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Abstract

When developers of artificial intelligence (AI) products need
to decide between profit and safety for the users, they likely
choose profit. Untrustworthy Al technology must come pack-
aged with tangible negative consequences. Here, we envis-
age those consequences as the loss of reputation caused by
media coverage of their misdeeds, disseminated to the pub-
lic. We explore whether media coverage has the potential
to push Al creators into the production of safe products, en-
abling widespread adoption of Al technology. We created
artificial populations of self-interested creators and users and
studied them through the lens of evolutionary game theory.
Our results reveal that media is indeed able to foster coopera-
tion between creators and users, but not always. Cooperation
does not evolve if the quality of the information provided by
the media is not reliable enough, or if the costs of either ac-
cessing media or ensuring safety are too high. By shaping
public perception and holding developers accountable, media
emerges as a powerful soft regulator — guiding Al safety even
in the absence of formal government oversight.

Data/Code available at:
https://anonymous.4open.science/r/
media-AI-governance—-0752

Introduction

In May 2024, Google introduced a feature that used Ar-
tificial Intelligence (AI) to give short answers to search
prompts. Shortly thereafter, a tweet went viral (McMahon
and Kleinman, 2024)), showing how the prompt “cheese not
sticking to pizza” produced an answer containing the fol-
lowing suggestion: “You can also add about 1/8 cup of non-
toxic glue to the sauce to give it more tackiness.” (Kellyl,
2024). While this particular suggestion was so obviously

ridiculous that it hopefully caused mostly laughs rather than
severe medical consequences, it highlighted a substantial is-
sue of Al technology — can we trust it, and is it safe?

To ensure Al safety, governments try to work towards ef-
fective regulations, such as the European Union with their
“Ethics guidelines for trustworthy AI” (Commission et al.,
2019). Governmental intervention traditionally plays a role
in ensuring that consumers are protected, and recently Evo-
Iutionary Game Theory (EGT) (Sigmund| 2010; [Hotfbauer
and Sigmund, [1998) models have shown how regulation
of Al technology can incentivise the safe adoption of Al
(Han et al., 2019} 2020; |Alalaw1 et al., [2026} |Cimpeanu
et al.| [2022; |Bova et al., 2024). However, these models also
showed some drawbacks, namely how over-regulation can
prevent the adoption of valuable Al technology (Han et al.|
2022).

The anecdote from the beginning shows another path: a
form of regulation by the media. The story of the pizza glue
was first spread via social media, then by traditional media
outlets, reaching many people and making them aware of the
problem. In addition, the media backlash caused Google to
adjust and improve its feature. Media has played a role in the
safety of other products as well. For example, the Guardian
reported that Apple contractors had been listening to confi-
dential Siri recordings, some of which contained highly sen-
sitive private information (Hern, |[2019). The resulting public
backlash pressured Apple to apologise and adopt an opt-in
system for reviewing recordings. Media has even influenced
the inner workings of companies. For example, a Vox inves-
tigation uncovered contractual clauses that prevented depart-
ing OpenAl employees from making disparaging remarks
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about the company’s practices; following the media scrutiny,
these clauses were removed (Piper, 2024). Concomitantly,
surveys have shown that the media plays an important role in
the perception of consumer risks (Cao and Li, 2020; Zhang
et al.| [2022), which is also true for Al (Yang et al.| [2023).
On the other hand, some research has also highlighted that
an overly optimistic media coverage can be linked with in-
creased adoption of unsafe products (Melero-Bolafos et al.,
2025). The influence of the media might not always lead to
the desired effects.

Artificial life researchers have long been fascinated by
how complex systems self-organise, adapt, and maintain sta-
bility through decentralised interactions (Bedau, 2003}, [Pow-
ers et al.,[2018}; |Krellner and Han, 2021;|Sayamal 2015} |Ger-
shenson et al.l [2020). One of the most powerful mecha-
nisms that enable such coordination is indirect reciprocity
(IR) (Boyd and Richerson, |1989; Nowak and Sigmund)
2005)), whereby agents cooperate based not on direct expe-
rience, but rather on reputational cues. While this principle
has been studied extensively in biological systems, its im-
plications for socio-technological systems and safe Al re-
main envisioned (Paiva et al.,|2018)), but underexplored (Xia
et al.| [2023}; Jgsang et al.l 2007; Nowak and Sigmund, [1998;
Hammond et al., [2025]). Moreover, how the reputational in-
formation that is crucial to indirect reciprocity is transmit-
ted and by whom remains an open challenge to the study
of reputation-based cooperation (Hilbe et al.| [2018; |Santos
et al.l 2018 [Sommerfeld et al., 2007)).

