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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 findings suggest that statisti-
cal learning guides not only pattern recognition, but also the
prospective creation of shortcuts for procedural tasks.

Keywords: problem solving; statistical learning; skill learning;
procedural memory; visual reasoning

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 subroutines—or
patterns of actions shared across tasks—can draw on them to
solve new related problems in the future.

A significant 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 fluid sub-
sequences of motor actions (Tian et al., 2020), remember parts
of problems they have solved previously (Chi etal., 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 find 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, finds that people are sensitive to the cognitive effort
needed to weigh different potential shortcuts to the same final
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 specific 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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Figure 1: (A) Stimuli: We generated 4 sets of Highly structured tangrams and 2 sets of Less structured tangrams. (B) Task:
Participants aimed to assemble a series of tangrams using a digital interface (Assemble). Participants had to click the lock icon
in the bottom of the interface to access the basic tiles. After the participant clicked a piece or two seconds had passed, the
basic tiles disappeared. After participants reconstructed all five target tangrams (or five minutes had passed, whichever occurred
sooner), they received feedback. Then they could propose their own composite tile to be available in the next round (Prepare).
(C) Design: Participants were assigned to one of the 6 set conditions and only encountered tangrams from that set. Participants
first studied a sample of 15 tangrams for patterns, then completed 6 rounds of assembly, feedback, and prospective shortcut
proposals. Then participants completed 6 2-AFC recognition trials.

Physical assembly and
prospective shortcut creation experiment

To study the effect of shared problem structure on shortcut
proposals, we designed a task based on tangram puzzles (EIf-
fers & Hollingdale, 1976), in which people arrange a set of
basic polygon-shaped tiles to create a more complex shape.
The classic tangram setting uses a fixed set of tiles: two large
triangles, a medium triangle, two small triangles, a parallelo-
gram, and a square. In our modified setting, a puzzle might
use any of these basic tile types multiple times.

Tangram stimuli

We constructed two different puzzle conditions that varied
in their degree of statistical regularity. For our Highly
structured conditions, we generated sets of tangram stim-
uli in which the same 2-tile pattern (e.g., a parallelogram
on top of a square; Figure 1A) appears twice in every
puzzle, ensuring that this pattern would be the most com-
monly reused across the set. We generated 4 such sets,
each with a different repeated 2-tile pattern (“parallelogram-
square,” “medium-triangle-small-triangle,” “large-triangle-
medium-triangle,” and “parallelogram-parallelogram”). Each
set contained 30 tangrams, where each tangram was composed
of 6 basic tiles (4 from the repeated pattern, plus 2 additional
tiles). For our Less structured conditions, we generated 2 sets
of 30 tangrams that do not reuse any particular 2-tile patterns.
Instead, each tangram was generated from the 5 basic tiles
plus one random additional tile (Figure 1A).

Participants

We recruited participants on Prolific (paid $6.00 each), ex-
cluding 1 who failed to solve any puzzles in at least 2 rounds
of our task. After exclusions we analyzed N = 301 partici-
pants (50-51 per condition).

Tangram assembly and shortcut task

Conditions We assigned participants randomly to one of
the six tangram set conditions (four Highly structured, two
Less structured).

Pre-assembly familiarization trial Each participant was
first shown a random sample of 15 of the 30 tangrams they
would encounter later. We asked participants to “determine
if there are any patterns in the shapes, such as which pieces
consistently appear with which other pieces” and type their
answer in a text box.

Interleaved assembly, feedback, and shortcut trials Af-
ter the single familiarization trial, participants completed six
rounds of interleaved tangram assembly, feedback, and short-
cut proposal trials.

Assembly trials During assembly trials, participants saw five
target tangram outlines, each with line segments displaying
how to place basic tiles to build the shape (Figure 1B). We
asked participants to “make a copy” of the tangrams as quickly
as they could. In a separate region below the targets was a
virtual “toolbox” containing the five basic tiles (square, large
triangle, medium triangle, small triangle, and parallelogram).
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Figure 2: Sample participant trajectories: Handful of rounds from one Highly structured participant (top) and one Less
structured participant (bottom). Composite tiles are marked with dashed borders.

