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Abstract

Social learning is known for preserving existing cultural de-
signs, but is it also important for generating novel, effective so-
lutions? Building on theoretical and empirical work, we identify
intellectual innovation as a knowledge-based form of innovation
that has been largely overlooked and examine how social learn-
ing shapes it. We introduce a riddle-crafting paradigm com-
bined with a closed diffusion-chain design, enabling open-ended
creation, multidimensional measurement, and quantifiable per-
formance. In Experiment 1, participants in social and asocial
chains composed and refined riddles distinguishing poisonous
from edible mushrooms; in Experiment 2, independent partici-
pants attempted to solve them. Although the two modes showed
comparable objective solvability, social riddles were more effi-
cient and diverse in form and content. Social participants also
showed greater motivation to improve, with hints of incremen-
tal gains that may emerge more fully over extended generations.
Therefore, socially transmitted intellectual innovations become
better tailored for communication, open to mutation, and poised
for cumulative refinement.

Keywords: intellectual innovation; social learning; cultural
evolution; collective problem-solving

Introduction

The cumulative advancement of human culture is suggested
to be powered by two complementary “engines”: imitation
and innovation (Legare & Nielsen, 2015)). While high-fidelity
imitation stabilizes and preserves useful modifications (Tennie
et al.,[2009; Tomasello et al.,|1993)), innovation generates new
variants of cultural traits that allow individuals and groups
to better adapt to changing environments (Laland, |1992). As
such, innovation is defined by the dual properties of novelty
and improved performance: it is a new or modified solution
that more effectively addresses a new or existing problem in a
novel manner (Carr et al.,|[2016; Fogarty et al., 2015} Legare
& Nielsen, 2015; Mesoudi & Thornton, 2018)).

While innovation is often framed as an asocial activity dis-
tinct from social learning (e.g., Kendal et al., |2005)), other
accounts emphasize that innovation frequently relies on so-
cially scaffolded processes (Carr et al., 2016; Mesoudi &
Thornton, [2018). This raises a central question: What role
does social learning play in generating novel and function-
ally effective designs? The cognitive niche account proposes
that humans’ unique cognitive capacities—especially techni-
cal reasoning—are the primary engines of improvement (Os-
iurak, |2014; Osiurak & Badets, 2016, [2017; Osiurak & Rey-
naud, [2020; Pinker, 2010). In contrast, the cultural niche

account argues that social learning expands access to diverse
ideas and solutions, enabling individuals to stumble upon un-
expected improvements, recombine existing elements, and
make incremental refinements (Boyd et al., 2011; Henrich,
2016; Muthukrishna & Henrich, [2016).

To rigorously test these competing perspectives, empirical
studies typically use micro-society paradigms (Baum et al.,
2004; Jacobs & Campbell,|1961)), such as the closed diffusion-
chain method (Bartlett,|1995[1932]) or closed-group designs,
which simulate cultural “generations” within a controlled lab-
oratory setting. These designs compare innovations with ob-
jective performance metrics (e.g., tool manufacture) produced
by social diffusion chains against a carefully matched asocial
baseline. Social learning shows an advantage when transmis-
sion across individuals yields better outcomes than repeated
efforts by the same individual.

Yet, evidence from these studies remains mixed and com-
plex: Some show that social learning facilitates innovation
in adults (Derex & Boyd, 2015} Derex et al., 2013} 2015;
Mesoudi, 2008; Mesoudi & O’Brien, [2008; Wasielewski,
2014) and children (McGuigan et al., 2017). Others indicate
that this advantage is not universal and depends on the specific
task (Lucas et al.,[2020; Zwirner & Thornton, [2015)), form of
learning (Derex et al.,2013)), the problem space (Derex et al.,
2015 Yahosseini & Moussaid, [2020), and individuals’ skill
levels (Yahosseini & Moussaid, 2020)).

