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Abstract

Humans can remember arrays or sequences of stimuli that ex-
ceed working memory limits in many domains, from auditory
sequences to geometric shapes. This ability has been inter-
preted as evidence for language-like representations that com-
press stimuli into compact descriptions. We extend this evi-
dence in the domain of geometry by showing that representa-
tions of geometric shapes are not only compressed but also
syntactically structured. Experiment 1 shows that different
representations can be induced for the same geometric shape,
indicating structural representation. Experiment 2 shows that
subparts of a shape are easier to recognize when they belong
to the same subtree than whey do not, indicating hierarchical
organization. Taken together, the results indicate that geomet-
ric shapes are encoded in representations that possess internal
syntax, just like natural language sentences.

Keywords: geometric shapes; language of thought; syntax;
structural ambiguity; Gestalt perception

Introduction

A growing body of evidence indicates that humans use
language-like representations to encode many nonlinguistic
stimuli, from arbitrary categories in concept learning tasks
to auditory and visual sequences (Al Roumi, Marti, Wang,
Amalric, & Dehaene, 2021; Wang et al., 2019; Dehaene,
Al Roumi, Lakretz, Planton, & Sable-Meyer, 2022). Accord-
ing to a recent proposal, human adults also encode geomet-
ric shapes in a dedicated language of thought (LoT) (Sablé-
Meyer, Ellis, Tenenbaum, & Dehaene, 2022). This geometry
LoT, illustrated in Figure 1, consists of a handful of primi-
tives, among which TRACE (a segment), TURN (the drawing
angle), REPEAT (take a set of drawing instructions as input
and repeat them n times), and SUBPROGRAM (execute one
or more drawing instructions, then return to the original po-
sition). These primitives can be combined in various ways
to recreate many of the geometric shapes attested across hu-
man cultures. Moreover, Sablé-Meyer et al. (2022) found
that adults’ encoding times, choice times, and error rates
in a match-to-sample task can be predicted from a shape’s
minimum description length—the number of primitives in its
shortest generative program (see also Leeuwenberg & van der
Helm, 2013).

SN

REPEAT TRACE  TURN
4 times segment 90°

REPEAT EXECUTE TRACE TURN
3 times & RETURN segment 120°

Figure 1: The main ingredients of the geometry language of
thought in Sablé-Meyer et al. (2022), illustrated on two geo-
metric figures.

Sablé-Meyer et al. (2022) used this evidence to make two
claims about adults’ representations of geometric shapes. The
first claim concerns the format of representation: an LoT with
semantic content (given by the primitives) and syntactic struc-
ture (given by the combinations of these primitives). The sec-
ond claim concerns the selection among equivalent represen-
tations. For instance, a square can be represented not only
by the program [REPEAT (4 times, (TRACE, TURN)] in Fig-
ure 1 but also by a program such as (TRACE, TURN, TRACE,
TURN, TRACE, TURN, TRACE, TURN). However, the REPEAT
program will be selected because it is more compact.

Note, however, that inferring the format of a representation
from the minimum description length in the space of possi-
ble programs is highly indirect. First, this inference relies on
the correlation between behavior and a numerical value with-
out showing further evidence of the hypothesized structure.
Second, format and selection are partly orthogonal: Humans
could use an LoT to encode geometric shapes even if they do
not always select the shortest program for a given shape.

For these reasons, we devised a series of constituency tests
that allow for a more direct investigation of syntactic structure
in shape representations. We present two online experiments
showing, first, that adults can represent the very same geo-
metric shape in different mental representations. Second, we
show that shape subparts are easier to recognize when their
segments belong to the same subtree than when they straddle
different subtrees.
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Experiment 1: Methods
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Figure 2: Left Example of a stimulus shape, together with its two decompositions. We induced both decompositions via
drawing animations across and within participants. Right Task overview, illustrated with one of the two structures on the left.
Trial congruence is defined by the match/mismatch between target coloring and the structure implied by the animation. Only

Match targets are shown.

