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My Background

CQCQd@V Commonsense Reasoning / Intuitive Theories

Intuitive Psychology
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as building models of the world. Annual Review of Developmental Psychology, 2, 533-558



Overview

“What’s Your Deal?”

Intuitive Physics, from Babies to Adults —_
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Core knowledge

Early developing orinnate

Shared with other animals

Nz

~

Few domains F \r‘ % «/t\

General principles, limited domains

(see Spelke and Kinzler, 2007)



Core Physics Knowledge

Infants have expectations about objects

Permanence ' I I

Cohesive

Solid

Smooth paths

Video by Kristina Pattison
University of Kentucky

Contact causality



Adults and Intuitive Physics

Game Engine
Programs




Game Engines

] Objects
Game Engine .
Properties
Program .
Dynamics
lSimulate T Infer @
Observation LN




Mental Game Engines
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Smith et al., Cogsci (2012)

Sanborn et al., Psych Rev (2013)

More examples (partial)

Collisions and noise e.g. Smith & Vul (2013)

Liquids e.g. Bates et al. (2015)

Counterfactual / causal e.g. Gerstenberg et al. (2017)

Theory search e.g. Ullman et al. (2018)

Active learning e.g. Bramley et al. (2018)

Alternatives in ML/AI (partial)

4 Feedforward Deep Nets

X:3x224x224

e.g. Lerer et al. (2016)

™ ( VRNN+LRUMemory )

N Piloto et al. (2018) )

4 N
Modified DCGAN

\_ Riochet et al. (2018) P,

Feature-based decision-trees R

\_ Dasgupta et al. (2021) Y




Alternative Models of Core Physics

4 Physical Reasoning System\ 4 A

Feedforward Deep Nets
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Alternative Models of Core Physics Il

Probing Physics Knowledge Using Tools from Developmental Psychology

Luis Piloto !2* Ari Weinstein ! Dhruva T.B.! Arun Ahuja! Mehdi Mirza! Greg Wayne! David Amos '
Chia-chun Hung! Matthew Botvinick !
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Alternative Models of Core Physics Il

IntPhys: A Benchmark for Visual Intuitive Physics
Reasoning

Ronan Riochet Mario Ynocente Castro Mathieu Bernard
Ecole Normale Superieure ycmario@gmail . com Ecole Normale Superieure
INRIA INRIA

ronan.riochet@inria.fr mathieu.a.bernard@inria.fr

Adam Lerer Rob Fergus Véronique Izard
Facebook Al Research Facebook AI Research Université Paris Descartes
alerer@fb.com robfergus@fb.com CNRS
veronique.izard@parisdescartes.fr
Emmanuel Dupoux

CoML, ENS/CNRS/EHESS/INRIA/PSL Research University

emmanuel .dupoux@gmail . com
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A Minimal Game Engine

Full mental game engine as adult state
Minimal game engine with:

Approximate Objects
Dynamics (+ noise + collision detection)
Priors and re-sampling

Memory/tracking



ADEPT

Approximate De-renderer, Extended Physics, and Tracking

Jigjun Wu Liz Spelke Josh Tenenbaum

Smith, K.*, Mei, L.*, Yao, S., Wu, J., Spelke, E., Tenenbaum, J.B., Ullman, T.D., (2019),
Modeling Expectation Violation in Intuitive Physics with Coarse Probabilistic Object Representations,
Advances in Neural Information Processing Systems



ADEPT Overview
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x(D(surprising)

x@®(not surprising)

c(x) > ¢(x'?) is expected to hold, where ¢() is level of surprise

Violation types

1

2
3
4

. Create
. Vanish
. Overturn (short)

. Overturn (long)

5. Discontinuous (invisible)
6. Discontinuous (visible)
7. Delay

8. Block



ADEPT Train and Test
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Relative accuracy i (e > C(xj_)]

