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Abstract

Artificial intelligence (Al) is often used to predict human behavior, thus potentially posing limita-
tions to individuals’ and collectives’ freedom to act. AI’s most controversial and contested applications
range from targeted advertisements to crime prevention, including the suppression of civil disorder.
Scholars and civil society watchdogs are discussing the oppressive dangers of Al being used by cen-
tralized institutions, like governments or private corporations. Some suggest that Al gives asymmetri-
cal power to governments, compared to their citizens. On the other hand, civil protests often rely on
distributed networks of activists without centralized leadership or planning. Civil protests create an
adversarial tension between centralized and decentralized intelligence, opening the question of how
distributed human networks can collectively adapt and outperform a hostile centralized Al trying to
anticipate and control their activities. This paper leverages multi-agent reinforcement learning to simu-
late dynamics within a human—machine hybrid society. We ask how decentralized intelligent agents can
collectively adapt when competing with a centralized predictive algorithm, wherein prediction involves
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suppressing coordination. In particular, we investigate an adversarial game between a collective of
individual learners and a central predictive algorithm, each trained through deep Q-learning. We com-
pare different predictive architectures and showcase conditions in which the adversarial nature of this
dynamic pushes each intelligence to increase its behavioral complexity to outperform its counterpart.
We further show that a shared predictive algorithm drives decentralized agents to align their behavior.
This work sheds light on the totalitarian danger posed by Al and provides evidence that decentrally
organized humans can overcome its risks by developing increasingly complex coordination strategies.

Keywords: Collective intelligence; Artificial intelligence; Predictive algorithms; Decentralized intelli-
gence; Autocurriculum; Multi-agent reinforcement learning; Coordination games

1. Introduction

Competition between machines and humans has been a recurring topic in popular culture,
in movies like “The Matrix” and “The Terminator.” Science fiction authors have long envi-
sioned the danger of superhuman machines oppressing humans. While superhuman artificial
intelligence (Al) in the real world does not yet have the autonomy and agency depicted in
popular culture, Al in general is increasingly becoming part of our everyday lives. A large
class of machine learning methods, commonly referred to as Al, are essentially predictive
machines. Scholars have observed that when predictive Al is applied to human behavior, it
generally aligns with the incentives of the AI's developers rather than the incentives of the
humans whose behavior is predicted. Zuboff suggests that even in the case of aligned incen-
tives between Al and consumers, the instrumental use of predictive algorithms does under-
mine human freedom of will (Zuboff, 2019).

The history of human cultural evolution has shown remarkable flexibility in humans’
responses to changing and challenging environments. In this study, we leverage multi-agent
reinforcement learning to simulate a human-machine hybrid society and ask how humans
might collectively adapt their coordination behavior when challenged by an adversarial pre-
dictive algorithm. In particular, we investigate the coupling of decentralized intelligent agents
(simulating humans) with a centralized intelligent agent (simulating AI) and the conditions
under which both systems can mutually advance each other.

Humans who organize in groups show collective intelligence. The concept of collective
intelligence is based on the observation that intelligent solutions can emerge from informa-
tion aggregation processes among a population of simpler distributed agents (Couzin, 2007).
In humans, collective intelligence can remain largely independent from the intelligence of the
individual members of the group (Riedl, Kim, Gupta, Malone, & Woolley, 2021; Woolley,
Chabris, Pentland, Hashmi, & Malone, 2010). Some researchers classify entities of collec-
tive intelligence by their topology of power and inner structure into hierarchies, markets,
democracies, and communities (Malone, Foster, & Audio, 2018). In this work, we focus on
topologies used by Al to share information during learning and inference. The high com-
munication bandwidth of computer systems allows Al to be trained and deployed centrally.
Correspondingly, we compare three predictive Al architectures in this work that differ in their
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centrality, that is, in their ability to share learnings across the system and to observe the full
system during inference.