Experiment 1: Structural Ambiguity

In language, there are many sentences for which more than
one syntactic parse is possible (e.g., I saw [the man with the
binoculars] versus I saw [the man] [with the binoculars]).
This ambiguity has long been used to argue that sentence rep-
resentations have internal structure (Chomsky, 1967). In Ex-
periment 1, we sought to provide an analogous test case for
geometric shapes by testing whether different parses can be
induced for the same surface geometric shape. If true, this
would allow us to draw two conclusions. First, it would show
that the internal representations of geometric shapes can be
structured—if they had no structure, the same shape would
always give rise to the same (flat) representation. Second,
it would show that the structured representations of geomet-
ric shapes can be influenced by factors other than minimum
description length (van der Helm, 2014; Sablé-Meyer et al.,
2022; Feldman, 2016). Otherwise, the same shape would al-
ways give rise to the same representation (the most compact
one).

Methods

Transparency and openness The hypotheses, methods,
exclusion criteria, analyses, and statistical analyses were
preregistered at the Open Science Framework (Experiment
I: https://osf.io/yrkzm/; Experiment 2: https://osf
.10/k2cx8/). The local ethical committee approved the ex-
periment, and informed consent was obtained from the par-
ticipants at the beginning of the testing session. The data
for both experiments were analyzed using R 4.4.0 (R Core
Team, 2022), and the packages tidyverse 2.0.0 (Wickham et
al., 2019), ggplot 3.5.1 (Wickham, 2016), and rstatix 0.7.2
(Kassambara, 2023).

Task and trial structure A schematic task depiction is
shown in Figure 2 (right).! Participants had to decide whether
two stimuli have the same shape. Each trial started with an
animation that generated a line drawing (1-2 seconds) by se-
quentially drawing two shapes (Segments 1-3 and Segments
4-6). A short break (333 ms) was interposed between the
two shapes that formed the final drawing. The last frame of
the animation depicted the sample image participants had to
memorize and was shown for 500 ms before being removed.
After a short break (250 ms), a fixation circle was displayed
for 500 ms. The fixation circle was then replaced by one of
the target images. Once the target image was displayed, par-
ticipants used their keyboard to indicate whether the target
had the same shape as the sample, ignoring differences in
color, scale, and orientation. They were given 1 second to re-
spond. If they made a mistake or did not respond fast enough,
a feedback message was displayed for 1.5 seconds. In the ex-
periment instructions, animations were presented in a neutral
way: Participants were told that they would have to remember
a black-and-white shape generated by a drawing process.

Stimuli Building on the LoT program in Sablé-Meyer et
al. (2022), we created 16 sample stimuli that could be de-
composed in two ways: Either by joining two identical sub-
shapes (Figure 2, left: Structure A) or by joining two different
sub-shapes (Figure 2, left: Structure B). Both structures were
turned into short animations depicting how the shape was
drawn. For each sample shape, the two animations started
from the same position and lasted equally long. The length
and width of each sample varied between 90 and 180 pixels.
The samples were presented at the center of the screen in an
invisible bounding box of 200 x 200 pixels.

'A sample video of the procedure is accessible at https://
vimeo.com/1045772620.
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For each sample image, we generated 8 colored Match
targets (Figure 2, right), which had the same shape as the
samples. Based on their coloring pattern, the targets could
be divided in two subtypes, depending on the decomposition
they reflected. For instance, the target on the top screen of
Figure 2 (Congruent with respect to the animation) obeys
structure B, while the target on the bottom screen (Incon-
gruent with respect to the animation) obeys structure A. The
match/mismatch between the animation and coloring is thus
the independent variable, which allowed us to test whether
(i) adults use structured representations to encode the sample
shapes; (ii) whether animations can induce different represen-
tations for the same shape. The targets could appear in one
of four color pairings (blue—orange, orange—blue, red—green,
and green-red), at different scales relative to the sample im-
age (0.92, 0.94, 0.96, 0.98, 1.02, 1.04, 1.06, or 1.08), and
in different orientations (—25°, —20°, —15°, —10°, 10°, 15°,
20°, or 25°).

To create the Deviant targets, we modified the colored
Match targets either by moving a segment to a different posi-
tion or by adding a new segment.

Design The task was divided into two equal-length blocks.
Across the two blocks, each sample image was present on 16
trials, evenly paired with Match and Deviant targets. In the
first block, half the sample images were assigned to Structure-
A animations, half to Structure-B, randomly for each partic-
ipant. In the second block, the assignments were reversed.
Thus, all participants saw every shape in both guises over the
entire experiment.