The tiles were hidden from view until participants clicked a
lock icon, after which the tiles would appear for two seconds
and could be moved with the mouse to any of the target tan-
grams. Participants could use any tile any number of times.
Tiles could not be rotated. If the participant successfully
completed all five tangrams, the assembly period ended au-
tomatically. Otherwise, the assembly period ended after five
minutes.

Assembly feedback trials After each assembly trial, partic-
ipants received feedback: if the participant completed all five
tangrams successfully under the time limit, we showered the
screen with confetti with the text “Nice job!” for four seconds.
Otherwise, we showed a fixation cross.

Prospective shortcut proposal trials After each assembly
and feedback trial, participants entered a shortcut proposal
trial. Here, participants were invited to “prepare for the next
round" by creating a new composite tile out of two or fewer
tiles that they could use in future assembly trials. Unlike
the tiles in the toolbox, which required a click to access, the
participant’s last proposed composite tile would be available
above the toolbox so they could access it without clicking the
lock. During shortcut proposal, participants could view the
target tangrams (and their submitted reconstructions) from the
previous round. Participants assembled a composite tile from
scratch in the 1st proposal period, and edited this composite
on later rounds.

Pattern recognition test Finally, to validate whether partic-
ipants could explicitly recognize recurring structure across as-
sembly problems, we presented them with 2-alternative forced
choices (AFC) between two composite tiles. We instructed
them to select which arrangement of tiles appeared more fre-
quently in the 30 tangrams they attempted. Participants made
six choices, one for each pairing of composite tiles used to
generate the Highly structured tangram sets.

Analyses We used Al tools while implementing experiment
materials and analyses. For group-level parameter estimates,
we performed 9999 bootstrap resamples with replacement,
including a participant’s entire data when resampled. When

computing the Total Variation Distance (TVD) metrics, we
corrected for bias in bootstrapped confidence intervals by
subtracting the residual between the actual TVD and the
mean bootstrapped TVD from the original interval bounds.
To assess differences in measures across rounds or condi-
tions, we formulated linear mixed-effects regression mod-
els with random intercepts for individual participants and
tangram set condition. We used the emmeans package for
model comparison in R, with Type III ANOVAs as reported
by emmeans: : joint_tests().

Results

Participants explicitly discover recurring patterns
across assembly problems

Distribution of proposed composite tiles As a coarse mea-
sure of the relationship between statistical regularity and tile
proposals, we examine the distribution of composite tiles pro-
posed across conditions (Figure 4). Qualitatively, participants
in the Highly structured conditions mostly converged on a
small set of composite tiles in the final round, while those in
the Less structured conditions proposed a relatively larger and
more diffuse set of tiles. We confirm this by computing the
Gini coeflicient (a measure of spread in a distribution with the
range [0, 1], where higher values mean more concentrated) of
the composite tiles. The distributions of final round short-
cut proposals were indeed more concentrated in the Highly
structured conditions than in the Less structured conditions
(,u (Gset condition) — HMLess structurcd(Gset condition) =
0.354, 95% CI: [0.210, 0.387]). Furthermore, we find that
participants in the Highly structured conditions tended to con-
verge on an increasingly concentrated selection of composites
over rounds (u (6g) = 0.111 increase per round,
95% CI: [0.028, 0.144]), suggesting that they learned from
statistical regularities that became more apparent with more
assembly experience. We did not observe this in the Less
structured condition (U ess structured (6G) = 0.037 increase per
round, 95% CI: [-0.052, 0.120]), suggesting that both the
statistical strength of patterns and the amount of experience
impact shortcut proposals.
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Figure 3: Performance: A: Average time to reconstruct all
five tangrams in a single assembly period over all six rounds.
Participants were limited to 5 minutes to complete their recon-
structions. Faint lines indicate individual participants. Bands
indicate 95% bootstrapped CIs. B: Average assembly dura-
tion between participants in Highly structured conditions who
proposed the most frequent composite tile for their set (x axis)
and participants who never did. Area of each kernel density
is normalized to number of subjects. Edges of kernel density
area are chopped to range in assembly duration. Internal lines
denote median, 25th, and 75th quartiles.