~1,500 videos (8 scenario

BaaRiiney Encoder-decoder, GAN (Riochet 2018); LSTM

ADEPT Comparisons

Encoder-decoder GAN LSTM ADEPT

Average




Human Studies

Compare model & human by stimuli type

ADEPT

| RMSE=0.40
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Approximations in Game Engines

Simulators use ‘hacks’

Constraints

[ttme, memoty, ... ]
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Ullman, T. D., Spelke, E.S., Battaglia, P. and Tenenbaum, J.B. (2017),
Mind Games: Game Engines as an Architecture for Intuitive Physics.
Trends in Cognitive Science



Approximate Bodies

Kevin Smith Sam Gershman

Li, Y., Wang, Y., Boger, T., Smith, K., Gershman, S. J., & Ullman, T. D. (in press). JEP:
General, An Approximate Representation of Objects Underlies Physical Reasoning



Approximate Bodies

Shape Body
Rendered Tracking / collisions
Fine-grain form Rough form

Texture, color Elasticity, mass



Approximate Bodies

Tasks that dissociate body from shape

________

v

Greater body approximation






Causality & Approximate Bodies

Concave collision
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Distance at Collision (Pixels)



Approximate Bodies

AEpm1Lahg:

P ti fC lit
erception of Causality - !
Time-to-Collision ’!

Change detection o |

(approximation model)
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Partial Simulation
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Bass, I., Smith, K., Bonawitz, E., & Ullman, T. D. (2021).
Partial Simulation Explains Fallacies in Physical Reasoning.



The Problem

Physics Engines...
...ohould obey probability

P(A) >= P(A & B)

Ludwin-Peery, E., Bramley, N. R., Davis, E., & Gureckis, T. M.
(2020). Broken physics: A conjunction-fallacy effect in intuitive
physical reasoning. Psychological Science, 31(12), 1602-1611.



The Physical Conjunction Fallacy

et - G: Sphere on Grass
’ H: Cannonball Hit

P(@) < P(H&QG)

Ludwin-Peery, E., Bramley, N. R., Davis, E., & Gureckis, T. M.
(2020). Broken physics: A conjunction-fallacy effect in intuitive
physical reasoning. Psychological Science, 31(12), 1602-1611.



Partial simulation model

p(G): "How likely is it that the pink sphere will end up on the grass?”



Model Predictions

Starting position
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Empirical Results

Model
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Does not negate Ludwin-Peery et al.

Partial simulation not fallacy per se; is useful
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Non-Commitment in Imagery

g
Eric Bigelow John McCoy

“A Person Walks into a Room
and Knocks a Ball off a Table”

Bigelow, E. J., McCoy, J., & Ullman, T. (2023).
Non-Commitment in Mental Imagery. Cognition



Non-Commitment in Imagery

L, WS iew o ORDRDRE
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Q
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Ayer (1940), Shorter (1952), Block (1983),
Dennett (1986, 1993), Pylyshyn (1978,
2002), Kosslyn et al. (2006)

Also see: Nanay (2015, 2016), Kind (2017)



Non-Commitment in Imagery

Scene: “A person walks into a room
and knocks a ball off a table”

Person's hair color

Person's height

Table color

Ball trajectory
Ball color

Person's gender

Table size

Table shape

Ball size

<. o

Percentage of Participants who Responded:
“No, it was not part of my mental image"'

For every property, some people didn’t commit to it

Some properties more than others



Non-Commitme

nt in Imagery

Person’s clothes -
Person's build Bag color -
Treat kind Person’s age -
Person's age Person's build | o S
= Which hand Bag size - NE
g Animals size How held ba: ER
o > Animal kind Fruit size H
3 oLl £S5
§ § Relative location F F O T\
E'g A person walks into a room, and O ER 2 vench,
% ‘Z’ lights a candle in a candle hold- CH OP sif their shoe™
0= -
8 [ Person's build —
§ Which hand con’s age _
S Candle color Bench color || |GGG
How it candle Person's build _
Holder material shee kind | [N
Holder shape Bench size _
Candle size [ Whether sitting | [l
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8

