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ARTICLE INFO ABSTRACT

Keywords: Artificial intelligence (AI) governance connects technical measures with decisions about Al
Al governance development, deployment, and oversight. These decisions involve actors with different objectives,
Game theory information, and control over Al systems. Game theory provides tools to analyze their interac-
Multi-agent systems tions and design governance mechanisms. This perspective paper examines game theory for four
Al safety governance tasks, namely (i) incentives and responsibility, (ii) regulation and AI markets, (iii)
Algorithmic auditing auditing, disclosure, and enforcement, and (iv) coordination. We first introduce Al governance,
Explainable AT its relationship with Al risks and safety, and relevant game-theoretic foundations. We then

compare the players, strategies, payoffs, solution concepts, theoretical results, and governance
benefits within each task, and connect them to operational governance processes. This joint
analysis supports comparison of existing applications and assessment of the requirements for
applying game models to Al governance. We examine equilibrium analysis, contract design,
contribution and responsibility allocation, and game-theoretic explanations. Feature attribution
and interactive verification are assessed as sources of governance evidence. We identify research
directions in Al ethics, adaptive governance, automated mechanism design, and scalable models
grounded in empirical evidence. The resulting perspectives connect computational methods to
organizational decisions and support research in computer science, business, and information
systems.

1. Introduction

Deploying an artificial intelligence (AI) system requires decisions about acceptable risk, access to data and tools,
and responsibility for its actions. These decisions become more difficult when multiple organizations provide parts
of the same system [1] or when an Al agent can act across multiple services [2]. Singapore’s Model Al Governance
Framework for Agentic Al addresses these problems through limits on agent permissions, human accountability, testing,
and continuous monitoring [2]. For example, allowing an Al agent to access a customer database or initiate a payment
requires both technical controls and a clear allocation of responsibility. This connection makes Al governance a
practical concern for system design and organizational decision-making.

Government and industry initiatives also place governance within the AI lifecycle. The National Institute of
Standards and Technology (NIST) AI Risk Management Framework defines governance functions, and its Generative
Artificial Intelligence Profile addresses risks associated with generative Al [3, 4]. Microsoft’s 2026 Responsible Al
Transparency Report describes governance practices that connect evaluation, release oversight, and monitoring after
deployment [5]. The European Commission’s announcement of the General-Purpose Al Code of Practice identifies
transparency, copyright, and safety and security as its three areas [6]. These initiatives show that governance requires
evidence about system behavior and processes for deciding how to act on that evidence.

Al governance concerns the rules, responsibilities, and processes that guide Al development and use [7, 8]. Its
technical, business, social, and political aspects are closely connected. Evaluation and access control affect the cost
and timing of deployment. Business incentives influence investment in safety and the disclosure of model limitations.
These choices affect privacy, fairness, and the distribution of benefits and risks, while public authorities and affected
communities have interests in how requirements are defined and enforced [8-10]. Ethical principles do not by
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themselves establish the practices needed to address these issues [11]. Therefore, governance must connect technical
requirements with incentives, decision rights, and accountability.

For computer science research, this connection raises concrete problems in assessment, access, verification, secu-
rity, and ecosystem monitoring [10]. Model evaluation, including assessment of extreme risks, provides information
for development and deployment decisions [12—15]. Internal algorithmic auditing and the three-layered approach to
auditing large language models (LLMs) connect assessments to organizational procedures [16, 17]. However, the
effectiveness of these methods also depends on the behavior of the actors who develop, commission, or use them.
An audit, for example, supports accountability only when relevant information is available and responsible actors have
the authority and incentives to respond [18, 19]. Explainable Al provides a further source of assessment information.
Feature-attribution games describe model dependence, while prover—verifier games examine whether a claim can be
checked [20, 21]. Understanding these dependencies requires analysis of technical measures and strategic decisions
together.

1.1. Why Game Theory for AI Governance?

Game theory models strategic interactions through players, strategies, payoffs, information, and solution concepts.
It is useful for Al governance because an actor’s outcome depends on the decisions of other actors. Developers compete
for users and decide on investment. Deployers select models and controls, and auditors decide how much effort to
devote to an assessment. These actors can pursue different objectives while sharing the consequences of system failures.
Models of Al development races illustrate how individual incentives can produce collective risks [22, 23].

Actors can impose costs on others without bearing those costs in full, creating a need to connect private incentives
to governance objectives. Information is also distributed unevenly. A developer can know more about development
practices than a deployer, while an auditor can know more about assessment effort than the organization commissioning
the audit. Decisions also unfold over time, with investment, evaluation, release, and monitoring affecting both current
outcomes and future opportunities [22, 24, 25]. We organize the governance decisions arising from these problems
into four tasks. Incentives and responsibility concerns how to encourage safety investment and allocate rewards, costs,
and responsibility. Regulation and Al markets examines how rules affect Al development, model access, and market
competition. Auditing, disclosure, and enforcement addresses how evidence is produced, shared, and used to assess
compliance and guide intervention. Coordination concerns cooperation and shared investment among organizations,
communities, and jurisdictions.

Game theory also supports the design of mechanisms that account for these interactions. Contracts, reporting rules,
inspection policies, and access conditions change the consequences of an actor’s choices. Zhang et al. develop this
perspective through the Incentive Compatibility Sociotechnical Alignment Problem (ICSAP) [26]. In AT auditing, Bova
et al. show how alternative payment rules change auditors’ incentives to maintain oversight [27]. Therefore, the design
problem includes both the technical assessment and the incentives surrounding its production and use.

For computer science research, these questions lead to computational problems in equilibrium analysis, opti-
mization, learning, and verification. A mechanism must specify observable inputs and implementable decisions. Its
evaluation must examine strategic responses, computational cost, and the governance outcome of interest. The same
analysis informs procurement, investment, delegation, and organizational accountability. Game theory provides a
common framework for connecting these technical and organizational decisions.

1.2. Objectives and Contributions

The objective of this perspective paper is to examine how game theory can analyze and support Al governance
decisions. The paper does not aim to provide a systematic literature review or exhaustive coverage of the literature. The
technical focus is on model formulation, equilibrium analysis, computational solution methods, and the implementation
and evaluation of governance mechanisms. The main contributions of this paper can be summarized as follows.

* Background on AI governance and game theory. We introduce the functions and components of Al gover-
nance and explain its relationship with Al risks and safety. We describe how game theory provides mathematical
tools to analyze strategic interactions and optimize governance actions and decisions under specified objectives
and constraints.

* Game models organized by governance tasks. We classify selected studies into (i) incentives and responsibility,
(ii) regulation and AI markets, (iii) auditing, disclosure, and enforcement, and (iv) coordination. Within each
task, we compare game models, information assumptions, solution methods, and governance outcomes, and
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map their uses to ten operational processes. We discuss computational cost and implementation requirements
where evidence is available.

* Perspectives on applicable game models. We examine game-theoretic methods for learning, data valuation,
explainable Al, agent interaction, and computational mechanism design that can address emerging governance
tasks. We explain the required changes to players, actions, information, and objectives. We identify which
applications are proposed and which mechanisms have been evaluated in Al settings. The analysis includes
how explanations can support audit and assurance evidence.

* Future research directions. We discuss how game theory can support Al ethics, adaptive governance, and
automated mechanism design. We identify challenges in scaling the models, estimating payoffs from real-world
data, and addressing incomplete and imperfect information, with candidate formulations and evaluation criteria.