Crucially, AI’s computation, memory, communication, and time are subject to much fewer
constraints than humans (Gillings, Hilbert, & Kemp, 2016; Griffiths, 2020). Many cognitive
skills are heuristics and cognitive tools to mitigate these specific human limitations (Heyes,
2018; Kahneman, 2011). Therefore, we should also expect Al, which might rely less on
heuristics, to be different from human intelligence (Griffiths, 2020) and human collective
intelligence. For instance, while humans’ speech information rate is only ~39 bits/s (Coupé,
Oh, Dediu, & Pellegrino, 2019), computer systems archieve bandwidths nine magnitudes
higher. In light of this communicative bottleneck, it appears unsurprising that effective group
communication (social sensitivity, equal contributions of members, and the total amount of
words spoken) predicts collective intelligence in humans (Woolley, Aggarwal, & Malone,
2015; Woolley et al., 2010). While the distributed nature of collective intelligence and the
communication between agents is important for humans, it might be much less relevant for
Al Al systems are typically trained centrally (with some notable exceptions; Kone¢ny et al.,
2016), and all users interact with clones of the same algorithm. The large language model
ChatGPT, for instance, is a single algorithm shared across many users: a central trained model
queried by individual applications via the internet (Hoy, 2018). Importantly, while training is
central, the model is handling each interaction with different users individually at runtime. In
this work, we investigate the consequences of a human collective interacting with artificial
entities that vary in the degree of centralization.

The alignment of incentives is a central question of human—Al interaction (Russell, 2010).
Predictive Al could endanger some human groups if incentives are misaligned, such as when
Al is controlled by authoritarian regimes or a few influential individuals (Zuboff, 2019). Col-
lective intelligence often correlates with coordination (Kittur, Lee, & Kraut, 2009) and the
ability to predict the emotional states of collaborators (Engel, Woolley, Jing, Chabris, & Mal-
one, 2014), suggesting that behaving in a way that is predictable by peers might increase a
group’s collective intelligence. However, while predictability can improve human coordina-
tion, it might also make collectives vulnerable to an adversarial predictive Al. We are not
arguing that Al is generally at odds with human collective intelligence. Plenty of examples
exist where algorithms and humans enhance each other (Chen, Ning, Nugent, & Yu, 2020;
Dellermann, Ebel, Sollner, & Leimeister, 2019; Pescetelli, 2021). For instance, algorithmi-
cally aggregating individual predictions can help groups make better collective decisions
(Surowiecki, 2005). However, if incentive misalignment emerges, we argue that predictive Al
could challenge human collective intelligence. In this work, we are investigating the dynamics
of such competition.

A competition between Al and humans might have surprising consequences. Scientists
have long drawn parallels between genetic evolution and cultural evolution as two systems
that change over time by selection mechanisms (Mesoudi, 2017) and that lead to adapta-
tion to the environment. Likewise, Al systems based on reinforcement learning can adapt
their behavior to the environment. Some authors suggested a unifying framework to describe
genetic, cultural, and algorithmic evolution as systems of adaptive learning units (Leibo,
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Hughes, Lanctot, & Graepel, 2019). Like the gene-culture co-evolution (Boyd & Richerson,
1988), this paper explores Al-human cultural co-evolution.

In multi-agent systems, the environment of each agent includes all other agents. An optimal
behavior of one agent is, therefore, always contingent on the behavior of the other agents,
especially if these agents are in either a competitive or cooperative relationship (Leibo et al.,
2019). As a result, the behavioral change of one agent creates an exogenous challenge to
all other agents. This exogenous challenge can induce adaptations of those other agents—
and vice versa. This relationship can lead to an “arms race” in which all agents advance by
increasing the complexity of their behavior (Dawkins & Krebs, 1979). Such a sequence of
challenges has been called autocurriculum (Leibo et al., 2019). Autocurricula provide each
learner with a dynamic environment that increases in difficulty at the same pace as the agent’s
increasing capabilities. The complexity shown by the system is thereby no longer limited by
the external environment but by the system’s adaptive capabilities, that is, the intelligence of
the agents. In this work, we study an autocurriculum through human-machine competition.

In this study, we examine the dynamics of a competition between decentralized agents
(humans) and a centralized agent (Al) in a multi-agent system. Our focus is on the collec-
tive dynamics of asymmetrical, interconnected learning systems where a centrally controlled,
predictive agent has a topological advantage. We investigate this potential conflict in a simple
strategic game. A fictitious example of such a scenario could be human protesters coordi-
nating their actions, while algorithmic police forces aim to disrupt this coordination. In this
paper, we will refer to agents collectively solving the coordination problem as collective intel-
ligence (CI) and those that address the prediction problem as predictive intelligence (PI).

