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Abstract

Humans readily extract statistical regularities from perceptual
experience (e.g. a cook noticing which ingredients often ap-
pear together). How does such learning guide peoples’ per-
formance on procedural tasks (e.g. preparing various dishes)?
Here we examine what shortcuts people propose to help them
to complete assembly problems more efficiently by eliminating
repeated subroutines. Participants (𝑁 = 301) repeatedly as-
sembled tangram-like shapes, and could create composite tiles
for future use. Some participants assembled a sequence of tan-
grams where certain pairs of tiles recurred consistently (Highly
structured); the remaining assembled tangrams with less pre-
dictable tile arrangements (Less structured). Participants ex-
posed to Highly structured sequences created tiles that tracked
the frequency with which those tile pairs recurred across tan-
grams, and doing so was accompanied by greater efficiency in
assembly. Taken together, these őndings suggest that statisti-
cal learning guides not only pattern recognition, but also the
prospective creation of shortcuts for procedural tasks.
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Introduction

People rarely perform exactly the same activity twice, but

many activities share related structure. For example, some-

one learning to cook by working their way through an entire

cookbook might get faster not only at preparing those particu-

lar dishes, but other dishes as well. This generalized learning

can happen as someone masters the parts of tasks that they

encounter repeatedly, like the need to mince vegetables and

herbs across many similar dishes. People who have gotten

faster and more accurate at performing these subroutinesÐor

patterns of actions shared across tasksÐcan draw on them to

solve new related problems in the future.

A signiőcant body of empirical and computational work

has investigated the learning of subroutines across similar

problems (Anderson, 1982; Chase & Simon, 1973; Schmidt,

1975). In particular, models of statistical structure learning

(Ellis et al., 2021; Saffran et al., 1999; Tenenbaum et al.,

2011) have been used to predict how people learn ŕuid sub-

sequences of motor actions (Tian et al., 2020), remember parts

of problems they have solved previously (Chi et al., 1981), and

even describe how to create new drawings after seeing others

comprised of similar parts (Wong et al., 2022). Statistical

structure learning has been attested to in many other species,

including pigeons and monkeys (Terrace, 2001).

However, unlike other animals, people sometimes get faster

at completing tasks not just by practicing subroutines that re-

cur repeatedly, but also by prospectively creating shortcuts

that can replace parts of problem solving. For instance, any

chef might őnd it generally useful to practice knife skills. But

after mincing dozens of cloves of garlic across many dishes, a

forward-thinking chef might also decide to go out and buy a

large quantity of pre-minced garlic in advance. A person who

invests time in creating a useful shortcut can therefore elimi-

nate the need to execute the same sequence of actions many

times in the future. However, it takes time and effort to plan

in advance. Earlier work on navigational problem solving, for

instance, őnds that people are sensitive to the cognitive effort

needed to weigh different potential shortcuts to the same őnal

goal (Lancia et al., 2023). People do not create shortcuts pre-

emptively for every subroutine they perform more than once.

What determines when someone decides to invest in creating

a shortcut, and when they do, the speciőc shortcut they decide

to create?

In this paper, we investigate the relationship between struc-

ture across previously solved problems and prospective short-

cut creation for future problem solving. We study this behavior

using a domain of physical assembly tasks based on tangram

puzzles (Figure 1), in which people must build complex shapes

by arranging sets of simpler tiles. Participants solve puzzles

in several rounds, and are rewarded simply for arranging tiles

as quickly and accurately as possible into place. In our experi-

ment, however, we also give participants the choice after each

round to prospectively create new, composite tiles that they

can use to solve future puzzles. Participants must therefore

choose to spend time building a new shortcut that they expect

will be useful, rather than simply advancing through to the

next round of puzzles, and if so, which particular shortcut to

construct. To explore the degree to which statistical learn-

ing underlies the proposal of these shortcuts, we study people

solving both highly structured sets of puzzles with strong

statistical regularities, and less structured puzzles composed

randomly from the basic tangram tiles.

We hypothesize that statistical learning guides not only how

people solve problems they encounter repeatedly, but choose

to invest in shortcuts they might reuse in the future. Our

experiments shed light on whether people explicitly reason

and plan about learned statistical structures, using patterns in

existing problems to plan creatively for solving similar ones

in the future.
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