The novelty of this perspective paper is the joint analysis of Al governance tasks, game models, and mechanism design
requirements. This comparison explains why a game model is suitable for a particular decision and which assumptions
limit its use.

1.3. Related Reviews and Positioning

Existing surveys provide foundations for both governance and its technical implementation. Batool et al. organize
Al governance based on who is accountable, what is governed, when governance occurs, and how it is implemented
[7]. Papagiannidis et al. examine structural, relational, and procedural practices for responsible Al governance [8].
Reuel et al. organize technical Al governance by capacities and targets and identify open problems [10]. Wei and Liu
review robustness, privacy, fairness, and governance in distributed Al systems [28]. These works clarify governance
requirements and technical research problems.

Other reviews examine alignment and strategic interaction. Ji et al. distinguish forward alignment from backward
alignment, with assurance and governance included in backward alignment [29]. Han reviews evolutionary game theory
for multi-agent systems, including the regulation of Al development [30]. Sun et al. survey game theory and LLMs
through game-based benchmarks, algorithmic innovations, and societal impacts [31]. Their expanded version adds a
fourth perspective on LLM-assisted game modeling and solving [32].

Two recent papers are closely related to this perspective paper. Zhang et al. develop the ICSAP perspective
through mechanism design, contract theory, and Bayesian persuasion [26]. Cai et al. organize game-theoretic alignment
around preference diversity, alignment priority, and temporal dynamics, with a main focus on post-training alignment
[33]. These papers establish links between game theory, alignment, and governance. Their scope differs from this
paper’s comparison across governance tasks, which connects formal models and computational methods to mechanism
implementation and evaluation. Table 1 summarizes the additional coverage and analysis.

Covert et al. organize removal-based explanations through feature removal, the explained behavior, and the sum-
mary of feature influence [34]. Their framework clarifies the connection between cooperative games and explanation
methods. Section 5.2 connects this technical foundation to auditing, disclosure, and verification of governance evidence.

Figure 1 relates the game formulations in the study comparison tables to operational governance processes. We
examine models that specify players or coalitions, actions or contributions, payoffs or values, and a solution concept
relevant to an Al governance decision. The tables include direct applications and proposed governance uses, while
background sources and studies discussed only for context are excluded from the coverage counts. The Sankey diagram
shows how these associations are distributed across processes. Contracts and auctions are distinguished, and the
additional Stackelberg/sequential, repeated, stochastic/Markov, and zero-sum labels capture structures that can occur
together. AI-Control Games, for example, combine stochastic modeling with zero-sum reductions [35]. The diagram
summarizes the study-level mapping used in the comparison tables.

Among the selected studies, evaluation and assurance receive the largest share of formulation—process associations.
Non-cooperative and cooperative models both contribute prominently to these associations. The Sankey diagram makes
the broader pattern visible. Several formulations inform each of these governance activities, and individual formulations
extend across multiple activities. This overlap motivates the task-based comparisons in Sections 3—6, where the decision
and its implementation requirements determine which model is useful. Next, we outline the structure of this paper.

1.4. Structure of the Paper
Figure 2 shows the organization of the paper. Section 2 introduces the governance and game-theoretic foundations.
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Table 1

Game Theory for Al Governance

Positioning relative to related reviews and perspectives.

Related work

Main organizing focus

Additional analysis in this paper

Batool et al. [7] and
Papagiannidis et al. [8]

Governance questions and organizational
practices

Connect governance decisions to game models
and solution methods.

Reuel et al. [10]

Technical Al governance: capacities and targets

Analyze strategic incentives, solution methods,
and mechanism interactions within governance
tasks.

Wei and Liu [28] Robustness, privacy, fairness, and governance Connect technical requirements to incentive
in distributed Al design and institutional decisions.
Jietal. [29] Forward alignment and backward alignment Compare models for incentives, markets,
accountability, and coordination.
Han [30] Evolutionary game theory, including Al Compare several game types and their

development races

computational methods within the same tasks.

Sun et al. [31, 32]

Game theory and LLMs: evaluation, algorithms,
societal impacts, and LLM-assisted game
modeling

Organize the analysis by governance tasks
across Al systems and their providers.

Zhang et al. [26]

ICSAP, mechanism design, contract theory, and
Bayesian persuasion

Compare task-specific models, implementation
requirements, and supporting evidence.

Cai et al. [33] Preference diversity, alignment priority, and Examine governance decisions and the
temporal dynamics interaction of mechanisms across tasks.
Game-type/process associations

I P1
G1 m P2
j P3
j P4

G3 -
G4 = I P6

G5 m

G6 I j r
G7 B l P8
G8 = m P9
GY m = P10

Game types and formulations (overlapping)

m G1 Non-cooperative
m G4 Contract theory
m G7 Repeated

m G2 Cooperative
m G5 Auctions/contests
m G8 Stochastic/Markov

Al governance processes

P1 Establish policies and responsibilities

P2 Register and classify Al assets

P3 Assess risks and impacts

P4 Govern data, dependencies, and suppliers
P5 Evaluate, test, and assure systems

G3 Evolutionary
m G6 Stackelberg/sequential
m G9 Zero-sum

P6 Approve deployment and controls
P7 Monitor operations, performance, and compliance

P8 Document, disclose, and audit

P9 Handle incidents, exceptions, complaints, and remedies
P10 Manage changes and retirement

Figure 1: Game types and formulations across governance processes for the 59 distinct studies in Tables 4—9. Ribbon
widths show 223 game-type/process associations, with colors identifying formulations. G1-G5 describe game types and
mechanisms; G6—G9 record timing, state, or payoff formulations, including zero-sum reductions. Assignments overlap,
s0 a study can contribute to several ribbons. Cooperative models include coalition-value methods and shared-objective

human—Al games.

Sections 3-6 examine the four tasks, and Section 7 draws out their shared implementation problems and research
directions. Finally, Section 8 concludes this paper.

D. Niyato et al.: Preprint submitted to Elsevier

Page 4 of 37



Game Theory for Al Governance

1 Introduction 2 Background
Motivation and paper structure Al governance, risk and safety, and game models
v v v v
3 Incentives and 4 Regulation and 5 Auditing, Disclosure, 6 Coordinati
Responsibility Al Markets and Enforcement oordination

Contracts and allocation Rules and competition Audits and explainable Al Collective action

[ I
!

7 Synthesis and Research Directions

Cross-task dependencies, mechanism combinations, and research directions 8 Conclusion
Figure 2: Organization of the paper.
a Governance setting b Risk-related concepts c Game representation
— —>
Scope ( . ] Pl ]
Data, Al models, applications, . Risk ayers
infrastructure, and processes Likelihood and harm Actors, agents, or features

l mitigation l

T govern assets - -
Strategies or coalitions

Safety . ;
P t and red h Investment, inspection,
Actors reventand reduce harm feature inclusion
va'c.'ers‘ deployers, l.".sers‘ T intended behavior l
auditors, and authorities ”
- 2 : : N
) Alignment ] Values and information
i Goals and human preferences ) Benefits, costs, predictions,
allocate authority p and observations
Levels P N l
Team, organization, industry, .
national, and international ) Assurance - Solution concepts
Claims, arguments, evidence Equilibrium and allocation

Governance defines requirements. Risk and assurance define objectives and evidence.

Actors or explanatory units define players. Strategies or coalitions define their interaction.

