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e 54 Children (8.9x1.1) & 50 Adult mTurkers
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Model

Concept Grammar.

There exists an object x. such that... (A, :, X)

For all x; ... V(i :, &X)

There exist(s) {at least, at most, exactly} N objects x; such that... Nies (A5, N &)
Feature f of x, has value {larger, smaller, (or) equal} to v (€, <, 2=}x.0)
Feature f of x; is {larger, smaller, (or) equal} to feature f of x; (<25 2= 1% 1)
Relation r between x; and x; holds I'(x;,x;,r)

Booleans {and,or,not} {A,V, #}(x)

Note that {<,>,>,<} comparisons only apply to the feature size.

Franken, J.-P.,, Theodoropoulos, N. C., & Bramley, N. R. (2022). Algorithms of adaptation in inductive inference. Cognitive Psychology, 137, 101506.



Grammar

D

Size @ Grounded

upright
small red plh: triie
medium green shs fah(;
large blue i —
strange

Franken, J.-P., Theodoropoulos, N. C., & Bramley, N. R. (2022). Algorithms of adaptation in inductive inference. Cognitive Psychology, 137, 101506.
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Adaptation

® clementsin h,;

@ target non-terminal
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edit
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@ Orientation
upright

A (=(x1, small, size), =(x1, upright, orientation)), X)

d(Az1: =(x1,red, color), X)

example TS
edit

C(=(xy,red, color ]D

| small I

J(Ax1: A (=(x1,red, color),=(xy, small, size)), X)




Five unknown test rules used during the main experiment.

Name Rule Prior Probability Example
A .
(1) Zeta d(4x;: =(x;,red,color), X) (“there is a red cone”) %
/‘\i\
\
(2) Iota N=(x;: =(xy,blue,color),1,X) (“there is exactly one blue cone”) % |
Z
(3) Upsilon V(4x; : —(=(x,,upright, orientation)), X) (“no cone is upright”) % |

(4) Kappa

A(Axq :

A(=(x,, small,size),=(x, blue, color), X)) (“there is a small blue cone”)

Tsize ><Tcolor

450

(5) Omega

V(Ax, :

V(=(x,, small,size),=(x,, blue, color), X)) (“all cones are small or blue”)

Tsize >(‘t-color

450

Franken, J.-P., Theodoropoulos, N. C., & Bramley, N. R. (2022). Algorithms of adaptation in inductive inference.

Cognitive Psychology, 137, 101506.



Best fitting model performances for participants’ revised rule guesses (A, ).
Experiment Model Mean BIC, Npest, b A
Rt 8.988 22.17 - =
Posterior Sample (PS) 9.817 6.00 5.0 —
Maximum a posteriori (MAP) 11.164 4.17 7.0 —
Exp. 1 Win-stay, lose-sample (WSLS) 7.158 717 1.0 =
WSLS with Tree Regrowth (TR) 6.368 12.17 3.0 10.0
WSLS with Tree Surgery (TS) 5.917 15.17 5.0 10.0
RULEX" 9.202 207 — 10.0
h . 5.657 16.37 . -
Posterior sample (PS) 11.403 2.00 5.0 —
Maximum a posteriori (MAP) 12.367 1,17 7.0 -
Exp. 2 Win-stay, lose-sample (WSLS) 6.573 0.37 1.0 -
WSLS with Tree Regrowth (TR) 4.473 3.37 1.0 1.0
WSLS with Tree Surgery (TS) 4.065 10.37 1.0 1.0
RULEX" 9.220 2.37 — 3.0
Experiment 1 Experiment 2
.. 1.01 = T " ey - g TTT OO T N
Predicting ~ N/ BVIVVYVYE®Y e/  \/ V/ ' YV
. , > ot e M E | Y o L e e
participants”  fos5| < & o % e ]l & %R
= £ R = Jt A 2 v A 7S LR OA
hypotheses & SN A A\ AR A2 AR A A\ 4D R A
Rinit. PS  MAP WSLS TR TS RULEX* Rinit. PS  MAP WSLS TR TS RULEX?

