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Complexity is a unified cognitive kind
 

Tal Boger       & Chaz Firestone     

Any information-processing system must deal with the complexity of its 
input. Yet, complexity arises in many forms: an image may be complex, 
a melody may be complex, and so too for linguistic or mathematical 
expressions. Are these disparate forms of complexity ‘unified’ in the 
mind, such that cognition represents a common quantity shared across 
qualitatively different types of information? Here we present 11 experiments 
(N = 1,500) that reveal domain-general representation of complexity. 
First, a reward-transfer task revealed that outcomes associated with 
complexity generalize across diverse stimulus classes, including shapes, 
dot arrays, melodies, letter strings, mathematical expressions and tactile 
forms. Subsequent experiments demonstrated that such transfer occurs 
automatically (intruding on task-irrelevant judgements) and underwrites 
individual differences in higher-level judgements across domains; for 
example, participants who find simple shapes aesthetically pleasing 
also find simple melodies pleasing. These results implicate a capacity for 
type-independent representation of information density, consistent with a 
shared representational language across cognitive domains.

Intelligent systems must grapple with the complexity of the informa-
tion they process. In humans, non-human animals and information- 
processing machines more generally, meeting this challenge requires 
efficiently representing complex inputs, often in the service of per-
ception, action, learning and other downstream processes. This 
demand is so fundamental that it is often placed at the centre of 
evolutionary accounts of cognition, with some theorists proposing 
that “the function of cognition is to enable the agent to deal with 
environmental complexity”1,2.

Complexity poses a representational challenge not only because 
complex stimuli contain large amounts of information but also because 
different stimuli may be complex for different reasons. A geometric 
shape, a sequence of tones or a linguistic or mathematical expression 
can each be complex—but different features determine the complexity 
of these very different stimuli. For example, the complexity of a shape 
may be defined by its number of turns3, whereas the complexity of a 
sequence of tones may be defined by the variety of its rhythm4. Are 
these disparate instances cognitively unified in any meaningful way? 
Or do they reflect entirely separate notions of complexity that just 
happen to share the same name?

One clue that seemingly distant cases of complexity in fact share 
a common currency comes from computer science and information 
theory, where the discovery of ‘universal compression algorithms’ 

demonstrated that complex information of any type or format can 
be compressed by the same procedure (see also refs. 5–7). Such algo-
rithms compress data without regard for the type or source distri-
bution of the data, facilitating efficient storage and recovery (as in  
ZIP compression; see refs. 8–10). The importance of this demonstration 
arises not just from its efficiency but also from its universality, apply-
ing to text, visual images, auditory sequences or any arbitrary data 
format11 (for extended discussion of Kolmogorov invariance, see ref. 12).  
This implies that all complex stimuli, no matter their format, share a 
stimulus-invariant property that is (at least in principle) extractable 
by information-processing systems.

These observations raise a question for psychology: does the mind 
appreciate a universal notion of complexity, abstracted away from any 
particular domain?

One representation of complexity or many?
On the one hand, psychological studies of complexity take a wide 
range of experimental and theoretical approaches, in ways that seem 
to implicate a multitude of domain-specific notions of complexity. 
Considerations of simplicity and complexity underlie many impor-
tant aspects of cognition (for a review, see refs. 13–15); but research 
on cognitive representations of complexity typically focuses on one 
kind of complexity in isolation (see ref. 16). For example, in the realm 
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This picture of mental organization would naturally enable exactly the 
sort of cross-domain interaction (for example, between geometry and 
tones, or language and math) that we explore here.

The present experiments
Here, we ask whether the mind represents complexity in a 
domain-general manner. Our approach is to test whether representa-
tions of complexity ‘transfer’ from one domain to another. In other 
words, we ask: if some pattern is associated with complexity in one 
domain, will that same pattern transfer to a completely different 
domain? This approach allows for the study of many different kinds 
of complexity at once, in contrast to previous studies that typically 
examine a single type of complexity in isolation. We conducted 11 
experiments that explore this question using three different paradigms. 
Experiments 1–7 demonstrated that information a participant acquires 
about complex stimuli in one domain informs their judgements about 
complex stimuli in other domains, spanning visual, auditory, linguistic, 
mathematical and tactile modalities. Such transfer was not explained 
by merely representing ‘more’ of any arbitrary stimulus dimension, 
as transfer did not arise for saturation (experiment 6a), brightness 
(experiment 6b) or size (experiment 6c). Experiment 8 showed that 
such transfer occurs automatically, such that incidental exposure to 
task-irrelevant complex stimuli in one domain intrudes on basic judge-
ments made in another domain. Finally, experiment 9 revealed stable 
individual differences in aesthetic judgements of complexity across 
domains, in ways that seem explicable only by a domain-independent, 
individual-level preference for information density of a certain degree. 
Together, these results suggest that the mind possesses a unified rep-
resentation of complexity abstracted away from the surface features 
of a given stimulus, opening the door to questions concerning the 
evolutionary, developmental and computational foundations of 
complexity representation.

Results
Experiments 1–7, reward transfer across domains
Our first set of experiments (experiments 1–7) leveraged a reward- 
transfer task to ask whether outcomes associated with complexity in 
one domain transfer spontaneously to other domains. We designed 
a reward-learning task consisting of two parts. In the first part of the 
task (the learning phase), participants completed 12 trials in which they 
chose between a simple and complex stimulus from a given domain 
(for example, a simple geometric shape versus a complex geometric 
shape). Participants were consistently rewarded for choosing either the 
simple or complex option (randomized between participants), allow-
ing them to associate rewards with either simple or complex stimuli in 
a given class. Then, in the second part of the task (the transfer phase), 
participants chose between a simple and complex stimulus of a novel, 
unseen domain. Participants had never seen this new stimulus class 
(and thus had never learned a reward rule to associate with it); they 
were never instructed about the nature or generality of the reward 
rule, and they received only one trial of this novel stimulus class. We 
asked whether learned associations with complexity generalize to a 
totally new stimulus class. In other words, having learned to associate 
greater rewards with choosing complex (or simple) stimuli of one kind 
(for example, geometric shapes), would participants spontaneously 
choose complex (or simple) stimuli of another kind (for example, dot 
arrays, melodies, letter strings, mathematical formulas and so on)?

Experiment 1 tested bidirectional transfer between geometric 
shapes and dot arrays (Fig. 2a). Although both stimuli are visual, they 
are complex for seemingly different reasons: a shape’s complexity 
may be determined by (say) its number of turns, whereas a dot array’s 
complexity may be determined by the number (or arrangement) of its 
colours. By trial 3 of the learning phase (in which participants received 
feedback on their selections), performance was 90%; by trial 12, perfor-
mance was 99%. This suggests that participants successfully learned an 

of visual complexity—the complexity of a visual shape or pattern— 
previous work reveals that complexity drives memory17, attention18, 
aesthetic preferences19,20, word labelling21 and even verbal descrip-
tions22. However, the specific notions of complexity explored in such 
work do not—and often cannot—interact with each other. The com-
plexity of an image has been defined by its fractal dimension23, the 
complexity of a geometric shape has been defined by the structural 
surprisal of its shape skeleton18, the complexity of a labelled object  
has been defined by the number of geons it contains21 and so on.  
Beyond vision, the complexity of a concept has been defined in terms of 
Boolean compressibility (the length of the shortest logically equivalent 
propositional formula24,25), the complexity of a tool has been defined  
in terms of functional diversity26 and the complexity of a social  
network has been defined in terms of its graph structure27. Even within 
a single domain or stimulus class, ‘complexity’ may have many different 
referents or definitions; for example, in considering the complexity  
of a taste or odour, one might consider the chemical complexity of  
the molecules, the perceived complexity of the experience they  
evoke and so on28. These vastly different approaches to complexity in 
psychology—both across and within domains—may promote theorizing 
of complexity as constituting many different domain-specific quanti-
ties that only happen to share the same name.

On the other hand, there is an intuitive sense in which we can 
appreciate aspects of complexity that are shared across very different 
contexts. Consider Fig. 1, which depicts complex and simple stimuli 
from many domains, including images, melodies and linguistic or 
mathematical expressions. Despite the variety of those stimuli, it may 
nevertheless feel that there is a single underlying quantity that uni-
fies them—something that separates the top row from the bottom 
row even across their different domains and features. This raises the 
intriguing possibility that complexity is mentally represented in a more 
domain-general manner.