Figure 3: Connections between governance, risk-related concepts, and game models. (a) Governance specifies scope,
actors, and levels. (b) Risk concerns likelihood and harm. Safety, alignment, and assurance concern harm reduction,
intended goals, and supporting evidence. (c) Games specify players, strategies or coalitions, values, information, and
solutions. Features can be cooperative-game players. Arrows show conceptual dependencies in our synthesis of
Sections 2.1-2.5 [3, 10, 36].

2. Background on AI Governance, Risks, Safety, and Game Theory

This section introduces the scope, functions, and components of Al governance. It explains their relationship with
Al risks, safety, alignment, and assurance. It then presents the game-theoretic foundations used in the subsequent
sections. Figure 3 connects the governance setting, risk-related concepts, and game-model elements. It provides a
common representation for the task-specific models in Sections 3-6.

D. Niyato et al.: Preprint submitted to Elsevier Page 5 of 37



Micro-governance

Individual and system policies

Individual and system
decisions

o]
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Organizations

Platforms and markets

Macro-governance

National and aggregate policies

National / international
policy
P

Il &

Human-Al oversight
[40, 41]

Delegated learning
[24, 42]

Individual explanations
[20, 43]

Preference alignment
[44, 45]

Safety investment
[22, 23, 46]

Responsibility allocation
[47, 48, 49]

Auditor incentives
[27]

Liability and supervision
[50]

Algorithmic competition
[61, 52, 53, 54]

Model openness
[55]

Privacy protection
[56, 57]

Disinformation governance
[58]

Safety rules and incentives
[25, 59, 60]

Digital sovereignty
[61]

Global coordination
[62]

Oversight mechanisms
[27, 63]

Figure 4: Representative game models by governance decision scope, from individual systems through organizations
and markets to national and international policy. Placements indicate the primary application and may overlap.

2.1. AI Governance: Scope, Actors, and Levels

Al governance specifies how decisions about Al are made, implemented, and reviewed. It defines authority,
objectives, and accountability across data, models, computing infrastructure, applications, and organizations [7, 10].
Because multiple actors can influence the same Al service, their responsibilities depend on the parts of the system they
control [2]. Technical dependencies and data practices can connect their decisions across organizational boundaries
[37, 38]. A provider develops or supplies an Al model, an application developer integrates it with other components,
and a deployer determines its operational use [2]. Governance also involves data suppliers, infrastructure providers,
users, auditors, public authorities, and affected communities, bringing together both the actors making decisions and
the parties affected by them.

The allocation of responsibilities also depends on the level at which decisions are made. Batool et al. classify
governance at the team, organization, industry, national, and international levels [7]. These levels are connected.
An organizational policy can translate an external requirement into operational rules, while an industry initiative
can support shared evaluation or reporting practices. Within an organization, governance is implemented through
structural, procedural, and relational practices [8]. Structural practices allocate roles and decision rights, procedural
practices establish assessment, approval, monitoring, and review, and relational practices support communication and
cooperation. These arrangements, in turn, rely on technical analysis and tools to implement governance objectives [39].
A model release policy, for example, requires an evaluation procedure, access to relevant evidence, and a process for
responding to identified risks. Organizational responsibilities and technical capabilities therefore work together to put
governance requirements into practice.

To relate these governance levels to the game models examined here, we group representative models by their
existing or proposed governance uses along a micro—macro spectrum in Figure 4. Micro-governance concerns
decisions about individual actors and Al systems, such as effort incentives and human oversight. Organizational and
platform arrangements form an intermediate, or meso, level, while macro-governance concerns national, regional, and
international policies and their aggregate effects. This grouping helps examine how decisions at one level affect choices
at another. A national rule can change organizational incentives and, through them, influence individual investment or
oversight decisions.

Alongside decision scope, Figure 5 groups representative models by their potential governance decision horizon.
Short-term governance responds to observed behavior through controls, monitoring, and rule updates. Longer-term
governance shapes safety investment, commitments, and institutions for future Al capabilities. The horizon refers
to the decision being governed. An operational control can serve a long-term objective, while a repeated game can
describe rapid interaction. Section 7.1 uses scope and horizon together to identify where decisions at one level depend
on commitments at another.
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Short-term governance Long-term governance
Adaptive responses to current risks Future-focused decisions and institutions
Operational response Strategic investment
Deployment controls [35] Safety investment [22, 23]
Human intervention [40, 41] Safety commitments [46]
Behavioral auditing [64, 65] Oversight and cooperation [27, 68]
4 &, S —
Y
A
! L

Adaptive oversight Future institutions

Model monitoring [43, 66] Common safety rules [25, 59]

Learned incentives [67] Digital sovereignty [61]

Oversight incentives [27] Global coordination [62]

Figure 5: Representative models by governance decision horizon, from operational response to investment and
institution building. Positions are qualitative; adaptive mechanisms can serve several horizons. Decision scope is shown
separately in Figure 4.

2.2. Governance Functions, Components, and Lifecycle Processes

The NIST AI Risk Management Framework defines the four functions GOVERN, MAP, MEASURE, and
MANAGE [3]. GOVERN establishes responsibilities and processes. MAP identifies the context and potential impacts
of an Al system. MEASURE assesses risks and relevant system characteristics. MANAGE prioritizes risks and selects
responses. GOVERN applies across the other functions, which support iterative use throughout development and
deployment.

To describe the governance decisions compared in this paper, we organize governance components into six elements.
This is an analytical organization used in this paper, informed by governance reviews [7, 8].

1. Actors and responsibilities. The participants, their authority, and their duties. These determine who can make,
implement, inspect, or revise a decision.

2. Governed assets. The data, models, infrastructure, applications, and operational processes subject to governance.
Their boundaries determine what can be observed and controlled.

3. Objectives and requirements. The outcomes and conditions that governance seeks to achieve. These can include
safety, privacy, fairness, transparency, service quality, and acceptable resource use.

4. Decision rules. The rules for approval, access, reporting, reward, and corrective action. These translate
requirements into decisions and consequences.

5. Operational processes. The activities that implement the rules, including evaluation, auditing, monitoring,
incident response, and review.

6. Evidence and feedback. The records and observations used to assess claims, support decisions, and revise
requirements. Examples include evaluation results, model and dataset documentation [69, 70], documented
explanations with their assumptions, audit records, and incident reports.

The governance components provide a common basis for comparing the game models examined here. Actors and
responsibilities identify the relevant players and decisions, while governed assets define the scope of the interaction.
Objectives and decision rules inform the analysis of payoffs and incentives, and evidence clarifies what participants
can observe. We use these elements to relate each model’s formulation and assumptions to the governance problem it
addresses. Additionally, we group operational governance activities into ten processes, based on lifecycle governance
and risk-management frameworks [3, 7, 8].

P1. Establish policies and responsibilities. Define policies, standards, governance structures, operating arrange-
ments, and accountability for Al-enabled and agent-enabled activities.
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Table 2
Governance tasks, technical implementation, and process coverage. Process sets are the union of the study-level
mappings within each task; tasks can arise at several lifecycle stages.

Governance task Technical implementation Governance processes and implications
Incentives and Contribution measurement, performance P1, P3-P6, P8, P9. Reward effort, allocate costs,
responsibility (Section 3) records, controls on delegated actions. and assign responsibility.
Regulation and Al markets | Access conditions, evaluation requirements, P1-P8. Relate requirements to investment,
(Section 4) resource allocation rules. competition, and deployment.
Auditing, disclosure, and Model documentation, explanation evidence, P1—-P10. Determine what to report and inspect,
enforcement (Section 5) independent evaluation, audit and incident and how to enforce compliance.
records.
Coordination (Section 6) Shared evaluations, incident reporting, P1, P5-P9. Support participation, information
interoperable controls. sharing, and joint investment.

