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ABSTRACT

This paper investigates the complex interplay between AI developers, regulators, users, and the media in
shaping trustworthy AT development. Using evolutionary game theory and large language models (LLMs), we
model the strategic interactions among these actors under different regulatory regimes. We explore two key
mechanisms for achieving responsible governance, safe Al development, and adoption of safe Al: incentivising
effective regulation through media reporting, and conditioning user trust on commentariat recommendations.
We show that when high-quality media investigations are sufficiently rewarded and not excessively costly,
they can either substitute for weak formal regulation (by directly scrutinising developers) or enhance strong
regulation (by monitoring regulators), leading to higher levels of safe AI development and user trust. Our
analysis identifies parameter regimes under which full cooperation by all actors—responsible developers, effective
regulators, informed media, and discerning users—emerges as a stable equilibrium. Complementary LLM-based
simulations broadly corroborate these patterns while also revealing behavioural deviations, particularly among
regulator agents, that highlight how real-world decision-makers, and AI models themselves, may depart from
idealised game-theoretical predictions. Overall, these results underline that effective Al governance crucially
depends on aligning incentives and reducing the costs of rigorous, accurate media scrutiny.

Keywords: Al governance, Al regulation, responsible Al, game theory, LLM, trustworthy AI, behavioural
dynamics, media.



I. INTRODUCTION

A common narrative poses that the route to trustworthy artificial intelligence (AI) is enhanced though trans-
parency and regulation of AI systems [1-4]. In this account, regulation will incentivise developers to build
trustworthy AI, which users are then justified in trusting and adopting. However, this interpretation ignores
the complex socio-technical environment in which developers, regulators and users are embedded [5]. Govern-
ments, and the regulators appointed by them, are both self-interested agents that can be expected to make
strategic decisions [4, 6-10]. Likewise, developers are also self-interested actors whose goals may not completely
align with the goals of governments, regulators, and ultimately users. Moreover, when users make a decision
about whether to trust a particular Al system or not, they base this decision on a number of factors, including
their prior dispositions, the quality of information about the system they have access to, and their trust in insti-
tutions such as scientists, regulators and the media [11-14]. In the process of ensuring trustworthy, beneficial,
and trusted Al, accounting for these complex aspects is key to designing effective regulatory mechanisms.

The rapid pace of Al development, coupled with the scarcity of empirical data on the effectiveness of various
regulatory mechanisms, presents a significant challenge for robust governance. In such a dynamic environment,
waiting for comprehensive data is often impractical as the landscape may change quickly. Evolutionary Game
Theory (EGT) modelling [15, 16], grounded in widely accepted theories about how people and self-interested
organisations behave [17], offers a powerful solution by providing theoretical predictions for how individuals and
organizations might behave under diverse conditions [18-24]. EGT models, for instance, have demonstrated that
effective regulation and safe AI development are contingent on users conditioning their trust in developers based
on the perceived effectiveness of regulators [25]. Nevertheless, this left unanswered the question of how users
would obtain information on the behaviour of developers and regulators. Recognising the increasing evidence
that people’s trust in AI developers is affected by media consumption [26, 27], this paper explores the role
of media and other opinion leaders, which we hereafter also refer to as the commentariat, in providing such
information, particularly through investigative journalism [28]. Crucially, we consider the fact that the media
commentators can themselves be self-interested agents, who do not merely report objectively on developments,
but can also act to shape the agenda [29].

In this work, we develop an EGT model to explore and quantify the role of media commentators as self-
interested agents that influence user trust decisions (Figure 1). We consider two possible roles for the commen-
tariat. First, they can directly investigate developers, thereby potentially acting as a form of “soft” regulation
on developers’ behaviour. Second, they can act as a watchdog on the behaviour of regulators. We compare
the effectiveness of these two distinct roles in incentivising developers to build safe Al systems, and influencing
users to place appropriate trust these systems. In our model, we investigate two potential strategies for the
commentariat, either investing resources in providing quality information (cooperate), or spending less effort
in investigations (defect). Users can condition their decision based on the information that the commentariat
provides, either trusting and adopting the AT system if recommended by the commentariat (conditional trust),
or choosing never to trust and adopt it. Developers can decide to invest time and effort in creating safe Al
systems (cooperate), or avoid the burden of doing this (defect).

Beyond traditional (evolutionary) game-theoretic approaches, which formally embed human decision-making
processes within a proven analytical framework [15, 16, 24, 30], we also use recent AI methods to generate
complementary models and predictions. In particular, Large Language Models (LLMs) have shown promise in
enabling suitable replicas of human actions [31, 32], making them well-suited for simulating strategic games
involving complex, non-linear, and multi-faceted agents. To this end, we developed a framework to experiment
with the regulatory dynamics among the four actors considered in our model (commentariat, developers, regu-
lators, and users). Within this game-theoretic setting, four LLM agents interact dynamically, each specifically
prompted to represent one of these actors. The strategic dilemmas faced by each LLM agent are embedded
through payoff matrices, in the spirit of evolutionary game theory. This setup allows for direct comparison with
our EGT model predictions. Furthermore, recognising that different LLMs may produce contrasting outcomes
in various tasks [33-35], we employ two distinct models: ChatGPT-40 from OpenAl’'s GPT family [36] and
Mistral Large by Mistral [37].

By incorporating the commentariat as a distinct agent, along with users, developers and regulators, we aim
to address the following key questions:

1. What are the conditions under which quality investigation (cooperation) by the commentariat can foster
safe development, effective regulation of Al, and appropriate trust by users?

2. Under what conditions will the commentariat be incentivised to carry out effective investigation of devel-
opers and regulators (cooperate)?

3. Is it more effective for the commentariat to investigate and provide information on developers or regulators?

Our analysis demonstrates the crucial role of the commentariat in achieving trustworthy Al, particularly
through its capacity to provide information and complement regulatory efforts. Our findings highlight how
effective regulation and the development of trustworthy AI emerge under specific conditions, emphasising the
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FIG. 1: Visual description of the AI governance ecosystem. In the centre lay the interactions between
developers and users (grey panel). Developers may provide safe or unsafe Al, while users may adopt it or not.
Regulators may intervene in this process by sanctioning unsafe Al developers. Commentariat informs users, in
two different ways, corresponding to two models. In Model 1, commentariat investigates developers and
provides information about which Al products are safe or unsafe. In Model 2, they instead investigate
regulators, providing information on whether they are effectively sanctioning unsafe Al.

need for managing incentives and costs for quality reporting by the commentariat. We show that distinct dy-
namics emerge depending on whether the commentariat focuses its investigation on developers or regulators,
and show how users’ risk perception significantly influences system-wide trust. Moreover, while the LLM simula-
tions largely corroborate our game-theoretic predictions, they also exhibit behavioural nuances and divergences,
demonstrating how AI agents, prompted to represent these actors, can exhibit complex strategic responses.

In the next section, we describe the models and methods, including our four-population models of AI gover-
nance, and the EGT and LLM-based methods for analysing the models from both finite and infinite population
perspectives. Results for each type of analysis and Discussion sections will follow.

II. MODELS AND METHODS
A. The four-actor model of AI governance: Commentariat, Users, Developers and Regulators

We start by constructing a model of an Al governance ecosystem, extending the three population model in
[25] to capture the role of the commentariat. The model involves four populations representing the four actors in
the regulatory ecosystem: Al users, commentariat, developers, and regulators. In each population, individuals
can choose to adopt different strategies (see Table I and Supplementary Information Figure S1).