In this work, we leverage the lens of artificial life to inves-
tigate whether media — acting as a decentralised, stochastic
purveyor of reputational information — can serve as a soft
regulator in the development and adoption of artificial in-
telligence. Much like costly signalling systems in nature,
media commentary provides noisy but influential feedback
that shapes behaviour, not through coercion, but through
perception. We model these dynamics as an evolving game
between creators, users, and media agents, exploring how
reputation-based safety might emerge in the real-world chal-
lenge of Al governance. In doing so, we bridge the study of
artificial life with societal evolution in the context of tech-
nological norms of adoption.

EGT models have already indicated that media — also re-
ferred to as the commentariat in prior work — can foster safe
Al adoption in the context of governmental regulation (Bal-
abanova et al.| [2025)). We therefore seek to study in partic-
ular whether media alone could enable similar results. By
this, we mean that users choose to adopt Al technology and
that Al creators choose to develop safe Al products. The
media acts by flagging creators as safe or unsafe, hence en-
abling users to make an informed decision. However, in-
formation from the media can never be perfect, nor does it
come for free. Taking all these factors into account, we cre-
ated a model to predict the behaviour of users and creators
in the presence of two distinct media outlets, differing in
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Figure 1: Visual description of the AI regulatory ecosys-
tem. Users decide whether or not to use Al products, in-
curring a cost for adoption. For this decision process, they
can choose to follow media recommendations by paying a
small amount in exchange for their information about cre-
ators’ strategies. Meanwhile, creators decide whether to
create safe or unsafe technology; safe technology further
involves additional costs. Media can monitor the creators’
decision-making process, provided that commentators invest
in obtaining more reliable information.

their cost and accuracy. In principle, our model could be
seen as a general model of the role of investigative journal-
ism as a soft regulator, without being specific to any one
industry. However, unlike other high-risk industries, Al cur-
rently lacks widespread formal regulation. It is this case —
high-risk industry lacking effective formal regulation — that
our model directly addresses. We use this model to address
the pressing question of to what extent media could provide
incentives that fill the Al regulatory gap, while formal regu-
lations are still waiting to be developed and enforced.

Model and Methods

We use a two-population model consisting of N¢ creators
and Ny users. Users and creators evolve by updating their
strategies over time. Additionally, we consider two different
types of media commentators — reliable and unreliable. Me-
dia acts as surveillance agents that monitor creators’ strate-
gies regarding Al safety practices and relay this information
to users. They do not represent an evolving third population,
but rather represent entities that users can choose between to
get information from.

The game is played in consecutive rounds where one user
meets one creator. The creator can choose to defect by pro-
viding an unsafe Al product or to cooperate by creating a
safe one. Their cooperation is better for the user, but entails
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additional costs for the creator (¢, > 0). This cost can rep-
resent increased development or production demands, and
also increased effort to meet regulatory or voluntary safety
requirements. Users decide whether to cooperate by adopt-
ing this Al product or to defect by refusing to do so. Adopt-
ing always grants a benefit to the creator (b, > 0), but users
only gain from adopting a safe product (b,, > 0) and instead
lose by adopting an unsafe one (¢, > b,,) (see Table [I] for
reference of all parameters).

Both users and creators can apply unconditional strate-
gies: always cooperate and always defect. For the creators,
we refer to these as C' and D, whereas for the users as AlIC
and AlID. For the latter, we introduce additional strategies
that are based on the recommendation of a media source.
We implement two types of media that they can follow, a
good one (GMedia) and a bad one (BMedia). The good me-
dia performs thorough investigations and consequently has
a chance q to identify the strategy of a creator correctly (and
1 — g to identify them incorrectly). Relying on the good me-
dia will cost the user (¢; > 0). This represents the cost the
media incurs for investigating the Al creator, which it passes
on to the user in one way or another. Bad media does not per-
form thorough investigations of creators and so comes with
no costs (see Figure [I). But its chance is set to ¢ = 0.5,
meaning that it gives random recommendations (see Figure

D).
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Figure 2: Media recommendations. Media that investigate
creators’ strategies can provide more reliable recommenda-
tions, although incurring an extra cost. Media that do not
investigate will provide random recommendations to users.