P2. Register and classify Al assets. Maintain an inventory of models, applications, deployed agents, owners,
dependencies, and risk tiers across the Al portfolio.

P3. Assess risks and impacts. Examine effects on users, workers, security, and economic outcomes, including
foreseeable misuse, affected groups, and failure scenarios.

P4. Govern data, dependencies, and suppliers. Set requirements for data, model providers, vendors, tools, and
application programming interfaces (APIs).

PS. Evaluate, test, and assure systems. Validate intended uses and controls through assessment, red teaming, and
repeated testing as systems or conditions change.

P6. Approve deployment and controls. Authorize release, permissions, and intervention conditions.

P7. Monitor operations, performance, and compliance. Track runtime behavior, risk, service quality, resource costs,
productivity, capacity, and compliance against defined thresholds.

P8. Document, disclose, and audit. Maintain records, report limitations, and verify claims.

P9. Handle incidents, exceptions, complaints, and remedies. Establish escalation, runtime intervention, exception
handling, corrective action, and routes for redress.

P10. Manage changes and retirement. Reassess updates and decide continued use or withdrawal.

These processes identify the operational governance activities to which the models examined here apply. In the
study comparison tables, the P1-P10 labels indicate whether a model informs activities such as supplier governance,
evaluation, deployment approval, or incident response. A model may contribute to several processes. For P2, we
consider how regulatory models could inform risk-tier criteria for registered Al assets and how strategic-classification
models could test responses to those criteria. Sections 3—-6 organize the studies around the four governance tasks
introduced earlier, grouping models that address related strategic problems across these activities. Table 2 summarizes
the relationship between the four tasks and the operational processes.

2.3. Responsible Al, Risks, Safety, Alignment, and Assurance

Responsible Al concerns how organizations develop and use Al in ways that can be justified to affected people.
It connects safety, fairness, privacy, transparency, and accountability to decisions, responsibilities, and evidence
throughout the lifecycle [3, 8]. Governance makes these objectives operational by assigning decision rights, setting re-
quirements, and checking their implementation. In practice, this includes determining who selects safety requirements,
funds evaluations, authorizes deployment, and responds to incidents. Safety research provides methods and evidence
for these decisions, while governance also addresses transparency, participation, fair access, and market organization
[8,9].

Al risks concern potential adverse effects of Al development and use. Assessing these risks helps identify the
harms that governance requirements seek to prevent. For a harmful event, risk depends on its likelihood and the
magnitude of harm, so an assessment must specify the event, the affected parties, and the deployment conditions,
while accounting for uncertainty [3]. A measured failure rate provides evidence about a particular evaluation setting.
Its relevance to deployment depends on how that setting relates to operational conditions. For generative Al, relevant
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risks include information integrity, privacy, harmful bias, information security, and fabricated or unreliable outputs
[4, 71]. For agentic Al, tool access and delegated authority also affect the consequences of system actions [2]. The
same model can therefore present different risks when deployed with different permissions, users, or opportunities for
human intervention.

Al safety concerns preventing and reducing harm under these conditions. Amodei et al. identify problems
involving side effects, reward hacking, scalable supervision, safe exploration, and distributional shift [72]. These
problems link possible failures to the learning objective, training process, and deployment environment, showing why
safety assessment must consider more than predictive performance. Alignment and security address related concerns.
Alignment examines how system objectives and behavior relate to intended goals and human preferences [29, 73, 74],
while security addresses threats such as unauthorized access and manipulation [3, 10]. A poorly specified objective
raises an alignment concern, unfamiliar operating conditions can create safety risks, and adversarial interference raises
security concerns. These sources of harm can overlap, so governance decisions must consider both the relevant risks
and the controls available to address them.

Al assurance concerns the arguments and evidence supporting claims about an Al system [17, 75]. A safety case
organizes this material for a deployment decision. It specifies the system and conditions of use, states the safety claim,
and explains how the evidence supports that claim. Explainable AI can contribute by helping people understand an
output or its dependence on inputs. Cooperative feature attribution and interactive verification provide different forms
of explanation [20, 21]. Their contribution to an assurance claim depends on the explanation’s target, assumptions, and
reliability, together with other evidence relevant to safety, fairness, or causal responsibility. For example, a system may
be explainable while still exposing users to unacceptable harm or leaving them without an effective way to challenge
a decision. Section 5.2 examines how explanation methods can support governance evidence.

Governance decisions bring these objectives, risks, and evidence together. Requirements for safety, alignment, and
security reflect the broader aims of responsible Al and the risks associated with a particular use. Assurance organizes the
arguments and evidence used to assess whether these requirements are met under the intended deployment conditions.
Together, these requirements and assessments inform decisions about deployment, monitoring, and intervention. Game
theory examines the incentives and interactions behind these decisions, including how actors invest in safeguards,
produce and disclose evidence, and respond to oversight.

2.4. Elements and Solution Concepts of Governance Games

A game model specifies players, actions, information, payoffs, and the order of decisions [36]. Players can
represent firms, regulators, auditors, users, or Al agents. Actions include investment, disclosure, inspection, release,
and cooperation. A strategy specifies how a player selects actions using available information. Payoffs represent the
objectives attributed to that player.

The information structure determines what each player knows before and during decision making. Complete
information concerns knowledge of the game’s characteristics, including payoffs. Perfect information concerns
observation of previous actions. The timing determines whether a player can commit before others respond. These
structures affect both strategic behavior and the information needed to implement a mechanism.

For a normal-form game, let N denote the set of players, A; player i’s feasible actions, and u;(a;, a_;; m) its payoft
under governance rule m. A pure-strategy Nash equilibrium a* satisfies

w(a;,a*;;m) > ua;, a” ;m), Vi € N, Va; € A;. €))
A Nash equilibrium is a strategy profile in which no player gains from changing its own strategy while the other
strategies remain fixed. For example, a provider’s safety investment must be a best response to competitors’ investments
and the applicable audit rule. A pure equilibrium need not exist. Finite games admit an equilibrium in mixed strategies,
with the inequality applied to expected payoffs [36]. Equilibrium does not imply that the outcome is safe, fair, or socially
efficient. Figure 6 illustrates how development speed, safety costs, and monitoring determine developers’ expected
payoffs and change their equilibrium strategies.
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(a) Game formulation lllustrative adaptation of [23]
Developer A Market benefit = 6 Developer B
SAFE or UNSAFE — Benefit is allocated in proportion to speed D — SAFE or UNSAFE
Maximize expected payoff among developers eligible to receive it. Maximize expected payoff

SAFE :cost=1;speed=1 UNSAFE : cost = 0; speed = 2; 40% chance of losing its own gains

Monitoring rule: each UNSAFE developer is detected independently with probability q.
Detected developers receive no benefit; eligible developers share the market benefit.

(b) No monitoring (q = 0) (c) Monitoring (q = 0.5)
Developer B Developer B
SAFE UNSAFE SAFE UNSAFE
T sare (2, 2) (1, 2.4) T sare (2,2) (3,1.2)
Q Q Nash equilibrium
o K]
[ [
& unsare  (2.4,1) (1.8,1.8) & unsare  (1.2,3)  (1.35,1.35)
Nash equilibrium
Expected payoffs: (Developer A, Developer B) Expected payoffs: (Developer A, Developer B)
UNSAFE is strictly dominant. SAFE is strictly dominant.
Against SAFE: UNSAFE gives 2.4 > 2. Against SAFE: SAFE gives 2 > 1.2.
Against UNSAFE: UNSAFE gives 1.8 > 1. Against UNSAFE: SAFE gives 3 > 1.35.
Best-response comparisons apply to both developers. Best-response comparisons apply to both developers.