Recent experimental evidence suggests that the mind relies  
on a compression-like algorithm to represent stimuli within a par-
ticular domain. For example, it has been proposed that a ‘language of  
geometry’—wherein geometric patterns are deconstructed into primi-
tive symbols such as line segments and curves recursively composed 
with operators such as ‘turn’ and ‘move’—forms the basis for mental  
representations of shapes29–32 (see also refs. 33,34). Such representa-
tions rely on faithfully compressing a shape into its minimal form  
(a capacity that may even reflect a signature of uniquely human rea-
soning35). Similar kinds of compressed representations may arise in  
other cognitive domains, such as language, audition and more (for 
a review, see ref. 36), and they predict performance on a variety of 
cognitive tasks37,38. Such proposals also interact with longstanding 
discussions of the format of mental representations, including the pos-
sibility that a more general ‘language of thought’ pervades the mind and  
underwrites performance in otherwise disparate cognitive domains39,40. 
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Fig. 1 | Simple and complex stimuli from diverse domains. The features that give 
rise to complexity are qualitatively different across domains—for example, the 
complexity of a geometric shape may be defined in terms of its number of turns, 
while the complexity of a mathematical expression may be defined in terms of 
the operations it contains. The present work asks whether the mind extracts and 
represents a shared property across these domains.
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Fig. 2 | Experimental design and results of the reward-transfer tasks  
(experiments 1–7). a, In each of experiments 1–7, participants completed 12 
learning trials. Each trial contained one simple stimulus and one complex 
stimulus from a single domain. Participants chose between the two options and 
received feedback (reward or no reward), allowing them to learn the reward rule 
(for example, choosing the complex option earns a reward). Then, participants 
saw one trial of a new stimulus class that they had never seen before. Experiment 
1 (N = 95 post-exclusions) tested bidirectional transfer between geometric 
shapes and dot arrays. Participants successfully learned the reward rule, and then 
spontaneously transferred it to a previously unseen stimulus class. This suggests 
that the reward rule operated over a general notion of complexity that applied 
to both classes of stimuli. b, Experiment 2 (N = 96) tested transfer between 
geometric shapes and melodies, again revealing successful transfer between 
the two. c, Experiment 3 (N = 91) found transfer between geometric shapes and 
letter strings. d, Experiment 4 (N = 98) found transfer between geometric shapes 
and mathematical expressions. e, Experiment 5 (N = 459) tested all five stimulus 
classes used in experiments 1–4 simultaneously. Participants received a random 
stimulus class in the learning phase; then, in the transfer phase, they received a 

single trial of each of the other four held-out stimulus classes (without feedback). 
We found successful transfer across domains. f, Experiments 6a–c (N = 96, 99 
and 97, respectively) ensured that this transfer does not arise for merely any 
stimulus dimension. These experiments replicated experiment 1 but included 
an additional transfer trial where (1) two coloured patches were presented at 
different levels of saturation, (2) two grey squares were presented at different 
levels of brightness and (3) two black squares were presented at different sizes.  
In each case, we replicated the transfer between the geometric shapes and  
dot arrays (found in experiment 1), but we found no transfer to saturation, 
brightness and size, suggesting that the observed transfer is about complexity 
per se rather than just more (or less) of any arbitrary stimulus magnitude.  
g, Experiment 7 (N = 99) tested transfer between 3D-printed tactile forms and  
dot arrays. Participants had no visual access to the tactile forms, yet transfer 
arose across vision and touch. Readers can view all experiments (with the 
exception of experiment 7, which was conducted in person with tactile forms)  
at https://perceptionresearch.org/complexity_transfer. Data are depicted  
as means, and when present, error bars represent 95% CIs. NS, not significant.  
**P < 0.01; ***P < 0.001.
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implied association between complexity and reward. Our key question, 
however, concerns the generality of this learned rule—how far does it 
extend? On the crucial transfer trial, when participants were shown a 
stimulus pair from the class they had not been exposed to (dot arrays 
after seeing geometric shapes, or vice versa), 86.3% of participants 
selected the reward-earning stimulus (P < 0.001 in the exact binomial 
test relative to chance, N = 95, 95% confidence interval (CI) 77.8–92.5%); 
in other words, they readily selected the more variable dot array after 
having learned that more jagged shapes were rewarded (and vice versa). 
Thus, participants did not merely learn a local reward rule for a given 
stimulus class (for example, choosing the shape with more turns, or the 
dot array with more colours). Rather, their decision rule transferred 
across stimulus classes in a manner consistent with a domain-general 
representation of complexity.

Still, shapes and dot arrays are both visual images, so it may not be 
surprising to observe transfer across the two. Subsequent experiments 
thus generalized this pattern much further, testing a very wide range of 
stimuli. Experiment 2 found successful bidirectional one-shot transfer 
between geometric shapes and melodies (at a rate of 71.9%, P < 0.001, 
N = 96, 95% CI 61.8–80.6%; Fig. 2b). Experiment 3 found successful 
bidirectional one-shot transfer between geometric shapes and letter 
strings (at a rate of 78.0%, P < 0.001, N = 91, 95% CI 68.1–86.0%; Fig. 2c). 
Experiment 4 found successful bidirectional one-shot transfer between 
geometric shapes and mathematical expressions (at a rate of 64.3%, 
P = 0.006, N = 98, 95% CI 54.0–73.7%; Fig. 2d). In other words, having 
learned simply that more jagged shapes are worth more points, partici-
pants selected longer melodies, words with more syllables and more 
elaborate mathematical expressions (and vice versa from these stimuli 
back to shapes). This is especially striking given that, across this broad 
range of stimuli, individual stimulus pairs not only arise from different 
modalities but also span from low-level notions of visual complexity 
to more high-level notions of cognitive or operational complexity. 
The features of each of these stimuli vary dramatically in type; and in 
almost every case, there is no obvious way to map these features across  
their disparate types. In other words, there is no reason to expect 
the mind to transfer notions of complexity from one domain  
(for example, curvature of a geometric shape) to notions of com-
plexity from other, very different domains (for example, number 
of operators in a mathematical expression). Thus, experiments 1–4 
point towards domain-general, one-shot transfer of complexity in a 
reward-learning task.

Experiment 5 provided further evidence for this transfer by test-
ing all possible stimulus pairs from experiments 1–4, simultaneously. 
Rather than testing bidirectional transfer between geometric shapes 
and other stimuli (dot arrays, melodies, letter strings and mathemati-
cal expressions), experiment 5 tested bidirectional transfer between 
all of these stimuli at once. Participants were randomly assigned to 
receive any of the five stimulus classes (used in experiments 1–4) in 
the learning phase. Then, the transfer phase consisted of one trial 
of each of the other four held-out stimulus classes (all without feed-
back). This allowed us to test the limits of this domain-generality, 
asking whether transfer of complexity would arise from any stimulus 
class to any other stimulus class. Reflecting the generality of these 
representations, this experiment revealed broad transfer throughout 
the stimulus space. First, every stimulus class produced successful 
transfer; participants who received any of the five stimulus classes 
in the learning phase earned rewards at an above-chance rate in the 
transfer phase (mean transfer accuracy for participants who learned 
shapes: 74.3%, t(111) = 9.56, P < 0.001, d = 0.90, 95% CI 69.3–79.4%; dot 
arrays: 68.6%, t(81) = 5.84, P < 0.001, d = 0.65, 95% CI 62.3–74.9%; melo-
dies: 81.0%, t(80) = 11.35, P < 0.001, d = 1.26, 95% CI 75.5–86.4%; letter 
strings: 65.8%, t(90) = 4.83, P < 0.001, d = 0.51, 95% CI 59.3–72.4%; and  
mathematical expressions: 61.0%, t(92) = 3.62, P < 0.001, d = 0.38,  
95% CI 55.0–67.1%). Next, every stimulus class was the ‘target’ of suc-
cessful transfer; participants who received a single trial of any of the 

four held-out stimulus classes in the transfer phase earned rewards at 
an above-chance rate (mean transfer accuracy for shape transfer trials: 
78.0%, P < 0.001 in the exact binomial test, N = 346, 95% CI 73.3–82.3%; 
dot arrays: 73.7%, P < 0.001, N = 376, 95% CI 68.9–78.1%; melodies: 
63.8%, P < 0.001, N = 378, 95% CI 58.7–68.6%; letter strings: 65.5%, 
P < 0.001, N = 368, 95% CI 60.4–70.3%; and mathematical expressions: 
70.4%, P < 0.001, N = 365, 95% CI 65.4–75.0%). Finally, 9/10 possible 
bidirectional learning-transfer pairs showed statistically significant 
transfer (dot arrays and mathematical expressions: 64.0%, P < 0.001 
in the exact binomial test, N = 175, 95% CI 56.4–71.1%; dot arrays and 
melodies: 75.5%, P < 0.001, N = 163, 95% CI 68.1–81.9%; dot arrays and 
shapes: 82.5%, P < 0.001, N = 194, 95% CI 76.4–87.5%; dot arrays and let-
ter strings: 62.2%, P = 0.002, N = 172, 95% CI 54.5–69.5%; mathematical 
expressions and melodies: 65.3%, P < 0.001, N = 173, 95% CI 57.7–72.4%; 
mathematical expressions and shapes: 75.6%, P < 0.001, N = 205, 95% 
CI 69.1–81.3%; melodies and shapes: 74.1%, P < 0.001, N = 193, 95% CI 
67.3–80.1%; melodies and letter strings: 72.1%, P < 0.001, N = 172, 95% 
CI 64.8–78.7%; and shapes and letter strings: 71.8%, P < 0.001, N = 202, 
95% CI 65.0–77.9%; only mathematical expressions and letter strings 
failed to reach statistical significance, but this pair was still numerically 
above chance: 56.5%, P = 0.090, N = 184, 95% CI 49.0–63.8%; Fig. 2e). 
Thus, successful transfer arose from, to and between stimulus classes, 
suggesting the mind capitalizes on a domain-general representation 
of complexity.