The resulting payoffs are shown in Table 2] Because

Table 1: Description of the key parameters of the model.

Parameter | Explanation

by benefit a user receives when adopting a safe
technology

Cu cost a user incurs when adopting an unsafe
technology

b, benefit a creator receives when their technol-
ogy is adopted

Ce additional cost of creating safe Al (the cost of
creating unsafe Al is normalised to 0)

ci cost of informed recommendation (for user or
commentator)

q probability that the recommendation of a com-

mentator is correct

the media gives probabilistic recommendations, the user be-
haviour is probabilistic as well, and the values are averaged
for each possible interaction. These payoffs will be used
for the replicator dynamics (see below) to determine how
the strategies evolve in infinitely large populations. To sup-
plement and verify these results, we also run agent-based
simulations of finite populations.

Table 2: Payoff matrix of our game theoretical model in-
volving users and creators. Columns I1V and II¢ repre-
sent the payoffs for users and creators, respectively, for a
given combination of strategies. The Unsafe and Safe terms
represent the defect and cooperate strategies from creators,
respectively. AllD and AlIC represent user strategies that al-
ways and never cooperate with creators, respectively, while
BMedia and GMedia stand for deferring the decision to the
recommendation of a low-quality and a higher-quality me-
dia outlet, respectively.

Creator ‘ User nv ‘ Ic
AllD 0 0
AllC —Cy, be
Unsafe BMedia —0.5¢, 0.5b,
GMedia | —(1 —q)cy, —¢; | (1 —¢q)be
AllD 0 —Ce
AllC bu bc — Cc
S9e | BMedia 0.5b, 0.5b, — ¢,
GMedia qb, — ¢ qb. — ¢

Replicator Dynamics

We first introduce the so-called replicator dynamics. This
is a widely used model in evolutionary game theory to ex-
press how the frequencies of strategies in a population that
evolves over time (Hofbauer and Sigmund,|1998)). It is based
on the idea that the proportion of agents of a given strat-
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egy increases when the strategy achieves payoffs higher than
the average payoff of the population 7, and decreases when
achieving expected payoffs lower than that average payoff.
We use =1, 22, T3, and x4 to denote the frequencies of AlID,
BMedia, GMedia, and AlIC (z4 =1 — 21 —x2 —x3);and y
and 1 — y to denote the frequencies of C' and D. Formally,
the replicator dynamics is given by a system of differential
equations

i'l = xl(]- - xl) ['/TAZID - '/Truser’] )
To = 332(1 - 332) [TBIVIedia - 7?user] 5
.’I'J3 = 333(1 - 333) [WGMedia - 7T‘-user] 5

y = y(]- - y) [7TC - ﬁcreator] )

ey

where the average payoff of the user population is 7y ser =
TITAUD + T2T BMedia + T3TGMedia + T4T Anc, and of the
creator population is Tereator = Yy + (1 — y)wp. Addi-
tionally, based on the Table|2} the expected payoffs for each
strategy are:

maup = 0,
TBMedia = 0.5b,y — 0.5¢, (1 —¥),
TaMedia = (qbu — 1)y — (1 — @)cu +cr)(1 —y),
Tanc = buy — cu(1 —y), )
o = (—co)z1 + (0.5b, — cc)wa + (qbe

—co)xg + (be — cc)y,
mp = 0.5bcx2 + (1 — q)bews + bexy.

With these equations, we can study how the population
changes over time. By averaging the frequencies of the
strategies over time, we can determine how frequent they
are, and consequently, how much cooperation is shown by
the users and the creators.

Setting the right-hand side of Equation (1)) to O yields the
potential equilibrium states, which are points where the pop-
ulation composition remains static. Any homogeneous pop-
ulation composition (e.g. all users are AllD and all creators
are D) might be stable. In detail, we analyse these equi-
libria using Lyapunov’s indirect method to assess the local
stability, by examining the eigenvalues of the Jacobian ma-
trix evaluated at these points (Khalil and Grizzle, [2002)).
For non-hyperbolic cases, we utilise centre manifold theory
to reduce the system’s dimensionality and facilitate stability
analysis (Carr,[2012)). In addition, we are also interested in
the evolution when it diverges from equilibria. To see this,
we analyse the stability of each equilibrium.