We identify two key limitations in the existing literature.
First, empirical research has focused predominantly on in-
novations that directly modify the physical world, such as
tool manufacture. Yet innovation extends well beyond instru-
mental skills. An important and largely overlooked form is
intellectual innovation—innovation rooted in ideas, concepts,
strategies, and knowledge. Such innovations, which include
those in social conventions, strategic reasoning, and informa-
tion acquisition, offer essential advantages for human adap-
tation to complex ecological and social environments. For
example, the buffalo jump technique, developed by many Na-
tive American Plains groups, involved coordinating hunters to
drive bison off cliffs. This cooperative strategy dramatically
increased hunting efficiency without requiring new physical
tools. Second, many tasks are closed-space and unidimen-
sional, prescribing a fixed set of permissible solutions—for
example, constraining artifact construction to specific ingre-
dient combinations (Derex & Boyd, [2015). Real-world inno-
vation, by contrast, arises in open-ended design spaces where
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possibilities are not exhaustively defined in advance.

In this paper, we investigate the role of social learning
in intellectual innovation by introducing a riddle-crafting
paradigm. As a form of folklore, riddles pair an enigma
with a hidden solution. As such, crafting clever clues to
conceal the referent requires substantial cognitive effort, mak-
ing riddle crafting a strong testbed for intellectual innovation.
Moreover, the arbitrariness and productivity of natural lan-
guage create a minimally constrained design space in which
genuinely novel ideas can emerge. This paradigm enables us
to capture the flexibility, diversity, and generativity of human
innovation beyond a single performance metric. Crucially,
riddles also provide a clear ground truth—solvability—which
offers an objective anchor for evaluating performance and an
efficient way to calibrate task difficulty.

The study implemented two transmission modes within a
closed diffusion-chain structure to examine the effect of social
learning on this task. The asocial mode had the same indi-
vidual compose and refine a riddle across three generations,
while the social mode had a riddle created by one participant
and successively refined by new participants. In Experiment
1, we examine the innovation process and outcome to identify
the effects of social learning on riddles’ efficiency, novelty,
and subjective solvability. In Experiment 2, we evaluate the
riddles’ objective solvability to investigate how accurate par-
ticipants’ self-evaluations align with objective performance.
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Figure 1: Illustration of the structure of Experiment 1.

Experiment 1

Experiment 1 investigates how intellectual innovation emerges
and develops across generations in riddle crafting for the two
transmission modes. The experiment was pre-registered on
OSF and received approval from the University of California,

Los Angeles Office of the Human Research Protection Pro-
gram. All methods were performed in accordance with the
relevant guidelines and regulations. The general structure of
the experiment is shown in Fig[T}

Method

Participants Participants were recruited online via Prolific,
limited to users located in the US, who have English as their
first language, and within the age range of 18-50. Data from
120 participants (Ngsociai=40, Nsociai=80) were collected
after applying exclusion criteria (see pre-registration). The
experiment lasted approximately 10 minutes for the asocial
transmission mode and 8 minutes for social, with a compen-
sation rate of approximately $15 per hour.

Materials A total of 8 stimuli sets were created. Each set
consisted of four mushroom images, each depicting a distinct
fungal species, three edible and one poisonous. All mushroom
pictures were collected from publicly available sources. All
images were cropped to a square format and approximately
129 px in width. The images within each set were arranged
in a 2x2 grid and had high visual similarity, with their order
randomized for each participant. The poisonous mushroom
image was highlighted with a 6-pt yellow border.

Design This experiment contained two transmission modes
(asocial and social) and three generations of transmissions.
Each condition was defined by a specific combination of mode
and generation. Stimulus and transmission mode were fully
manipulated between participants. In the asocial mode, the
same participant incrementally improved their own riddle,
whereas in the social condition, a new participant took over
improving a riddle provided by a different participant.