Experiments 6a–c controlled for a possible alternative account 
concerning raw stimulus magnitude. When two stimuli differ in com-
plexity, they must also differ in the magnitude of at least one stimulus 
dimension (curves in a shape, notes in a melody and so on). Thus, per-
haps our previous results point to the transfer of merely any stimulus 
magnitude, and not specifically those implicated in complexity. Note 
that it is difficult to articulate this reductionist explanation without 
invoking complexity itself; after all, a shape with ‘fewer turns’ has ‘more 
smoothness’, a word with ‘fewer syllables’ may have ‘more readability’ 
and so on. It is only because having more turns is already determina-
tive of complexity that it is subject to transfer. Still, we designed a 
set of experiments that dissociated complexity from merely having 
‘more’ of any arbitrary magnitude. Experiment 6a used experiment 
1’s design—testing bidirectional transfer between geometric shapes 
and dot arrays—but included one key additional transfer trial where 
participants were presented with two colours of identical hue and light-
ness, but of differing saturation (one 25% and one 75%). Saturation is an 
appropriate control because it is a continuous, ‘prothetic’ dimension41 
that can be varied while holding other relevant stimulus features (here, 
hue and lightness) constant. If the mind merely transfers a notion of 
‘more’ from one stimulus class to another, then participants who are 
rewarded for choosing the more complex geometric shapes (or dot 
arrays) should also choose the more saturated colour. However, if 
transfer from one stimulus class to another is operating over a deeper 
notion of complexity, then participants should not particularly favour 
one colour over the other (while still succeeding on the other transfer 
trial, as in experiment 1). The latter is exactly what we observed: par-
ticipants successfully transferred the reward rule between geometric 
shapes and dot arrays (84.4%, P < 0.001, N = 96, 95% CI 75.5–91.0%, 
replicating the results of experiment 1), but were indistinguishable  
from chance in the colour transfer trial (48.4%, P = 0.838, N = 95,  
95% CI 38.0–58.9%, Bayes factor 10 (BF10) of 0.26; Fig. 2f) (the difference 
in accuracy between the two transfer trials—the saturation transfer trial 
and either the shape or dot array transfer trial—was itself significant as 
well; t(94) = 5.99, P < 0.001, d = 0.62, 95% CI 23.9–47.6%).

Experiments 6b and 6c extended these controls to additional 
dimensions: brightness and size. Experiment 6b’s transfer trial pre-
sented grey squares differing in brightness (one 25% and one 75%) 
instead of the saturation stimuli used in experiment 6a, and experi-
ment 6c presented black squares differing in size (with one having 
an area 16 times that of the other). In both experiments, participants 
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transferred the reward rule between geometric shapes and dot arrays 
(experiment 6b: 81.8%, P < 0.001, N = 99, 95% CI 72.8–88.9%; experi-
ment 6c: 83.5%, P < 0.001, N = 97, 95% CI 74.6–90.3%), but there was 
no evidence for transfer from shapes and dot arrays to brightness 
(43.4%, P = 0.228, N = 99, 95% CI 33.5–53.8%, BF10 of 0.54; difference in 
transfer trials, t(98) = 6.18, P < 0.001, d = 0.62, 95% CI 26.1–50.7%) or size 
(49.5%, P = 1.000, N = 97, 95% CI 39.2–59.8%, BF10 of 0.25; difference in 
transfer trials, t(96) = 5.21, P < 0.001, d = 0.53, 95% CI 21.0–47.0%). This 
suggests that the transfer we observed relies on complexity itself, and 
not merely any stimulus dimension one can have ‘more’ of (given that 
experiments 6a–c revealed no evidence of transfer for saturation, 
brightness and size).

Finally, experiment 7 generalized this pattern to an additional 
modality—touch. We 3D printed the geometric shapes used in previ-
ous experiments (using a Bambu Lab X1C printer) and asked whether 
transfer would arise between these tactile forms and the visual dot 
arrays used earlier. As before, participants completed 12 learning 
trials of a randomly assigned stimulus class (either tactile forms or 
visual dot arrays), and then a single transfer trial of the other class. 
Importantly, participants had no visual access to the tactile forms; the 
objects were placed inside a closed box with one hole on each side, such 
that participants could touch the shapes but not look at them. Still, we 
found successful bidirectional transfer across these domains (at a rate 
of 81.8%, P < 0.001, N = 99, 95% CI 72.8–88.9%; Fig. 2g). In other words, 
having learned to choose the complex tactile forms, participants spon-
taneously selected the complex dot arrays; thus, the observed transfer 
even extended across vision and touch.

Together, experiments 1–7 reveal spontaneous reward transfer 
of complexity across the visual, auditory, linguistic, mathematical 
and tactile domains.

Experiment 8, automatic interference across domains
Experiments 1–7 revealed that the mind can—and does—transfer com-
plexity across domains. However, the task used in those experiments 
may seem to actively invite such transfer: it essentially asks participants 
to make an educated guess about which regularities might apply to the 
new stimuli they encounter. Could such transfer also be observed in a 
task where such mapping not only is unnecessary but also may actively 
impair performance?

Experiment 8 tested whether complexity transfer arises automati-
cally, such that task-irrelevant complex stimuli in one domain intrude 
upon judgements about complexity in another domain (see also  
ref. 42). Participants completed a modified Stroop task. On each trial, 
participants saw two words—one simple word and one complex word—
and simply had to say which was more (or less) complex. However, above  
each word appeared a geometric shape that was either congruent to the  
word’s complexity (complex shape above complex word, simple shape 
above simple word; half of the trials) or incongruent to the word’s com-
plexity (complex shape above simple word, simple shape above com-
plex word; half of the trials; Fig. 3a). Since participants only had to judge 
which word was more (or less) complex, they could ignore the shapes 
entirely (and were explicitly told this). In other words, the shape was  
(1) completely irrelevant to the word task and (2) demanded no 
response of any kind. Thus, while participants might infer that com-
plexity was a dimension of interest, nothing about the task required any 
consideration of shape complexity (indeed, if anything, considering 
shape complexity would have been actively unhelpful).

Still, shape complexity automatically intruded on judgements of 
word complexity. Participants provided faster responses on congru-
ent trials (57.4-ms difference, t(47) = 9.07, P < 0.001, d = 1.31, 95% CI 
44.7–70.1 ms, in a paired t-test), and this did not come at the expense 
of accuracy (indeed, accuracy was higher on congruent trials as well; 
+2.49%, t(47) = 3.26, P= 0.002, d = 0.47, 95% CI 0.96–4.03%; Fig. 3b). Put 
the other way around, incongruence between shape complexity and 
word complexity made participants slower and less accurate, impairing 

their performance. Thus, even though participants could have safely 
ignored shape complexity and its relation to the stimuli in front of them 
(and indeed may have performed better if they had done so), they were 
simply unable to do so; complexity in one domain intruded on judge-
ments of complexity in the other. This suggests that domain-general 
representations of complexity not only operate on explicit tasks (such 
as our reward-learning paradigm) but also transfer automatically in 
ways that interfere with other processes and judgements.

Experiment 9, complexity preferences are stable across 
domains
Our previous experiments demonstrate that the mind transfers notions 
of complexity across domains, in ways that even intrude on basic and 
incidental judgements. However, if complexity is represented as  
a domain-general quantity, might we find evidence that a single  
representation governs and unites downstream judgements that  
might otherwise be unrelated? Experiment 9 explored this question  
at the participant level, asking whether an individual’s aesthetic  
preferences for complex stimuli are correlated across domains.

Our approach in this experiment neither explicitly (as in experi-
ments 1–7) nor implicitly (as in experiment 8) invited participants to 
map stimuli of one domain to stimuli of another. Rather, this experi-
ment explored whether judgements within each domain emanate from 
a more general type-independent preference that is stable within an 
individual. A large body of work has found strong relationships between 
complexity and aesthetics across a broad range of stimuli, including 
abstract art19, geometric shapes20, melodies43,44 and even food45. How-
ever, are complexity-driven aesthetic preferences consistent across 
domains? For example, if someone prefers to view especially complex 
geometric shapes, does that same person also prefer to hear especially 
complex melodies (Fig. 4a)? If so, this would be consistent with a unified 
representation of complexity that gives rise to an individual ‘informa-
tion density’ preference in any given domain.

Recent evidence points to the possibility that other sorts of 
aesthetic preferences are stable across domains46. Here, we apply a 
similar approach to our questions about complexity. In experiment 9,  
participants completed an aesthetic preference task. On each trial, 
participants were presented with two stimuli from a given domain 
(geometric shapes, dot arrays, melodies, letter strings and mathemati-
cal expressions; as used in experiments 1–5) and chose which one they 
found more (or less) beautiful. Importantly, across trials, the domains 
varied randomly; for example, in one trial, a participant would choose 
between two geometric shapes, and in another, they would choose 
between two mathematical expressions (Fig. 4b). This approach yielded 
individual participant-level aesthetic preferences in many different 
domains (Fig. 4c).

The results of this task were consistent with a stimulus-independent 
preference applying across domains. An intraclass correlation revealed 
consistent individual differences in complexity-driven aesthetic prefer-
ences across domains (two-way intraclass correlation coefficient (ICC)
(C,5) of 0.37, F(149,596) = 1.58, P < 0.001, 95% CI 0.19–0.51; Fig. 4d). In 
other words, the stronger a participant’s preference for, say, complex 
shapes, the stronger their preference for complex dot arrays, melodies, 
words and mathematical expressions. In addition, we computed two 
permutation measures of consistency, asking whether participants’ 
preferences across domains were more consistent than what would be 
expected by chance. In each iteration of this test, we shuffled the values 
(or ranks) across participants within a domain; then, we computed the 
new mean absolute error for each participant on these shuffled values. 
Finally, we compared the permuted errors with the real errors and 
found that the observed cross-domain consistency was higher than the 
permuted cross-domain consistency in 1,000/1,000 iterations when 
considering the raw values (and 999/1,000 iterations when considering 
the ranks; Fig. 4e). Thus, individual complexity preferences were more 
consistent across domains than what would be expected by chance.
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Note that this result is difficult to explain by a mere experimen-
tal demand to map complexity across domains. Even more so than 
in experiment 8, such a demand was completely absent, especially 
given that (1) only a single domain appeared within a given trial, and 
(2) there was no reward to earn (nor even a correct answer to give). In 
other words, the experimental design does not (and even could not) 
invite any ad hoc mapping or aligning across domains. Rather, these 
behaviours, perhaps more so than any other reported here, indicate a 
more general, unified ‘source’ from which such judgements emanate.