To generate the sample—target pairings in the first block,
we randomly sampled a red-and-green color pair (red—green
or green—red, specifying the color of the first shape) and
a blue-and-orange one (blue—orange or orange—blue). This
established the eight targets that would be shown for each
sample image in Block 1: 4 Match targets shown in both
color pairings, 2 move-segment Deviant targets shown in
one color pair, and 2 add-segment Deviant targets shown
in the remaining color pair. The eight targets were evenly
divided into Congruent and Incongruent ones, depending
on whether their coloring reflected the same structure as the
animation program of the sample. For each sample image,
the 8 targets in a block were randomly assigned to a unique
scale—orientation tuple. Trials were presented in a pseudo-
random order, such that each sample image appeared exactly
once every 16 trials. Block 2 followed the same logic but
reversed the animation programs for each sample and the
color pairs for the associated targets, and re-randomized the
scale—orientation assignments and the order of presentation.
The randomization was generated in the experiment script for
each participant anew.

There were 256 test trials in total (16 sample images X
2 animation programs X 2 target coloring patterns X 2 tar-
get types X 2 color pairs). At the beginning of the experi-
ment, participants completed a 16-trial Training block to get
acquainted with the task. The Training block was identical to

the main task but used unambiguous stimuli (e.g., a concate-
nation of a line and a spiral).

Participants The final sample consisted of 50 English-
speaking adult participants, recruited via Prolific (Mg =
31.5 years, range,,. = 19-62). The sample size was chosen
based on a pilot with 17 participants to detect an effect on
reaction times with 80% power. Five additional adults were
tested but not included in the final sample because they failed
to meet the inclusion criterion.

Data exclusion Following the preregistration, we excluded
the trials in which participants responded in less than 200 ms
(n = 20 trials; 0.16%) or in which they provided no response
(n =300 trials; 2.34%). We also excluded the participants
who scored lower than 75% in accuracy or response rate (n =
5). Reaction-time analyses take into consideration correct-
response trials only.

Results

Participants solved the task correctly and above chance (over-
all accuracy: 87%, 1(49) = 58.85, p < .0001). For the sake
of brevity, we focus on the results for the Match trials only,
as these are the most relevant to our hypothesis. As preregis-
tered, reaction time analyses included only the trials in which
participants were correct.

As predicted, incongruent Match trials, in which the col-
oring of the target did not correspond to the structure of
the animation, were harder than congruent Match trials (Fig-
ure 3). The effect of trial type was insignificant for reac-
tion times (Mifference = 6.1 ms, 7(49) = 1.96, p = .056, 95%
CI [-0.16,12.34], Cohen’s d = 0.28), but strong for error
rates (Myifference = 0.04, 1(49) = 5.42, 95% CI [0.03,0.06],
p < .0001, Cohen’s d = 0.77). Incongruent trials were more
difficult than congruent trials for 82% of the participants (41
out of 50) and for 88% of the shapes (14 out of 16).

Experiment 1: Results
Reaction Times (ms)

Error Rates

ns F*kkk
700+ i 0.3
6004 0.24
5004 0.14
400+ 0.0+
Congruent Incongruent Congruent Incongruent
Trial Type

Figure 3: Congruency effect on the Match trials of Experi-
ment 1. Gray circles and the lines connecting them represent
individual averages as a function of trial type; colored circles
represent group averages and 95% Cls; box plots mark the
median and interquartile range; violin plots depict the shape
of the distribution. Left Reaction times. Right Error rates.