Participants in the asocial mode each completed all three
generations for a single stimulus. Stimulus sets were coun-
terbalanced such that each set was presented to five asocial
participants. Asocial Generation 1 riddles directly seeded
Social Generation 2 to ensure an equivalent baseline. Since
riddles were first conceived in Generation 1, we consider this
generation neutral with respect to transmission mode.

Therefore, there are five unique conditions, each producing
40 riddles (8 stimulus sets X 5 participants each), thus yield-
ing 200 unique riddles in total (120 asocial, 80 social). For
organizational clarity, we use the following terms:

Cohort: all 25 riddles associated with the same stimulus,
pooled across transmission modes.

Family: all five riddles ultimately descended from the same
Generation 1 seed under a given stimulus, consisting of one
neutral, two asocial, and two social riddles.

Parent riddle: rhe previous riddle that directly seeds the
current riddle within a family.

Procedure Before beginning the task, participants were fa-
miliarized with three well-known folk riddles and their solu-
tions. In Generation 1, participants were given stimuli and
instructions to compose a riddle that could be solved by just
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80% of readers within 3 minutes. They had 7 minutes to
compose the riddle. After completing the composition task,
they were asked how they would rate the solvability of their
own riddle by answering (perceived solvability): “According
to your estimation, what percentage of people will be able to
solve it within 3 minutes?” Ratings were provided on a 0—100
slider with a step size of 1, initialized at 0.

Asocial mode: Proceeding to Generation 2, the participants
from Generation 1 were asked to revise their riddle as they
see fit to better align with the task instructions within 5 min-
utes. After the refinement, they were again asked to rate the
self-perceived solvability of the refined riddle. Generation 3
followed the same procedure of Generation 2.

Social mode: The social mode followed a similar pipeline,
but with each generation completed by a different participant.
When introducing the task, they were informed that another
prolific user had already crafted a riddle that they would re-
ceive. They were then asked to rate the solvability of that
parent riddle, alongside the corresponding stimulus set. Dur-
ing the rating, they had the option to reveal the poisonous
mushroom to inform their judgment. After the refinement
task, participants again evaluated their own riddles’ solvabil-

1ty.

Measures We looked at three theoretical constructs of rid-
dles to assess the innovation process and outcomes.

Efficiency: A riddle’s efficiency is estimated based on (1)
its length in terms of words and characters, (2) the time (in
minutes) it took to craft it, and (3) the density of information,
computed as the Shannon entropy (Shannon, |1948) of each
riddle divided by its token count.

Novelty: The novelty of each riddle was quantified on three
levels of scope. Local drift captured how much a riddle dif-
fered from its immediate parent, and lexical and semantic
differences were computed using Jaccard distance (Jaccard,
1901) and cosine distance between sentence-transformer em-
beddings (all-MinilM-L6-v2; Devlin et al., [2019; Wang
et al., 2020). Higher values indicate greater parent—child di-
vergence (i.e., more changes made).

Second, family-level diffusion measures how similar each
riddle was to all other riddles within its lineage family. Lex-
ical similarity was quantified using Self-BLEU (Zhu et al.,
2018), and semantic similarity was computed using the co-
sine similarity of their sentence embeddings. Higher values
indicate greater similarity to the family (i.e., less novelty).

Third, population dispersion assessed how far each riddle
deviated from its cohort. For each stimulus, we constructed
its lexical centroid using TF-IDF vectors (Leskovec et al.,
2020) and its semantic centroid using sentence embeddings.
We then computed the cosine distance between each riddle
and its corresponding centroid. Higher values reflect greater
dispersion (i.e., more diversity).

Subjective solving performance: All riddles received
a self-perceived solvability rating from the crafters them-
selves. To assess how closely each riddle was perceived
to meet the desired solvability, we calculated the subjec-

tive deviation—its absolute deviated proportion from the target
(abs(percentage — 80)/100). Lower values indicate riddles
whose perceived solvability was closer to the desired level.