Discussion
The experiments reported here point towards domain-general repre-
sentation of complexity in cognition, such that the mind represents 
a shared property across qualitatively different stimuli. We observed 
successful transfer of complexity across a variety of domains in  
ways that support reward learning (experiments 1–7), intrude on  
basic judgements (experiment 8) and even underlie stable individual 
preferences (experiment 9). In contrast to how complexity is typically 
studied in psychology (with different approaches and parameteri-
zations for different stimuli), these results constitute evidence that 
the mind represents the shared complexity that unifies stimuli from 
otherwise disparate domains.

The logic of our approach mirrors recent work in other cognitive 
domains, such as numerical cognition. A longstanding research tradi-
tion analyses the mechanisms, origins and development of number 
perception, posing similar questions about the domain-generality 
of the relevant representations: when we see some number of dots 
and hear some number of tones (or touch some number of bumps), 
to what extent does the mind represent the single quantity shared 
across these domains? An illuminating series of discoveries answered 
this question by finding transfer across these domains47–51, much  
like how we find evidence for a common representation of complex-
ity across domains. Accordingly, the approaches taken here may  
prove useful for the study of many different kinds of abstract represen-
tations across domains or stimuli, such as the abstract representation 

of ‘boundedness’ across events and objects52, ‘extent’ across space  
and time53, ‘symmetry’ across language and vision54, or even ‘random-
ness’ across different stimulus formats55.

Complexity and the language of thought
The present results connect to a recent body of experimental  
work concerning mental compression algorithms30,35 (for a review, 
see ref. 36), which has shed new light on longstanding debates about 
the format of mental representation. This work has proposed that 
the cognitive capacities that facilitate representation of geomet-
ric shapes, sequences of musical tones and related stimuli rely on  
compressing the stimulus into a structured composition of its primi-
tives. Such representations are proposed to take on a language-like 
format, deriving from a more general ‘language of thought’39,40. The 
language of thought hypothesis posits that the format and structure 
of mental representations share many properties with natural lan-
guages, such as containing discrete constituents that combine sys-
tematically to form structured representations, enabling flexible and 
generative thought.

While the same overarching language of thought may account for 
cognitive representations in any given domain (geometric shapes, audi-
tory sequences and so on), the primitives composing the language in 
each domain differ. The representation of a complex geometric shape 
consists of symbols such as line segments and curves, while the repre
sentation of a complex sequence of tones consists of symbols such  
as pitches and amplitudes. By demonstrating successful transfer  
across a variety of domains, our work makes this connection more 
explicit. In other words, these representations not only take on a 
language-like structure but also interface seamlessly across domains.

Importantly, evidence for domain-general representation of 
complexity does not constitute evidence against the existence of any 
domain-specific representations of complexity. Indeed, many notions 
of complexity are definitionally domain-specific, as they cannot apply 
to other kinds of stimuli (for example, curvature is a useful proxy for 
the complexity of a shape but is not even defined when considering the 
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Fig. 3 | Complexity automatically transfers across domains. a, The design 
of the novel Stroop-like task used in experiment 8 (N = 48 post-exclusions). 
Participants were presented with two words and had to judge which was more 
(or less) complex. Above each word, a task-irrelevant shape was presented. 
Participants were instructed to ignore the shapes, and indeed never had to make 
any judgements about them—thus, the shapes were entirely task irrelevant. 
Importantly, in half of the trials, shape complexity was congruent with word 
complexity (complex shape above complex word, simple shape above simple 

word); in the other half of the trials, shape complexity was incongruent with word 
complexity (complex shape above simple word, simple shape above complex 
word). b, The participants were faster and more accurate on congruent trials 
than incongruent trials, and almost every participant showed this congruency 
advantage. This result suggests that task-irrelevant representations of 
complexity in one domain may automatically interfere with basic judgements of 
complexity in another domain. Data are depicted as means and, when present, 
error bars represent 95% CIs. **P < 0.01; ***P < 0.001.
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complexity of a melody). Our proposal is only that, regardless of the 
nature and extent of any domain-specific representations of complex-
ity in the mind, there is a domain-general notion of complexity in the 
mind that unifies stimuli across domains.

Origins and development
A natural question concerns the developmental origins of domain- 
general representations of complexity (also mirrored in the case of 
number56). Previous work links complexity with exploration, demon-
strating that children attend to and act on stimuli that are neither too 
simple nor too complex57–60. In addition, children may have an intuitive 
notion of entropy, noticing that non-agentive forces (such as the wind) 
can only increase entropy and disorder, whereas agentive forces (such 
as people) can either increase or decrease entropy and disorder61. These 
and other results demonstrate that children represent some notion 
of complexity, but it remains open how stimulus-general that notion 
truly is. Would it extend across radically different domains in the ways 
we find here? Future work may use the same kinds of straightforward 
reward-transfer tasks (as in experiments 1–7) to explore this question.

Along these same lines, a further question remains as to the phylo-
genetic origins of complexity representations. Recent work suggests 
that the capacity to represent shape complexity via a compression-like 
algorithm may be a uniquely human quality: whereas humans distin-
guish shapes on the basis of rich differences in the shapes’ primitives 
(in ways captured by a symbolic model of shape), baboons distin-
guish shapes on the basis of the shapes’ visual differences alone (in 
ways captured by a convolutional neural network35). Given this recent 
work, it may be that non-human primates and other animals fail to 
represent stimulus complexity in a maximally abstract fashion, and 
may thus fail at the types of reward-transfer tasks we use here. On 
the other hand, other evidence suggests that non-human primates 

possess abstract representations of other quantities such as number 
and its corresponding operations62 (for a review, see ref. 63), though 
the nature of these representations is still debated64,65. Furthermore, 
recent evidence suggests that monkeys’ representations of geometry 
(those that would be recruited in the complexity tasks used here) rely 
on similar cognitive processes to their representations of number66 
(see also ref. 67). Thus, it is possible that similar kinds of mechanisms 
to those that support abstract representations of number may sup-
port abstract representations of complexity. Asking whether abstract 
representations of complexity exist in non-human primate minds 
thus seems especially fruitful, regardless of the success or failure of 
the animals on these tasks. In these ways, the present results not only 
reveal domain-general representation of complexity but raise new 
questions about its nature and origins in the mind.

Methods
The following sections contain in-depth descriptions of the experi-
ments performed. The designs, sample sizes, exclusion criteria and 
analysis methods for every experiment reported here were preregis-
tered. These preregistrations—along with stimuli, experiment scripts, 
data and analysis scripts—are available at https://osf.io/42umv/. Read-
ers can also experience every experiment for themselves (except for 
experiment 7, which was conducted in person) at https://perception-
research.org/complexity_transfer. The experiments were approved  
by the Homewood Institutional Review Board of Johns Hopkins  
University.

Participants for experiments 1–6, 8 and 9 were recruited online 
via Prolific (for a discussion of the reliability of this participant pool, 
see ref. 68). Participants for experiment 7 were recruited in person 
at Johns Hopkins University. Participants were compensated upon 
completing the experiment.
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individual consistency across domains. In other words, people who preferred 
complex (or simple) stimuli in one domain preferred complex (or simple) stimuli 
in other domains. e, A permutation analysis further examined the individual 
stability of these preferences across domains. The observed error of our data was 
considerably lower than the permuted error (shuffling within domain, across 
participants) when considering both raw values (where the observed error was 
lower than the permuted error in 1,000/1,000 iterations) and ranks (where the 
observed error was lower in 999/1,000 iterations). In d, the graph depicts the 
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The reward-learning tasks (experiments 1–7) are all nearly identical 
in design, procedure and analysis; often only the stimuli varied across 
these experiments. Thus, for those experiments, all elements should be 
assumed to be the same as in experiment 1 unless otherwise specified.

We note that, insofar as these findings concern representations 
of complexity, they also concern representations of ‘simplicity’—the 
absence or inverse of complexity. Simplicity has also been the subject 
of much study in cognitive science13–15. Here, we focus on complexity 
given that it is often privileged over simplicity (for example, in visual 
search16,18)—but these results similarly apply to simplicity (we thank a 
reviewer for prompting this discussion).

Experiment 1, transfer between geometric shapes and dot 
arrays
Experiment 1 tested bidirectional transfer between geometric shapes 
and dot arrays in a reward-learning task. We asked whether participants 
who learned that more (or less) complex shapes yielded greater rewards 
would spontaneously choose more (or less) complex dot arrays (or vice 
versa) in a single, one-shot transfer trial.

This study was preregistered on 22 October 2024 (https://aspre-
dicted.org/g4yb-qbvq.pdf).

Stimuli and procedure. At the start of the experiment, participants 
were randomly assigned to be rewarded for selecting either the simple 
stimulus or the complex stimulus on each learning trial. In addition, 
the learning stimulus class was randomly assigned for each participant 
(either geometric shapes or dot arrays, with the other stimulus class 
being the transfer stimulus).