Governance role: monitoring and exclusion make SAFE the best response in this example.

Figure 6: An illustrative safety-investment game adapted from the SAFE/UNSAFE payoff structure in [23]. (a) Two
developers choose SAFE or UNSAFE to maximize expected payoffs. SAFE has speed 1 and cost 1. UNSAFE has
speed 2 and no cost, but a 40% probability of losing its own gains. When both developers are eligible, developer i
receives 6s,/(s, + s;) from a total market benefit of 6, where s, and s; denote their speeds. Equal speeds give each
developer 3. In a SAFE-UNSAFE pair, the faster UNSAFE developer receives 4 and SAFE receives 2. Speed changes
the relative allocation, not the total benefit. (b) Without monitoring, mutual SAFE gives each developer 3 — 1 = 2. A
SAFE-UNSAFE pair gives payoffs (2 — 1, 0.6 x 4) = (1, 2.4), while mutual UNSAFE gives each 0.6 x 3 = 1.8. Thus,
UNSAFE is strictly dominant and mutual UNSAFE is the unique Nash equilibrium. (c) Monitoring independently detects
each UNSAFE developer with probability ¢ = 0.5. A detected developer receives no benefit, and a sole eligible developer
receives all 6. In a SAFE-UNSAFE pair, SAFE obtains 0.5x2+0.5x 6 — 1 = 3, while UNSAFE obtains 0.5 x 0.6 x4 = 1.2.
Under mutual UNSAFE, each obtains 0.6(0.25 x 3 + 0.25 x 6) = 1.35. Mutual SAFE still gives (2,2). Therefore, SAFE
becomes strictly dominant and mutual SAFE is the unique Nash equilibrium. Payoff pairs list A first and B second. The
numerical values are illustrative. Monitoring is fixed, and personal setbacks are independent of detection. Monitoring
costs, false positives, the final race prize, and evolutionary dynamics are omitted.

Stackelberg models add a commitment sequence. A leader chooses £ € L, after which a follower chooses f € F(?).
Define the follower’s best-response set and a selected response by

Bp(¢) = argmaxug(?, f), b(?) € Br(?). 2)
fEF()

Given that response rule, the leader solves

£* € argmaxuy (7, b(¢)), f*=b(). 3)
feL

An auditor, for example, may commit to an inspection policy before a provider selects its compliance effort. If the
follower has several best responses, the model must specify how b is selected because favorable and unfavorable tie-
breaking can lead to different leader decisions [76]. The governance interpretation also requires the leader to have
authority and a credible means of implementing its commitment.
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These definitions express assumptions about responses to specified incentives. They do not assert that people or Al
systems always optimize consistently [77]. Limited information, computational constraints, learning, and behavioral
biases may require approximate, Bayesian, or evolutionary formulations [36]. An e-equilibrium, for instance, allows
each player a gain of at most € from a unilateral deviation. Bayesian Nash equilibrium accounts for private types and
beliefs, while subgame-perfect equilibrium requires equilibrium behavior in every subgame [36].

Cooperative concepts allocate coalition value. The core rules out profitable coalition deviations, whereas the
Shapley value assigns average marginal contributions. For a transferable-utility game with coalition value v, v(@) = 0,
and n players, the Shapley allocation to player i is [78]

|S|!(n—|S|—1)!
Z n!

¢;(v) = [u(S U {i}) = v(S)). “

SCN\({i}

The allocation depends on how coalition value is defined. In a governance application, interpreting it as moral or legal
responsibility requires additional normative assumptions.

A governance mechanism specifies rules, such as payments, reporting procedures, and access conditions. A solution
concept specifies the behavior or allocation being analyzed. An algorithm computes or learns a solution under those
rules [79]. These objects serve different roles. An algorithm can solve a specified game accurately while the game’s
assumptions provide an incomplete representation of the governance problem.

Computational feasibility is another requirement. General equilibrium computation can be difficult [80]. Therefore,
practical methods can use restricted strategy spaces, approximation, sampling, or learning. Multi-agent reinforcement
learning provides methods for learning policies through interaction [81]. Their use requires attention to observability,
changes in other agents’ policies, and the relationship between empirical performance and the claimed solution concept.

2.5. Game Models and Their Roles in AI Governance

Model selection begins with the governance decision. In non-cooperative games, actors choose strategies according
to their own objectives. Normal-form representations specify complete strategies and payoffs, while extensive-form
representations make decision sequences and information sets explicit. These models identify conflicts between
individual incentives and collective outcomes. Al development races provide examples in which strategies for safety
depend on competitors’ actions [22, 23]. The relevant governance question is how a change in rules affects those
strategies and the resulting risk.

Stackelberg games can represent an authority announcing an inspection policy before firms choose compliance
effort. Paruchuri et al. solve Bayesian Stackelberg security games using mixed-integer linear programming [76].
Transfer to Al governance requires specifying what the authority can commit to, what participants observe, and how
their responses are modeled.

Bayesian games represent private information and beliefs. Signaling models examine how observable actions affect
beliefs. Bayesian persuasion studies commitment to an information structure that influences a receiver’s decision [82].
These models support analysis of disclosure and sociotechnical alignment [26]. Applications must identify the private
information, the credibility of a signal, and the decisions that the signal can change.

Repeated games allow strategies to depend on previous interactions. Stochastic games also include states that
change with actions and uncertainty. Partial observability restricts decisions to the available observations. Repeated
pricing games provide an example of persistent strategic interaction [51]. AI-Control Games use a multi-objective,
partially observable, stochastic game to study deployment protocols [35]. These models are relevant when monitoring,
reputation, or future access changes present incentives.

Evolutionary game theory studies changes in the prevalence of strategies through performance, imitation, or
selection. Replicator dynamics describe population shares, while stochastic population models account for random
changes in finite populations. Al race and auditing studies use these methods to examine the adoption of practices under
different incentives [23, 27]. Their interpretation depends on the assumed strategy revision process and population
structure.

Cooperative games represent the value that coalitions can produce. Bargaining additionally accounts for disagree-
ment outcomes and negotiating power. Data Shapley applies contribution-based valuation to training data [83]. In
explainable AI, SHAP and SAGE instead treat features as players and allocate a prediction or predictive performance
[20, 84]. Features serve as explanatory units in a value allocation. Governance applications require a value function
that represents the intended outcome.
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Table 3
Game models and frameworks for Al governance. Uses include existing applications and possible applications.
Model or framework Key structure and methods Governance processes and implications
Non-cooperative games Individual objectives, equilibrium analysis. P1, P6. Competition and safety investment
[22, 23].
Stackelberg games Commitment and follower responses, bilevel or P5, P6, P7. Inspection, access policies, and
mixed-integer optimization. evidence verification [21, 76].
Bayesian games and Private information, equilibrium or signal P6, P8. Disclosure and strategic reporting
information design optimization. [26, 82].
Repeated and stochastic History and evolving states, dynamic P7, P10. Monitoring and deployment protocols
games programming and policy optimization. [35].
Evolutionary games Strategy revision in populations, replicator P1, P7. Adoption of safety practices and auditing
dynamics or stochastic processes. incentives [23, 27].
Cooperative games and Coalition value and disagreement outcomes, P4, P8, P9. Contribution rewards, shared costs,
bargaining allocation rules. and explanation evidence [20, 83].
Mechanism design and Strategic participation and hidden effort, P4, P8. Rewards, contracts, and reporting
contract theory optimization under incentive constraints. mechanisms [85, 86].