In particular, a user can decide to follow commentariat recommendations (Conditional Trust — CT) or not
(N). If the user decides to follow the recommendations, the payoff will depend on whether the commentariat
invests in providing high quality information (investigate) or not (do not investigate). The commentariat can
investigate either developers or regulators. Developers can decide to defect by creating unsafe Al products
(D) or cooperate by creating safe ones (C), which entails additional costs. Regulators receive a benefit when
users adopt Al systems, for example, through taxation on sales. A regulator can decide to invest in regulating
effectively (C) at some cost, or not invest in regulating effectively (D). If cooperating regulators catch unsafe
developers, the latter are punished.

The individual payoff earned in any one encounter (also called a game) depends on the strategy of the
participating individuals. A game takes place among one user, one developer, one commentator and one
regulator. If the user follows the commentator’s recommendations when the commentator has invested in
providing an informed recommendation, and both the developer and the regulator cooperate (by complying



Role Actions Explanation

Commentators C/D Investigates and provides an informed recommenda-
tion (C), which means that it makes transparent the
action of the developer/regulator, or provides an un-
informed recommendation (D)

Users CT/N Either follows the commentator recommendations
about whether to adopt and trust the technology
(CT) or never adopts the technology (N)

Developers C/D Produces a SAFE (C) or UNSAFE (D) technology

Regulators C/D The regulator can decide to invest in regulating ef-
fectively (C) by paying the cost, or do not regulate
effectively (D).

TABLE I: Roles and their possible actions in the AI regulatory ecosystem.

Parameter |Explanation

br Reputational benefit a commentator receives when making a cor-
rect recommendation

by Benefit a user receives when adopting a safe technology

bp Benefit a developer receives when their technology is adopted

br Benefit a regulator receives when a user adopts the technology

bro Benefit a regulator receives when catching unsafe behaviour from
a developer

cr Cost for a commentator of providing an informed recommendation

cw Reputational cost to a commentator of making an incorrect rec-
ommendation

€ Fraction of user benefit when developers play D, where ¢ in [-

00,1], also referred to as the (inverse) risk factor users take when
adopting the technology

cp Additional cost of creating safe AI (the cost of creating unsafe Al
is normalised to 0)

U Cost of being punished (for a developer for being found developing
unsafely)

v Cost for a regulator for punishing unsafe developers

CR The cost of effective regulation (the cost of not doing this is nor-

malised to 0)

pw Probability that the recommendation of a commentator is incor-
rect when they defect

TABLE II: Explanation of the key parameters of the models.

and enforcing, respectively), the user benefits significantly from AI adoption, denoted by by. On the other
hand, if the developer defects by not complying with the regulations, a user that adopts Al is affected by unsafe
Al, gaining a reduced or even negative benefit, denoted by € x by, where € € [—00,1]. The parameter e thus
represents a (inverse) risk factor that users take when trusting and adopting the AI system.

Developers receive a benefit, denoted by bp, when their technology is adopted, e.g. through sales. Complying
with the regulations carries an additional cost, cp, of creating safe Al. If they do not comply with the regulations
and develop AI unsafely, they may be punished by an amount u if they are found by a regulator to be defecting.

Regulators earn a benefit, denoted by bg, when the user trusts and adopts the technology. This corresponds
to regulation being funded by taxes on the sales of Al products, or by governments investing more in regulation
when there is more uptake of Al. Regulators pay a cost, denoted by cg, to carry out effective regulation, e.g.,
through thorough auditing. When they pay this cost, we assume that they are rewarded an amount of by,
when they catch unsafe developers’ behaviour (when users trust and adopt this unsafe AI). In this case, the
cooperative regulator pays an additional cost v to administer this punishment.

Commentators receive a reputational benefit, denoted by by, when they provide a correct recommendation
about the safety of the Al system. They can pay a cost ¢y to provide an informed recommendation, which
ensures that the recommendation is correct. On the other hand, defecting commentators do not pay this cost,
but they can still earn the benefit b; if the recommendation happens to be correct, which occurs with probability



TABLE III: Payoff matrix for Model I, where the commentariat investigate developers. Each row
specifies one joint action profile of the four actors, i.e. Commentariat (Com), User, Developer (Dev), and
Regulator (Reg), and the corresponding payoffs to each actor, given whether users condition trust on
commentator recommendations and whether developers/regulators cooperate or defect (see Table I for
detailed explanation of the actions).

Actions Payoffs
Com‘User‘Dev‘Reg Com User ‘Dev ‘Reg
C |CT| C | C|bf—cr by bp —cp br —cgr
C CT C D b[—C[ bU bp—Cp bR
C |CT| D | C|bf—cy 0 0 —CR
C CT D D b[ —Cr 0 0 0
C N C (@ —Cy 0 —Cp —CR
C | N |C|D|—c 0 —cp 0
C N D C —Cr1 0 0 —CR
C | N |D|D|—c 0 0 0
D |CT| C | C ||(1=pwbr—pwcw |(1—pu)bu (1 —pw)bp —cp|(1 —pw)br —cr
D |CT| C | D ||(1=pwbr—pwcw |(1—puw)bu |(1—py)bp—cp|(l—pwbr
D |CT|D | C ||(1—-pwbr—pwtw |pwebu puw(bp — u) pw(br + by, —v) —cr
D |CT| D | D ||(1—-pwbr—puwtw |pwebu Pwbp Pwbr
D N C C |0 0 —Cp —CR
D|N|C|DIJo 0 —cp 0
D|N|D|CI|o0 0 0 —CR
D| N |D|DIo 0 0 0

TABLE IV: Payoff matrix for Model II, where the commentariat investigate regulators. Each row
specifies one joint action profile of the four actors—Commentator (Com), User, Developer (Dev), and
Regulator (Reg)—and the resulting payoffs to each actor, given users’ conditional trust and whether

developers/regulators cooperate or defect under commentariat scrutiny of regulatory behaviour (see Table I
for detailed explanation of the actions).

Actions Payoffs
Com‘User‘Dev‘Reg Com User Dev ‘Reg
C CcT C C b[—C[ bU bp—Cp bR—CR
C cT C D b[ — Cy 0 —Cp 0
C |CT| D | C|bf—cy eby bp —u bech’U+bfo
C |CT| D |D|bf—cs 0 0 0
C N C C —Cr 0 —Cp —CR
C N C D —Cr 0 —Cp 0
C N D C —Cr 0 0 —CR
C| N |D|D |—c 0 0 0
D |CT| C | C ||(1=puwbr—pwcw |(1—puw)by |(1—pw)bp—cp|(l—pw)br—cr
D |CT| C | D ||(1—puwbr—pwcw |Puwbu pwbp — cp Pwbr
D |CT| D | C [[(1—pwbr—pwcw |(1—py)eby |(1-py,)(bp —u) |(br—cr+bs, —v)(1—pw) - Pwer
D |CT| D | D ||[(1—puwbr—pwcw |Puweby Puwbp Pwbr
D N C C |0 0 —Cp —CR
D| N |C|D]|O0 0 —cp 0
D|N|D]|C|oO 0 0 —CR
D| N |D|D|O 0 0 0

1 — pw. If they defect and make the wrong recommendation, which occurs with probability py,, they suffer a
reputational cost of cy,. Table IT summarise the key parameters of the two models.