Proportion of Participants who Responded:
"No, it was not part of my mental image™

Proportion of Participants who Responded:
"No, it was not part of my mental image"'

For every property, some people didn’t commit to it

Some properties more than others



Non-Commitment and Vividness

Person’s clothes

Bag color

Person’s age e ——

Person’s build g

Which hand _—

Bag size

How held bag

— = Study 4a (All)
- === Study 4a (High SUIS)
Fruit kind % === Study 4a (High VVIQ)

e Study 4b (Al)
Fruit size [ Study 4b (High clarity)

0.0 0.2 0.4 0.6 0.8

Proportion of Participants who Responded:

"No, it was not part of my mental image"’

Non-commitment only weakly
related to “vividness” (VVIQ)

Cf. Kind (2017)



Confabulation(?)

B Study 2: “Yes, it was part of my mental image”

Person’s clothes
Bag color
Person’s age
Person’s build
Bag size
Which hand
How held bag
Fruit size

Fruit kind

1L

1]

0.0 0.2 0.4 0.6 0.8 1.0
Proportion of Participant Responses



Non-Commitment in the Imagination

Trends in Cognitive Sciences

Hierarchical scene
construction

+ simulation !=
rendering

+ lazy evaluation
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Visual Pretense and Physical Properties

Peng Qian

Qian, P. and Ullman, T.D. Shape Guides Visual Pretense (psyArxiv, 2024)



Building Intuition




Puzzles / Questions

Q1: Is there a preference in pretense?

Cf. Currie and Ravenscroft, 2002; Mollerup, 2019

Q2: What determines that preference?

e.g. Harris, 2000; Byrne, 2007; Nichols, 2006,
McCoy & Ullman, 2019



Hypotheses

H1: Some visual pretenses systematically preferred
H2: Pretense preferences determined by hierarchy of features
H3: In hierarchy #, physical/spatial features > surface features

H4: Current ML models do not capture human hierarchy



Empirical Studies

Study 1: Real — Pretend

tudy 2: Pretend — Real

—> DALMATIAN
w — CARROT —
—» DRAGONFLY
Study 3: Freeform Pretense tudy 4. -part Alignment
:- Tt -| Suppoge .is elephant,
| ShOVGI, wa nd, | where is its trunk?
| hammer, :
| microphone, |
| rocket, fork, | _
: trowel, slide, Inpainting
I sword, pencil, : M\ . B
: scalpel, ... Aod '
I

PREREGISTERED




Experiments — Study 1

() PRETENSE
—% DALMATIAN

It makes more sense
% B— to pretend the bow-
tie is [a Dalmatian / a

dragonfly]

—» DRAGONFLY




Suppose you pretend the
spoon is something else.

'
N

\

What would it make sense
to pretend the spoon is?

(1) PROMPT

Study 3: “Freeform”



Study 4: Alignment and Filling in

Suppose the mug is an elephant,
where is the elephant’s trunk?




Alignment and Filling in




Alignment and Filling in
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Summary

Generative Game Engine Program Weight « Uniform(1,10) T ° °
I Shape ~ SampleRandomShape () I
e cimmmheo | roximations
Sample Estimate Generalize | Vel «~ Normal([0,0],2) I
NumObj ~ Geometric(0.5)

w=2 O : : O W= 62 objects - (] ' I : E : : & C i Approximate bodies
| 1 A - In Enginecring ognition "
3 Q‘ I AddItem (Objects, Neizgzlj)vel) Il Q ,”’ ) ~‘\‘
a end 3 \

while t#T do

A
~
world «~ InitializeWorld(Objects)

I world — updateWorld(world)

Mental Game

Constraints
[time, memory, ...]
| }

Minds

Trajectory

Engines are

Useful

X

Visual Pretense preferences

Partial Simulation

Non-Commitment
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Guided by physics

Proporton of Participar Responded:
"No, it was not part of my mentalimage™

000 025 050 075 100
Color similarity preference

...Lazy evaluation in
hierarchical scene construction?



