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Intelligent machines with superhuman capabilities have the potential to un-

cover problem-solving strategies beyond human discovery. Emerging evidence

from competitive gameplay, such as Go, demonstrates that AI systems are evolv-

ing from mere tools to sources of cultural innovation adopted by humans. However,

the conditions under which intelligent machines transition from tools to drivers

of persistent cultural change remain unclear. We identify three key conditions

for machines to fundamentally influence human problem-solving: the discovered

strategies must be non-trivial, learnable, and offer a clear advantage. Using a

cultural transmission experiment and an agent-based simulation, we demonstrate

that when these conditions are met, machine-discovered strategies can be trans-

mitted, understood, and preserved by human populations, leading to enduring

cultural shifts. These findings provide a framework for understanding how ma-

chines can persistently expand human cognitive skills and underscore the need to

consider their broader implications for human cognition and cultural evolution.
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Machines powered by Artificial Intelligence (AI) have the potential to discover strategies that are

difficult for humans to conceive: their computational capacity exceeds human processing power

and speed; their ability to process and share information in serial or parallel with high fidelity

allows them to distribute problem-solving efficiently (1). AlphaGo, an AI system that defeated

world champion Lee Sedol in the ancient game of Go, discovered superhuman strategies by playing

millions of games against a copy of itself, and integrated these experiences into a complex strategy

encoded in its neural network (2). This strategy has been described as ‘alien’ considering thousands

of years of human Go-play (3). Recent evidence suggests that humans are beginning to change

their own Go-play as a result of this innovation (4). The domain of gameplay remains, however, a

rare example of human problem-solving strategies being shaped by machine-discovered strategies.

This raises a question: Beyond being mere tools, under which conditions can machines persistently

reshape the way we solve problems?

We address this question by integrating insights from the field of Cultural Evolution (5):

culture changes through a process of variation, transmission, and selection (6). We propose that,

correspondingly, machine-induced cultural shifts are contingent on the convergence of three critical

conditions. Appropriate Discovery Difficulty: Strategies must be non-trivial and extend beyond the

range of variations typically discovered by humans. Low Transmission Difficulty: Humans must be

able to learn and effectively disseminate machine-introduced discoveries. Recognizable Selective

Advantage: Cultural adoption of machine discoveries hinges on their demonstrated success and the

extent to which humans attend to them and endorse them.

In more detail, for a new problem-solving strategy to become part of the human cultural

repertoire, it first needs to be discovered. Human discovery is limited by computational capacities

and pervasive cognitive biases (1, 7, 8). For example, human planning is generally confined to a

few steps due to the combinatorial explosion of possible actions and outcomes (9). In adapting

to this challenge, humans use a range of heuristics (7), such as prioritizing immediate over long-

term outcomes (10) or favoring familiar options (11). In contrast, machines surpass humans in

computational capacity, allowing them to rapidly accumulate experiences that would be too costly

in terms of time, computation, or risk for humans to access. This may lead machines to discover

strategies that are counterintuitive to humans yet have superior performance (see Figure 1B, vertical

axis).
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Figure 1: A. Transmission of machine discoveries can lead to cultural shifts. The multitude of

potential transmission paths enables populations to preserve strategies that are difficult to transmit,

fostering resilience against cultural loss. Machines, with their unique capabilities, may discover

strategies that are improbable—or difficult to conceive—for humans. If such machine-discovered

strategies are successfully transmitted and preserved within human populations, they could drive

cultural shifts that outlast the presence of machines. B. Space of culturally preservable strategies.

Human populations adopt strategies that are either easy to learn or sufficiently transmittable, forming

a cultural frontier shaped by human limitations in time, computation, and communication (dashed

line). We propose that some strategies, while practically inconceivable, may still be preservable by

humans (shaded area). Machines, by discovering these strategies, could shift the cultural frontier

(dashed line). Conversely, some machine-discovered strategies might not be preservable by humans,

potentially fostering a reliance on machines (outer space).