We consider two versions of the model, differing in whom the commentariat monitors. In Model I, the com-
mentariat investigates developers, and users condition their adoption decisions directly on these investigations



(see the payoff matrix in Table III). In Model II, the commentariat instead investigates regulators, and users
condition adoption on whether the commentariat report that regulators are cooperating (see Table IV for the
corresponding payoff matrix).

B. Evolutionary dynamics: finite and infinite population perspectives
1. Stochastic dynamics for finite populations

a. Payoff calculation. We consider four different well-mixed populations of Commentators (Co), Users
(U), developers (C) and Regulators (R) of sizes, respectively N¢,, Ny, No and Ng. Let = be the fraction of
commentators that cooperate. Let y, z and w be respectively the fraction of users that trust the Al system,
and developers and regulators that cooperate. Each game involves an individual randomly drawn from each
population. The fitness that a commentator, user, developer and regulator obtains in each game is respectively
given by:

fSeio.py = v2wPYGce + yz(1—w)PYfep +y(1 = 2)wPggpe + y(1 — 2)(1 — w)PEepp

+ (1= y)zwP{ce + (1= y)2(1 = w)PYep + (1 - y)(1 — 2)wP{ R pe

+(1=y)(1 = 2)(1 - w)P{pp (1)
fyUe{T,N} = w2wPlycc + 2(1 — w)Plyop + a(1 — 2)wPiy pe + #(1 = 2)(1 —w)Poy pp

+ (1 - 2)z2wPhyce + (1 —2)2(1 —w)Ppycp + (1 — 2)(1 = 2)wPpy pe

+(1—2)(1 = 2)(1 —w)Phypp, (2)
fge{C,D} = aywPSrye +ay(l—w)Pérgp + 2(1 = y)wPEy 0 + #(1 = y)(1 —w)PEy4p

+ (1 = 2)ywPhrz0 + (1= 2)y(1 —w)Phrzp + (1 — 2)(1 — y)wPhy zc

+(1—2)1—y)(1 —w)Phxzp, (3)
fv@e{c,D} = wyzPlrew +wy(1 — 2)Plrpw + (1 — y)2Phyew + o1 —y)(1 = 2) Py pw

+ (1 = 2)yzPhrow + (1 —2)y(1 — 2) Pirpw + (1 —2)(1 —y)2Piyew

+ (1 —2)(1—y)(1 = 2)Phypw- (4)

The term PE{,,,, describes the payoff a player in population PO obtained from a four-player game, defined
by the payoff matrices in Tables IIT and IV. In each of the above formulas, each term on the right-hand side
is the (average) payoff that the focal player obtains when interacting with the specific group of other players
encoded in the subscripts. It is calculated as a multiple of the probability of encountering that specific group
and the corresponding obtained payoff. The fitness (i.e. average payoff) is then computed using the payoff
matrix constructed in the models (see Tables IIT and IV). The calculation of the fitness is a key step in applying
evolutionary game theory, which translates a game-theoretical concept (the payoff) to a biological or cultural
one (the fitness).

b. Ewvolutionary dynamics. For a finite population setting, at each time step, a randomly selected individual
A, with fitness f4, may adopt a different strategy by imitating a randomly chosen individual B from the same
population (with fitness fg) with probability given by the Fermi distribution [38].

p=[1+ efﬁ(fB*fA)]*l’

where 8 > 0 is the strength of selection. The fitnesses f4 and fp are defined in Equations (1-4). 8 = 0
corresponds to neutral drift where imitation decisions are random, while for large 5 — oo, the imitation
decision becomes increasingly deterministic.

In the absence of mutations or exploration, the end states of evolution are inevitably monomorphic: once
such a state is reached, it cannot be escaped through imitation. We thus further assume that with a certain
mutation probability, an agent switches randomly to a different strategy without imitating another agent. In
the limit of small mutation rates, the dynamics will proceed with, at most, two strategies in the population, such
that the behavioural dynamics can be conveniently described by a Markov chain, where each state represents
a monomorphic population, while the transition probabilities are given by the fixation probability of a single
mutant [39-41]. The resulting Markov chain has a stationary distribution, which characterises the average time
the population spends in each of these monomorphic end states.

Now, the probability to change the number k of agents using strategy A by + one in each time step can be



written as (Z is the population size) [38]:

Z—kk -1
Ti(k) ="z 1+ eFBlFaltk)—fa(k)] ) (5)

The fixation probability of a single mutant with a strategy A in a population of (Z — 1) agents using B is given
by [38, 40]:

-1
Z-1 1

A0))
ppAa= |1+ - . 6)
2 7= (
The transition matrix A corresponding to the set of {1,..., s} strategies is given by:
_ b N A
Aij,jqéi = T and A” =1 Z Azg' (7)

J=Li#i

Fixation probability p;; denotes the likelihood that a population transitions from a state ¢ to a different state
j when a mutant of one of the populations adopts an alternate strategy s. The fixation probability is divided
by the number of populations (which is 4) representing the interaction of four players at a time [42, 43].

2. Population dynamics for infinite populations: The multi-population replicator dynamics

In this section, we recall the framework of the replicator dynamics for multi-populations [44, 45]. To describe
the dynamics, we consider a set of m different populations (m is some positive integer), which are infinitely large
and well-mixed. Each population i, ¢ = 1,...m, consists of n; (n; is some positive integer) different strategies
(types). Let x;5,1 <1i <m,1 < j <n,, be the frequency of the strategy j in the population i. We denote by
x; = (245)}L,, which is the collection of all strategies in the population i, and # = (z1,...,2m), which is the
collection of all strategies in all populations.

Foreachi e {1,...,m}and j € {1,...,n;}, let f;;(x) be the fitness (reproductive rate) of the strategy j in the
population ¢. This fitness is obtained when the strategy j interacts with all other strategies in all populations;
thus, it depends on all the strategies in the populations. The average fitness of the population ¢ is defined by

s

fi@) = wijfis (@),
=1

The multi-population replicator dynamics is then given by

5 = x5 (fij(2) — fix)), 1<i<m, 1<j<n. (8)
This is in general an ODE system of >..", n; equations. Noting, however that since Z;;l x;; = 1 for all
i=1,...,m, we can reduce the above system to a system of Y., n; — m equations.

Now we focus on the case when there are two strategies in each population (which is the case for the models
of AT governance and trust in the present paper), that is n; =2 for all i = 1,...,n;. Let 7; be the frequency of
the first strategy in the population 4, i = 1,...,m (thus 1 — n; will be the frequency of the second strategy in
the population i), let n = (m1,...,1m). Let f1:(n) and fa;(n) be the fitness of the first and second strategy in
the population 4. Since:

fitn) = nifri(n) + (1 —m:) fai(n),
we have:
Fri(n) = fi(n) = fr(n) — i fre(m) + (1= m) f2i(0) = (1 = 1) (f1s(n) = f2i(n)).-

Thus we obtain the following system of equations:
ni =01 =n:)(fri(n) — fai(m)), i=1,....m. (9)

This is a system of m coupled non-linear Ordinary Differential Equations (ODE) for m variables.