In addition, we measured how much crafters believed their
riddles improved. Subjective improvement was defined as
the change in absolute deviation from the 80% solvability
constraint between a crafter’s rating of their refined riddle
and their rating of the parent riddle (abs(parent — 80) —
abs(child —80)). Larger values indicate a stronger belief that
the refined riddle approached the desired solvability.

Results

Each measure was analyzed using a mixed-effects model
(Baayen, 2008 Baayen et al., 2008)) implemented in R (R
Core Team, 2023)) via the Ime4 package (Bates et al., [2015)).
Models were estimated using restricted maximum likelihood
(REML). All models included fixed effects of transmission
mode (asocial, social), generation (Generation 2, Generation
3), and their interaction Random effects were specified for
crafters, families, and stimulus sets. Post-hoc pairwise com-
parisons for main effects and simple effects were conducted
using estimated marginal means (emmeans; Lenth, 2025). All
model results are displayed in Table[I]

Efficiency We first examined whether riddles differed in ef-
ficiency—measured by length, information density, and craft-
ing duration—to understand how participants approached the
task and whether the two transmission modes produced sys-
tematically different forms of riddle design.

Across generations, asocial riddles were generally less effi-
cient than social riddles: they were reliably longer (via word
and character counts), contained less information (via infor-
mation density), and took less time to compose (via craft
duration). Importantly, these differences emerged clearly by
Generation 3, whereas Generation 2 showed no reliable diver-
gence between the modes. Looking within each mode, asocial
riddles grew longer and less information-dense across genera-
tions, suggesting an accumulation of edits without substantial
compression. In contrast, social riddles maintained relatively
stable length and density, despite being repeatedly revised by
different individuals.

These results highlight distinct editing trajectories across
transmission modes. Asocial participants tended to elaborate
on their own riddles, gradually expanding them in ways that
made refinement easier but added little new information. In
contrast, social participants invested more time reworking the
riddle, producing versions that were more concise while re-
taining information. Together, these patterns suggest that the
two modes fostered different styles of intellectual innovation,
each with its own characteristic trade-offs.

Novelty Having established that the two transmission modes
differ in their editing characteristics, we next examined

'Generation 1 data were excluded because they served as the
neutral baseline and would have led to an imbalance in observations.
Generation thus was treated as a categorical factor with two levels.
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Contrast: Social - Asocial

Contrast: Gen 3 - Gen 2

Overall Gen 2 Gen 3 Overall Asocial Social

Efficiency Measures

Word count () —8.43** -5.60 —11.2% —-0.425 2.407 -3.25

Character count (|) —38.6"" -26.2 =51.1" -1.39 11.1% -13.8

Craft duration (-) 0.672** 0.400 0.944* —-0.0544 -0.327 0.218

Information density (T) 0.0297** 0.0206 0.0387**  —0.00008 —-0.00912** 0.00895
Novelty Measures

Jaccard distance from parent (T) 0.334" 0.215"* 0.452%* —-0.0426 -0.161"* 0.076

Semantic distance from parent (T) 0.271%* 0.183*** 0.360*** 0.00553 —0.083* 0.094

Self-BLEU from family () —40.8"** —32.2% —49.5%* -16.4"* =7.79"** =25.10"*

Semantic similarity from family () -0.179*** -0.120** —0.238"** —0.0876*** —0.0285* -0.1466***

TF-IDF distance from cohort (T) 0.102* 0.0781*** 0.1254* 0.0425** 0.0188* 0.0662**

Semantic distance from cohort (T) 0.0448* 0.0493* 0.0402 0.0138 0.0184 0.00927
Subjective solving Performance

Subjective deviation (|) —-0.0123 —0.0600* 0.0355 0.0205 -0.0272 0.0683*

Subjective improvement (T) 15.4"* 19.2%** 11.6* -0.0125 3.80 -3.83
Objective solving performance

