREKNEL

Where to aim?

Adott mértéku motor-zajt feltételezve

0.43, 2.5 cents
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OPTIMALIS DONTESEK EMBEREKNEL

Where to aim?

Adott mértéku motor-zajt feltételezve

[ ] L
0.43, 2.5 cents 0.32, 2.5 cents
0.29, —10 cents 0.03, —10 cents
0.07, —12.5 cents <0.01, —12.5 cents

0.21, O cents 0.65, 0 cents



TROMMERHAUSER, MALONEY, & LANDY, 2008

OPTIMALIS DONTESEK EMBEREKNEL

0.43, 2.5 cents
0.29, —10 cents
0.07, —12.5 cents
0.21, O cents

Adott mértéku motor-zajt feltételezve

0.32, 2.5 cents
0.03, —10 cents
<0.01, —-12.5 cents
0.65, 0 cents

Where to aim?

<> 0.78 cents per trial

. | © 0.64 cents per trial

0.57 cents per trial

@ 2.8 cents per trial



TROMMERHAUSER, MALONEY, & LANDY, 2008

OPTIMALIS DONTESEK EMBEREKNEL

I
9
| {J] | é I !4 I é | é
Optimal shift (mm)

TRENDS in Cognitive Sciences



BAYES-| VISELKEDES

HAZI FELADAT

» 1. Cue integration: lassuk be, hasznalva a Bayes szabalyt és a megadott prior és
likelihood fliggvényeket, hogy a latens (s) posteriorja Gauss a kovetkezé

paraméterekkel:
(Keresstik ki a Gauss eloszlas s(irliségfliggvényét és hasznaljuk a Bayes-i inferencia

szaba’lyait:)(posterior ~ prior * likelihood).
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» 2. Ernst&Banks: Cue integration:
» Miért nem kellett szamolnunk a priorral?

» Milyen forrasokbdl j6het zaj a csak haptikus esetben?
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