In the subsequent sections, we employ (9) to our models of Al governance trust, where the fitnesses are
computed from the payoff matrix constructed in the models, see Tables ITI-IV. The resulting replicator dynamics



for both models can be written in a general form as:

=2(1 - 2)F1(X) = F1(X), (10a)
§=y(l—y)Fa(X) = 2(X), (10b)
t=z2(1-2)Fs(X) = 3(X), (10c)

=w(l w)F4(X) = F4(X), (10d)

where X = (z,y, z,w) is the vector of frequencies, and F;(X) (i = 1,...,4) are the corresponding difference of
the fitnesses in the two models (precise formulas are given in the next section).

The 16 vertices (z,y, z, w) € {0,1}* of the 4-dimensional cube are obviously equilibria of (10) (called vertical
equilibria). An internal equilibrium X is a solution in (0,1)* of the following system of equations:

Fi(X) = F2(X) = F5(X) = Fy(X) = 0.

Analytically computing these internal equilibria and analysing their stable properties are very complicated due
to the nonlinearity and number of the parameters, thus we do so numerically (see Results). Moreover, for
analysing the stability of the vertical equilibria, the detailed derivation of the Jacobian at these equilibria and
the resulting stability conditions is given in Supporting Information I.

C. LLM agents setup

The games are set using LLM agents whose payoffs are given as described above. To setup agents within
a game-theoretic framework, we employ the Framework for Al Agents Bias Recognition using Game Theory
(FAIRGAME) [46]. FATRGAME enables testing of user-defined games, described in textual format and incorpo-
rating any desired payoff matrix. Additionally, it allows for the specification of agent traits that will participate
in these games. The agents can be instantiated using any LLM of choice by invoking the corresponding APIs.
To run, FATIRGAME requires the following inputs:

e Configuration File: A file that defines the setup of both the agents and the game. The default format
is JSON.

e Prompt Template: A text file that defines the instruction template, providing a literal description of the

game. It includes placeholders that are dynamically populated with information from the configuration
file at each round, ensuring customization for each agent.

TABLE V: Parameters provided to FATRGAME.

Parameter Value

Number of agents 4

Names of the agents regulator; developer; user; commentator
Personalities of the agents None; None; None; None

Underlying LLM OpenAl GPT-40; Mistral Large
Number of rounds 1;

Agents communicate False

Agents know the personalities of the others False

Stopping condition None

Table V presents the parameters used in the experiments, as specified in the configuration file. FATIRGAME
simulates interactions amongst four distinct agents, each fulfilling a designated role: regulator, developer, user,
and commentator.

As reported in the table, the LLM underlying these agents is either OpenAI’s GPT-40 or Mistral Large. Each
simulation maintains consistency in model selection across all agents, meaning that in some experiments, all
agents operate using GPT-4o0, whilst in others, they all rely on Mistral Large. No experiment combines different
models within a single game.

The study focuses on one-shot games, each consisting of a single round. Agents make decisions autonomously,
without interacting with one another, ensuring complete independence in their actions. Furthermore, they are
unaware of the personalities or strategic inclinations of their counterparts. While the framework allows for
defining agent personalities, the main experiments set all personalities to None. This ensures that decisions are
guided purely by their assigned roles, reflecting the default behaviour of the LLMs without external influences.



Lastly, the game runs for the specified number of rounds without a predetermined stopping condition. To
address the inherent stochasticity associated with LLMs, we run each experiment 10 times, and we then analyse
their mean results. The template used for all experiments is available in Supporting Information ITI.

III. EQUILIBRIUM ANALYSIS IN INFINITE POPULATIONS

This section presents the equilibrium analysis for infinite populations, beginning with a study of the equilibria
and their stability for each model. We then provide a comparison between the models, supported by numerical
results.

A. DModel I: Developers are investigated by media

Using the general framework (9) and the payoff matrix given in Table III, the replicator dynamics for this
model read (see detailed derivations in Supporting Information I-A):

&= (1 - z) [pr (by + cw) — c,], (11a)
g =y =) b (@ = Dpw((z = De+2)+2) |, (11b)
2=2(1-2) [(x ~ Dypw (2bp — uw) + ybp — CP}, (11¢)
i =w(l—w)| = (2 = Dy(z = Vpw (v = bro) — e, (11d)
(2(0),(0). 2(0), w(0)) = (o, Y0, 20, wa). (11¢)

where (79, Y0, 20, wo) € [0, 1]* is the initial data.

We investigate the existence and the number of equilibria in the [0,1]* hypercube of the above system. The
16 vertices, (z,y, z,w) € {0,1}%, are equilibrium points. The full list of equilibria with one of the variables lying
on the boundary consists of 29 isolated non-degenerate equilibrium points and two edges (with x = 1,2 = 0
and w =0 or w = 1).

We also derived two potential internal equilibria (see Supporting Information I-A for the explicit expressions
and derivation). We prove there that no internal equilibrium exists if either (v — by, > 0) or (0 < e < 1). It
means that whenever punishing unsafe developers is net costly for regulators, or users still obtain a positive
benefit even from unsafe AI, the long-run dynamics collapse to boundary (vertex) states rather than mixed
interior configurations.

We now determine the stability of a vertical equilibria X* € {0,1}*. Due to the form of the equations, the
Jacobian matrix (see details in Supporting Information I-B) will be diagonal at the vertices of the hypercube.
Therefore, the stability of a vertical equilibrium will be determined by the values on the diagonal of the matrix,
shown in Supporting Information Tables S1. Recall that the points with four positive non-zero eigenvalues are
unstable, four non-zero negative are stable; the remaining are saddles.

There are four possible stable equilibria, and the conditions for their stability are given as follows

e X*=(0,0,0,0) is stable if and only if (iff) € < 0;
e X* =(0,1,0,0) is stable iff py (b; + cw) — ¢r <0, =2bppw +bp — cp < 0 and —pw (v — by,) — cr < 0;

e X*=(0,1,0,1) can be made either stable or a saddle or unstable by regulating the values of the param-
eters; this is the only vertex point with this property;

o X* =(1,1,1,0) is stable iff ¢c; — pw (b;y + cw) < 0 and c¢p — bp < 0.

Of these equilibria, X* = (1,1,1,0) is the only desirable one. It corresponds to a situation where users adopt
a safely developed Al system, based on an informed recommendation from the commentariat, who have paid
the cost of thoroughly investigating development of the AI system. This ideal equilibrium outcome, where
users adopt safely developed Al based on informed commentariat recommendations, depends on several factors.
The commentariat’s cost for thorough investigation (¢;) must be low enough, specifically bounded by the total
of their reputational benefit for a correct recommendation (b;) and their reputational cost for an incorrect
recommendation (cy ), weighted by the probability of an incorrect recommendation if they do not investigate
(pw). For developers, the cost of creating safe Al (cp) must be less than the benefits from user adoption
(bp). In this Model I, if the commentariat effectively provides trustworthy signals about developers’ safety,
regulators are not incentivised to act, rendering their role redundant. However, it is often unrealistic for media
to conduct such extensive investigations into complex AI systems (e.g. due to lack of technical capabilities or
infrastructures), implying that ¢; can be too high for this scenario to be practical.
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Moving to Model II, we analyse the scenario where the commentariat reports on regulators. This is motivated
by the idea that regulators can monitor Al development more cost-effectively than journalists. Regulatory mech-
anisms like auditing and transparency requirements would simplify commentariat investigations into regulators’
actions, making it less costly than directly scrutinising Al developers.