Reinforcement learning nicely captures the behavioral plasticity of both humans and algo-
rithms (Sutton & Barto, 2018). Here, we use a multi-agent reinforcement learning approach to
model the dynamics of a simple simulated human—machine society. Agent-based models have
traditionally been used to investigate cultural evolution (Boyd & Richerson, 1988; Henrich
& McElreath, 2003; Mesoudi, 2017). This approach has recently been applied to collective
intelligence (Reia, Amado, & Fontanari, 2019). The objective of agent-based models is to
investigate the emerging collective phenomena of agents following relatively simple rules
(Niazi & Hussain, 2011). On the other hand, multi-agent reinforcement learning has shown
an inverse phenomenon: the emergence of complex individual behavior, such as tool usage
(Baker et al., 2019) or norms (Koster et al., 2022) as a result of multi-agent interactions. As
adaptation is the critical property of evolution, we consider multi-agent reinforcement learn-
ing a promising approach to studying co-evolving human—-machine systems.

In the literature on multi-agent reinforcement learning, either group of agents (Baker et al.,
2019; Liu et al., 2019) or individual agents (Sandholm & Crites, 1996) have been pitted
against each other. We deviate from this approach by letting a group of agents (the CI) com-
pete with a single agent (the PI). We believe this nicely captures realistic settings in which a
single trained Al model (e.g., BERT, GPT-3, AlexNet) can find large-scale applications for
the entire human population via API calls. To model the perceived danger of an Al oppress-
ing human coordination, we investigate an asymmetric game. The CI agents are rewarded
for coordination, and the PI is rewarded for correctly predicting individual human actions.
This setup loosely fits observed protests in recent history, like the Black Lives Matter (BLM)
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Fig. 1. (a) Agents of the collective intelligence (CI) coordinate on a network. Agents 1 and 3 receive a positive
reward as their neighbors choose a different color than themselves. Agents 2, 4, 5, and 6 receive a negative reward
due to a color conflict with at least one neighbor. (b) The predictive intelligence (PI) predicts the colors chosen
by the CI. We investigate three different architectures. In the personal case, each member of the CI is predicted
by an independent PI agent (i.e., one model per CI agent). In the shared condition, CI agents are predicted by a
copy of the same PI agent (i.e., a single model predicts each individual separately). In the global case, a single PI
is simultaneously predicting the colors of all CI agents (i.e., a single model predicts all CI agents all at once).

protests following the death of George Floyd in 2020, the Hong Kong protests by the Anti-
Extradition Law Amendment Bill Movement from 2019 to 2020, and the January 6 Capitol
Attack in 2021. A common pattern observed during those events is that protesters organize in
a largely decentralized and leaderless fashion, while central authorities (police, governments,
or authoritarian regimes) use Al (e.g., geo-location and facial recognition) to identify, punish,
or suppress the protesters. This adversarial condition creates a dynamic tension between the
need to coordinate at scale and the need to reduce predictability.

We adopted a well-known task in computer science, the graph coloring problem (Karp,
1972), to model coordination among the human agents. The graph coloring problem entails
assigning colors to each node in a network such that no two adjacent nodes share the same
color. Scheduling problems, for example, for aircraft slots, can be mapped on the graph col-
oring problem (Marx, 2004). Protesters, for instance, might intend to schedule participation
in distributed protest in a way to avoid over- and understaffing. In our version, each agent is
placed on an Erd6s—Rényi random network node. We choose Erd6s—Rényi random networks
as they capture well the key properties one would expect of a random assembly of individ-
uals forming spontaneous connections (Newman, Barabdsi, & Watts, 2006, Chapter 2). In a
sequential task over multiple time steps, each agent is asked to choose one of four colors so
that the selected color differs from the color selected by all its neighbors (see Fig. 1a). Both
humans (Kearns, Suri, & Montfort, 2006) and algorithms (Matula, Marble, & Isaacson, 1972)
can solve this problem. On the other hand, the task of the PI is to predict each color chosen by
the group members correctly. The challenge for the PI thereby resembles a multiclass version
of the matching pennies game (Gibbons, 1992).
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All agents in the coupled system, the PI and the individual CI agents, are represented
through neural networks trained through deep Q-learning (Mnih et al., 2015). Different neural
network architectures have been used to investigate the decision-making of individual humans
(Peterson, Bourgin, Agrawal, Reichman, & Griffiths, 2021). In a similar fashion at the group
level, we compare different neural network architectures as models of collective and central
decision-making. We employ recurrent neural networks to model both the CI and the PI. The
distinct feature of recurrent neural networks is the existence of a memory state (Yu, Si, Hu, &
Zhang, 2019), which allows the agents to condition their output not only on the colors chosen
in the previous timestep but also on the colors selected earlier in the sequence. Thus, both
the CI and the PI can learn rich behaviors, that is, sequences of colors. We thereby allow for
essentially open-ended complexity in the agent’s behavior.