Mechanism design selects rules for strategic participants. Incentive compatibility makes prescribed behavior
optimal under the specified model. Individual rationality makes participation preferable to an outside option [85].
Contract theory addresses hidden information, hidden actions, and control rights [86]. These issues arise when
development or evaluation effort is costly and difficult to observe [26, 27]. A governance application must specify
which outcomes can be verified and which commitments can be enforced.

Feedback between deployment and future observations is also important. Perdomo et al. study performative
prediction, where deploying a predictor changes the distribution on which it is evaluated [87]. This provides a
complementary account of feedback. A strategic model additionally specifies the actors’ objectives and responses. For
governance, the connection motivates analysis of how evaluation rules, contracts, and deployment decisions change
the evidence available in later periods [88, 89]. Table 3 summarizes the main models and their governance uses.

3. Incentives and Responsibility

Al governance requires incentives for responsible development and a basis for assigning responsibility [26, 47].
These tasks concern who bears costs, who receives benefits, and who controls actions. They arise when development
effort is difficult to observe, several participants contribute to a system, or multiple actors can influence an outcome [24,
49, 83]. The decisions range from setting responsibilities and assessing risk to governing suppliers, evaluating systems,
approving deployment, documenting contributions, and assigning remedies. Table 2 summarizes the corresponding
process coverage.

This section examines safety investment, delegated learning, contribution rewards, responsibility allocation, and
liability and insurance. The discussion connects each task to its game model, solution method, and governance role.
Table 4 summarizes the game details and governance benefits.

3.1. Incentives for Safety Investment

Safety investment creates a conflict between completing Al development first and avoiding shared harm [90].
Competing teams choose precautions that improve safety but reduce their competitive advantage [22]. Payoffs depend
on the winner, safety, and preferences over another team’s success. Nash equilibrium analysis shows how more
competitors, greater enmity, and capability information can increase risk. This conflict extends across sequential
development steps. SAFE and UNSAFE strategies trade safety costs and slower progress against intermediate returns,
a final prize, and disaster risk [23]. Fixation probabilities and stationary distributions identify conditions under which
unsafe strategies spread despite collective harm.

Governance can address this dilemma through commitments followed by enforcement. Developers can voluntarily
agree to act safely, with peer or institutional sanctions for violations [46]. Evolutionary analysis shows how conditional
sanctions support safety in the social-dilemma region while preserving beneficial risk-taking in low-risk settings.
Enforcement can also change development speed. Safe developers bear a speed cost to slow unsafe competitors or
accelerate safe competitors [91]. Punishment promotes safety but can cause over-regulation, whereas rewards avoid this
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Al race dynamics: development progress and strategy evolution

lllustrative simulation based on the published model [91] + Two distinct timescales

(a) Within-race progress (b) Without punishment (c) With punishment
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— = AS, no punishment === PS, punishment = AS:always SAFE —— AU: always UNSAFE

— = AU, no punishment == AU, punished AU: always UNSAFE —— PS: SAFE + punishment

Figure 7: lllustrative Al race dynamics based on the development-race payoffs and pairwise comparison rule in [91].
AS always follows safety precautions. AU always ignores them. PS follows them and punishes an unsafe opponent. (a)
Development progress using the fixed-target representation of the payoff calculation. Dashed lines show AS against AU.
Solid lines show PS against AU. Each pair stops when its winner reaches W = 100. After the first round, punishment
reduces AU’s speed from 1.5 to 0.5 and PS’s speed from 1 to 0.8. AU wins the unpunished race at approximately 66.7
rounds, whereas PS wins the punished race at 124.75 rounds. (b,c) Population trajectories under Fermi imitation, with
Z = 100, p = 0.01, and no mutation. Initial counts (AS, AU, PS) are (50, 50,0) and (25, 50, 25), respectively. Lines show
means over 1,000 independent simulations. Shading gives pointwise 95% Monte Carlo confidence intervals for the
means. One unit of evolutionary time comprises Z update attempts. Other parameters are B = 10,000, b = 4, ¢ = 1,
and p, = 0.6. These transient simulations use illustrative punishment parameters s, = 0.2 and s, = 1. They do not
reproduce the source’s rare-mutation stationary analysis. The remaining AS and PS frequencies reflect neutral drift
once AU disappears.

effect in some regimes. These results connect agreement formation and enforcement costs to the safety—innovation trade-
off. Figure 7 illustrates development progress and population-level strategy evolution under the punishment model.

These incentives operate within a competitive setting shaped by entry and interaction. In an all-pay contest,
teams choose participation and costly R&D investment for a prize [92]. Equilibrium participation favors sufficiently
competitive teams, connecting taxation and procurement to race composition. Among participating developers,
heterogeneous networks determine whose payoffs are observed and whose strategies are imitated [93]. Large differences
in participants’ network degree can reduce the safety dilemma. The contest model concerns who enters the race,
while the network model concerns how safety practices spread among participants. These findings also motivate the
collective-investment questions in Section 6.1.

Incentives may also need to respond as the race progresses. In a framed experiment, paired participants choose
safe or unsafe development, trading faster progress and higher returns against accumulating private risk [94]. The
preregistered comparison between risk conditions was not supported. Exploratory analyses nevertheless associate
unsafe actions with falling behind and an opponent’s previous unsafe action. The experiment points to competitive
position as a factor to test when designing adaptive incentives. Applying the race models to operational safeguards still
requires estimates of safety costs, risk reduction, competitive delay, and enforcement capacity (Section 5).

3.2. Contracts for Delegated Learning

Delegation introduces a measurement problem because a principal benefits from learning but cannot fully observe
a supplier’s or developer’s effort [24, 26, 42]. Contracts link payments to observable outcomes, accounting for effort
costs, participation, and incentive compatibility [24, 86]. This approach connects Al alignment to incentives within a
sociotechnical system [26].

The payment rule first depends on what can be measured. For strategic data sources, costly effort reduces observa-
tion noise, and payments compare each report with an estimate excluding it [42]. Under the model’s assumptions, the
mechanism induces a unique dominant-strategy equilibrium and individual rationality. Worker and effort allocation
minimizes weighted estimation error plus payments, although computing the optimum can be NP-hard. Moving from
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data provision to delegated classification, providers choose training-sample numbers and receive validation-accuracy
payments [24]. The principal minimizes the maximum payment needed to induce a target action. Under the Concave
Monotone Likelihood Ratio Property, the Simple Binding Algorithm yields an optimal threshold contract. Thus,
procurement guarantees depend on the statistical relationship between effort and measured performance.

Participant heterogeneity then introduces selection and private information. In federated learning, a task publisher
combines reputation-based selection with computing-resource—reward contracts for devices with private data-quality
characteristics [95]. The owner values timely training less payments, while devices value rewards less training and
communication energy costs. Incentive compatibility and individual rationality constrain the menu. Zhan et al. instead
model a server that announces a total reward before edge nodes choose their training-data volumes [96]. The reward
is shared in proportion to those volumes, assuming independently and identically distributed data of equal quality.
The server values learning benefits less payments, while nodes value their reward shares less computation and
communication costs. The paper derives a Stackelberg solution with known information and uses deep reinforcement
learning to adapt rewards when that information is unavailable.