Most frequently appearing patterns in assembly problems
We focus on the Highly structured conditions, which we de-
signed so that a single 2-tile pattern appeared much more
frequently than any other (in the Less structured sets, all 2-
tile patterns appeared with relatively uniform frequencies; see
Figure 4). By the final round, the majority of participants
(59.2%) in the Highly structured condition had proposed the
most frequent 2-tile pattern in their set as their composite tile
(95% CTI: [52.2, 66.2]). We also observed that participants in
the Highly structured condition became slightly more likely
to propose this specific 2-tile pattern as they completed more
rounds (& = 0.037 proportion participants per
round, Fj 1004 = 88.4, p < 0.001), suggesting that partic-
ipants attend to structure in their accumulating experience
when proposing shortcuts for future assembly problems.

Statistical regularities and composite tile proposals In an
exploratory analysis, we also evaluated whether the shortcuts
participants tended to propose in general mirrored the frequen-
cies of 2-tile patterns in the puzzles, beyond the single most
frequent one. We restrict our analysis to 2-tile composites,
and exclude participants who did not propose a composite,
proposed a single basic tile as their composite, or proposed
a composite pattern that did not actually appear in their tan-
gram set, leaving N = 232 participants across both conditions.
We then analyze the composite tiles participants proposed in
the final (6th) round only, after they had encountered all 30
tangrams of their assigned condition.

We first consider whether the distributions of shortcuts par-
ticipants proposed match the empirical distributions of pat-
terns they encountered in the puzzles. We compute an empiri-

cal frequency distribution capturing how often a 2-tile pattern
appeared in a participant’s assigned tangram set (Figure 4).
We find that the empirical frequency distribution predicts
the top few shortcuts participants proposed, though not the
relative proportions with which they proposed them. Specif-
ically, in 3 of the 4 Highly structured conditions, the top-2
most empirically frequent patterns are the same as the top-2
most frequent shortcuts people proposed. In one Less struc-
tured condition, the set of participants’ top-3 most frequent
proposals is the same as the top-3 most empirically common
patterns; in the other, 2 of participants’ most frequent propos-
als are the first and third most frequent patterns in the stimuli
(though by design, the frequency of these patterns are closer
to uniform overall). We further quantify how well the empiri-
cal frequency distribution predicts the distribution of shortcut
proposals using Total Variation Difference, which is the abso-
lute difference between the two distributions summed over all
tiles and divided by 2. This distance metric ranges from 0 for
identical distributions to 1 for non-overlapping distributions.
In the Highly structured conditions, the distribution of short-
cuts participants proposed was much closer to the empirical
frequency of patterns than to a uniform distribution over
all 2-tile patterns (TVDyay freq = 0.44, 95% CI: [0.41, 0.49],
TVDuniform = 0.83, 95% CI: [0.80, 0.86]; Figure 5). In the
Less structured conditions, the distribution of shortcuts was
no closer to the empirical frequency than to uniform, likely
because the empirical frequency was already close to uni-
form by design (TVDray freq = 0.38, 95% CI: [0.32, 0.45],
TVDuniform = 0.48, 95% CI: [0.42, 0.54]).

However, as can be seen in Figure 4, participants appear
to favor the most common composite tiles more than the em-
pirical frequency distribution can explain. We additionally
consider a greedy distribution, which places all likelihood
mass on the single most frequent 2-tile pattern of a tangram
set. Indeed, in the Highly structured conditions, this greedy
distribution is closer to the distribution of shortcuts par-
ticipants proposed than the empirical frequency or uniform
distributions (TVDgeeqy = 0.25, 95% CI: [0.18, 0.32]). In
the Less structured conditions, conversely, this greedy distri-
bution is a worse predictor of participants’ shortcut proposals
(TVDgreeay =0.84,95% CI: [0.75, 0.92], Figure 5), consistent
with the notion that participants did not have strong prefer-
ences for any specific shortcut when no pattern was especially
common.