Solving duration (-) —-0.0743™  —0.0587 —0.0898** 0.00901 0.0246 —0.00655

Objective deviation () —-0.0238 0.0100 —-0.0575 —-0.0288 0.0050 -0.0625

Objective improvement (T) 2.88 -1.00 6.75 -0.125 -4.00 3.75

Exact proportion (T) 0.396 -0.184 0.977 0.185 —-0.395 0.765

Table 1:

Mixed-effects model results. Each row presents the emmeans output for one dependent variable. The leftmost

column lists the dependent variables; arrows indicate a desirable direction of change, and dashes indicate cases where no clear
directional expectation applies. The middle three columns report contrasts between social and asocial modes; the right three
columns report contrasts between Generations 3 and 2. Within each contrast, the “Overall” subcolumn shows the main effect,
and the remaining subcolumns show the corresponding simple effects. Table entries are model coefficients, with significance

indicated by stars (* p < .05; ** p < .01; *** p < .001).

whether these editing differences led to different types of mu-
tations (i.e., changes in narrative). To do so, we examined
the riddles’ local drift, family-level diffusion, and population
dispersion.

Overall, riddles from both modes generally became more
diverse from their parent (via Jaccard and semantic distances
from parent), family (via Self-BLEU and Semantic similarity
from family), and cohort (via TF-IDF and Semantic distances
from cohort). Moreover, we found that asocial riddles became
more similar to their parents over generations (see Fig[2A),
suggesting progressively narrower edits and reduced explo-
ration. However, social riddles consistently exhibited greater
novelty and diversity than asocial riddles (also see Fig[ZA).
Across both lexical and semantic measures, social riddles
tended to diverge more from their parent, family, and cohort.
These differences were already visible in Generation 2 and
became more pronounced in Generation 3.

Together, these findings suggest that participants in the
asocial mode made smaller, incremental edits, producing a
more monotonic and conservative evolution of their riddles
over time. On the contrary, participants in the social mode
made broader, more global transformations to the riddle they
inherited. This contrast highlights how different transmis-
sion modes foster distinct innovation dynamics: social chains

encourage restructuring and diversification, whereas asocial
chains tend toward refinement and stabilization.

Subjective solving performance Lastly, we aimed to un-
derstand whether differential editing patterns and mutation
dynamics relate to differences in how participants perceived
the solvability of their own riddles and their parent riddles.
As shown in Fig[2B, overall, participants generally believed
that their riddles were situated around the 80% solvability
mark, with more riddles rated on the easier side (above 80%)
than on the difficult side (below 80%). Results on subjec-
tive deviation show that, at Generation 2, asocial riddles were
rated as closer to the desired solvability than social riddles,
though this difference disappeared by Generation 3. More-
over, across generations, subjective ratings of social riddles
gradually diverged from the target solvability from Generation
2 to 3, whereas those of asocial riddles remained close.
More interesting patterns emerge when we examine the sub-
jective perceived improvement in solvability (see Fig[2IC). We
found a stark difference between modes: social participants
believed their riddles improved substantially relative to their
parents, whereas asocial participants reported a comparable
amount of improvement and decline from their previous com-
position. These patterns were robust across generations.
From these findings, we see that although social riddles were
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not any closer to the target solvability than asocial riddles,
they showed substantially larger self-perceived improvement.
This pattern may arise because social participants appeared
to believe that their parent riddles performed poorly, leading
them to feel that they had “corrected” the trajectory. In other
words, they may not have viewed their own refinements as
objectively strong, but they consistently perceived them as
markedly better than the riddles they inherited.

Taken together, these findings suggest a strong motivational
contrast between modes. Participants in the social mode ap-
peared motivated to start fresh, made substantial edits, and
were optimistic about their changes. In contrast, participants
working on their own riddles were more reluctant to make
substantial edits and did not consistently believe their changes
were helpful.