Procurement can further select among competing offers. FMore uses a multidimensional auction in which devices
bid resource qualities and prices, and earn payments less contribution costs [97]. Its analysis characterizes equilibrium
bidding and efficient-selection conditions. Learned auction design provides a related method for revenue maximization,
with allocation and payment networks penalizing bidders’ gains from misreporting [98]. Generalization bounds and
experiments support approximate incentive compatibility.

Across these mechanisms, the implementable contract is limited by the quality of the performance measure
[24, 86] and the credibility of payment commitments. Studies of algorithmic hiring illustrate why prediction targets
and validation procedures require scrutiny [99]. For evaluation services, test coverage and evidence quality are
plausible contract variables, but their relationship to costly assessment effort needs validation. Section 7.2 develops this
measurement problem alongside audit design. Section 7.4 considers the additional changes needed to adapt learned
auctions to procurement.

3.3. Contribution Measurement and Reward Allocation

Reward allocation begins by defining who contributes and what their joint contribution produces. Cooperative
games represent data contributors as players and data subsets as coalitions. The Shapley value allocates the speci-
fied coalition value through marginal contributions, satisfying efficiency, symmetry, additivity, and the null-player
property [78]. Data Shapley applies this allocation to predictive performance, using Monte Carlo and gradient-based
approximations to reduce evaluation costs [83]. Identifying helpful or harmful data can support supplier assessment
and contribution records. Related methods address efficient Shapley computation and valuation relative to a data
distribution [100, 101]. Robust valuation addresses noisy performance scores and uncertain validation distributions
[102, 103]. Influence functions provide a complementary way to trace predictions to training data [104].

Scaling this approach changes how contributions are measured. In-Run Data Shapley accumulates values across
gradient updates within one training run [105]. First- and second-order Taylor approximations reduce retraining
costs, supporting foundation-model contribution records. These values describe the observed training process, while
conventional Data Shapley evaluates subsets through retraining. The subsequent decision also matters. Without
restrictions on the utility function, Shapley scores need not distinguish better data subsets more reliably than random
guessing. They support optimal selection for monotonically transformed modular functions [106]. The contribution
studies grouped in Table 4 therefore distinguish valuation from selecting data or suppliers.

Turning values into rewards adds participation, budget, and incentive constraints [107, 108]. Replication and
contribution splitting require separate analysis [109]. A proposed governance application would value robustness or
failure detection and test whether the resulting payments encourage useful contributions. This connects valuation to
contract design (Section 3.2). Feature attribution (Section 5.2) uses related allocation principles, while responsibility
additionally requires information about actions and prevention capacity.

3.4. Responsibility Allocation in Multi-Agent Systems

Responsibility analysis moves from measuring contributions to asking who could prevent an outcome. Extensive-
form games represent actors’ actions, decision order, and information [47]. Forward responsibility concerns possible
plays, while backward responsibility concerns a realized play. Coalition responsibility supplies the value function for
individual Shapley allocations. A specified coalition’s responsibility can be checked in polynomial time, although full
allocation can require many coalitions. These results support prevention duties and incident analysis.
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Representative models for incentives and responsibility.

Study and task

Game details

Governance processes and
implications

Armstrong et al. [22]
and Han et al. [23, 46]:
safety investment

Type: non-cooperative development race, stochastic evolutionary
games. Players: competing developers. Strategies: precautions,
safe/unsafe development, and commitments. Payoff: development
benefits, costs, and disaster losses. Solution: Nash equilibria,
fixation probabilities and stationary strategy distributions.

P1, P5, P6. Explain how
competition changes safety
investment and when commitments
support responsible development.

Cai et al. [42] and
Saig et al. [24]:
delegated learning

Type: principal-agent mechanism and contract design. Players:
estimator/buyer and data workers/model provider. Strategies:
effort or sample acquisition, payment rule. Payoff: payment less
effort cost, estimation quality and procurement cost. Solution:
unique dominant-strategy equilibrium (Cai), optimal
incentive-compatible threshold contract under the likelihood-ratio
condition (Saig).

P4, P5. Reward costly data or
training effort through measured
outcomes, connect procurement to
learning performance.

Ghorbani and Zou
[83] and Wang et al.
[105, 106]:
contributions

Type: cooperative valuation. Players: data contributors.
Coalitions: subsets of training data or update contributions, the
coalition value measures joint performance. Value: specified
learning performance. Solution: Shapley allocation and
approximations.

P4, P8. Attribute measured learning
value and support contribution
records and reward design.

Baier et al. [47, 48]:
responsibility

Type: extensive-form games and cooperative attribution in
parametric Markov models. Players: decision-makers or parameter
contributors. Strategies: outcome-preventing plans, parameter
changes in attribution. Objective/value: avoid an outcome or
allocate a property change. Solution: responsibility criteria and
Shapley/Aumann-Shapley allocations.

P1, P3, P9. Identify prevention
capacity and allocate responsibility
or changes in modeled system
properties.

Karimian et al. [49]:
concurrent
responsibility

Type: Situation Calculus Synchronous Game Structures. Players:
concurrent agents. Strategies: actions and outcome-preventing
alternatives. Objective: causal involvement and strategic ability to
prevent an outcome, no monetary payoff is required. Solution:

P1, P9. Analyze responsibility when
concurrent actions, preemption, or
multiple sufficient causes affect an
outcome.

causal, strategic, and combined responsibility predicates.

When the concern is a change in system risk, parametric Markov chains provide a complementary representation
[48]. Parameters become attribution units, and path-based schemes, including Aumann-Shapley attribution, allocate
changes in a specified system property. The authors establish decidability results for threshold questions about these
allocations. Applied to a system model, the method can attribute changes in modeled failure probability to component
parameters. Causal claims about an observed incident require additional evidence.

Concurrent actions introduce a further problem because causal involvement and the ability to prevent harm can yield
different responsibility assignments. Situation Calculus Synchronous Game Structures represent concurrent agents and
combine causal and strategic responsibility [49]. The analysis handles preemption and multiple sufficient causes and
shows that causal, strategic, and combined notions need not coincide. The result characterizes responsibility through
actions and available alternatives. For Al services, permission records, tool calls, and incident traces could help
reconstruct actions and feasible alternatives. Additional evidence about each actor’s knowledge and control is needed
to connect the findings to contractual duties (Section 3.2) and liability (Section 3.5).

3.5. Liability Allocation for AI Services

Responsibility analysis identifies prevention capacity, while liability allocation changes incentives by assigning
losses. Obidzinski and Oytana model a sequence in which a policymaker sets liability sharing, a manufacturer chooses
autonomy investment and price, and users decide whether to adopt the service and intervene when needed [50].
Manufacturer payoff combines revenue, investment costs, and assigned liability, while user payoff combines service
benefits, intervention costs, and expected harm. In the baseline model, attention decreases with autonomy. An extension
makes attention depend on costly cognitive effort. Equilibrium comparisons characterize liability sharing and show how
behavioral inattention changes investment and adoption. The distinction between the baseline and extension matters
when using the model to design supervision requirements and remedies.