Al systems are typically trained centrally—even if the same models are then executed in
a decentralized fashion. While the CI in our simulation only has access to the color chosen
by the direct neighbors, we manipulate the ability of the PI to learn from the behavior of
the CI. Fig 1.b illustrates the different conditions under consideration. A typical architecture
utilized in machine learning is centralized training and decentralized execution. In this archi-
tecture, the Al model can access the information of the complete system during training time
but only local information during execution (Su, Adams, & Beling, 2020). Such architecture
corresponds to the training of a single Al, whose clones are then used to predict each human
agent’s behavior. We contrast such a “shared” condition with two control architectures. In the
“personal” condition, each agent of the CI is paired with a personal independent agent of the
PIL In the “global” condition, a single model has global information access (i.e., all past color
choices by all agents) during both training and execution.

We find that through competition with a PI, the behavioral complexity of the CI increases
as measured by the entropy of color sequences. The ability of the collective to coordinate
is hampered but remains stable throughout the simulation. We find that competition with a
single shared PI leads to a reduction in collective behavioral diversity between agents. We
discuss how competition between a central PI and CI could boost the CI members’ individual
cultural complexity. We also discuss the danger of Al-enabled human oppression.

2. Methods
2.1. Asymmetric cooperative-competitive game

All 40 CI agents are placed on a network for each independent simulation, randomly gener-
ated before the simulation. We sample networks from Erd6s—Rényi model with a probability
for an edge creation of 0.1. For computational reasons, we reject networks with unusually
highly central nodes (max degree higher than 8). Additionally, we require the network to
have a single component. Agents play episodes of 20 rounds. In each round, each agent can
choose one of four colors. Correspondingly, the PI has to predict the colors chosen by each of
the 40 agents of the CI. For computational efficiency, all agents of the same type make their
decisions simultaneously within a single round. A CI agent gets a single positive reward if its
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color is different from one of all neighboring agents. The PI gets a single positive reward for
each color it correctly predicts. The PI receives a negative reward for each point the CI gains.
Vice versa, the CI members receive a negative reward for each point the PI gains, thereby
obtaining a zero-sum game.

2.2. Multi-agent reinforcement learning

We utilize deep Q-networks (Mnih et al., 2015) for all agents. Each agent is represented by a
neural network. We optimize the policy using an Root Mean Squared Propagation (RMSprop)
optimizer with a learning rate of 0.001. Future rewards are discounted by a factor of 0.8. At
the end of each episode, we train a batch sampled from the last 500 episodes. We update the
target network every 200 episodes.

For the CI, we use individual neural networks for each agent. These models receive the
colors of the focal agent and all its neighbors as input and output of the agent’s next color.
We use a sandwich of a single gated recurrent unit (Chung, Gulcehre, Cho, & Bengio, 2014)
enclosed by two fully connected layers.

For the PI, we contrast three different architectures and a random control. In the personal
condition, we pair each CI agent with a unique personal PI model. In this condition, the
architecture of the PI mirrors the CI. In the shared condition, the individual neural networks
remain the same; however, the PI interacting with each CI agent shares the same model,
that is, we use the same model to predict each CI agents’ color independently. This setup
corresponds to a central learning and decentral execution (Su et al., 2020). During training,
a single central model is trained using data from the interaction with all agents. However,
when making a prediction about a focal agent’s next color, the PI can only use the same
local information as in the personal case, namely, the previous color of the focal agent and
its neighbors. In the global condition, a single neural network is used to predict the colors of
all nodes. The network receives as input the colors of all nodes. We use in sequence a fully
connected layer, a gated recurrent unit, and two fully connected layers. Across conditions, we
use 100 neurons in each layer, and all linear layers use rectified linear unit (ReL.u) activations.
Finally, we also report the results of a random control using a PI making uniformly random
predictions.

2.3. Behavioral metrics

We calculate the rolling average of the prevalence of CI agents correctly coordinating with
their neighbors and the average number of CI agents correctly predicted by the PI. Both
measures, with inverse signs, reflect the objectives of the two agent types. CI agents seek to
increase coordination and decrease being predicted. The PI agents seek the inverse.