1487



To test whether our manipulation worked not only across
but also within participants, we conducted an additional ex-
ploratory analysis by experimental block (also preregistered).
Recall that the two animation programs for each sample shape
were blocked for each participant. Thus, in each half of
the experiment, any given shape was drawn by one kind of
program only. Did participants’ repeated exposure to the
same program in the first block cause them to ignore the dif-
ferent program (for the same shape) in the second block?
While the effects were higher in the first block (Reaction
times: Maiference = 11.28 ms, #(49) = 2.51, p = .016, 95%
CI [2.23,20.32], Cohen’s d = 0.35; Error rates: Mgigference =
0.05, 7(49) = 4.15, p < .001, 95% CI [0.026,0.074], Co-
hen’s d = 0.59), the incongruence effect persisted in Block
2 as well, as evidenced by participants’ errors (Reaction
times: Myifference = 2-38 ms, 7(49) = 0.59, p = .557, 95% CI
[—6.18,11.33], Cohen’s d = 0.08; Error rates: Mifference =
0.03,1(49) =3.78, p < .001, 95% CI [0.013,0.042], Cohen’s
d = 0.54). The Block x Trial Type interaction was not sig-
nificant, F(1,49) =2.75, p = .1, T]% = .05. Thus, represen-
tations of shapes can be experimentally manipulated within
participants as well—a signature of structural ambiguity.

Discussion

By using the geometric analog of ambiguous sentences, Ex-
periment 1 showed that adults encode geometric shapes in
structured representations. Moreover, Experiment 1 intro-
duced a new Gestalt-like cue to grouping—drawing anima-
tion—that successfully manipulated the representation of the
same shape across and within participants. Finally, Experi-
ment 1 suggests that different grouping cues—drawing ani-
mation and coloring—tap onto the same internal representa-
tion. In the absence of such a process, we would not have
observed any effect of trial congruence.

Experiment 2: Subtree Facilitation

In Experiment 2, we explored humans’ representation of ge-
ometric shapes with a different constituency test. Inspired by
the evidence that subtrees are faster to process than merely
adjacent configurations in language and arithmetic (Landy
& Goldstone, 2010; Nakai & Okanoya, 2018; Schneider,
Maruyama, Dehaene, & Sigman, 2012), we ask whether
adults are more likely to recognize that a shape is a part of
the figure when it corresponds to a subtree in the geometry
LoT put forth by Sablé-Meyer et al. (2022). This paradigm is
closely related to the hidden-figure task in the Gestalt psy-
chology tradition (Palmer, 1977; Reed & Johnsen, 1975;
Leeuwenberg, Mens, & Calis, 1985) but adds to it in several
ways. First, the sub-shapes we are investigating do not corre-
spond to subtrees at the first level of the hypothesized repre-
sentation but at the second one—they are subtrees of subtrees.
Second, we use a rigorously controlled set of stimuli, such
that identical targets stem from the same subtree in one sam-
ple image but straddle different subtrees in another. Third,
we designed the stimuli to minimize salient Gestalt cues to
parsing (e.g., no stimulus could be parsed based on closure).

Methods

Task and trial structure A schematic depiction of the task
is shown in Figure 4 (right).”> Participants had to decide
whether a two-segment image (target) stimulus was a subpart
of a previously shown six-segment image (sample). Each trial
started with the sample image presented for 3 seconds. After
a short break (200 ms), a fixation circle was displayed for 500
ms. The target image was then flashed for 300 ms above or
below the fixation circle (200-pixel displacement). The circle
and target disappeared, and participants used their keyboard
to indicate whether the target was a subpart of the sample.
Participants had 1 second to respond. If they made a mistake
or did not respond within the one second, a feedback message
was displayed for 2 seconds.

Stimuli As in Experiment 1, we created 16 sample images
using a modified version of the language in Sablé-Meyer et al.
(2022). Each image consisted of 6 equal-length segments and
was generated by concatenating two subfigures of 3 equal-
length segments each (Figure 4). In turn, each subfigure was
created by one of the two signature primitives of the shape
LoT in Sablé-Meyer et al. (2022)—repetitions and subpro-
grams. Importantly, participants were not shown an anima-
tion or any other cue to the underlying structure of the shapes.
Rather, we hypothesized that participants would decompose
them in accordance with the compact LoT programs used to
generate them.

Unbeknownst to the participants, the 16 sample images
came in pairs (Figure 4, left). The two images in each pair
were designed to contain a common 3-segment connected
subfigure. This subfigure was used to generate two target
Match images [(left segment + center segment) and center
segment + right segment)]. These two Match targets were
present in both images, but differed in their status in the un-
derlying structure of their programs: One target aligned to
the tree structure of the program (Same subtree), whereas the
other did not (Different subtrees).