Participants completed 12 learning trials. On each trial, partici-
pants chose between two options on the screen (left or right) and 
received feedback regarding their choice. If participants chose the  
correct option, they heard a ‘ding’ sound, and saw a virtual coin  
drop into a piggy bank, thus increasing the ‘coin bank’ by 5 points; if 
participants chose the incorrect option, they heard a negative buzzer 
sound, and saw no change in the coin bank. After 12 learning trials, 
participants completed a single transfer trial in which a new stimu-
lus class was presented. This key transfer trial was the main target of 
our analyses.

The geometric shapes used in this experiment were drawn from 
ref. 20. The dot-array stimuli were inspired by those in ref. 22, but were 
generated anew for this experiment.

Analyses and results. As per our preregistered analysis plans, par-
ticipants were excluded if they did not submit a complete dataset, or if 
they earned the reward on less than 50% (6 of 12) of the learning trials. In 
addition, we excluded trials with a response time below 200 ms. In total, 
101 participants completed the task (1 more than our preregistered sam-
ple size participated, due to a feature of Prolific’s recruiting process),  
6 of whom were excluded by our criterion for the learning trials.  
Of the remaining 1,235 trials, 5 were excluded by the response time  
criterion.

Overall, 86.3% of participants transferred the reward rule to the 
new, unseen stimulus class (P < 0.001 in the exact binomial test, N = 95, 
95% CI 77.8–92.5%).

Experiment 2, transfer between geometric shapes and 
melodies
Experiment 2 used the same design as experiment 1 but used melodies 
instead of dot arrays. Thus, this experiment tested bidirectional trans-
fer across the visual and auditory modalities.

This study was preregistered on 28 October 2024 (https://aspre-
dicted.org/yvvs-36v9.pdf).

Stimuli and procedure. The experiment’s design was identical to that 
of experiment 1. The only difference was that the melodies replaced the 

dot arrays. On those trials, the two options were presented as music 
notes on each side of the screen. Clicking on a music note would play 
a melody; after listening to both melodies, participants chose which  
one they thought would earn a reward. The simple melodies contained 
only a single note, while the complex melodies contained multiple 
notes with varying tempos and pitches. Melodies were generated 
in Ableton.

Analyses and results. A participant was excluded for not submitting a 
complete dataset, and three additional participants were excluded for 
failing to earn the reward on at least 50% of learning trials. In addition, 
1 trial (of 1,248 remaining) was excluded for speed.

Overall, 71.9% of participants transferred between the geometric 
shapes and the melodies (P < 0.001 in the exact binomial test, N = 96, 
95% CI 61.8–80.6%).

Experiment 3, transfer between geometric shapes and letter 
strings
Experiment 3 tested bidirectional transfer between geometric shapes 
and letter strings.

This study was preregistered on 12 November 2024 (https://aspre-
dicted.org/pyz3-trtv.pdf).

Stimuli and procedure. For the letter strings, we drew from (and added 
to) the exact stimuli used in ref. 21. Complex letter strings were four 
syllables long, while simple letter strings were two syllables long (as in 
ref. 21). To reach 12 simple and 12 complex letter strings, we generated 
additional strings that fit these restrictions.

Analyses and results. A total of 101 participants completed the task  
(1 more than our preregistered sample size, due to a feature of Prolific’s 
recruiting process). In addition, ten were excluded by our learning  
phase criterion, and 22 of the remaining 1,183 trials were excluded 
for speed.

In total, 78.0% of participants transferred between the geometric 
shapes and the letter strings (P < 0.001 in the exact binomial test, N = 91, 
95% CI 68.1–86.0%).

Experiment 4, transfer between geometric shapes and 
mathematical expressions
Experiment 4 tested bidirectional transfer between geometric shapes 
and mathematical expressions.

This study was preregistered on 28 January 2025 (https://aspre-
dicted.org/7bh9-86xn.pdf).

Stimuli and procedure. The simple and complex mathematical expres-
sions within each trial contained identical terms, and only differed in 
their operations. Both expressions contained four unique integers 
between 11 and 49. The integers were randomly generated, while ensur-
ing they were not divisible by 10 and were not multiples of each other. 
The simple mathematical expression merely added the four terms 
together, while the complex one included a variety of operations 
(namely, exponentiation, multiplication and division). For example, a 
simple expression might be 17 + 13 + 24 + 31, and the accompanying 
complex expression would be 17

13 × 24
31

.
Note that this is just one of many possible ways to operationalize 

mathematical complexity. We designed our stimuli in this manner 
because they hold many features constant (including the numbers in 
each expression and the length of each expression) and vary only in 
the operations used. However, we think it is likely that mathematical 
complexity works in other fashions too. For example, perhaps √π   
is more complex than 1 + 1 + 1 − 1, even though the latter is longer and 
contains more operations than the former. Still, the former may feel 
more complex because it is harder to compute (we thank a reviewer 
for prompting this discussion).
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Analyses and results. Overall, 100 participants completed the task. In 
addition, two participants were excluded for failing to learn the reward 
rule, and 3 of the 1,274 remaining trials were excluded for speed.

In total, 64.3% of participants transferred the reward rule between 
the geometric shapes and the mathematical expressions (P = 0.006 in 
the exact binomial test, N = 98, 95% CI 54.0–73.7%).

Experiment 5, transfer between all pairs of previous stimuli
Experiment 5 tested whether transfer would arise between all of the 
stimuli used in previous experiments. In other words, the previous 
experiments tested bidirectional transfer between geometric shapes 
and a host of other stimuli; however, this leaves open the question of 
whether transfer arises between any pair of stimuli (and not just ones 
that include geometric shapes).

This study was preregistered on 6 February 2025 (https://aspre-
dicted.org/2pbb-gxy4.pdf).

Stimuli and procedure. This experiment contained five possible 
stimulus classes, each of which was used in experiments 1–4 (geo-
metric shapes, dot arrays, melodies, letter strings and mathematical 
expressions). A random stimulus class was selected for the learning 
phase, and then the transfer phase consisted of a single trial of each of 
the four held-out stimulus classes (without feedback). As before, the 
learning stimulus was chosen randomly for each participant, as was 
the reward rule (reward simple or reward complex). In this way, the 
design of this experiment is identical to experiments 1–4, except that 
the transfer phase now consisted of four trials (one for each held-out 
stimulus class) instead of one.

Analyses and results. Of the 499 participants who submitted full data 
for this experiment, 40 were excluded by the learning phase criterion. 
In addition, 13 of the remaining 7,344 trials were excluded for speed.

Our first preregistered analysis tested whether every stimu-
lus class produced successful transfer. Thus, we conducted t-tests 
to ask whether the mean transfer accuracy across all four transfer 
trials was above chance for participants who were presented with 
any of our stimulus classes in the learning phase. In each case, we 
observed above-chance transfer. The mean transfer accuracy for each  
class was as follows: shapes: 74.3%, t(111) = 9.56, P < 0.001, d = 0.90, 95% CI  
69.3–79.4%; dot arrays: 68.6%, t(81) = 5.84, P < 0.001, d = 0.65,  
95% CI 62.3–74.9%; melodies: 81.0%, t(80) = 11.35, P < 0.001, d = 1.26, 
95% CI 75.5–86.4%; letter strings: 65.8%, t(90) = 4.83, P < 0.001, d = 0.51, 
95% CI 59.3–72.4%; and mathematical expressions: 61.0%, t(92) = 3.62, 
P < 0.001, d = 0.38, 95% CI 55.0–67.1%.

Our second preregistered analysis asked whether every stimulus 
class was the ‘target’ of successful transfer. Thus, we conducted exact 
binomial tests comparing the mean transfer accuracy for any given 
transfer stimulus to chance. We again observed above-chance trans-
fer in every case: shapes: 78.0%, P < 0.001 in the exact binomial test, 
N = 346, 95% CI 73.3–82.3%; dot arrays: 73.7%, P < 0.001, N = 376, 95% 
CI 68.9–78.1%; melodies: 63.8%, P < 0.001, N = 378, 95% CI 58.7–68.6%; 
letter strings: 65.5%, P < 0.001, N = 368, 95% CI 60.4–70.3%; and mathe
matical expressions: 70.4%, P< 0.001, N = 365, 95% CI 65.4–75.0%.

Our final preregistered analysis asked whether successful transfer 
arose between each stimulus pair. Thus, we conducted ten binomial 
tests on transfer accuracy, one for each possible learning-transfer pair. 
We observed significantly above-chance transfer in nine out of ten of 
these pairs: dot arrays and mathematical expressions: 64.0%, P < 0.001 
in the exact binomial test, N = 175, 95% CI 56.4–71.1%; dot arrays and 
melodies: 75.5%, P < 0.001, N = 163, 95% CI 68.1–81.9%; dot arrays and 
shapes: 82.5%, P < 0.001, N = 194, 95% CI 76.4–87.5%; dot arrays and let-
ter strings: 62.2%, P = 0.002, N = 172, 95% CI 54.5–69.5%; mathematical 
expressions and melodies: 65.3%, P < 0.001, N = 173, 95% CI 57.7–72.4%; 
mathematical expressions and shapes: 75.6%, P < 0.001, N = 205, 95% CI  
69.1–81.3%; melodies and shapes: 74.1%, P < 0.001, N = 193, 95% CI  

67.3–80.1%; melodies and letter strings: 72.1%, P < 0.001, N = 172,  
95% CI 64.8–78.7%; and shapes and letter strings: 71.8%, P < 0.001, 
N = 202, 95% CI 65.0–77.9%; only mathematical expressions and letter 
strings failed to reach statistical significance, but this pair was still 
numerically above chance: 56.5%, P = 0.090, N = 184, 95% CI 49.0–63.8%. 
When correcting for multiple comparisons (via either Bonferroni cor-
rection or Holm correction), nine out of ten pairs still show significantly 
above-chance transfer.