Discovering superior strategies is not sufficient to induce a cultural shift, however (12). The

superior performance of the machine-discovered strategy must also be easy for humans to recognize

as such (13–16). Furthermore, humans must be able to socially learn the strategy and transmit it to

others (6). The ability to select superior strategies and to transmit them in combination enables the

population to maintain complex strategies that would be beyond individuals’ reach (17, 18). When

these mechanisms apply to machine-discovered strategies as well, machines could become sources

of new knowledge that shift human culture (see Figure 1B, horizontal axis).
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Even though intelligent machines are increasingly used in domains of human discovery, such

as education and research (19–21), in most cases these AI systems do not convey problem-solving

strategies that are entirely alien to human culture. As such, they do not satisfy the above conditions

but remain within the confines of existing human discoveries (see Figure 1B bottom left). And

even those AI systems that have discovered super-human knowledge, remain –at present– tools

in human hands rather than integrated into human cognitive frameworks. AlphaFold provides a

remarkable example for this category: while it was inspired by the success of AlphaGo in emulating

the intuition of human experts (22) and in doing so has achieved solving protein-folding problems

at superhuman levels (23,24), its discoveries have not (yet) transpired into novel human intuitions,

unlike in the case of AlphaGo. As such, it presents an unlearnable and unpreservable machine

discovery (see Figure 1B top right).

To provide the first experimental evidence of preserved, machine-induced cultural shift in

humans, we designed an experimental setup that features conditions of appropriate discovery and

transmission difficulty, along with a recognizable selective advantage for machine performance. The

task emulated a prototypical situation in which human exploration is constrained by the pervasive

human tendency to avoid losses (i.e., myopic decision-making). Human participants (n = 1,155)

were paid to solve a series of “reward networks” (Figure 2 C), which we developed as a modified

version of an established paradigm (25,26). In our task, networks consisted of nodes connected by

links that were associated with rewards ranging from -50 to +400 points. Participants’ goal was

to choose 10 moves through the network that would maximize the number of points gained. Our

networks were designed such that there was an optimal strategy for solving them: incurring early

losses subsequently led to links associated with the maximum reward of +400 points, which were

not accessible when avoiding early losses. Hence, the optimal strategy for solving our networks

contradicts the myopic tendency of humans to avoid losses and prioritize immediate gains, even

when accepting short-term losses could be beneficial in the long run. In line with prior literature,

we expected that this myopic tendency would make the discovery of optimal strategy in our task

difficult for human players (27). Meanwhile, we expected that a few minutes of training on our

task would be sufficient for a deep-Q-learning algorithm (the ”machine player”) to successfully

discover the optimal strategy. To compare the performance of human players on their own against the

performance of human players exposed to machine players, we randomly allocated participants into
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Figure 2: A. Human-Machine Culture in the Lab. Participants were divided into populations

of five Generations (0-4) with eight individuals each, including 15 Human-Machine Populations

(three machines in Generation 0) and 15 Human-Only Populations. Lines represent a subset of

demonstrator-learner connections (dashed: potential, solid: selected) involving a focal participant

(dark magenta) in Generation 1 and its cultural ancestor (dark blue) and descendants (dark violet

and grey). B. Experimental Stages. The ’Individual Learning Phase’ lasted five minutes during

which humans in Generation 0 managed to train on six networks, while machines managed to train

on 1,000 networks. In the ’Social Learning Phase’, Generations 1-4 were informed about demon-

strator candidates’ performance and selected their preferred demonstrator. They then observed and

replicated the demonstrator’s strategy before solving the same network themselves and receiving

feedback. In the ’Demonstration Phase,’ individuals recorded their strategy for the next generation.

C. Network Task. Participants collected points on a network, with new potential connections ap-

pearing sequentially. We illustrate the two focal strategies in our task: maximizing immediate gains

(myopic), and incurring initial costs for greater future rewards (optimal).

populations that involved either only eight humans (15 ”Human-Only Populations”) or five humans

and three machine players in their initial generation (15 ”Human-Machine Populations”). Each

population consisted of five generations (numbered 0-4; Fig. 2 A), allowing us to observe differences
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between the two kinds of populations over time. After a series of individual attempts at solving

networks, participants in Generation 0 solved four networks during the ”Demonstration Phase”,

knowing that their moves would be recorded for future generations to learn from. Participants from

Generations 1-4 could choose a ”demonstrator” from the previous generation to learn from, based

on the demonstrators’ average performance. Only after this Social Learning Phase did participants

from Generations 1-4 demonstrate their moves for the next generation. All networks solved by

the participants throughout the experiment were unique, requiring them to discover or learn a

generalizable strategy rather than optimizing a specific solution.