B. Model II: Regulators are investigated by media

The replicator dynamics for Model II is constructed from the payoff matrix in Table IV. With this payoff
matrix, the equations now read:

i=a(1—2)(f&° — £5°) = (1 — x) [—cr + y(br + cw)pw], (12a)
§=y( =) (fr = fx) =yl —y) [“bu(e(=1+2) = 2)(w + (=1 + 2w) (=1 + z)pw)] , (12b)
s=2(1=2)(fS = fS) = 2(1 = 2) [—cp 4+ vwy + vw(—1 + x)ypw], (12¢)
= w(l —w)(f& = f5) = w(l —w)[~cr +y(bs, + br +v(-1+2) = by, 2) (12d)
+( L+ 2)y(by, + 2bg +v(—1+ 2) — by, z)pw ], (12e)
(2(0),5(0), 2(0),w(0)) = (0, Yo, 20, wo), (12f)

where (9, Y0, 20, wo) € [0, 1]* is the initial data.

Solving analytically gives 27 isolated equilibria, two edges of degenerate equilibria (with z =1,z =0,w =0
or z = 1,z = 1,w = 0), and two possible internal equilibria. The probability of internal equilibria occurring
is rather low (see Supporting Information Figure S2) and we will focus on stability analysis for vertical equilibria.

Indeed, based on the eigenvalues of X* (see Table S2 in Supporting Information), we obtain the following
five possible stable equilibria and the conditions:

e X*=(0,0,0,0) is stable iff ¢ < 0.
e X*=(0,1,0,0) is stable iff:
€>0, by, +br —cr —v —by,pw — 2brpw +vpw <0, —cr +brpw + cwpw < 0.
o X* = (0,1,0,1) is stable iff:
€>0, —cpt+u(l—pw) <0, by, —br+cr+v+bspw +2brpw —vpw <0, —cr+brpw +cwpw < 0.
e X*=(1,1,0,1) is stable iff:

€e>0, —cp+u<0, —bfo—bR+CR+U<O, cr — bipw — ewpw < 0.

e X*=(1,1,1,1) is stable iff:

—br+cr<0, cp—u<0, CI—pw(bI+Cw)<O.

The (only) desirable equilibrium, X* = (1,1, 1,1), in this model is where regulators effectively regulate, media
monitors regulators, developers comply, and users trust Al based on media reports, requires specific conditions
for achieving its stability. Regulators must incur lower regulation costs (cg) than benefits they receive from user
adoption (bg). Developers are incentivised to create safe Al if its cost (cp) is less than regulatory punishment
for non-compliance (u), a condition dependent on regulatory enforcement (unlike Model I). The commentariat’s
cost for thorough investigation (c¢;) must be less than its potential reputational benefits and avoided costs from
accurate reporting (pw (br + c¢w)), similar to the condition in Model 1.

C. Model I vs. Model II

Comparing Model I and Model II provides insights on distinct pathways to effective Al governance, with nu-
merical results visually confirming our analytical predictions above regarding these stable states. Analytically,
in Model I (media directly investigates developers), the most desirable of the stable states, X* = (1,1,1,0), sees
regulators become redundant, as the commentariat’s effective reporting incentivises developers to produce safe
Al This is contingent on the media’s capacity for cost-effective, high-quality investigation (¢; < pw (br + cw))
and developers finding building safe AI cheaper than the benefits they get from subsequent user adoption
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(cp < bp). Numerical simulations for Model I (e.g., left column of Figure 2, low ¢y) confirm this: the fre-
quency of cooperation in the commentator (Com) and conditional trust in the user (U) populations converges
to 1, developers/creators (C) cooperate, while regulator (R) cooperation often converges to 0, showing their
redundancy in this context.

On the other hand, Model II, focusing on media investigation of regulators, analytically predicts a more
comprehensive desirable equilibrium, X* = (1,1,1,1), where all four actors cooperate. This state requires
active and cost-effective regulation (cg < bg), and developers’ compliance is driven by the threat of regulatory
punishment (cp < u), a mechanism directly dependent on robust regulation. The numerical integrations for
Model II (e.g., right column of Figure 2, low ¢;) strongly support this, showing all four actors converging to a
cooperative frequency of 1.

Moreover, the condition for the commentariat’s effective investigation (¢; < pw (b; + cw)) remains consistent
across both models, underscoring the universal need for incentives that ensure accurate media reporting. When
cr is high (see Supporting Information Figure S5), the commentariat’s cooperation frequency drops significantly
in both models, which in turn hinders the cooperative outcomes for other actors, highlighting the sensitivity of
the entire ecosystem to the media’s cost of investigation. Although Model I can exhibit faster convergence to
certain equilibria, Model II is generally considered more practical, as the cost of media investigating regulatory
processes (which can be streamlined by auditing mechanisms) is typically lower than directly assessing complex
AT systems, leading to a more practical and robust governance approach.
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FIG. 2: When the cost for the media to conduct effective investigations is low (¢; = 0.5), the AT governance
ecosystem achieves high cooperation, with distinct roles for regulators depending on the media’s investigative
focus. Shown are the frequencies of commentariat cooperation (C Commentariat), user conditional trust (CT
User), developer cooperation (C Developer), and regulator cooperation (C Regular). The left column shows
results for Model I, where the media investigates developers, showing that regulators become redundant as
other actors achieve cooperation. The right column depicts Model II, where the media investigates how
effectively regulations are implemented by regulators, leading to full cooperation across all four actors.
Parameters: by = 4,bp = 4,bgp = 4,cp = 0.5,cw = 1,u = 1.5,v =0.5,by, = 1,e = 0.2,pw = 0.5.

IV. FINITE POPULATION ANALYSIS

We now turn to study evolutionary game dynamics in finite populations (see Methods, Section IIB1). Com-
pared to traditional concepts of evolutionary stability and dynamics of infinite populations, stochastic effects
in finite population dynamics, including errors in social learning, can have dramatic effects on evolutionary
outcomes [47-49]. Lower payoff strategies may sometimes spread through the population by chance despite
their relative disadvantage, and higher payoff strategies may die out. This stochastic approach has been shown
to be powerful in explaining empirical observations in human behavioural experiments [48, 49], making it an
important mode of analysis for our models.

Figure 3 shows the long-term frequencies of strategies in all four populations when ¢ = 0.2 — indicating low-
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FIG. 3: High reputational incentives for accurate reporting (high b; and cy/) sustain commentariat
cooperation and, in turn, promote trust by users and cooperation by developers and regulators, whereas
weaker incentives lead to widespread defection especially when AT is high-risk (negative e = —0.1). Shown are
the frequencies of commentariat cooperation (C), user conditional trust (CT), developer cooperation (C), and
regulator cooperation (C) are shown for (e = 0.2) and (e = —0.1), under Model I and Model II. Parameters set
to: by =br=bp=4,u=15,¢c;1=5,b;, =1,v=0, pw =0.5,crg = 0.5, cp = 0.5, 5 =0.1,

Neo = Ny = No = Ny = 100.

risk AT — and € = —0.1 — indicating high-risk AT — for Model I and Model II. Commentariat cooperation (and
thus system-wide cooperation) is highly dependent on reputational incentives. As seen in Figure 3, increasing
the reputational benefit (by) for correct recommendations and the reputational cost (¢y) for incorrect ones
incentivises high-quality media investigations. This is numerically in line the analytical condition from Section
IIT that by + cy must be sufficiently high compared to ¢; for commentariat cooperation. This trend holds
irrespective of whether the media targets developers (Model I) or regulators (Model II), aligning with the
infinite population analysis. Moreover, we observe that, for sufficiently large b; and cy, regulators defect in
Model T but cooperate in Model II. This is also in line with the infinite population analysis. Also, comparing
between positive and negative €, while analytical results show that the existence of cooperative equilibria does
not strictly depend on e, negative e (bottom two rows in Figure 3) in finite populations makes users more
discerning (the frequency of conditional trust, CT, increases). For sufficiently low by and ¢y, users switch to
the N (never adopt) strategy as commentators tend to defect.