Agent-Based Simulations

Next, we introduce the methods for finite populations that
rely on agent-based simulations. Such methods are well-
known in the literature, originating from statistical physics
(Monte Carlo simulations) (Perc et al., [2017). We consider
two well-mixed populations: users and creators, with popu-
lation sizes Ny and N, respectively. In the beginning, each

creator and each user is assigned a random strategy from
the set of {D,C} and {AllD, BMedia, GMedia, AlIC},
respectively. They then undergo several evolutionary time
steps in which they might change their strategies as de-
scribed below.

In each evolutionary step, a user and a creator are ran-
domly selected to update their strategy (one after the other).
We will describe the process for a generic player (user or
creator), since the process is essentially the same. With
probability p, the player updates their strategy through mu-
tation, randomly exploring a novel (different) strategy. Note
that users and creators may have different mutation proba-
bilities p,, and p.. With complementary probability 1 — p,
the focal player performs a Monte Carlo evolutionary step,
whereby a second player is randomly selected (from the
same population) for comparison of their respective payoffs.
To determine these payoffs, both players engage in a number
of games with randomly selected agents from the antipodal
population equal to that population’s size, where they accu-
mulate payoffs, as detailed in Table 2]

After accumulating payoffs, the originally randomly se-
lected player can update their strategy through stochastic
pairwise comparison of their current fitness, as is typically
done in EGT models of finite populations (Traulsen et al.,
2006). Player i thus adopts the strategy of the second player
Jj with a probability given by the Fermi function

Dissj = (1+ e—ﬁ(ﬁj—ﬁ))—17 (3)

where 7; and 7; represent the average payoff of players 7, 1.
The selection strength 3 ranges from 0, which would mean
random imitation, to infinity, where Equation [3] essentially
becomes purely deterministic. Throughout this work, we use
B = 1 to ensure a strong selection strength, as is typically
done in literature (Santos et al.l |2021b; |Okadal, [2020), ex-
cept where explicitly stated otherwise. For average results,
we repeat each simulation R = 100 times. A generation
corresponds to Ny + N discrete time steps, where a strat-
egy update may occur, allowing for, on average, all members
of both populations to evolve. Each simulation runs for G
generations.

Results

The goal of our investigation is to test whether media can
cause both users and creators to cooperate, resulting in the
adoption of safe Al technology. We try to answer this ques-
tion in different ways. We first study the behaviour of the
evolving populations over time. For this, we use the replica-
tor dynamics to run numerical simulations, which we subse-
quently compare with simulations of finite populations using
our agent-based model. We also use the replicator dynam-
ics to analytically study system equilibria in infinite popula-
tions.

To study the evolution of strategies over time, we ini-
tialise the population with an equal distribution of all strate-
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gies (25% for each user strategy and 50% for each creator
strategy). We study the evolution of these populations in
different settings, comprehensively exploring the parameter
space. Specifically, we focused on varying: (i) the quality of
media predictions (q); (ii) the cost of consuming good me-
dia for the users (c¢;); and (iii) the surplus costs which must
be covered by safe Al creators while remaining competitive
(ce).

We are especially interested in one metric — the average
cooperation rate 7, as it captures cooperation in both popu-
lations. This can be computed using the frequencies of the
strategies and their average behaviour (compare to Table[2).
For example, a BMedia user (x3) cooperates if they receive
information that the creator is trustworthy, which is equiva-
lent to a coin flip. A GMedia user, on the other hand, cooper-
ates in one of two cases: if they meet a cooperating creator
(y) and get a true signal (q), or when they encounter a de-
fecting creator (1 — ¢) and receive a wrong signal (1 — g).
Unconditional cooperators, be it users (x4) or creators (y),
naturally always cooperate. The average cooperation rate is
thus

= Y 0smtlay+ (1 - )0 —y)es+ 24

5 )

The result of the numerical simulations is shown in Figure
[Bl They show the relationship between cooperation and the
parameters of interest. Crucially, we observe that all three
parameters have the capacity to completely collapse cooper-
ation but also to achieve high levels of cooperation.