In a second exploratory step, we sought to follow up on our experimental results with an agent-

based simulation. Removing the feasibility constraints that apply to large-scale experiments with

human participants, the simulation allowed us to systematically vary discovery and transmission

difficulty, and to pitch random and selective social learning against one another (28). In parallel

to the experimental set-up, we organized agents into five generations, each consisting of eight

agents. Agents could discover strategies through exploration or adopt strategies from the previous

generation. Abstracting away from the task we used in the experiment, agents explored a trinary

strategy space comprising the increasingly rewarding strategies: random, myopic, and optimal. For

human-machine populations, three ”machine agents” with a discovery rate 1000 times higher than

that of ”human agents” were placed in the first generation.

Humans Preserve the Machine Discovery

In our reward network task, achieving more than 2000 points was only possible by following the

optimal strategy of incurring early losses to reach later links associated with the maximum reward

of +400 points per move. Generally, human players did not find this optimal strategy on their own:

Among the human populations, only one out of 600 participants discovered the optimal strategy

over the course of the experiment, which four other human players then learned from them. In

contrast, we found that the optimal strategy readily spread from machines to humans in the human-

machine populations, resulting in the machine-discovery being preserved beyond the presence of

the machines and across multiple generations: In 9 out of 15 Human-Machine Populations, human

players learned this strategy in each of their generations. Correspondingly, we classified these
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populations as permanently preserving the machine discovery. In the remaining 6 populations,

at least one human player in the generation immediately following the machine achieved more

than 2000 points; but this discovery was only temporarily preserved as it did not transmit to

later generations. Figure 3 illustrates prototypical cases for each of these qualitative categories.

To summarise, the majority of Human-Machine Populations preserved the optimal strategy until

the final generation in our experiment, while 14 out of 15 human populations did not discover the

optimal strategy at all.

Ge
ne

ra
tio

n

B. Human PopulationsA. Human-Machine Populations

0

4

3

2

1

Av
er

ag
e 

pe
rf

or
m

an
ce

2000

1000

Human

Machine

Demonstrator

Learner

Adaptive strategy
permanently
preserved.

Adaptive strategy
temporarily
preserved.

Adaptive strategy
discovered.

Adaptive strategy
not discovered.

9 6 1 14

Figure 3: Four prototypical populations. We categorized populations based on the average scores

of their top performers across generations. Scores above 2000 points indicate adoption of the

optimal strategy. Among 15 Human-Machine Populations (panel A), 9 consistently exceeded this

threshold, while the remaining 6 surpassed it temporarily in at least one generation following the

introduction of machines. In contrast, only 1 of 15 Human-Only Populations (panel B) temporarily

achieved scores indicative of the optimal strategy, while all the other Human-Only Populations did

not. We illustrate one prototypical population for each case, with colors reflecting performance

scores. Arrows represent demonstrator-learner relationships.

In terms of cultural lineages that emerged from demonstrator-learner relationships among the

Human-Machine Populations (see Figure 3), we found that only machines had long-lasting impact

on the cultural dynamics operating across generations: In the first socially learning generation of
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the Human-Machine Populations, most players (90%) selected a machine as their demonstrator,

and by the last generation, every player was a descendant of a machine player. In contrast, none of

the human players in Generation 0 of the Human-Machine Populations initiated a cultural lineage

that persisted until the last generation.

Humans Benefit from the Machine Discovery
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Figure 4: Evolution of Task Performance, Machine Alignment, and Strategy Description. In-

dividual populations are represented as dots, with the grand average for each condition indicated by

a diamond symbol. Human-Only Populations are indicated in green, Human-Machine Populations

in orange. Performance (Panel A) refers to the average number of points earned during the Demon-

stration Phase. Alignment (Panel B) indicates the proportion of human player moves that a machine

player would have made as well (contingent on making the same previous moves). Verbalised

Strategy (Panel C) shows the fraction of human players who articulated a strategy referring to a

deliberate acceptance of losses after the Social Learning Phase. Data points are jittered horizontally

and vertically to improve visibility.

Panel A in Figure 4 shows the average reward gained in the task by generation and population.

