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This is a
“breakfast machine.’

Few-shot learning

Which is another? What are its parts?

Create a new one.




Research Questions

 What is the structure of human conceptual representations? How does this
structure support a variety of discriminative and generative abilities?

« How do people acquire such rich representations from so little experience?

« How can we understand these abilities in computational terms??



Modeling Traditions

Tradition 1: structured knowledge

Causal-Model Theory
(Rehder, 2007)

Bayesian Program Learning
(Lake et al., 2015)
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Tradition 2: emergent "statistical" knowledge
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Proposal:
Generative Neuro-Symbolic (GNS) Modeling

 (Goal: model the compositional and causal structure in how concepts are formed, while simultaneously
modeling nonparametric statistical relationships

 Proposal: probabilistic programs with neural network sub-routines

« probabilistic program representation facilitates procedure GENERATECONGEPT .
o o M+ 0 > Initialize memory state
explicit causal, compositional structure while True do
x;,r; ~ plx,r | M) > Sample part and relation from neural net
| M <« frender(xi, 75, M) > Render part to memory (differentiable)
 |ndividual parts, and correlations between v; ~p(v | M) > Sample termination indicator
parts, are represented implicitly by neural I ”z‘btr';zz
networks return {X, R} > Return concept type

GNS program to generate a concept "type," a prototype for a new conceptual class



Case study:
handwritten characters



Omniglot dataset
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GNS model of character concepts

procedure GENERATETYPE
Canvas ‘ *\ C + 0 > Initialize blank image canvas
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Q&b lyi, x;] < GENERATEPART(C) © Sample part location & parameters
%\@ C' < frender(Yi, s, C) > Render part to image canvas
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procedure GENERATETYPE

1. Evaluations on held-out concepts

Test losses

Replicates across different train/test splits

Type prior

2. Generating new concepts

GNS model
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Concept learning tasks
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Where is another?

(a) One-shot classification

(b)
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Probabilistic inference

Latent program
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One-Shot Classification
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Generating new exemplars

Parsing

GNS parses
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Fit to human perceptual discrimination
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r(576) = 0.650; p < 0.001



Conclusions

Human concepts go far beyond classification: they enable a variety of discriminative and
generative abilities

Generative neuro-symbolic (GNS) models can capture the dual structural and statistical
characteristics of human concepts that enable flexible generalization to a range of tasks

GNS models offer an account for how previous experience can support the rapid
acquisition of new concepts through priors
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"What | cannot create, | do not understand.”

—Richard Feynman






GNS Type Prior
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Novelty of character samples

Nearest training neighbors
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