Additionally, we report measures of behavioral complexity and diversity of the CI agents.
Toward that goal, we analyze the color sequences used by the individual CI agents. In partic-
ular, we analyze the distribution of sequences of four consecutive colors used by the agents.
We split the sequence of 20 actions that comprise an episode into tuples of four colors, such
as “RGRG” for an agent that alternates between red and green. We repeat the process for
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Fig. 2. On the left, we show the fraction of CI agents correctly coordinating with their neighboring nodes, that
is, choosing a different color from all their neighbors. The right panel shows the fraction of agents that the PI
accurately predicts. A PI with personal models for each agent is depicted in blue. A PI with all agents sharing
the same model is depicted in orange. A global model predicting all agents simultaneously is shown in green. For
reference, we also show random predictions in red.

the four possible offsets. We then count the frequency of unique tuples within bins of 100
episodes and calculate the corresponding entropy. A lower entropy indicates that agents uti-
lize a small number of possible sequences. For instance, an agent that uses a single color
throughout the full episode will be represented by only one tuple (e.g. “RRRR” for using red
only). A higher entropy indicates greater complexity in the sequences of colors used by indi-
vidual CI agents. For instance, a sequence alternating between two colors will correspond to
at least two tuples (e.g. “RGRG” and “GRGR” for green and red). We use a second metric to
measure the diversity of sequences used by different CI agents. Toward that goal, we calculate
their Jensen—Shannon divergence, that is, the average Kullback-Leibler divergence between
the sequence distribution of each CI agent and the mean sequence distributions of all agents.
A larger Jensen—Shannon divergence corresponds to a larger diversity in the sequences of
colors chosen by different CI agents.

3. Results

Here, in the main text, we show the results for one set of parameters (a learning rate of
0.001 and neural networks with a hidden size of 100 units). Additionally, in the Supporting
Information, we report a set of different learning rates and network sizes.

3.1. Coordination and prediction

Fig. 1,2 shows the fraction of nodes that correctly coordinate with their neighbors and
the fraction of nodes correctly predicted by the PI. Due to the presence of only four colors,



382 L. Brinkmann, M. Cebrian, N. Pescetelli/ Topics in Cognitive Science 17 (2025)

the baseline accuracy of a random predictor is 25%. The PI is most successful in predicting
the color choices in the global condition with an accuracy of 46% in the last 1000 episodes.
In the personal condition, the accuracy is slightly lower at 40%. In the shared condition, the
PI starts with similar accuracy, compared to the other conditions in the first 1000 episodes.
However, after the first 1000 episodes, accuracy drops considerably and is eventually slightly
below the chance level at 24%.

Although the CI can reduce the chance of being predicted in the shared condition, the PI is
still considerably limiting the ability of CI to coordinate. The baseline for coordination of ran-
dom agents is 42%. When predictions are random, CI agents lack any competitive pressure.
Under these conditions, 85% of CI agents achieves correct coordination on average in the
last 1000 episodes. The proportion of coordinated agents drops to 65% when facing a single
cloned PI (shared condition). Coordination rates in the personal and the global conditions are
similar, 58% and 69%, respectively.

Qualitatively, the simulations reveal distinct oscillations and fluctuations in both the level of
coordination and the accuracy of predictions. These oscillations are less distinct in the shared
weight condition than in the other conditions. A possible explanation could be that a coupling
of the predictive models via shared weights might be dampening the system’s oscillations.

3.2. Color sequences

Over the simulation period, individual agent color sequences appear increasingly random
(see Fig. 3). At the beginning of the simulation (left and middle panels), individual agents
mostly stick with a single color during one episode. In contrast, in the case of a shared PI,
repetitions of the same color do not appear to be above chance toward the end of the simula-
tion (right). In the case of the personal, global, and random PI, some agents are still using a
single color throughout a full episode. However, in the personal and global conditions, agents
typically choose different colors across episodes. In contrast, a number of agents in the ran-
dom condition choose the same favorite color throughout the simulation.

We validate this observation by constructing tuples of four consecutive colors from the
sequences of the individual color choices of the CI agents. The frequency distribution of these
sequences is displayed in Supporting Information Fig. S4. Across all types of PI opponents, CI
agents initially used colors repetitively. Correspondingly, tuples of four identical colors (e.g.,
RRRR) are overrepresented. In the personal and the shared condition, the frequency of the
different sequences equalizes throughout the simulation, approaching a uniform distribution
(see Fig. S4). This process is faster in the condition with a shared PI, and the CI agents’ color
choices appear uniformly distributed toward the end of the simulation.