Descriptively, while the two types of populations started out with the same average in Generation

0, in Generations 1-4 Human-Machine Populations consistently earned higher rewards. Our pre-

registered linear mixed-effects model on these latter generations supported that this difference was

significant (𝛽 = −309.2, SE = 57.0, CI95% = [−420.7, −196.6]). Further models confirmed that

Human-Machine Populations performed better than Human-Only Populations both in Generation
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1, which could learn directly from machine players (𝛽 = −404.6, SE = 59.4, CI95% = [−513.5,

−293.0]), and in Generation 4, where influence from machines was remote by four iterations

(𝛽 = −229.1, SE = 82.4, CI95% = [−407.4, −72.3]).

Humans Align with the Machines

Panel B in Figure 4 shows the proportion of human moves aligned with machine-generated moves,

summarized by generation and population. Qualitatively, the results are similar to the results for

rewards: no difference between conditions in Generation 0, but Human-Machine Populations are

consistently more aligned in Generations 1 to 4. A logistic mixed-effects model on these generations

shows that Human-Machine Populations were more machine-aligned than human populations

(𝛽 = −0.88, SE = 0.14, CI95% = [−1.14, −0.54]). Again, this was also the case within Generation

1, which learned from machine players (𝛽 = −1.16, SE = 0.14, CI95% = [−1.43, −0.90]), and

Generation 4 (𝛽 = −0.66, SE = 0.19, CI95% = [−1.03, −0.24]).

Humans Internalize the Machine Discovery

During the Demonstration Phase of our experiment, players were asked to provide a written strategy

of how they approached the task. In contrast to the demonstration itself, these written strategies were

not transmitted to the next generation, and players were aware of this. Panel C in Figure 4 shows the

proportion of human players mentioning the optimal strategy (i.e. the ”loss strategy”) in their written

statements, as coded independently by three human annotators. In the Human-Only Populations,

we observe practically no mention of the strategy, with proportions close to 0 throughout all

generations; the exception to this is the single population that discovered the optimal strategy in

Generation 3, resulting in 50% of players referring to it in Generation 4. In contrast, participants

in the Human-Machine Populations consistently mentioned the optimal strategy explicitly, with

proportions of about 30% to 50% per generation. A logistic mixed-effects model on Generations 1

to 4 shows that this difference is significant (𝛽 = −4.18, SE = 0.62, CI95% = [−5.49, −3.04]).
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Figure 5: Agent-Based Simulation Highlights Dependence on Discovery and Transmission

Rates. An agent-based simulation replicates our five-generation social learning experiment, varying

the difficulty of discovering and transmitting the optimal strategy. Panel A shows the 50% adoption

boundary for the optimal strategy in the final generation, with lower discovery and transmission

difficulty promoting its adoption, particularly under selective social learning (solid lines). Machines

enable the adoption of hard-to-conceive but transmittable optimal strategies (orange line). Panel B

illustrates the boost in average reward of mixed populations over human-only populations in the

final generation, highlighting that this persistent boost is limited to strategies that are challenging

for humans to discover but accessible to machines and that are of moderate transmission difficulty.

Here we show the uplift for agents with selective social learning only.

Simulation Corroborates Conditions for Cultural Shift

We devised an agent-based simulation to systematically explore how variations in discovery and

transmission difficulty shape the adoption of machine-discoveries and, ultimately, population-

level success. Corroborating our experimental results, harder-to-discover strategies (with a higher

(log(d)) were adopted when transmission difficulty 1 − 𝑡 was low, where 𝑡 is the transmission rate

towards the end of the multi-generational simulation (Panel A in Fig. 5). This effect was enhanced

when agents selected the highest-performing individual from the previous generation to socially

learn from (solid lines) compared to learning from a random agent (dashed lines). When machine

agents, with their increased discovery rate, were added, these human-machine populations could
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discover and preserve the optimal solution even when discovery was difficult (orange solid line).

This machine-induced effect was not present when agents learned from a random agent of the

previous generation (orange dashed line).

The ability of machine agents to discover hard-to-conceive strategies, combined with the ability

of human agents to adopt and preserve these strategies, led to an increase in the rewards collected by

human agents in the last generation of human-machine populations compared to their counterparts

in human-only populations (Panel B in Fig. 5). We found that this uplift was constrained by both (a)

high discovery difficulty, which renders human discoveries unlikely but machine discoveries likely,

and (b) moderate transmission difficulty, which makes transmission feasible.