Taken in pairwise isolation, we show thresholds beyond
which creators always resort to unsafe Al development.
Firstly, media must always tread a fine balance: not only
must it maintain sufficient quality ¢ of its reports on cre-
ator behaviour, but this threshold gets stricter as the cost of
investigating creators increases (Figure [3|first panel). Simi-
larly, creator costs react in much the same fashion, imposing
a certain amount of strictness on the existing commentariat
(Figure [3] second panel). In other words, when either of the
costs is prohibitive (either to creators c., or to media c;),
then media providers must provide accurate information to
compensate, else the advantage they gain from user trust is
overcome by lazy media. Secondly, we show a more intu-
itive relationship between the two costs (¢, and ¢;), as either
of them can lead to a breakdown of cooperation if excessive.
There is a slightly more forgiving nature to costly investiga-
tion (¢; < 0.35) as opposed to the cost of safety (c. < 0.25),
but cooperation can be achieved if neither threshold is over-
stepped.

Following this approach, we tried to replicate these
findings with agent-based simulation of finite populations,
where strategy evolution occurs through mutation and social
learning. Figure [] shows similar insights to the ones ob-
tained through replicator dynamics (Figure [3). Due to the
stochastic nature of the finite models, transitions between

areas of cooperation and defection are less sharp, but follow
the same patterns very closely. This provides robustness to
our main finding that media supports cooperation between
users and creators, given realistic quality levels, costs of in-
vestigative media and costs of safe development.

We then explore the stability of the infinite populations as
described above. Our analysis reveals that although achiev-
ing a state of full cooperation within the user population
remains an unattainable equilibrium, cooperation endures
through an intriguing evolutionary dynamic characterised by
the persistent oscillation between GM edia and AllC.

As illustrated in Figure [5(a-b), upon the initiation of the
evolutionary process, AllD and BMedia rapidly decline
within the user population, while GMedia and AlIC ex-
hibit sustained oscillatory behaviour. Similarly, in the cre-
ator population, the frequencies of C' and D also display
persistent oscillations. This dynamic interplay allows AlIC'
to survive and evolve in concert with GMedia.

An in-depth examination of the equilibria yields a stable
point in which AlIC' dominates in the user population and
C dominates in the creator population. However, it is only
stable if ¢, < 0,b, > 0,¢; + b, (1 — ¢) > 0. We limited the
parameters, such as c¢ to be positive, because we wanted to
explore realistic scenarios. This stable point has, therefore,
no relevance for our overarching question.

However, we found the equilibrium point where AllD
dominates in the user population and D dominates in the cre-
ator population. It is stable for the conditions ¢, > 0, ¢, >
0,¢; + ¢u(1 — ¢) > 0. They always hold for the parame-
ter space we consider realistic. However, the existence of a
stable point for defection does not mean that cooperation is
impossible (Imhof et al., [2005)).

In our model, convergence to the stable defection point
seems to depend on initial conditions. Even under the same
parameter settings that produce oscillatory dynamics, differ-
ent starting states can drive the system to collapse into this
defection-dominated equilibrium. This sensitivity highlights
a possible bistable regime in the model: the same parame-
ters can yield either persistent cooperation (via oscillations)
or universal defection, contingent on the initial states of the
populations, see Figure [5|c-d).

We quantify which of these two outcomes, oscillation
with high cooperation or collapse to full defection, is more
relevant for the answer to our research question. We there-
fore used the replicator dynamics to study the evolution of
the population from different starting states. We use the
same numerical approach as described above and vary the
frequencies by steps of 2%, which are equivalent to 1172286
different starting states. Of these, 38.6% reach the stable de-
fection state, the others do not (parameters as in Figure [3)).
Across all starting states, the measured average cooperation
rate is 7 = 0.54. We therefore consider both dynamics as
relevant.

For our finite model, there exist no truly stable states be-
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Figure 3: Average cooperation ratio ) via replicator dynamics, across parameters of interest. If not varied, ¢ = 0.9, ¢; = 0.1,

and ¢, = 0.1, other parameters: b, = 0.4, b, = 0.4, ¢, = 0.8.
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Figure 4: Average cooperation ratio 7 via agent-based simulations, across parameters of interest. Each data point shows
the average cooperation ratio 7 averaged over R = 100 runs. All parameters are set to the same ones as Figure 3] with the
additional evolutionary parameters of G = 500, Ny = 100, N¢ = 50, 8¢ = Bu = 1, oy, = 1/Ny, e = 1/N¢. The metric 7
is only computed after allowing for a converging period of G/10 generations.