CI agents escape prediction by using complex color sequences within an episode and adap-
tation across episodes. For instance, CI agents in the random and the global condition pre-
dominantly rely on a single color within a full episode. Yet, to reduce predictability, CI
agents change their colors regularly across episodes. In Fig. S3, we show the Jensen—Shannon
divergence across episodes as a measure of this adaptation. In the personal condition, agents
show adaptation. Meanwhile, in the shared condition, agents display, to varying degrees, both
episode-over-episode adaptation and an increase in sequence complexity.
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Fig. 3. Snapshots of the colors chosen by the CI agents facing a personal, shared, global, and random PI. Agents
stick to individual colors at the beginning of the simulation. In particular, in the shared and, to a lesser degree, in
the personal and global conditions, agents change colors frequently toward the end of the simulation. Each row
corresponds to a single agent within the simulation. Columns represent the 20 rounds that comprise an episode.
Note that when facing a random PI, many agents kept a single color throughout the simulation.

3.3. Increase of entropy

We then measured behavioral complexity in terms of the sequence entropy. Complexity
tends to increase over time in cultural and biological evolutionary processes (Marshall et al.,
2021). We calculated the average entropy of the four-color tuples across all agents as a mea-
sure of behavioral complexity. The left panel in Fig. 4 depicts the evolution of the entropy
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Fig. 4. On the left, we show the entropy of tuples of four sequential colors chosen by the CI agents. A higher
entropy can be interpreted as a larger diversity in the chosen color sequences. On the right, we show the Jensen—
Shannon divergence of the same tuples between all agents. A lower value can be interpreted as a larger similarity
of the color sequences chosen by different agents. We added as reference a solid black line for agents using a fixed
color across all rounds and a dashed black line for agents using a random color each round.

over the learning period. In the case of random predictions, we observe only a mild increase
in complexity with an average entropy of 2.1 in the last 1000 episodes. The entropy of CI
agents in the global condition is slightly higher (2.7). In the personal condition, entropy con-
stantly increases over the training period, leading to an entropy of 3.6. We found the highest
entropy in simulations with a single shared model predicting the action of each agent. In
this case, the entropy increased rapidly in the first 3000 episodes and reached a value of 4.3
eventually.

3.4. Reduction of diversity

The entropy analysis showed that at the individual level, the competitive pressure created
by the PI drives CI agents to increase their behavioral complexity. Increased behavioral com-
plexity, in turn, reduces the performance of the PI to levels comparable to the CI adopting a
random behavior (Fig. 2b). Yet, random behavior would not have benefited the group because
of the evolutionary pressure on individuals created by the need to coordinate. To test the
effects of increased behavioral complexity at the individual level on group-level coordination,
we investigated the diversity of the color sequences used by different agents as measured by
their Jensen—Shannon divergence. In the global, personal, or random conditions, the simi-
larity of behavior between agents was relatively stable throughout the learning period. Most
strikingly, the exposure to a PI with shared weights considerably reduced the divergence in
behavior between agents (Fig. 4b). In the shared condition, the divergence is reduced from
15.4 in the first 1000 episodes to 4.1 in the last 1000 episodes. It is worth noting that a similar
reduction in diversity is observed in the personal and global PI conditions when the learning
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rate is increased (see Fig. S2). These results suggest that when CI agents face low compet-
itive pressure, they can rely on choosing a color that works given their neighbors’ choices
and sticking to those. This repetitive behavior also means that different agents will likely
choose different colors, so diversity is large. On the other hand, when competitive pressure
is high, individual agents stop relying on specific colors and need to alternate between colors
to reduce predictability. Notice, however, that while entropy increases at the individual level
(individuals alternate between colors more frequently), behavioral diversity at the group level
reduces. Moreover, the coordination ability is on par in all conditions (with the exception of
the random control). This result suggests that rather than increasing the randomness of their
choices, CI agents in the shared condition evolve complex, behavioral patterns to coordinate
while keeping individual actions unpredictable.

4. Discussion

In this work, we investigated an adversarial system between a predictive algorithm and
a collective of decentralized learners. We adapted the graph coloring and matching pennies
problems and combined them into a new zero-sum game. The predictive algorithm and the
collective were both modeled as agents using neural networks and trained using reinforce-
ment learning. We found that the ability of decentralized agents to coordinate was relatively
independent of the architecture of the predictive algorithm. On the other hand, the architec-
ture strongly impacted the complexity and diversity of emergent behaviors. In the following,
we summarize our results and suggest possible interpretations.