In Supporting Information Figure S6, we further illustrate that as the cost of accurate investigations (cy)
rises, commentariat cooperation—and subsequently, that of regulators and developers—declines in both models.
Also, comparing between positive and negative €, while analytical results show that the existence of cooperative
equilibria does not strictly depend on €, we observe that as commentariat reliability wanes due to rising cy,
users switch to the N (never adopt) strategy, as there is no benefit in trusting unreliable recommendations for
inherently risky AI. Moreover, we observe a high level of cooperation in the regulator population in Model II,
while it is almost absent in Model I.

In addition, Figure 4 reveals how the intensity of selection (5) modulates these patterns. When media
investigations are relatively cheap (low cy), cooperation is robust across a wide range of 8 in both models, and
particularly strong in Model II, regardless of whether Al is low- or high-risk (¢ = 0.2 vs. e = —0.1). However,
when ¢y is high and Al is high-risk, increasing f—corresponding to more deterministic, payoff-driven imitation—
drives all four populations towards defection (except for the user population in Model I), with regulator defection
being especially pronounced in Model I (rightmost panels). Interestingly, for small 3, where imitation is highly
stochastic, cooperation persists at non-trivial levels in user, developer and regulator populations despite the
absence of cooperation in the commentator population, even for large c;. This indicates that behavioural noise
can help maintain cooperative behaviour under otherwise unfavourable incentives.
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FIG. 4: Higher-quality, lower-cost media investigations (low ¢y) strongly support cooperation, especially in
Model 11, across a wide range of selection intensities (/3), whereas when investigations are costly and Al is
high-risk (negative €), defection dominates in all populations, with regulators almost always defecting in
Model I, especially when § is high (corresponding to highly deterministic dynamics). When £ is small,
corresponding to highly stochasticity dynamics, cooperation is present in user, developer and regulator
populations even for high ¢;. Shown are frequencies of cooperative strategies in the four populations are
shown as a function of ¢; and f, for (e = 0.2) (top row, low risk) and (e = —0.1) (bottom row, high risk); the
rightmost two panels show cooperative regulator frequencies separately for Model I and Model II. Parameters:
bU:bR:bp:4,u:1.5,’U:0.5, Cp:0.5,5:().1, NU:NC:NR:].OO.

Beyond selection intensity and payoff parameters, we also examine the impact of asymmetric population
sizes; see Supporting Information Figure S11. We vary the sizes of the commentariat, developer, and regulator
populations (with users fixed), and also consider a more realistic configuration with many more users than
regulator and commentariat actors. The results show that our main qualitative conclusions remain robust,
while relative population sizes can modulate how easily cooperation is sustained.

Taken together, Figures 2-4 and Supporting Information Figures S2 and S5-S11 provide a broad sensitivity
exploration: we systematically vary cy, by, cw, €, 3, and population sizes, and sample a large random parameter
sets in Figure S2. These systematic analyses show that our central qualitative conclusions are robust across
wide regions of the parameters space.

Overall, our finite population analysis shows that (i) low investigation costs and strong reputational incentives
are primary drivers of system-wide cooperation and user trust, and (ii) when those conditions are not met,
some degree of stochasticity in social learning is necessary to sustain cooperation, particularly in high-risk AT
environments.

V. LLM RESULTS

This section presents the results from our LLM-based simulations, offering a complementary perspective to
the game-theoretic analyses above. By prompting LLMs to represent the four actors (commentators, developers,
regulators, and users) and interact dynamically based on payoff matrices, we can observe emergent strategic
behaviours and compare them with our theoretical predictions.

In Model I, where the commentariat investigates developers (Figure 5), LLM results largely align with game
theory. Commentariat agents cooperate when their reputational benefit (by) is high or potential reputational loss
(ew) from defecting is significant. Regulators consistently defect, which perfectly matches the game-theoretical
prediction that their role becomes redundant (w = 0 in X* = (1,1,1,0)) when media effectively monitors
and accurately reports on developers. Developers, when facing direct media scrutiny, are highly cooperative,
consistent with the condition c¢p < bp. Users generally adopt conditional trust (CT) for low-risk AL

In Model II, where the commentariat monitors regulators (Figure 5), we observe both corroboration and key
divergences. Commentariat cooperation remains tied to strong reputational incentives (¢; < pw (br + ew)),
consistent across both models. However, a notable divergence arises as LLM developers, particularly GPT-
4o, mostly defect. This is different from the game-theoretical predictions above, where developers cooperate.
This suggests LLM agents may exhibit behavioural nuances or biases derived from their training process, that
lead to partially ignoring payoff maximisation in complex interactions. Similar emerging behaviour — that
certain LLMs keep some tendencies, such as promoting cooperation or not in strategic games, instead of being
dependent solely on the payoff structure of a game, have also been observed in other game theoretical settings
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FIG. 5: Results for the one-shot four agents game, using AI agents following Model I and Model
II. We show the average frequency of cooperative strategies for each player (Regulator, Developer, User and
Commentator, from top to bottom), simulated using GPT 4o and Mistral, together with their
Clopper—Pearson binomial 95% CI. All other parameters are set as for the numerical results above, except for
cr = 0.5 and ¢y as specified in the columns.

[46]. Consequently, developers become more exploitative in Model IT due to this lack of direct oversight and
the LLM agents’ defection, weakening the effective threat of punishment (u). Users show slightly less frequent
adoption for high b; in Model II compared to Model I, indicating subtle differences in how LLMs interpret the
context of trust.

Comparing the LLM architectures, GPT commentators are generally more cooperative than Mistral’s across
both models; this tendency of GPT LLMs to be more cooperative than the Mistral family is in line with
previous observations on different games and experimental settings [46, 50]. This highlights that different LLMs
possess inherent biases or interpretive heuristics even under identical conditions, reinforcing the value of diverse
modelling approaches to understand complex AI governance dynamics.

VI. CONCLUSIONS

Our analysis provides a rigorous framework for understanding the complex dynamics of AI governance,
combining both traditional evolutionary game theory and novel LLM-based simulations. Across all our models,
the results show that the media’s cost of investigation is a key factor in determining whether regulators regulate
effectively and developers follow these regulations. When the cost for the commentariat to conduct thorough
investigations is high, their willingness to cooperate, and subsequently the cooperativeness of developers and
regulators, significantly decreases. This highlights a fundamental need to manage the incentives and costs
associated with high-quality media reporting.

Our EGT analysis identified two different pathways to achieving trustworthy AI governance, depending on
where the media focuses its investigative efforts. When the media investigates developers (Model I), this ap-
proach can promote safe Al development and user trust. In an ideal scenario (i.e. a desirable stable equilibrium)
characterised by low media investigation costs and developers finding it affordable to create safe AI, the media’s
effective reporting can lead to users adopting safe systems. Interestingly, in this specific desirable state, formal
regulators tend to become less relevant, as their role is effectively supplanted by the media’s direct scrutiny of
developers. This approach is therefore promising in countries/regions where formal Al regulation is unavailable
[51].