It might be the case that the empirical frequency distribu-
tion provides a stronger fit than the previous analysis would
suggest, supposing it captures participants’ tendency to pro-
pose shortcuts that reflect more common patterns vs. less
common ones, even if none of these are the single-most com-
mon pattern. However, the empirical frequency distribution
might overpredict or underpredict these shortcut proposals
in numerical terms, even if they capture relative differences
in how often participants propose one shortcut over another.
To account for that possibility, we compute a third fitted fre-
quency distribution, by applying the softmax function to the
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Figure 4: Composite tile proposals in final round: Only participants who proposed tiles with 2 pieces that appear in their
tangram set condition are included. X-axis is ordered by highest frequency assigned by the empirical frequency ("raw"
distribution. Annotations of composite tiles are in order of highest count of participant proposals, left-to-right.

empirical frequencies of patterns and fine-tuning the temper-
ature parameter, which controls how much probability mass
is concentrated on the most frequent patterns. Varying this
temperature parameter allows us to test how well the em-
pirical frequency distribution can approximate the shape of
the observed distribution of shortcut proposals when we re-
lax the assumption that participants performed exact prob-
ability matching when deciding which shortcut to propose.
We fit this temperature parameter once to participants across
all conditions, yielding an optimum of 77 = 0.53. In the
Highly structured condition, this fitted frequency distribu-
tion is closer to the distribution of participants’ shortcut
proposals than the empirical frequency distribution and
the greedy distribution (TVDxed freq = 0.18, 95% CI: [0.14,
0.23]). Furthermore, in the Less structured conditions, the
fitted frequency distribution was not significantly closer than
either the empirical frequency or the uniform distributions
(TVDfigted freq = 0.37, 95% CI: [0.30, 0.45]), but again was
closer than the greedy distribution. Overall, across all con-
ditions, no distribution was a better fit to participants’
proposals than the fitted frequency distribution (Figure 5),
suggesting that participants are sensitive to the patterns that
recur frequently across tangrams and that these regularities in-
fluence the shortcuts they propose. In particular, participants
in more structured contexts favor the few most recurring pat-
terns when these statistical regularities are especially strong.

Revisions of tile proposals over rounds Finally, we inves-
tigated the composite tiles participants proposed over each
round, as they accumulated more information on the statisti-
cal regularities present in their tangrams. In the Highly struc-
tured condition, participants appear to converge on proposing
the most frequent composites over successive rounds (Round
I: TVDpwireq = 0.32, 95% CL: [0.28, 0.37], Round 6:
TVDiaw freq = 0.44, 95% CI: [0.41, 0.49]). However, par-
ticipants in the Less structured condition show little change
in that direction. They do not converge to proposing even
the most empirically common tiles in their sets (Round
I: TVDrawireq = 0.38, 95% CL: [0.32, 0.45], Round 6:
TVDiaw freq = 0.38, 95% CI: [0.32, 0.45]). Perhaps partici-
pants in the Highly structured condition are able to take advan-

tage of the more noticeable patterns early on in the sequence of
assembly problems, retaining and slightly editing their initial
guesses as the structure becomes more pronounced over time.
Participants in the Less structured condition, in contrast, must
estimate much subtler statistical properties over a changing
sequence of problems. Future work could manipulate finer
grained variations of problem structure.

Memory post-test As a final confirmation that participants
were explicitly attentive to statistical structure across prob-
lems, we assessed whether participants would recognize fre-
quently recurring patterns. In the 2-AFC recognition trials
after all rounds, Highly structured participants indicated the
most frequent tile in their tangram set as more common than
the most frequent tiles of other set conditions (2.83/3 trials
correctly responded old, 95% CI: [2.77, 2.88]).

Discovering and explicitly reporting the pattern was
associated with better assembly performance

We additionally evaluated whether people improved on the
assembly task with experience, and if their performance was
modulated by the degree to which structure was shared across
problems. During the first assembly period, participants in all
conditions successfully completed 4.89 tangrams on average
(95% CI: [4.81, 4.95]). By the last round, participants com-
pleted slightly more tangrams on average (0.07 more tangrams
completed per round in final round than in first round, 95%
CI: [0.007, 0.016]).