First, competition with PI leads CI agents to innovate. Our simulation shows that competi-
tion with another adversarial learning system can lead to increasingly complex behaviors as
measured by entropy. In economic and organizational ecosystems, competition drives inno-
vation (Nelson, 1985). In the last decade, people have developed Al systems that have super-
human capabilities in an increasing number of fields. Thus, in a hybrid ecosystem comprising
both humans and Al agents, competition might drive mutual innovation. One example of this
phenomenon is in the game of Go. AlphaGO was the first Al to beat professional human
players in the game (Silver et al., 2016). Subsequently, professional human players improved
their gameplay by playing against an open-source version of the AlphaGo algorithm (Choi,
Kim, Kim, & Kang, 2021).

Second, PI drives CI agents to use increasingly complex behavioral patterns to resolve the
dilemma of coordination and predictability. A trivial solution to reduce predictability is for
agents to choose colors at random. However, such random behavior does not allow for coor-
dination between agents. We find in our simulations that agents learn increasingly complex
behavioral patterns. In scenarios where agents compete against a shared PI, the entropy of
their behavior approaches that of random actions, while still enabling coordination. In such
situations, using complex sequences can be an effective behavioral pattern to reduce pre-
dictability and gain an advantage over the shared PI. On the other hand, when competing
against a global PI, a simple adaptation of a behavior, such as changing the dominant color,
during training is often sufficient. The difference in behavioral patterns might arise from the
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global PI’s ability to personalize its predictions, allowing it to exploit patterns overrepresented
among individual CI agents. In contrast, the shared PI lacks this capability and is more likely
to focus on identifying overrepresented sequence patterns, such as repeated use of the same
color. Consequently, CI agents may develop increasingly complex patterns. We measured
complexity in our study by the entropy of tuples representing sequentially used colors by
each agent. Future studies should explore the use of “assembly theory” as a tool to measure
behavioral complexity. This approach—originally proposed to study molecular complexity
(Marshall et al., 2021)—studies increasing complexity by modeling the compositionality of
units and subunits via basic operations.

Third, competition between diverse CI agents and a central PI aligns the CI agents’ behav-
ior. This result is not trivial. It is unclear why increasing behavioral alignment (reduced diver-
sity) emerges from the competition of distributed learners against a centralized learner. One
might assume that by diversifying individual behaviors, the predictability by a centralized
agent could be reduced. In our simulations, we found the opposite. When we paired CI agents
in our simulations with clones of a single PI, the diversity of their behavior decreased. We
used a derivative measure of Kullback-Leibler divergence to measure diversity. Diversity
decreases suggest agents learned to match their distributions of color frequencies. This result,
combined with the observed increased entropy, indicates that agents in the condition with a
shared PI evolved a shared behavioral code (the color frequency distribution) to achieve both
coordination with their peers and behavioral unpredictability.

If confirmed, these findings could have interesting implications for computational models
and civil society. The ability to instantly share learnings across the entire system could be
a potential advantage of Al. We found that decentralized agents were better able to reduce
predictability when the predictive algorithm shared its weights across all agents. The shared
PI in our study represents the typical Al architecture of centralized training and decentralized
execution used in everyday life. In fact, academia and industry are relying on a relatively
small number of so-called foundation models (e.g., BERT, GPT-3, AlexNet; Bommasani
et al., 2021). Such foundation models are centrally pre-trained but locally executed by indi-
vidual applications and fine-tuned based on individual users. We found that the decentralized
learner struggled to escape the prediction when the predictive algorithm was able to adapt
to individual agents in the global and personal condition. This finding suggests that hyper-
personalization of algorithms could have an increased danger of oppression, compared to the
utilization of general-purpose algorithms.

The popular Terminator movie series mainstreamed the trope of an epic war between the
human race and a superhuman AI. While modern Al is not as powerful as Skynet, it is regu-
larly used by central authorities (e.g., police, governments, and authoritarian regimes) to iden-
tify protesters and suppress civil uprisings, thanks to geo-location, face recognition, and Al
profiling. As highlighted in the previous paragraph, Al applications rely on centrally trained
models. While in the Terminator movies, human resistance centers around its leader (John
Connor), real-world protests in recent history mainly relied on large-scale coordination of dis-
tributed leaderless movements via Twitter and other social media. Recent notable examples
include Black Lives Matter’s protests following the death of George Floyd in 2020, protests
in Hong Kong following the Anti-Extradition Law Amendment Bill from 2019 to 2020, and
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the January 6 Capitol Attack in 2021. Our study focuses on the tension between centralized
Al and decentralized distributed coordination, using established tools from computer science,
such as multi-agent reinforcement learning, as well as familiar games like coloring graphs
and matching pennies.