A Lexical change B
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Figure 2: Results from Experiment 1. Transmission modes
are consistently coded by colors: grey for neutral Generation
1, blue for the asocial mode, and orange for the social mode.
All error bars in black indicate the respective standard error.
Significance is indicated by stars (* p < .05; ** p < .01;
**% p < .001). (A) Jaccard distance from parent riddles by
mode. Mean values for each mode and generation are shown
as bordered points on top. (B) Self-perceived solvability by
mode, with the red dashed line marking the target solvability.
(C) Self-perceived improvement by mode.

Experiment 2

Observing the quality differences between riddles generated
from the two transmission modes, we next examined whether
riddles from Experiment 1 also differed in their actual (i.e.,
objective) solvability. To address this question, we conducted
a riddle-solving experiment with a separate participant pool
using the riddles generated from Experiment 1. The experi-
ment was pre-registered and received approval from the Uni-
versity of California, Los Angeles Office of the Human Re-

search Protection Program, following relevant guidelines and
regulations.

Method

Participants Additional participants were recruited from
Prolific using the same eligibility criteria as in Experiment
1. Data from 250 participants were used for analysis after
excluding those who failed attention checks. The experiment
lasted approximately 7 minutes, with a compensation rate of
approximately $25 per hour.

Design Each of the 200 riddles produced in Experiment 1
was solved by 10 independent solvers. The 5 conditions and
8 stimulus sets in Experiment 1 were counterbalanced across
every group of 25 participants using a Latin square design. As
a result, each participant solved 8 riddles, each from a unique
stimulus.

Procedure Each participant completed 8 consecutive solv-
ing trials. In each trial, they viewed a riddle alongside its
stimulus set and had 3 minutes to identify the poisonous mush-
room by clicking on a mushroom among four, and to confirm
their choice by clicking a confirmation button. A trial was
coded as solved if they selected the right mushroom, or failed
if they chose the wrong one or made no selection within the
time limit. Participants’ accuracy scores were not given as
feedback and did not influence their payment.

Measures The solvability level of each riddle is measured
by (1) its average solving duration (in minutes) across five in-
dependent solvers and (2) the proportion of successful solves:
(a) the riddle’s absolute deviation from the target solvability
and (b) the exact proportion—whether it reached the exact
80% solvability. These success measures capture both con-
tinuous and discrete aspects of accuracy. Additionally, we
compared the solvability between each riddle and its parent.

Results

All continuous outcomes were analyzed using mixed-effects
models following the same specifications as in Experiment 1.
Exact proportion was analyzed using a binomial Generalized
Linear Model. All model results are displayed in Table [T}

Objective solvability First, riddles in both transmission
modes showed a similarly wide range of solvability outcomes,
with no reliable statistical differences in absolute deviation,
objective improvement, or exact proportion across genera-
tions. Nevertheless, the descriptive patterns suggest that so-
cial riddles continued to drift toward the target solvability
(see FigE]A) with an increased number of exact 80% matches
compared to riddles from the asocial mode (see FigE[B). These
observations call for further investigations.

In line with this qualitative trend, by Generation 3, so-
cial riddles took significantly less time to solve than asocial
riddles. Correlations with efficiency measures further showed
that, across both modes, riddles that were solved more quickly
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typically had shorter length (r = 0.623, p < 0.001) and higher
information density (r = —0.588, p < 0.001). Together,
these patterns indicate that despite undergoing more substan-
tial revisions, social riddles remained concise yet informative,
enabling solvers to reach decisions more efficiently without
compromising performance. While we observed an initial
trend toward enhancement, further investigation is warranted.

Subjective vs. objective solvability With objective solv-
ing performance in hand, we next examined how accurately
crafters judged the solvability of their own and parent riddles.
Overall, self-perceived solvability did not reliably predict ob-
jective solvability (r = 0.111, p = 0.118), whereas other-
perceived solvability did (r = 0.369, p < 0.001). This sug-
gests that participants were generally poor judges of their own
riddles but more accurate when evaluating someone else’s—a
benefit of a “fresh judgment.”