On the other hand, when the media investigates regulators (Model IT), this model suggests a broader, more
collaborative path to governance. Under conditions where media investigation costs are low, regulation is
effective, and penalties for non-compliance are substantial, an ideal outcome emerges where all four key actors,
i.e. the media, users, developers, and regulators, cooperate. This result is in line with previous findings that
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when users can make informed decisions on whether to trust and adopt an AI system based on a regulator’s
reputation, then developers are incentivised to build safe AI [25]. This approach can prove more practical, as
investigating the transparency and effectiveness of regulatory processes can be less resource-intensive for the
media than directly evaluating complex AI development [1, 2].

Our finite population analysis further supports these findings and adds important nuance due to the finite
population stochastic effects. We show that whether the media actually invest in thorough reporting depends
very sensitively on how costly investigations are and how strongly accuracy is rewarded or punished reputa-
tionally. When good reporting is expensive and incentives are weak, media cooperation, and then developer
and regulator cooperation, rapidly erode. It also reveals that user trust is highly context-dependent: when
adopting Al is low-risk, users tend to keep conditionally trusting systems even in the face of occasional media
failures, but when Al is high-risk and media become unreliable, users quickly shift to not adopting at all. Fi-
nally, our analysis highlights that outcomes also depend on how strongly agents respond to payoff differences,
captured by the intensity of selection [38, 47]. When learning dynamics are highly deterministic (corresponding
to high intensities of selection), defection spreads easily under weak media incentives, whereas with more noisy,
exploratory dynamics some cooperation can persist even in otherwise unfavourable conditions.

Our LLM-based analysis offered a complementary perspective. While largely corroborating EGT predictions
regarding media cooperation, user trust, and regulator behaviour in Model I, a notable divergence emerged in
Model II (where media investigates regulators). Different from game theory predictions of high cooperation
when the media cost is sufficiently low, LLM regulators frequently opted not to cooperate. This unexpected
behaviour from Al agents led to developers facing less oversight and becoming more exploitative. This suggests
that LLMs, even when prompted for rational decision-making, might exhibit biases or heuristic decision-making
that deviates from strict game theory, highlighting the presence of such characteristics within these AT models
[46, 52, 53]. Differences in cooperative tendencies between various LLM architectures (e.g., GPT versus Mistral)
further reinforced this notion of inherent behavioural traits. The precise reason for such behaviour is still a
matter of debates and deserves deeper studies. LLMs are known to be inconsistent between each other and to
be differently skewed towards a certain strategic alignment or behavioural preference (e.g., they show political
preferences or misalignment [33, 54]). Randomness may be a source of inconsistency, but we have mitigated its
effect using repeated runs. Paraphrasing inconsistency [55] may be another limiting factor; however, our prompt
structure is very essential in providing a verbal description of the payoff structure and very little additional
information, which can hardly be paraphrased (see Supporting Information Sec. III). Another hypothesis is
that these tendencies may be associated with how the training process (data, training, tuning, guardrailing, and
more) eventually yields LLM outputs, or with personality-like traits of certain LLMs, again derived from their
training process; a few works explore this direction exist [46], but many more are required to deeply characterise
the aetiology of the inconsistency, which falls beyond the scopes of this work. We hope that, showing that such
phenomenon also exists in complex games, will promote future studies into the topic.

A. Implications

Our results show that the media’s role in Al governance is crucial but highly conditional. Across both models
and both types of analysis (infinite and finite populations), cooperation by the commentariat is very sensitive to
two factors: 1) how costly it is to investigate (the effort of good reporting) and ii) how strong the reputational
rewards and penalties are for being right or wrong. When accurate investigation is low-cost and reputational
incentives are high, the media tend to cooperate, which in turn encourages safe development by developers,
responsible regulation, and user trust/adoption. When investigation is expensive, media cooperation collapses
in our numerical calculations and simulations, and so does cooperation by developers and regulators.

This leads to a first implication: if policymakers and industry want to rely on media as a meaningful compo-
nent of Al governance, they must actively shape the environment to enable low-cost high-quality investigation.
Concretely, that means reducing the practical cost of good reporting. Measures to facilitate this could include
public registries of where and which Al systems are being used in high risk applications, as is mandated in
Article 49 of the EU Artificial Intelligence Act [56], for example. This would increase transparency in which
AT systems are being used in different settings, thereby facilitating media investigations. Article 11 of the EU
Artificial Intelligence Act also mandates that developers of high-risk AI systems produce mandatory technical
documentation before the system is put into use, and that this documentation is kept up-to-date [57]. Such mea-
sures can further increase transparency for media, reducing the cost ¢; of providing informed recommendations.
High quality investigative journalism could be incentivised through state aid, such as through direct govern-
ment financial grants, or indirect tax offsets [58, 59], which would also reduce c¢;. Research should investigate
how the reputation of media sources can be objectively evaluated and published using automated metrics, for
example based on citation numbers, the quality of sources linking to articles, and the authority of the domain
[60]. Such reputation mechanisms would increase by — the reputational benefit a commentator receives when
making a correct recommendation, and would increase ¢y — the cost of making an incorrect recommendation.
These are precisely the levers that, in our models, separate cooperative from non-cooperative outcomes. Similar
concerns about the cost and capacity of effective oversight arise in regulator-centred models of Al governance
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[7, 9, 19, 20], and in broader discussions of frontier Al evaluation infrastructure [61, 62]. Our results therefore
reinforce calls for sustained public investment in evaluation capacity and oversight institutions, such as national
AT safety institutes, as a prerequisite for meaningful governance [3, 4, 61].

A second implication concerns where media attention is directed. In Model I, where media investigate
developers, our analysis and simulations show that accurate reporting can be strong enough to push developers
toward safe behaviour and allow users to appropriately trust Al, even if regulators largely disengage or are
unavailable. This pathway is especially relevant in settings where formal Al regulation is weak, absent, or
slow to emerge: credible media scrutiny can, to a degree, substitute for regulation [21]. In Model II, where
media investigate regulators instead, we see a different pattern: when regulatory action is not too costly, and
when developers face real penalties for unsafe behaviour, media oversight of regulators promotes cooperation
by all four actors. This suggests that in jurisdictions with serious regulatory capacity, it may be more effective
and more realistic to encourage media to focus on regulatory performance rather than directly (re-)evaluate
complex AT systems. This is consistent with work arguing that regulators themselves are strategic actors whose
effectiveness depends on clear institutional incentives and credible monitoring [6, 7, 63, 64]. It also aligns with
proposals for mixed public—private regulatory markets and certification regimes, in which independent auditors
and public bodies jointly shape safe Al development [6, 64].

A third implication follows from what our payoff structures and dynamics assume the media must actually
find out. In both models, the key outcomes depend on whether Al systems are in fact safe or unsafe, and whether
regulators are in fact enforcing the rules. In practice, that information typically comes from capability and safety
evaluations, including tests of dangerous capabilities. Our findings therefore point toward the importance of
building ecosystems where such evaluations are routinely conducted and, crucially, made legible and accessible
to journalists and other commentators. Lowering the barriers for media to understand and report on evaluation
results is exactly what, in our framework, lowers the cost of effective investigation and supports cooperative
equilibria. This perspective supports evaluation-centric approaches to Al governance that emphasise systematic
testing of capabilities and risks, and clear communication of those results [2, 61, 65].