cause of mutation. However, it is interesting to compare
their behaviour with the replicator dynamics. Indeed, even
the stochastic agent-based model shows consistent oscilla-
tions of strategy frequency — see Figure [ — for the same
parameters of Figure[5] Cycles follow the same pattern: (i)
G Media users proliferate in face of the initial population
state, leading to (ii) the invasion of AllC user strategies that
take advantage of the highly cooperative creator population
state, which in turn (iii) are easily exploited by an invad-
ing population of defective creators, (iv) counteracted by a
non-zero population of GM edia users whose discriminat-
ing strategy stops the rise of defective creators, leading the
system back to step (ii). Notably, users of GMedia do not
dominate the population.

To see if the initial population composition has any sig-
nificant effect on the simulations, we run several examples
starting in the predicted stable defection state, averaging the
frequencies of strategies over time (see Figure[7). We note
that the simulated populations can consistently escape this

state and display high levels of cooperation.

All the results from the computational model are robust
to variations in the number of generations, population sizes,
and both selection strengths and mutation rates, as long as
their order of magnitude remains above a certain threshold
(B > 1and mu > 0.1).

Discussion

Al safety is a concern, because — all things being equal — pro-
viding safe Al products is costly, giving creators an incentive

to provide unsafe Al instead (Han et al.| 2019} [Cohen et all,
2024} [Hammond et all, 2025}, [Bengio et all, [2023)). In this

paper, we show that media alone can act as a soft regulator
of Al creators’ development behaviour, by providing users
with information about which Al products are safe to adopt.
In our model, we formulated populations with two types of
media — good media, which pay investigative costs to pro-
duce a reliable signal, and bad media, which give random
signals. Even if the signal by the good media is far from
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Figure 5: Evolution of strategies over time for replica-
tor dynamics. In the top two panels (plots a and b), with
initially 50% C' in the creator population, persistent inter-
dependent oscillation dynamics are observed in the user and
creator populations. In the bottom two panels (plots c and d),
with initially 45% C' in the creator population, AllD dom-
inance and D dominance are observed in the user and cre-
ator populations. Parameters are set as b, = 0.4, ¢, = 0.2,
by, =0.4, ¢, =0.8,¢c; =0.05,and ¢ = 0.9.

perfect, and even if users have to pay substantially for the
service of such media, it was able to maintain cooperation
(products are safely developed and users adopt the products)
for a wide range of the parameter space. However, we also
showed that media in some cases failed to enable coopera-
tion. These include: when the cost of good media or of safe
Al creation was too high; when the signal of the media was
too noisy; or when the population started with a large ma-
jority of defection by creators and users. Our findings were
robust to both analytical predictions and agent-based simula-
tions. Furthermore, we found that populations with high co-
operation often experience cycles of behaviour. Widespread
use of good media leads to the adoption and creation of safe
Al, undermining the need for good media. At this point,
users blindly adopt all Al products. This, in turn, leads to
an increase in unsafe Al creation that exploits the dominant
naive user population, making good media valuable again,
thus restarting the cycle.

Our work is related to the large body of research on indi-
rect reciprocity (Nowak and Sigmund} 2005; |(Okada, 2020).
Indirect reciprocity means that if player x cooperates with
player y, player x is rewarded by the cooperation of another
player z, because x has built a good reputation. In such mod-
els, reciprocity can flow from any player to any other. In our
model, on the other hand, reciprocity only flows from users
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Figure 6: Evolution of strategies and cooperation over
time for the agent-based model of user (top) and creator
(middle) strategies, alongside the average cooperation ra-
tio (ACR, or 1) (bottom), for a typical run of the simula-
tion (R = 1) with Ny = 2Nz = 100,p, = 1/Ny =
0.005, u. = 1/N¢o = 0.01 and other payoff values set to
the same as in Figure[5] The simulation is run for G = 100
generations for a minute illustration of the typical evolution-
ary dynamics. User strategies AllD, AllC, BMedia, and
GMedia are pictured in red, green, yellow, and blue, re-
spectively. Creator strategies, Unsafe (D) and Safe (C), are
pictured in red and green, respectively.

towards creators, not vice versa nor within the populations.
In standard indirect reciprocity, players are motivated to co-
operate because they want to receive reciprocal cooperation.
In our model, many players — namely users — can never re-
ceive reciprocal cooperation because their behaviour is en-
tirely unmonitored. Instead, their cooperation is motivated
by a self-interest to benefit from their own current coopera-
tion (i.e. by benefiting from the use of AlI), which they can
only receive from creators that are — coincidentally — worth
of reciprocal cooperation.

