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Procedure:
Active learning 

×7
Generalisation predictions 

×8
Free guess 

×1
Positive example 

×1

?

Experiment
Different tasks: 

1. There is a red


2. All same size


3. Nothing upright


4. Exactly 1 blue


5. Something blue 
& small

Initial example
• 54 Children (8.9±1.1) &  50 Adult mTurkers



Model

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

Fränken, 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.


• Local tree surgery provides a close account of human behavior.





Distant, simpler true rule

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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Model Predictions
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Main Result



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

Courtesy to Tom Griffiths, COS 360
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P(h |D)

̂P(h |D)



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