Participants in the Highly structured condition assembled
tangrams more quickly across all rounds than participants in
the Less structured condition (¢ — Less structured =
25.0 sec, Fy 4,01 = 10.1, p = 0.033; Figure 3A). In both con-
ditions, participants got faster at assembling tangrams as they
completed more rounds (first round: 146 sec, last round: 97.0
sec, 0 = —9.44 sec/round, Fj 1799 = 165.242, p < 0.001).
And that improvement over round was more pronounced in the
Highly structured conditions (& — OLess structured =
—2.03 sec/round, Fp 1503 = 5.39, p = 0.020). Participants
who encountered problems with greater shared structure per-
formed better overall, and improved more as they solved more
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Figure 5: Distance between participant proposal distribu-
tions (2-piece tiles) and candidate proposal distributions in
final round; lower TVD indicates better fit. "Raw" denotes
empirical frequency distribution.

problems.

One reason for that might be the opportunity to propose
or make use of composite tiles to assemble recurring sub-
structures, which were much more common in the Highly
structured conditions. We observed that participants who pro-
posed the most frequent tile for their set completed assembly
rounds faster than other participants. (& =-459
seconds, Fi 197 = 54.4, p < 0.001, see Figure 3B). These
participants could have benefited from having a useful tile
available during assembly, or from enhancements in planning
as aresult of explicitly considering what composite tiles might
be useful before use. Future work could investigate this by
directly manipulating what composite tiles are available dur-
ing assembly, or whether participants get the opportunity to
propose or use composite tiles at all.

Discussion

We asked how experience solving assembly problems with
recurring patterns affects the “shortcuts” people propose to
aid their future performance. Our findings suggest that the
decision to invent a shortcut, and the actual shortcuts that
people propose, are closely related to statistical structure that
people have learned over tasks in several senses. In general,
people choose to invest in a shortcut that reflects statistically
common sequences of actions in the problems they have ob-
served so far. Unlike just practicing a subroutine or learning
to recognize statistically likely patterns, shortcut invention in-
tuitively involves optimization: participants should seek to
invent shortcuts that would be maximally useful to them in
the future. Our findings suggest that, indeed, while people

propose shortcuts based on statistically common patterns in
prior problems, they tend to favor the most likely patterns
for candidate shortcuts. Finally, our results suggest that the
degree of statistical structure in prior experience also shapes
peoples’ uncertainty about shortcut invention. Less obvious
structure, learned across limited problem solving experience,
yields greater uncertainty about what shortcuts might be use-
ful at all in the future.

Together, these findings suggest that people can leverage
statistical structure in problems to invent shortcuts for future
ones. However, the current experimental design and find-
ings raise several open questions that will guide future work.
One concerns the relationship between structure in existing
problems and peoples’ reasoning about future ones: do peo-
ple not always choose the single most common subroutine for
shortcuts because they are imperfect statistical learners, or be-
cause they are uncertain about the payoff of any one shortcut
across future problems? Future experiments could distin-
guish between these by further varying the degree of structure
in problems, the cost of shortcut creation, and participants’
expectations about the number and similarity of future tasks
to current ones. A second question concerns the causal role
of shortcut invention in problem solving: do people get better
because they have invented shortcuts, or have the people who
invent better shortcuts already learned more from the tasks?
Future experiments could compare our current results to par-
ticipants who simply complete a pattern recognition memory
probe (but invent no shortcut), and those who are given short-
cut actions that they did not propose themselves.

One exciting area for future study would be exploring can-
didate mechanisms of how people generate shortcuts from as-
sembly experience. One class of algorithms, library-learning
program synthesis models (Ellis et al., 2021), can capture
human-like reasoning and generalization in generative do-
mains like handwriting (Lake et al., 2015). In some cases,
these algorithms exhibit curriculum effects; the explicit short-
cuts or strategies they propose depend on the order of problems
they see during training (Poesia & Goodman, 2023). Future
work could investigate the alignment of learning trajectories
between models and people.

People learn from solving problems, inventing new ways to
get better based on what they have tried before. While we stud-
ied how people develop shortcuts that directly capture parts
of problems that repeat, real problem solving—and domain
expertise—can be far more creative. People discover much
more abstract similarities and over much longer timescales
(like noticing duplicates, or that they’ve been always building
animals), and invent entirely new tools that break new ground
on the range and kinds of problem solving available. Our
work takes a step in this direction, suggesting that general
mechanisms for learning from experience help guide the way
that people plan ahead to perform later tasks.
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