Limitations and Future Work

Our model is the first of its kind, showcasing the pure ef-
fect of media on safe Al adoption. In this, we limited the
concerns of safety to the immediate user of the technol-
ogy. Examples that could be captured by our model in-
clude the use of Large Language Model (LLM)-based health
applications by patients, which could provide the patient
with inaccurate or harmful information if not correctly reg-
ulated (Freyer et al.l 2024), or the use of Al chatbots that
could leak user conversations (as reported in the media with
ChatGPT’s “share” feature; |Pradal, [2025). Our model does
not, however, capture societal-wide consequences of unsafe
Al development, such as plagiarism and copyright viola-
tions by LLMs, biased decisions adversely affecting minor-
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Figure 7: Initial state with only defective strategies. Evo-
lution over simulation-time of user (top) and creator (strate-
gies, as well as cooperation levels (bottom), where the ini-
tial population state is that of only AlID users and D cre-
ators. Colored shaded areas represent the standard deviation
of averaging each metric and result. Results averaged over
R = 100 runs. Payoff parameters set to ¢ = 0.9,b, =
0.4,b, = 04,c. = 0.1,¢, = 0.8,¢; = 0.05 and evolu-
tionary parameters set to Ny = 2N = 100, 8¢ = By =
I,MU = I/NU,MC = l/Nc,G = 1000.

ity groups (Wu et al.,|2024) or widespread opinion polarisa-
tion through link-recommendation algorithms (Santos et al.,
2021a). Considering these effects would require a substan-
tially different model and is a worthwhile extension for the
future. We also envisage several other expansions to address
current limitations.

We only considered four types of users and two types of
media at a time. More realistically, a whole ecosystem of
different kinds of media outlets co-exists, most of which will
have different levels of budgets for investigation and hence
different levels of quality. Some media outlets spend mil-
lions of dollars, whereas actors on social media may only
spend seconds of their time. Even more realistically, the
accuracy of media is not just determined by their effort of
investigation, but also by their bias. Many actors, especially
in the social media realm, are either overly enthusiastic or
critical about certain topics, including Al, to say nothing of
the role of the political affiliation of media providers (Yang
et al.l [2023)).

To address this shortcoming, we propose to expand our
model in the future by introducing parameters for bias and
expenditure. Bias could be a determinant of the initial as-
sumption of a media outlet about all creators (before they
start their investigation). It could range from trusting ev-
ery creator to distrusting them all. During their investiga-
tion, the media outlet then has a chance to discover the real

value of the creator and change its opinion accordingly. This
chance will depend on the individual expenditure of the me-
dia. Only if the true value is discovered will the initial as-
sumption be overwritten. This way, a media outlet can pro-
vide valuable information but still be biased. This is espe-
cially interesting to the evolutionary dynamics, since biased
media might be more profitable (Baron, 2006). However,
increasing the set of possible media might be challenging to
study.

A second limitation is that we assumed users would only
listen to a single media source. However, in real life,
users can hardly avoid being bombarded by many differ-
ent sources. Integrating multiple sources of information is
not trivial (Massaro and Friedman, [1990). Future research
will need to define and compare heuristics for users to deal
with multiple media sources that are available to them at the
same time, especially if they provide contradictory informa-
tion about the safety of Al

In this work, we purposely limited the possible regulation
of Al safety to be done by the media, using only reputa-
tions, but no other enforcement. Realistically, such enforce-
ment, mainly by governments, is starting to come into place
and is needed to ensure safety under all circumstances. We
therefore want to continue the research of artificial popula-
tion with government regulation (Han et al. [2020; |Alalawi
et al., |2026; [Cimpeanu et al., 2022; [Bova et al.| |2024; [Han
et al.| [2022; [Buscemi et al.,2025)), by combining it with me-
dia oversight (Balabanova et al. 2025} |[Powers et al.,[2023),
using more complex artificial systems to understand the dy-
namics of the real struggle for Al safety.
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