Finally, the LLM simulations broadly support these conclusions, but sometimes deviate from the game-
theoretic predictions. This fact may have two interpretations, which need careful studies due to their potential
implications. One hypothesis is that the inconsistency is linked to implicit biases that LLMs of different kind
may possess, which is in turn associated with the training datasets or process [50, 66, 67]; under this point of
view, game theory presents a ”ground-truth” that helps reveal biases in LLMs. However, LLM deviations may
also reveal how real-world decision-makers might themselves deviate from idealised game-theoretic incentives; in
fact, LLMs are trained on real-world data, thereby possibly reflecting additional (albeit limited) complexity in
thought processes [68]. In particular, in Model IT, LLM-based regulators often chose not to cooperate even under
conditions where the game theory model predicts they should. This mirrors the possibility that actual regulators
may fail to enforce effectively despite having formal incentives to do so. It reinforces the case for designing Al
governance with redundancy: not just relying on formal regulation, but also empowering a well-incentivised,
well-informed media ecosystem that can monitor both developers and regulators and help steer the system
toward safer trajectories. As LLMs become more pervasive in modelling studies and decision-making [69, 70],
future works may further investigate these intriguing results.

B. Limitations and areas for future research

Firstly, our model assumes a highly stylised, mean-field setting in which all actors within a given popu-
lation are homogeneous and randomly matched. In practice, Al governance involves structured interactions:
developers operate within platform-specific ecosystems, regulators are organised by jurisdiction, media outlets
serve segmented markets, and users cluster within socio-economic groups [6, 63]. Introducing network structure
into evolutionary game models is known to qualitatively alter dynamics even in single-population settings [71].
Recently, it has been shown that even in single-population games on graphs, the concept of a homogeneous
evolutionary process must account not just for the population structure, but for payoff structure and mutation
dynamics jointly [72]. These results underscore that extending network analysis to four-population models is far
from straightforward. Fundamental modelling questions would need to be resolved: whether each population
should reside in its own network or be embedded in a shared structure, how the bipartite or multipartite match-
ing between populations should be governed by network topology, and how the separation between interaction
and dispersal graphs should be handled across multiple, co-evolving populations [72]. Future work could there-
fore tighten the random-matching assumption by allowing partner selection and explicit competition between
regulatory regimes. We note that incorporating network heterogeneity into related technology adoption models,
for example by island network models of cultural group selection and multi-level selection [17, 73-76], represents
a promising direction that captures a broad scope of effects such as jurisdictional clustering among regulators,
platform lock-in among developers, and media market segmentation among commentators.

Moreover, our analysis assumes fixed population sizes for users, developers, regulators, and media, and thus
does not model market entry, exit, or consolidation (for example, new firms entering, companies merging,
or media markets fragmenting). This simplification allows us to focus on strategic incentives within a given
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governance landscape, but it omits potential structural dynamics, for instance as highlighted in research on
sustainable electricity markets and adaptive policy design [24]. An interesting direction would be to allow
market structure to evolve, letting the number and type of developers, regulators, and media actors change over
time. As such, we can examine how such entry, exit, and consolidation processes interact with the strategic
mechanisms we identify in the present work.

In this work, our models were simplified by giving each actor only a binary choice. In practice, developers may
partially comply with safety requirements [18], regulators may enforce rules selectively, and media actors may
vary the depth and balance of their reporting. We use binary strategies to keep the analysis tractable and to
clarify the core mechanisms. A natural direction for future work is to introduce richer action spaces, including
multiple levels or even continuous space of compliance, enforcement effort, and/or investigative intensity, which
would allow more fine-grained and realistic equilibrium patterns to be studied.

We also focus on a single layer of incentives for the commentariat, and do not explicitly explore richer incentive
architectures across all actors. There is extensive work on how combinations of rewards and punishments, and
adaptive or hybrid schemes, can promote cooperation and other pro-social behaviours in social dilemmas and
climate governance [77-80], in both finite-population stochastic [81-83] and infinite population (via optimal
control theory) [84, 85] analyses. Extending our framework to consider such more sophisticated incentive
mechanisms, for commentariat, regulators, developers and even users, could reveal more cost-efficient ways of
sustaining trustworthy AT ecosystems. Moreover, we have not explicitly modelled Al race dynamics between Al
firms/developers, even though competitive pressure to rapidly scale capabilities is known to interact in complex
ways with safety investments [18, 22]. Embedding our governance ecosystem within explicit race models, where
firms trade off speed against safety and regulation, would help assess how robust our conclusions are under
stronger competitive pressure.

Note that we have not introduced an explicit social welfare function to compare governance regimes. Instead,
we use a qualitative notion of desirability based on safe Al adoption, reduced harm from unsafe systems, and
avoidance of wasted oversight effort. An important direction for future work is to define and analyse formal
welfare metrics [78, 86], such as weighted sums of expected payoffs across populations, or user-centric welfare
measures, in order to compare equilibria and media-targeting strategies in a more principled, quantitative way
and to align recommendations with specific policy priorities.

Agents use payoff-biased social learning in our model, which is standard in evolutionary game theory [16], but
does not capture all aspects of decision-making by individuals or firms. However, it provides a null hypothesis of
bounded rationality — individuals or organisations copying the behaviour of others seen to be doing better than
themselves, and is consistent with the assumptions of neoclassical microeconomics and evolutionary biology [87].
Behavioural economics shows that biases such as loss avoidance can modify behaviour from that predicted by
bounded rationality [88]. Indeed, there are many such biases observed in the behavioural economics literature
[89], including present bias (overweighting immediate rewards) [90], status quo bias (preferring present circum-
stances, which could encourage continued use of the same strategy) [91], and conformity bias (herd effects) [92].
Our study provides a baseline from which future work can examine the effects of these biases and heuristics.

A further limitation is that we do not empirically calibrate our payoff parameters to specific real-world Al
governance settings. At present, there is little systematic data on issues such as the financial and organisational
cost of rigorous Al investigations, sanction levels for unsafe behaviour, or the size of reputational gains and losses
for media actors [3, 19]. Our aim here was therefore to understand mechanisms and threshold conditions using
stylised payoffs, rather than to predict outcomes for any particular context. An important direction for future
work is to combine this framework with empirical case studies and available data on AI audits, enforcement
actions, and media coverage, as well as the population sizes of different actors in the model, so that fully
calibrated versions of the model can support more context-specific policy recommendations.

While we recognise the limitations of our simplified scenario, we find our approach useful as a tool for thinking
through what assumptions policymakers must make in order for different combinations of regulatory and media
regimes to plausibly achieve their policy objectives. Further avenues of research should test the predictions of
our model empirically [93], for example by studying how users, developers, regulators, and media organisations
actually interact around concrete Al deployments, and by examining how risk evaluations and regulatory signals
are communicated and received in practice.

Overall, our findings offer valuable insights into the dynamics at play in the AI regulation landscape and
highlight the indispensable role of reliable oversight actors—mnot only regulators but also the media—whose
incentives are aligned through governmental rewards, market mechanisms, or the maintenance of prestigious
reputation. They highlight the value of using game-theoretic models, complemented by LLM-based simulations,
to shed light on which governance designs are most likely to steer developers and users towards safer Al.
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