Experiment 6a, transfer for complexity but not saturation
Experiment 6a asked whether transfer would arise for merely any 
stimulus dimension, and not just those having to do with complexity.  
To test this, we reused the design of experiment 1 but added a key  
colour transfer trial. Notably, colours can vary in a stimulus dimen-
sion (here, saturation) that is not necessarily related to complexity.  
Thus, we predicted that no transfer would arise for saturation.

This study was preregistered on 25 February 2025 (https://aspre-
dicted.org/59c7-jrsw.pdf).

Stimuli and procedure. This design exactly replicated that of experi-
ment 1 but added one key transfer trial. In this additional transfer trial, 
participants were presented with two colours of identical hue and 
lightness (in HSL space), but of differing saturation (the hue was cho-
sen randomly for each participant, and the lightness was always 50%). 
The more saturated colour had 75% saturation, compared with the less 
saturated colour, which had 25% saturation. Importantly, colours could 
never be chosen as the learning stimulus; the learning stimulus could 
only be geometric shapes or dot arrays, as in experiment 1.

In this experiment (and in experiments 6b and 6c), we did not  
test transfer from the ‘control’ stimuli (in this case, saturated versus  
desaturated colours) to shapes and dot arrays. This is because any  
result in this case would be difficult to interpret without direct compari-
son to a case where transfer is present (which is precisely what exam-
ining bidirectional transfer between shapes and dot arrays enables).

Analyses and results. A total of 99 participants submitted full data, 
and 3 participants were excluded due to the learning phase criterion. 
In addition, 20 of the remaining 1,344 trials were excluded for speed; 
1 of these trials was a transfer trial, which explains why the degrees 
of freedom for the paired t-test that follows is 94 (as opposed to 95).

First, we observed that participants transferred between the geo-
metric shapes and dot arrays, as they did in experiment 1 (at a rate of 
84.4%, P < 0.001 in the exact binomial test, N = 96, 95% CI 75.5–91.0%). 
However, participants did not transfer from either of these stimuli 
to saturation; in other words, performance was indistinguishable 
from chance on the saturation transfer trials (with 48.4% of partici-
pants earning the reward, P = 0.838, N = 95, 95% CI 38.0–58.9%, BF10 of 
0.26). In addition, participants were significantly more accurate on 
the non-saturation (here, geometric shape or dot array) transfer trial 
than they were on the colour transfer trial (mean difference of 35.8%; 
t(94) = 5.99, P < 0.001, d = 0.62, 95% CI 23.9–47.6%).

Experiment 6b, transfer for complexity but not brightness
Experiment 6b replicated experiment 6a but used brightness instead 
of saturation. Because brightness is unrelated to complexity (but is 
still a dimension for which one can have ‘more’ or ‘less’ magnitude), 
we predicted that no transfer would arise to brightness.

This study was preregistered on 21 January 2026 (https:// 
aspredicted.org/ud8zk2.pdf).

Stimuli and procedure. This design exactly replicated experi-
ment 6a; however, instead of an additional transfer trial depicting  
colours differing in saturation (with identical hue and lightness in HSL 
space), here the additional transfer trial depicted two grey squares 
differing in brightness. The darker square had 25% lightness, and the 
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lighter square had 75% lightness. In addition, the experiment itself 
used a darker background (here, 50% lightness) than our other experi-
ments such that the two squares had the same contrast relative to 
the background.

Analyses and results. A total of 100 participants submitted full data, 
1 of whom was excluded due to the learning phase criterion. Moreover, 
1 trial (of 1,386 remaining) was excluded for speed.

As before, participants transferred between the geometric shapes 
and dot arrays (at a rate of 81.8%, P < 0.001 in the exact binomial test, 
N = 99, 95% CI 72.8–88.9%). However, there was no transfer from either 
of these stimuli to brightness (43.4% transfer, P = 0.228, N = 99, 95% CI 
33.5–53.8%, BF10 of 0.54). The difference between the brightness and 
non-brightness (shape or dot array) transfer trials was significant (mean 
difference of 38.4%; t(98) = 6.18, P < 0.001, d = 0.62, 95% CI 26.1–50.7%).

Experiment 6c, transfer for complexity but not size
Experiment 6c again replicated experiment 6a, this time using size 
instead of saturation.

This study was preregistered on 21 January 2026 (https:// 
aspredicted.org/ze8uq2.pdf).

Stimuli and procedure. This design exactly replicated experiment 
6a but replaced the saturation transfer trial with a size transfer trial. 
On the size transfer trial, participants were presented with two black 
squares that differed in size—the larger square had 16× the area of the 
smaller square.

Analyses and results. A total of 99 participants submitted full data, 
and 2 were excluded due to the learning phase criterion. Moreover, 1 
trial (of 1,358 remaining) was excluded for speed.

We observed successful transfer between geometric shapes  
and dot arrays (at a rate of 83.5%, P < 0.001 in the exact binomial test, 
N = 97, 95% CI 74.6–90.3%). Similarly, we observed no transfer to size 
(49.5%, P = 1.000, N = 97, 95% CI 39.2–59.8%, BF10 of 0.25), and the  
difference between the size and non-size transfer trials was sig-
nificant (mean difference of 34.0%, t(96) = 5.21, P < 0.001, d = 0.53,  
95% CI 21.0–47.0%).

Experiment 7, transfer between tactile forms and dot arrays
Experiment 7 tested transfer to a new modality—touch. Here, we 
asked whether bidirectional transfer would arise between tactile 
forms (which participants had no visual access to) and dot arrays as 
in previous experiments.

This study was preregistered on 29 April 2025 (https://aspredicted.
org/ttpz-fwwf.pdf).

Stimuli and procedure. We used the same design here as in the other 
transfer experiments. Participants completed 12 learning trials, fol-
lowed by 1 transfer trial. The dot arrays were the same ones used in pre-
vious experiments. We printed 12 simple shapes and 12 complex shapes 
in 3D (selected from the shapes used in previous experiments) with a 
Bambu Lab X1C, and used those as our tactile forms. The tactile shapes 
were not filled (they were simply outlines that could be grasped and 
lifted up from the inside), much like how their visual counterparts (used 
in previous experiments) were outlines with no visual fill in the centre.

Participants were recruited in person at Johns Hopkins University. 
For the tactile trials, the experimenter placed one shape in each of two 
cardboard boxes. Each box contained holes in both sides, allowing 
participants to touch the shapes. However, participants had no visual 
access to the shapes; thus, they made their judgements purely on the 
basis of tactile information. As in the online experiments, participants 
received auditory feedback indicating whether or not they earned 
a reward on each turn. For the dot-array trials, participants used the 
experimenter’s computer to input their responses.

Analyses and results. We recorded data from 99 participants (an error 
in the server used to store participant data from the experimenter’s 
computer prevented data recording for 1 additional participant). None 
of the participants were excluded for responding correctly on less than 
50% of trials in the learning phase, and four trials were excluded for 
speed. Participants completed the dot-array trials using the experi-
menter’s computer and keyboard. Thus, fast keypresses were possible, 
in much the same way as in the previous experiments. However, none 
of the tactile shape trials were excluded for speed.

Overall, 81.8% of participants transferred the reward rule between 
the tactile forms and the dot arrays (P < 0.001 in the exact binomial test, 
N = 99, 95% CI 72.8–88.9%).

Experiment 8, automatic interference in a Stroop-like task
Experiment 8 tested whether representations of complexity in one 
domain automatically intrude on basic judgements of complexity in 
another domain.

This study was preregistered on 22 January 2025 (https://aspre-
dicted.org/skyd-v2z5.pdf).

Stimuli and procedure. We designed a modified Stroop task. On each 
trial, participants were presented with two words—one simple and one 
complex—and simply had to choose which one was more complex in 
one block, and more simple in another. The order of the two blocks was 
randomized for each participant; we used a blocked design to ensure 
that any observed effects did not merely arise because of a preference 
for choosing the complex or simple words. Each block contained 120 
trials. The words used were the same as those used in experiment 3, 
with the addition of several new words that followed the same rule as 
in that experiment (complex words have four syllables, and simple 
words have two syllables).

Importantly, above each word, a task-irrelevant shape appeared 
(from the shapes used in experiment 1). Participants were instructed 
only to judge the words and were told that they could totally ignore the 
shapes. On one half of the trials, a complex shape appeared above the 
complex word, and a simple shape appeared above the simple word, 
such that shape complexity was ‘congruent’ to word complexity. On 
the other half of the trials, a complex shape appeared above the simple 
word, and the simple shape appeared above the complex word, such 
that shape complexity was ‘incongruent’ to word complexity. Each 
block contained an equal number of congruent and incongruent trials, 
and the order of these trials was randomly shuffled for each participant.

Analyses and results. We recruited 50 participants; however, 1 par-
ticipant did not submit a full dataset, and 1 additional participant was 
excluded by our preregistered accuracy criterion (which excluded 
participants who gave the correct answer on less than 75% of trials). Of 
the 11,520 trials remaining, 456 (3.96%) were excluded by our prereg-
istered response time criterion (which excluded trials with a response 
time below 200 ms or above 1,500 ms).