An additional contribution of this work is introducing a novel system to study cultural
evolution via competitive dynamics between centralized and distributed learning systems.
Cultural evolution is a dynamic process enabled by social learning and competitive pressures
(Boyd & Richerson, 1988). Coordination (e.g., emergence of norms) and behavioral complex-
ity are hallmarks of culture (Muthukrishna, Shulman, Vasilescu, & Henrich, 2014). Cumula-
tive culture can emerge in a largely decentralized fashion from local interactions among social
learners (Sasaki & Biro, 2017). Unlike other human cultural artifacts, Al learns from expe-
rience without further human intervention. Our findings indicate that when a technological
learning system exists in a competitive relationship with distributed learners, it can speed
up behavioral, and thus cultural, evolution by exerting competitive pressure on human learn-
ers. In our study, the emergence of behavioral complexity was driven by the need for less
predictable behavioral patterns to achieve coordination.

While competition in our simulation led to increased behavioral complexity, this should not
be taken as evidence that an antagonistic relationship between humans and Al is desirable.
Scholars, policymakers, and regulators, in particular the European Commission, are working
to define AI’s legitimate scope, with some suggesting a legal and technical right to opt out of
such exposure (Dwork, 2006; Zuboff, 2019). More work is needed to understand the short-
and long-term consequences of predictive algorithms in the real world, particularly the risks
associated with further marginalizing already marginalized groups. The algorithmic fairness
of often-centrally trained proprietary general-purpose algorithms is an actively welcomed
field of research (Ali et al., 2019; Angwin, Larson, & Mattu, 2016; Bommasani et al., 2021;
Buolamwini & Gebru, 2018; O’Neil, 2016). In conclusion, our findings show an increase
in cultural complexity in a very limited testing environment. They do not provide evidence
for negative or positive real-world implications of human—AI competition. As a result, they
should be interpreted with caution.

We would like to stress that the findings presented in this work might depend on the par-
ticular hyperparameters selected. Reinforcement learning using deep Q-learning has many
free parameters, such as the learning rate, the size and architecture of the neural networks,
and the update frequency of the target network. Due to the dynamic and potentially chaotic
nature of multi-agent systems, results can vary dramatically based on the chosen parameters.
Some experimental settings, such as the architectures used, were made based on best judg-
ment. We present additional results in the Supplementary Material with different learning
rates and model complexities. For instance, when using a faster learning rate, differences in
predictability between the different conditions vanish (see Fig. S2), and sequence complexity
in the individual condition matches the shared condition (see Fig. S3). This suggests that our
results might be limited to systems of intermediate adaptability.

We encourage further research into competitive games that feature complex network
topologies. This work is based on matching pennies and graph coloring as textbook examples
for mixed strategies and graph coordination, respectively. Yet, other games, such as Stackel-
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berg Security Game, specifically describe the asymmetry between an attacker and a defender
(Sinha, Fang, An, Kiekintveld, & Tambe, 2018) that could arise between protesters and a secu-
rity force. In the current study, we explore the role of information asymmetry in a rudimentary
manner. While we modulate on the Al side between global and local information, allowing
the CI agents to communicate by encrypted channels or partially revealing their plans could
allow for new strategies to reduce predictability (Xu, Rabinovich, Dughmi, & Tambe, 2015).
In this work, we present the dynamics on an Erd6s—Rényi network with 40 nodes. In the
real world, protests might involve hundreds of thousands of individuals. Our method does not
scale to such network sizes, and a combination with more traditional agent-based modeling
might be required to investigate the dynamics at such scales.

Furthermore, the approach of modeling human behavior purely as utilitarian has its known
limitations. In our model, agents learn to maximize discounted expected reward through tem-
poral difference. While there is experimental evidence of the importance of temporal differ-
ence, as used in Q-learning, in the brain (Schultz et al., 1997), human behavior is repeatedly
found to be non-utilitarian as described by prospect theory and loss aversion (Kahneman
2011). Future studies might investigate the role of non-utilitarian behavior on the collective
dynamics presented in this work.

This study aimed to examine the dynamics between centralized and decentralized learners
when coupled in an adversarial system. Future studies will need to replicate the findings
presented here and measure the effects of the game, the network size, the model and training
parameters on these behaviors.

In conclusion, our findings indicate that when a centralized learning system competes with
a distributed population of learners, the resulting dynamics can be surprisingly complex, lead-
ing to increased behavioral complexity and reduced behavioral diversity.
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