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Learning abstract concept is a hallmark of intelligence
How are abstract concepts learned?

Aristotle: concepts and categories
are ingredients for deduction and
induction

S
/\
N VP
NP
=/ \

John hﬁ tﬁe bﬁ”.

“Language is a process of free creation; its laws and

princip
princip
infinite

es are fixed, but the manner in which the
es of generation are used is free and

y varied.” — Noam Chomsky

“The propose of science is to find
meaningful simplicity in the midst of
disorderly complexity” — Herbert
Simon



Charactieristics of learning abstract concepts

* QOriginate from sensorimotor correlates
(Barsalou et al. 2018, Gentner & Asmuth
2017), some are nonperceptual (Smith 1992)

* Discrete concepts (Ohlsson et al. 1997), o

common features (Yee 2019)
Golden

* Developed in a graded Level (Pexman 2017), /
high degree of generality and variability (Yee

* Can be assembled, more complex abstract Mo N
concepts can be built up from simpler ones
(Ohlsson et al. 1997, Piaget 1977) e




Generative Model:

Sequences are made up from hidden abstract categories
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Learning abstractions from sequences

Via a conjunction of chunk proposal and variable discovery

Sequence:
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Parsing (abstract)

HVM learns a structured inventory of identifiable patterns and use these patterns as entities to parse the sequence



A Taxonomy of Abstractions

Memory Abstraction

Shared content across concrete chunks Chunks and variables

Speed up chunk identification Multiple abstraction levels
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Growing the dictionary

Chunk Proposal Variable Discovery

Building on top of the hierarchical chunking model (HCM) (Wu et al., 2022)

representation graph O/
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Propose chunks based on correlated transition entries Propose variables between correlated chunk pairs

Common adjacency
reflected in the transition
matrix

Concatenation

Expand parsing graph
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Model complexity relates to human recall time

Training Transfer
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Abstraction level relates to distortion

Concrete

Abstract
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Summary

We build a minimal cognitive model (HVM) that combines sequence chunking with caea
variable extrapolation EELED

o=
Bl -
il O
HVM that learns chunks from sequences and abstracts contextually similar chunks as ™ S&a
variables, it efficiently organizes memory while uncovering abstractions "=
] Concrete Abstract

HVM learns compact sequence representations compared to alternative models

HVM’s sequence likelihood correlates with human recall time in a sequence recall task
that demands the transfer of variables

From HVM'’s adjustable layer of abstraction, we demonstrate a precise trade-off
between compression and generalization

This cognitive model captures the learning and transfer of abstract representations in
human cognition and differentiates itself from LLMs
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