The Deviant targets (not shown) were created by rotating
the two Match targets by 90, 180, or 270 degrees. These
targets were concatenated to create another 3-segment con-
nected subfigure, which was used as the basis for the images
in the second pair of each group. This allowed us to perfectly
balance the targets, as the Match targets for one stimulus pair
become the Deviant targets for another.

Design Unlike Experiment 1, the targets did not vary in
color, scale, or orientation. However, to avoid direct match-
ing, the targets were flashed above or below the central po-
sition where the sample image had been presented. Within
each pair, samples were presented to display the common 3-
segment subfigure at the same on-screen position. To fix the
display coordinates, we centered the images in each pair, then
moved them toward each other until the common subfigures
overlapped. To equalize the distance between fixation and the

2 A sample video of the experiment can be found at https://
vimeo.com/1045773638.
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Experiment 2: Methods
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Figure 4: Left Example of two paired stimuli shapes in Experiment 2, together with their hypothesized structure (not shown
to participants). The stimuli have a 3-segment common subshape that was split to generate two 2-segment targets. The targets
contain segments that belong to the same subtree or to different subtrees, counterbalanced for every pair. Right Task overview,

illustrated with one of the two shapes on the left.

3-segment subfigure, we presented each sample (and corre-
sponding target) rotated by 180 degrees as well. Within each
pair, every target appeared exactly twice at each of the two
screen positions and in each of the two orientations.

There were 128 test trials in total (16 sample images x 4
targets x 2 orientations). The order of trials was pseudoran-
domized such that all samples appeared exactly once every 16
trials. As in Experiment 1, participants completed a 16-trial
Training block with unrelated stimuli before the main task.

Participants The final sample consisted of 50 English-
speaking adult participants, recruited via Prolific (M,ge = 28
years, range,,. = 18-66). The sample size was chosen based
on a pilot with 9 participants to detect an effect on reaction
times with 80% power. Four additional adults were tested but
not included in the final sample because they failed to meet
the inclusion criterion.

Data exclusion As preregistered, we excluded from the fi-
nal analysis the trials in which no response was provided
(n = 482 trials, 7.5%), as well as the participants who pro-
vided responses on less than 50% of the Match trials (n = 4).
We did not include an accuracy threshold, as we knew from
the pilot that this task would be much harder than the task in
Experiment 1. We did not exclude any fast-response trial, as
participants were not allowed to respond in the 300-ms time
window during which the target was displayed.

Results

Participants solved the task correctly and above chance (over-
all accuracy: 55%, 1(49) = 4.42, p < .001). We focus on
the results for the Match trials, as these are directly relevant
to the question under investigation. As predicted, accuracy
was higher on same-subtree Match trials than on different-
subtrees Match trials (Figure 5, left). This subtree-facilitation

effect was not present in reaction times (Mgifference = 2.23 ms,
1(49) = 0.27, p = .787, 95% CI [—14.2,18.7], Cohen’s d =
0.04) but was robust in error rates (Mgifterence = 0.08, 7(49) =
4.59, p < .001, 95% CI [0.05,0.12], Cohen’s d = 0.65). The
subtree facilitation effect on errors was present in 74% of the
participants (37 out of 50) and for 81% of the shapes (13 out
of 16).

Experiment 2: Results
Reaction Times (ms)

Error Rates
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5004 0.504
250+ 0.25-
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subtree subtrees subtree subtrees

Trial Type

Figure 5: Subtree facilitation effect on the Match trials of
Experiment 2. Left Reaction times. Right Error rates.

Discussion

Experiment 2 provides a second piece of evidence for con-
stituent structure in geometric shape representations. Partici-
pants were consistently better at detecting the subparts of an
encoded image when the subpart segments corresponded to
(sub)subtrees in the image than when they straddled different
subtrees.
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General Discussion

The presence of both structure and hierarchy in representa-
tions provides compelling evidence of an underlying inter-
nal syntax. Experiment 1 provided evidence of structure by
highlighting that structurally ambiguous shapes can be parsed
in different ways by human adults. Experiment 2 strength-
ened the evidence for structural representations, while also
providing evidence of hierarchy. Participants were better at
detecting subparts of shapes when the subparts belonged to
the same subtree than whey they did not.