Discussion

Our work demonstrates that machine-discoveries can persistently reshape human problem-solving

strategies when they are calibrated in difficulty, transmissibility, and selective advantage. In our

experiment, superhuman computational capacity allowed machine players to discover a superior

strategy that offset human cognitive biases toward myopic and suboptimal solutions and, as such,

was effectively beyond human reach. Yet, the machine-discovered strategies were still learnable for

human players, who did not merely replicate them but also applied them to new variations of the task.

Further signifying the integration of the alien problem-solving strategy into their cognitive frame-

work, many human players explicitly articulated the strategy in writing. The machine-discovery’s

selective advantage translated into human players overwhelmingly favoring machine over human

ancestors, producing persistent cultural lineages where every human player in the last generation

was ultimately a descendant of a machine player in the first generation.

A major question arising from these results concerns the scope of machine-induced cultural

shifts. Our pilot experiments illustrated the key challenge of achieving the right balance between

discovery difficulty and transmissibility: At one extreme, simple strategies were readily discovered

by humans without machine assistance, limiting their capacity to induce meaningful shifts. At the

other extreme, strategies requiring lengthy and precise sequences of actions were too complex for

human participants to learn and pass on. Yet, prior work from cultural evolution has shown that large

effective population size can effectively buffer against risks of losing complex discoveries (29,30).

12



This suggests that the scope of machine-induced cultural shifts may expand in contexts where

large groups interact with machine-generated strategies. For instance, the widespread adoption

of generative AI in educational, professional, and creative contexts naturally exposes millions of

people to machine-mediated strategies for creation or problem-solving. Larger population sizes

increase the probability that machine-discovered strategies are learned in the first place, as a

diverse range of individuals with varying levels of skills engage with them. Analogously, skilled

individuals can prevent strategies from being lost, allowing less skilled individuals to benefit from

more demonstrations and eventually acquire the strategies (30), thereby ultimately accumulating a

critical mass of individuals for triggering a tipping point in their cultural adoption (31). Emergent

evidence suggests that even simple machine agents could further boost these group dynamics’

efficacy (32). Yet another factor that could broaden the scope of machine-induced cultural shifts is

pedagogical behavior. Teaching is one of the primary mechanisms through which humans transmit

knowledge and skills (6, 33), and experiments have shown that the value of teaching increases

with the complexity of strategies (34). Notably, discovery and transmission difficulty have also

been identified as key determinants in the evolution of teaching (35), underscoring that machine-

induced cultural shifts may occur within a relatively narrow range of conditions. This line of

work does, however, also point towards another possible pathway that could enhance the efficacy

of machine-induced cultural shift: more explainable AI systems could provide both teachers and

learners with insights that facilitate the adoption of machine-discovered strategies, and enhance

their scope through more effective human-machine interactions (36).

The work presented here suggests that by learning from machines, humans may adopt and trans-

mit hard-to-conceive optimal strategies, thereby broadening humans’ cognitive repertoire without

incurring the costs typically associated with discovering such strategies. While our findings are

primarily limited to scenarios in which human behavior is suboptimal due to cognitive constraints,

future research could explore how machine-discovered strategies might also mitigate exploration

limitations imposed by structural factors, such as entrenched path dependencies or environmen-

tal pressures towards predictability in contexts such as scientific discovery (21, 37). Supporting

this conjecture, recent work has highlighted machines’ potential to identify novel strategies for

fostering cooperation that humans have proven unlikely to consider (38). Even when it comes to

changing notoriously entrenched conspiracy beliefs, intelligent machines (here, LLMs) are emerg-
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ing as potent agents of persistent learning among humans (39). But these contexts also point to

the potential challenge that machine-discovered strategies might sometimes be undesirable from

a human perspective and not be explored for good reasons, such as ethical concerns or social

acceptability. Relatedly, human adoption and preservation of machine-discovered strategies may

raise ethical concerns about human autonomy and creativity as much as it might bear epistemic

risks that could undermine human knowledge (40). And yet, these very concerns underscore the

transformative potential of machines pushing the boundaries of human cognition, enabling the

discovery of hard-to-conceive strategies and ultimately facilitating cultural accumulation.
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