Additionally, although self-perceived solvability did not
align with exact objective solvability, self-perceived im-
provement did correlate with objective improvement (overall:
r =0.222, p = 0.005), an effect driven primarily by the aso-
cial mode (see Fig.Ep; asocial: r = 0.240, p = 0.032; social:
r = 0.203, p = 0.071). These findings suggest that asocial
crafters appeared to correctly recognize that they made min-
imal changes and showed some sensitivity to whether those
changes were helpful, whereas social crafters tended to be-
lieve they improved the parent riddles more than they actually
did.

Discussion

This study took an initial step into understanding intellectual
innovation by examining its dynamics with social learning.
We employed a novel riddle-crafting paradigm combined with
a closed diffusion-chain design, implementing a social condi-
tion alongside an asocial baseline across three generations of
riddle composition and refinement. Participants’ innovation
processes and outcomes were evaluated in terms of efficiency,
novelty, and solving performance.

Overall, the social and asocial chains resulted in differ-
ent patterns of innovation outcomes. Compared to asocial
riddles, social riddles were more communicatively efficient:
they were shorter, denser, took longer to craft, yet were easier
for solvers to make a decision. They were also consistently
more diverse and innovative across local drift, family-level
diffusion, and population dispersion. Importantly, these ad-
vantages emerged without compromising performance: par-
ticipants in both modes believed they performed well and
achieved comparable levels of objective solvability.

These findings suggest that social transmission may support
a distinct form of intellectual innovation—one that adapts
more readily to communicative pressures, remains open to
mutation, and preserves accumulated progress. A speculative
theme that emerges from our results is that social learners
are more willing to make changes: they preserve what works,
but they also inject new mutations whenever they see room
for improvement. Subsequent learners can then correct or

A 100 Percentage solved C Subjective vs objective improvement
> 80
Z 8 -~ o
© s o
3 60 £ 40 0
: g
4 °
% 40 =
kol E O
g 20 .g
0 ©
1 3 240
B Generation o
03 Riddles at 80% Solvability
ke 40 0 40 80
g Subjective improvement
oo 1 -
a0 3 [] Neutral [l Asocial [ Social
Generatlon
Figure 3: Results from Experiment 2 combined with Ex-

periment 1. Transmission modes are consistently coded by
colors: grey for the neutral Generation 1, blue for the asocial
mode, and orange for the social mode. (A) Objective solv-
ability by mode, with the red dashed line marking the target
solvability. Error bars in black indicate the standard error.
(B) Proportion of riddles that reached exactly 80% solve by
mode. (C) Correlations between self-predicted and objective
improvement by mode. Linear regressions (solid and dashed
lines) with 95% confidence intervals (shaded) are shown for
asocial (blue), social (orange), and combined data (black).

refine these changes. If this pattern holds, such willingness to
alter and refine designs across individuals may diversify the
cultural repertoire and gradually ratchet innovations forward,
enriching the collective knowledge base over time.

Moreover, the two transmission modes exhibited distinct
innovation trajectories. When innovating alone, individuals
tended to become anchored to their previous designs, quickly
settling into a local optimum and believing that no further im-
provement was possible or needed. In contrast, social trans-
mission provided a fresh and moderately accurate perspective
on prior outcomes, continuously motivating participants to re-
vise and enhance their designs, resulting in more efficient and
diverse innovations. Although objective improvements have
so far been slow and variable, the shift from motivation to
measurable gains is likely incremental and requires patience.
Importantly, social participants showed a sustained impetus
to improve and had not yet reached a plateau—suggesting
that, given more generations, this momentum may eventually
yield qualitative advances. This possibility motivates future
work extending social chains across additional generations to
determine when, and whether, such improvements emerge.

Some nuances in our findings also highlight the limits of
self-evaluation and the illusion of self-improvement: partici-
pants in both modes never had access to external judgments,
which likely contributed to the slow rate of improvement.
Future work should examine whether introducing real-time
external feedback can accelerate progress, and whether such
feedback provides comparable or differential benefits across
the two transmission modes.
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