As one would expect if representations of complexity interfere 
with basic judgements across domains, participants were faster on con-
gruent shape-word trials than incongruent shape-word trials (57.4-ms 
difference, t(47) = 9.07, P < 0.001, d = 1.31, 95% CI 44.7–70.1 ms, in a 
paired t-test). This was not just the result of a speed–accuracy tradeoff; 
in fact, participants were also more accurate on congruent trials (mean 
difference: +2.49%, t(47) = 3.26, P = 0.002, d = 0.47, 95% CI 0.96–4.03%).

Experiment 9, stable individual differences in aesthetic 
judgements
Experiment 9 tested whether domain-general representations of com-
plexity govern stable individual differences in aesthetic judgements 
across those domains.

This study was preregistered on 18 February 2025 (https://aspre-
dicted.org/pppj-xqmr.pdf).
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Stimuli and procedure. On each trial of this experiment, participants 
were presented with a simple and complex stimulus of a given type. 
In one block, participants were asked to choose which option they 
found more beautiful; in the other block, they were asked to choose 
which option they found less beautiful (the purpose of this blocked 
design was to ensure that any observed effects do not arise due purely 
to a preference to choose the complex option). The order of the two 
blocks was randomized for each participant. Each trial presented 
only one stimulus class, but across trials, the stimulus classes varied 
randomly; for example, one trial might depict two geometric shapes, 
while the next might contain two mathematical expressions. We used 
the five stimulus classes from experiment 5 (geometric shapes, dot 
arrays, melodies, letter strings and mathematical expressions). Each 
block contained 30 trials, allowing each of the five stimulus classes to 
appear six times. Trial order within a given block was randomized for 
each participant.

Analyses and results. All 150 participants submitted a full dataset, 
and we preregistered no participant-level exclusion criteria. Moreo-
ver, 48 of the 9,000 trials were excluded on the basis of our preregis-
tered response time exclusion criterion (which excluded trials with a 
response time below 200 ms).

First, we computed an ICC, which revealed consistent individual 
differences in complexity-driven aesthetic preferences across domains 
(two-way ICC(C,5) of 0.37, F(149,596) = 1.58, P< 0.001, 95% CI 0.19–0.51).

Next, we conducted two permutation analyses of this reliability. 
These tests allowed us to better understand the observed stability 
relative to chance. The basic intuition for these tests is to compare the 
observed within-participant consistency to the level of consistency that 
would arise after shuffling all preferences within domain and across 
participants. Therefore, we conducted a simulation in which, in each of 
the 1,000 iterations, we shuffled the values within domain and across 
participants. Then, on these shuffled values, we computed a new ‘mean 
absolute error’—here, the difference between a participant’s preference 
in a given domain and their average preference across domains. We com-
pared these values with the observed mean absolute error in our data. 
First, we performed this analysis for the raw values (analysing how often 
a participant found the complex option more beautiful within a domain); 
this revealed a high level of stability, as our observed error was lower than 
the permuted error in 1,000/1,000 iterations. Second, we performed this 
analysis for ranked values; here, our observed error was lower than the 
permuted error in 999/1,000 simulations. Thus, these results point to 
the stability of complexity-driven aesthetic preferences across domains.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data are available via OSF at https://osf.io/42umv/.

Code availability
All code is available via OSF at https://osf.io/42umv/.

References
1.	 Godfrey-Smith, P. Complexity and the Function of Mind in Nature 

(Cambridge Univ. Press, 1998).
2.	 Godfrey-Smith, P. in The Evolution of Intelligence (eds Sternberg, 

R. & Kaufman, J.) 223–249 (Psychology Press, 2013).
3.	 Attneave, F. Physical determinants of the judged complexity of 

shapes. J. Exp. Psychol. 53, 221–227 (1957).
4.	 Bouwer, F. L., Burgoyne, J. A., Odijk, D., Honing, H. & Grahn, J. A. 

What makes a rhythm complex? The influence of musical training 
and accent type on beat perception. PLoS ONE 13, e0190322 
(2018).

5.	 Kolmogorov, A. N. Three approaches to the quantitative definition 
of information. Probl. Inf. Transm. 1, 1–7 (1965).

6.	 Solomonoff, R. J. A formal theory of inductive inference. Part I.  
Inf.Control 7, 1–22 (1964).

7.	 Hutter, M. Universal Artificial Intelligence: Sequential Decisions 
Based on Algorithmic Probability (Springer, 2005).

8.	 Lempel, A. & Ziv, J. On the complexity of finite sequences.  
IEEE Trans.Inf.Theory 22, 75–81 (1976).

9.	 Ziv, J. & Lempel, A. Compression of individual sequences via 
variable-rate coding. IEEE Trans.Inf.Theory 24, 530–536 (1978).

10.	 Welch, T. A. A technique for high-performance data compression. 
Computer 17, 8–19 (1984).

11.	 MacKay, D. J. Information Theory, Inference and Learning 
Algorithms (Cambridge Univ. Press, 2003).

12.	 Li, M. & Vitányi, P. An Introduction to Kolmogorov Complexity and 
Its Applications Vol. 3 (Springer, 2008).

13.	 Chater, N. The search for simplicity: a fundamental cognitive 
principle? Q.J. Exp. Psychol. 52, 273–302 (1999).

14.	 Chater, N. & Vitányi, P. Simplicity: a unifying principle in cognitive 
science? Trends Cogn. Sci. 7, 19–22 (2003).

15.	 Feldman, J. The simplicity principle in perception and cognition. 
WIREs Cogn. Sci. 7, 330–340 (2016).

16.	 Boger, T. & Keil, F. C. Mechanistic complexity is fundamental: 
evidence from judgments, attention, and memory. J. Exp. Psychol. 
Gen. 154, 596–606 (2025).

17.	 Alvarez, G. A. & Cavanagh, P. The capacity of visual short-term 
memory is set both by visual information load and by number of 
objects. Psychol. Sci. 15, 106–111 (2004).

18.	 Sun, Z. & Firestone, C. Curious objects: how visual complexity 
guides attention and engagement. Cogn. Sci. 45, e12933  
(2021).

19.	 Osborne, J. W. & Farley, F. H. The relationship between aesthetic 
preference and visual complexity in abstract art. Psychon. Sci. 19, 
69–70 (1970).

20.	 Sun, Z. & Firestone, C. Beautiful on the inside: aesthetic preferences 
and the skeletal complexity of shapes. Perception 51, 904–918 
(2022).

21.	 Lewis, M. L. & Frank, M. C. The length of words reflects their 
conceptual complexity. Cognition 153, 182–195 (2016).

22.	 Sun, Z. & Firestone, C. Seeing and speaking: how verbal 
‘description length’ encodes visual complexity. J. Exp. Psychol. 
Gen. 151, 82–96 (2022).

23.	 Spehar, B., Clifford, C. W., Newell, B. R. & Taylor, R. P. Universal 
aesthetic of fractals. Comput. Graph. 27, 813–820 (2003).

24.	 Feldman, J. Minimization of Boolean complexity in human 
concept learning. Nature 407, 630–633 (2000).

25.	 Feldman, J. The simplicity principle in human concept learning. 
Curr. Dir. Psychol. Sci. 12, 227–232 (2003).

26.	 Ahl, R. E. & Keil, F. C. Diverse effects, complex causes: children 
use information about machines’ functional diversity to infer 
internal complexity. Child Dev. 88, 828–845 (2017).

27.	 Butts, C. T. The complexity of social networks: theoretical and 
empirical findings. Soc. Netw. 23, 31–72 (2001).

28.	 Spence, C. & Wang, Q. J. On the meaning(s) of perceived 
complexity in the chemical senses. Chem.Senses 43, 451–461 
(2018).

29.	 Amalric, M. et al. The language of geometry: fast comprehension 
of geometrical primitives and rules in human adults and 
preschoolers. PLoS Comput. Biol. 13, e1005273 (2017).

30.	 Sablé-Meyer, M., Ellis, K., Tenenbaum, J. & Dehaene, S. A language 
of thought for the mental representation of geometric shapes. 
Cogn. Psychol. 139, 101527 (2022).

31.	 Adriano, A., Sablé-Meyer, M., Ciccione, L., Zhan, M. & Dehaene, S. 
Sensitivity to geometric shape regularity emerges independently 
of vision. Open Mind 9, 1711–1727 (2025).

http://www.nature.com/nathumbehav
https://osf.io/42umv/
https://osf.io/42umv/


Nature Human Behaviour

Article https://doi.org/10.1038/s41562-026-02502-8

32.	 Revencu, B., Pajot, M. & Dehaene, S. Representations of 
geometric shapes have syntactic structure. J. Exp. Psychol. Gen. 
155, 1081–1102 (2026).

33.	 Hafri, A., Green, E. J. & Firestone, C. Compositionality in visual 
perception. Behav. Brain Sci. 46, e277 (2023).

34.	 Lowet, A. S., Firestone, C. & Scholl, B. J. Seeing structure: 
shape skeletons modulate perceived similarity. Attent. Percept. 
Psychophys. 80, 1278–1289 (2018).

35.	 Sablé-Meyer, M. et al. Sensitivity to geometric shape regularity in 
humans and baboons: a putative signature of human singularity. 
Proc. Natl Acad. Sci. USA 118, e2023123118 (2021).

36.	 Dehaene, S., Al Roumi, F., Lakretz, Y., Planton, S. & Sablé-Meyer, M.  
Symbols and mental programs: a hypothesis about human 
singularity. Trends Cogn. Sci. 26, 751–766 (2022).