Tree structure versus chunk concatenation It can be
argued, however, that chunk concatenation (e.g., Nassar,
Helmers, & Frank, 2018) can explain the data without resort-
ing to syntactic trees. According to the chunking account,
the two sub-figures on the bottom left of Figure 4 would not
have been further subdivided into component elements but
encoded as primitives. These primitives could have then been
concatenated without any nesting to recreate the shapes on
the upper left of Figure 4. The chunking account would thus
accept our claim about structure but reject the claim about
hierarchy.

Experiment 2 speaks against this alternative in two ways.
First, a chunk-based account would need to come up with an
explanation of why the shapes were chunked the way they
were over other potential decompositions. (Recall that partic-
ipants were never exposed to individual chunks at any point in
the experiment.) On the syntactic account, the decomposition
patterns are explained by the geometry LoT hypothesized to
underlie the shape representations. On the chunking account,
these patterns would receive a post-hoc explanation. Second,
we did not pit chunks against non-chunks but sub-subtrees
against segments that did not belong to a single subtree. In
other words, the targets did not correspond to chunks but to
chunk subparts. But if the chunks had been represented as
(structure-less) primitives, detecting their subparts should not
have been easier at all.

That said, chunks might be constructed by an initial syn-
tactic process that is eventually discarded in the outcome rep-
resentation. A template-matching process could then be em-
ployed to check whether the two-segment targets are part of
either of the two chunks. Therefore, we cannot definitively
rule out the chunk-based account at this stage. To achieve
this, we would need evidence that aspects of human per-
formance vary continuously with aspects of the hierarchical
structure of the hypothesized representation (e.g., processing
time with syntactic tree depth). We are currently developing
a paradigm that would allow us to test this, thereby providing
a more stringent test between the two competing accounts.

Automaticity A further question our study leaves open is
the automaticity of the LoT representations. One possibil-
ity is that such representations are recruited only when the
current task requires them. In both experiments, the memo-
rization task may have prompted participants to build a de-
composed, compressed representation for efficient storage.

Alternatively, shapes may be encoded in syntactic representa-
tions automatically, even when the task does not prompt them
to. Indeed, in Experiment 1 it is not clear why participants
were influenced by the animation at all, especially in the sec-
ond half of the experiment, where the drawing animations
switched the implied structure of every shape. By that time,
participants could have learned the shapes, encoded them in
their preferred representation, and ignored the animations al-
together. Yet the animations still influenced their behavior.
To tease these possibilities apart, a possible solution would
be to remove the need for memorization altogether and test,
for instance, for a same-subtree advantage on attention (e.g.,
Duncan, 1984) using the stimuli in Experiment 2. If attention
can move faster within a subtree than across subtrees even
when stimuli need not be remembered, this will favor the au-
tomaticity of syntactic representations.

Perception versus cognition Finally, our results raise in-
teresting questions about the nature of the geometric shape
representations: Are they driven by perceptual processes or
by higher-level ones? In other words, does vision itself fur-
nish the geometry language of thought? Note that while the
stimuli in our tasks are fully visual, one cannot conclude that
the representations themselves are produced by vision. In-
stead, it could be that the encoding of shapes relies on visual
information without being a visual process itself.

We can think of two directions of investigation for ap-
proaching this question. One possibility would be to test
convolutional and transformer networks on the same task, as
these networks model several aspects of the human visual
system reasonably well (Tuli, Dasgupta, Grant, & Griffiths,
2021; Eickenberg, Gramfort, Varoquaux, & Thirion, 2017).
Another option would be to turn the visual tasks in Experi-
ments 1 and 2 into tactile tasks (e.g., 3D contours that can
be traced by hand) for blindfolded and/or congenitally blind
individuals. Analogous results in a different sensory domain
would show that these representations are amodal and would
rule out vision as their primary source.

If it turns out that geometric shape representations do not
originate in vision, after all, but in a higher cognitive pro-
cess, this would have important implications for the Gestalt
tradition in object perception. In particular, it would raise the
possibility that many of the Gestalt principles and findings
concern geometric shapes (rather than objects) and are driven
by cognitive processes (rather than perceptual ones).
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