Franken, J.-P.,, Theodoropoulos, N. C., & Bramley, N. R. (2022). Algorithms of adaptation in inductive inference. Cognitive Psychology, 137, 101506.



Reasoning about complex causal relations
With limited data

* People form rich and structured causal hypotheses.
 People update causal hypotheses locally.

* | ocal tree surgery provides a close account of human behavior.






Distant, simpler true rule

J 1131131
VOOV RO ®

Near, longer true rule

Gelpi, R., Prystawski, B., Lucas, C. G., & Buchsbaum, D. (2020). Incremental hypothesis revision in causal reasoning across development.
In Proceedings of the 42nd Annual Conference of the Cognitive Science Society. Cognitive Science Society.
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Gelpi, R., Prystawski, B., Lucas, C. G., & Buchsbaum, D. (2020). Incremental hypothesis revision in causal reasoning across development.
In Proceedings of the 42nd Annual Conference of the Cognitive Science Society. Cognitive Science Society.



Main Result

Model Predictions Initial Rule Predictions

O Distant Near O Distant Near

L 1.00- S 1.00-

3 3

c 0.75- — 0.75-

O O

o 0.50- 5 0.50 -

S S

o 0.25- o 0.25-

c c

S 0.00- $ 0.00-

- conS|stent mconsustent conS|stent |nconS|stent - conS|stent |ncon3|stent conS|stent |nconS|stent
Blicket Consistency Blicket Consistency

Adults Children

O Distant Near O Distant Near

L 1.00- L 1.00-

3 3

— 0.75- - 0.75-

O O

o 0.50- o 0.50-

) S

o 0.25- o 0.25-

c c

® 0.00- $ 0.00- . . | .

- conS|stent |nconS|stent conS|stent |nconS|stent - consistent inconsistent consistent inconsistent
Blicket Consistency Blicket Consistency

Non-Blicket Consistency . consistent . inconsistent

Gelpi, R., Prystawski, B., Lucas, C. G., & Buchsbaum, D. (2020). Incremental hypothesis revision in causal reasoning across development.
In Proceedings of the 42nd Annual Conference of the Cognitive Science Society. Cognitive Science Society.



Reasoning about complex causal relations
With limited data

* People form rich and structured causal hypotheses.
 People update causal hypotheses locally.

 Path-dependency.



Marr’s Levels of Analysis

Computation VISION

“What is the goal of the computation, why is it
appropriate, and what is the logic of the strategy
by which it can be carried out?”

Representation and algorithm

“What is the representation for the input and
output, and the algorithm for the transformation?”

Implementation

“How can the representation and algorithm be
realized physically?”

DAVID MARR

Courtesy to Tom Giriffiths, COS 360



Marr’s Levels of Analysis

Computation
“What is the goal of the computation, why is it

appropriate, and what is the logic of the strategy P(h| D)
by which it can be carried out?”
Representation and algorithm .
P(h| D)

“What is the representation for the input and
output, and the algorithm for the transformation?”

Implementation

“How can the representation and algorithm be
realized physically?”

Courtesy to Tom Giriffiths, COS 360



Learning about causal models

Or, the reverse inference of the true data generation function

 Causal model generates data
* Priors over possible causal models

* Using Bayes’ rule to infer which causal model is the true one



Learning about causal models

Or, the reverse inference of the true data generation function

 Causal model generates data

* Priors over possible causal models
* Evolutionary roots
 Domain-specific knowledge

 Open-endedness

* Using Bayes’ rule to infer which causal model is the true one



Learning about causal models

Or, the reverse inference of the true data generation function

 Causal model generates data

* Priors over possible causal models

 Using Bayes’ rule to infer which causal model is the true one
* Approximation algorithms

 Computational resource constraints



Tomorrow

* (Going back to what we can do with causal models