37.	 Mathy, F. & Feldman, J. What’s magic about magic numbers? 
Chunking and data compression in short-term memory. Cognition 
122, 346–362 (2012).

38.	 Al Roumi, F., Marti, S., Wang, L., Amalric, M. & Dehaene, S. Mental 
compression of spatial sequences in human working memory 
using numerical and geometrical primitives. Neuron 109, 
2627–2639 (2021).

39.	 Fodor, J. A. The Language of Thought Vol. 5 (Harvard Univ. Press, 
1975).

40.	 Quilty-Dunn, J., Porot, N. & Mandelbaum, E. The best game in 
town: the reemergence of the language-of-thought hypothesis 
across the cognitive sciences. Behav. Brain Sci. 46, e261 (2023).

41.	 Panek, W. & Stevens, S. S. Saturation of red: a prothetic continuum. 
Percept. Psychophys. 1, 59–66 (1966).

42.	 Sievers, B., Lee, C., Haslett, W. & Wheatley, T. A multi-sensory 
code for emotional arousal. Proc. R. Soc. B 286, 20190513 (2019).

43.	 Beauvois, M. W. Quantifying aesthetic preference and perceived 
complexity for fractal melodies. Music Percept. 24, 247–264 (2007).

44.	 Delplanque, J., De Loof, E., Janssens, C. & Verguts, T. The sound  
of beauty: how complexity determines aesthetic preference.  
Acta Psychol. 192, 146–152 (2019).

45.	 Lévy, C. M., MacRae, A. & Köster, E. P. Perceived stimulus 
complexity and food preference development. Acta Psychol. 123, 
394–413 (2006).

46.	 Chen, Y. C. et al. ‘Taste typicality’ is a foundational and multi- 
modal dimension of ordinary aesthetic experience. Current Biol. 
32, 1837–1842 (2022).

47.	 Gennari, G., Dehaene, S., Valera, C. & Dehaene-Lambertz, G. 
Spontaneous supra-modal encoding of number in the infant 
brain. Current Biol. 33, 1906–1915 (2023).

48.	 Arrighi, R., Togoli, I. & Burr, D. C. A generalized sense of number. 
Proc. R. Soc. B 281, 20141791 (2014).

49.	 Izard, V., Sann, C., Spelke, E. S. & Streri, A. Newborn infants 
perceive abstract numbers. Proc. Natl Acad. Sci. USA 106, 
10382–10385 (2009).

50.	 Starkey, P., Spelke, E. S. & Gelman, R. Detection of intermodal 
numerical correspondences by human infants. Science 222, 
179–181 (1983).

51.	 Starkey, P., Spelke, E. S. & Gelman, R. Numerical abstraction by 
human infants. Cognition 36, 97–127 (1990).

52.	 Papafragou, A. & Ji, Y. Events and objects are similar cognitive 
entities. Cogn. Psychol. 143, 101573 (2023).

53.	 Yousif, S. R. & Scholl, B. J. The one-is-more illusion: sets of discrete 
objects appear less extended than equivalent continuous entities 
in both space and time. Cognition 185, 121–130 (2019).

54.	 Hafri, A., Gleitman, L. R., Landau, B. & Trueswell, J. C. Where word 
and world meet: language and vision share an abstract represen
tation of symmetry. J. Exp. Psychol. Gen. 152, 509–527 (2023).

55.	 Boger, T., Yousif, S. R., McDougle, S. & Rutledge, R. Random 
behavior is stable across tasks and time. J. Exp. Psychol. Gen. 154, 
1571–1582 (2025).

56.	 Feigenson, L., Dehaene, S. & Spelke, E. Core systems of number. 
Trends Cogn. Sci. 8, 307–314 (2004).

57.	 Berlyne, D. E. Novelty and curiosity as determinants of exploratory 
behaviour. Br. J. Psychol. 41, 68–80 (1950).

58.	 Berlyne, D. E. Curiosity and Exploration: animals spend much of 
their time seeking stimuli whose significance raises problems for 
psychology. Science 153, 25–33 (1966).

59.	 Kidd, C., Piantadosi, S. T. & Aslin, R. N. The Goldilocks effect: 
human infants allocate attention to visual sequences that are 
neither too simple nor too complex. PLoS ONE 7, e36399 (2012).

60.	 Kidd, C., Piantadosi, S. T. & Aslin, R. N. The Goldilocks effect in 
infant auditory attention. Child Dev. 85, 1795–1804 (2014).

61.	 Newman, G. E., Keil, F. C., Kuhlmeier, V. A. & Wynn, K. Early 
understandings of the link between agents and order. Proc. Natl 
Acad. Sci. USA 107, 17140–17145 (2010).

62.	 Nieder, A. Coding of abstract quantity by ‘number neurons’ of the 
primate brain. J. Comp. Physiol. A 199, 1–16 (2013).

63.	 Dehaene, S., Dehaene-Lambertz, G. & Cohen, L. Abstract 
representations of numbers in the animal and human brain. 
Trends Neurosci. 21, 355–361 (1998).

64.	 Biro, D. & Matsuzawa, T. Use of numerical symbols by the 
chimpanzee (Pan troglodytes): cardinals, ordinals, and the 
introduction of zero. Anim. Cogn. 4, 193–199 (2001).

65.	 Matsuzawa, T. Symbolic representation of number in 
chimpanzees. Curr. Opin. Neurobiol. 19, 92–98 (2009).

66.	 Cantlon, J. F., Brownell, L. R., Li, J. & DeLong, C. M. Cognitive 
bridge between geometric and numerical learning in monkeys. 
Proc. Natl Acad. Sci. USA 122, e2502101122 (2025).

67.	 Dehaene, S., Sablé-Meyer, M. & Ciccione, L. Origins of numbers:  
a shared language-of-thought for arithmetic and geometry? 
Trends Cogn. Sci. 29, 526–540 (2025).

68.	 Peer, E., Brandimarte, L., Samat, S. & Acquisti, A. Beyond the Turk: 
alternative platforms for crowdsourcing behavioral research.  
J. Exp. Soc. Psychol. 70, 153–163 (2017).

69.	 Berlyne, D. E. Novelty, complexity, and hedonic value. Percept.
Psychophys. 8, 279–286 (1970).

Acknowledgements
We thank R. Feiman and the Johns Hopkins University Perception 
and Mind Lab for helpful feedback and discussion. This work was 
supported by an NSF Graduate Research Fellowship awarded to T.B.

Author contributions
T.B. and C.F. contributed equally to the study’s conceptualization, 
methodology, visualization, writing—original draft, and writing—
review and editing. T.B. served as lead for data curation and formal 
analysis. C.F. served as lead for project administration and supervision.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s41562-026-02502-8.

Correspondence and requests for materials should be addressed to 
Tal Boger or Chaz Firestone.

Peer review information Nature Human Behaviour thanks  
Mathias Sablé-Meyer and the other, anonymous, reviewer(s) for their 
contribution to the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

http://www.nature.com/nathumbehav
https://doi.org/10.1038/s41562-026-02502-8
http://www.nature.com/reprints


Nature Human Behaviour

Article https://doi.org/10.1038/s41562-026-02502-8

Publisher’s note Springer Nature remains neutral with regard  
to jurisdictional claims in published maps and institutional  
affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds 
exclusive rights to this article under a publishing agreement with 

the author(s) or other rightsholder(s); author self-archiving of the 
accepted manuscript version of this article is solely governed by the 
terms of such publishing agreement and applicable law.

© The Author(s), under exclusive licence to Springer Nature Limited 
2026

http://www.nature.com/nathumbehav


1

nature portfolio  |  reporting sum
m

ary
April 2023

Corresponding author(s): Tal Boger, Chaz Firestone

Last updated by author(s): Apr 3, 2026

Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection Data collected via the online recruiting platform, Prolific.

Data analysis Data analysis was performed in R. All analysis scripts and anonymized data are available in our OSF repository (https://osf.io/42umv/).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

All anonymized subject data is available in our OSF repository (https://osf.io/42umv/).
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Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We did not collect information on sex and gender.

Reporting on race, ethnicity, or 
other socially relevant 
groupings

We did not collect information on race, ethnicity, or other socially relevant groupings.

Population characteristics We did not collect information on population characteristics.

Recruitment Participants were recruited via the online recruiting platform, Prolific.

Ethics oversight All experiments were approved by the Homewood Institutional Review Board of Johns Hopkins University.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description Quantitative data was collected within subject.

Research sample U.S. adults from the online recruiting platform Prolific.

Sampling strategy Sampling was handled by Prolific.

Data collection Data was collected via an online experiment we designed which was posted on Prolific. Our scripts for this experiment are available in 
our OSF repository.

Timing Data collection began in October 2024 and was completed in September 2025. Additional data was collected after peer review (for 
Experiments 6b and 6c) in January 2026.

Data exclusions Data were excluded as per our pre-registered analysis plans. All data and analyses are in our OSF repository. In the manuscript, we 
report the number of participants excluded in each experiment (and the relevant exclusion criteria).

Non-participation No participants dropped out or declined participation; this is handled by Prolific.

Randomization There were not different experimental groups for participants to be assigned to.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches, 
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the 
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe 
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor 
was applied.

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If 
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Authentication Describe any authentication procedures for each seed stock used or novel genotype generated. Describe any experiments used to 
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism, 
off-target gene editing) were examined.

Plants
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