Insurance extends this incentive problem by transferring part of the remaining loss to an insurer. Section 7.2
develops it as an open modeling question, with attention to precaution incentives, audit evidence, and correlated failures.
Table 5 compares additional game models for incentives and risk allocation.
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Table 5
Additional Al-related game models for incentives and risk allocation. Payoffs and solutions refer to the cited model.
Study and task Game details Governance processes and
implications
Naudé and Dimitri [92]: Type: all-pay contest. Players: competing developers. Strategies: | P1, P6. Connect competition
development race entry and R&D investment. Payoff: winning value less investment, | and entry to policy incentives,
the alternative objective maximizes success probability subject to | qualify conclusions through the
non-negative profit. Solution: contest equilibrium and entry development objective.
conditions.
Han et al. [91] and Type: evolutionary games. Players: developers in populations or | P1, P5, P6. Identify risk regimes
Cimpeanu et al. [93]: networks. Strategies: safe/unsafe development and incentive and network conditions in which
safety incentives responses. Payoff: development returns, safety costs, disaster incentives support safety.

losses, and incentive-dependent speed. Solution: evolutionary
prevalence and stability under the modeled dynamics.

Kang et al. [95]: Type: contract design with reputation. Players: task publisher and | P4. Support reliable
federated-learning workers with private types. Strategies: participation and cost screening
participation computing-resource—reward contracts and contract choice. in distributed model

Payoff: timeliness benefit less payment, payment less energy development.

cost. Solution: individual-rationality and incentive-compatibility
constrained optimization.

Zhan et al. [96] and Zeng | Type: Stackelberg incentive game (Zhan), multidimensional P4, P5. Connect resource

et al. [97]: distributed procurement auction (Zeng). Players: server/publisher and allocation and participant

training devices. Strategies: total reward and training-data volume (Zhan), | incentives to training quality and
bids and resource attributes (Zeng). Payoff: learning value and efficiency.

transfers net of costs. Solution: leader—follower optimization,
auction equilibrium analysis.

Obidzinski and Oytana Type: sequential non-cooperative game. Players: policymaker, P1, P6, P9. Analyze how loss
[50]: Al liability manufacturer, users. Strategies: liability sharing, autonomy, price, | allocation changes autonomy,
adoption, intervention; attention effort in an extension. Payoff: supervision, and adoption

welfare, profit, or service value net of costs and assigned losses. | across users.
Solution: sequential optimization and liability-rule comparison.
Datting et al. [98]: learned | Type: learned auction mechanism. Players: designer and bidders. | P4, P5. Inform procurement of

auction design Strategies: allocation/payment rules and value reports. Payoff: Al evaluation services with
revenue for the designer and allocated value less payment for strategic suppliers and quality
bidders. Solution: neural optimization with regret penalties and constraints.

generalization bounds.

3.6. Summary and Lessons Learned

Safety incentives depend on competitive pressure, the cost of delay, and the credibility of enforcement. Contracts
require an observable outcome that distinguishes the costly actions that the principal wants to induce. Contribution
values and responsibility criteria can inform rewards or remedies, but the value being allocated and the actor’s ability
to prevent harm answer different questions. Their joint use therefore requires a clear account of effort, measurement,
and control.

4. Regulation and AI Markets

Regulation changes the conditions under which Al systems are developed, released, and used [25, 55, 59, 110].
Its effects depend on how model providers, application developers, and users respond. Game theory helps analyze
these responses and identify conditions under which a requirement improves governance outcomes. The decisions span
policy and risk classification, supplier obligations, assessment, deployment, monitoring, and disclosure, as summarized
in Table 2. This section examines safety standards, model openness, compliance incentives, privacy, explainability, and
algorithmic competition.

4.1. Safety Standards across the AI Development Chain

Sequential games are useful when regulation affects several stages of Al development. A general-purpose model
provider determines the initial capabilities and safety properties of an Al model. A domain specialist then adapts the
Al model for an application. A requirement imposed at either stage can change investment at both stages.

Laufer et al. model a regulator setting minimum safety requirements, followed by a general-purpose Al creator in-
vesting in safety and performance and a specialist adapting the model [25]. Returns combine shared application revenue
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a Sequential safety requirements b Circa compliance auction
Regulator Regulator
Select safety requirements Threshold and reward rule

standard / \standard / \
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B Al model Specialist Enterprise A Enterprise B
ase Al mode Application adaptation Costly compliance bid Costly compliance bid
investment
revenue share /eploymem Al mode\ /AI model
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Standards change sequential investment. Relative rewards change compliance incentives.

Figure 8: Game models for regulation. (a) Requirements affect generalist and specialist investment [25]. (b) Enter-
prises invest in compliance before assessment and reward allocation [59]. Arrows indicate decision and evaluation
dependencies. The return arrow from the outcome to the generalist indicates revenue sharing. Game-specific functional
assumptions are omitted.

and investment costs. Their subgame-perfect equilibrium analysis shows that, with quadratic costs and the specified
safety—performance interaction, weak specialist-only requirements can reduce safety. Appropriate requirements on both
actors can improve safety and performance through commitment. The result illustrates why requirements on different
parts of the development chain need to be analyzed jointly.

Figure 8 illustrates the decision sequence. A regulator needs to consider which actor controls each safety activity
and how a requirement changes subsequent investment. For example, requiring an application developer to correct an
Al model limitation can affect the provider’s incentive to address that limitation during development.

A similar sequence of decisions arises during deployment. Ahmed et al. add human reliance to a regulator—
organization hierarchy [111]. The regulator chooses audit and penalty intensity, the organization selects deployment
and oversight settings, and an operator chooses reliance on the Al recommendation. Backward induction and synthetic
simulations illustrate the interaction between these choices. The example broadens the set of modeled actors, while its
simulated risk reduction remains specific to the chosen utility and risk functions.

Across these models, the allocation of safety duties matters because training safeguards, application testing, and
deployment controls can substitute for or complement one another. This gives the contracts and responsibility analyses
in Section 3 a regulatory role because they identify who controls an activity and who bears its cost.

4.2. Model Openness and Access

Openness decisions affect model access, adaptation costs, and revenue. These decisions involve several technical
dimensions, including access to weights, training information, documentation, and deployment interfaces [55, 112]. A
game model specifies which dimensions are governed and how they affect participants.

Qiu et al. model a generalist and specialist bargaining over revenue, with the generalist choosing openness and
the specialist choosing adoption and improvement [55]. Payoffs combine shared revenue, costs, and penalties for
release below an openness threshold. They derive closed-form best responses and subgame-perfect equilibria for fixed
revenue sharing. Initial performance determines when thresholds or penalties change release. The scalar openness
representation limits interpretation across technical access dimensions.

For governance, the game model connects release requirements to upstream and downstream incentives. Evaluation
of an openness requirement considers adaptation costs, provider revenue, and operating obligations. Therefore, its
evaluation includes participation and the allocation of costs across the development chain.
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The scalar model leaves open the practical question of how access to weights, evaluation interfaces, and deployment
environments should be allocated separately. Section 7.2 considers this extension alongside the evidence needed to
authorize each permission.

4.3. Competitive Incentives for Compliance

A minimum requirement establishes an acceptance condition, but it does not necessarily reward further improve-
ment [59]. Auction and contest models analyze how additional rewards affect compliance investment and participation.

Bornstein et al.’s Compliance-Incentivized Regulatory-Centered Auction (Circa) treats enterprise compliance
investment as a costly all-pay bid [59]. The regulator sets an acceptance threshold and rewards relative compliance
through pairwise comparisons among participating enterprises. Enterprise payoff combines market access and
comparison rewards, minus investment cost. Equilibrium strategies and computational evaluation relate this assessment
rule to participation and investment beyond the minimum requirement. The baseline analysis assumes that enterprise
and regulator evaluation data follow the same distribution and that enterprises share a strictly increasing compliance-
cost function.

Figure 9 illustrates how a comparative reward changes enterprises’ incentives from meeting the minimum
requirement to investing in enhanced compliance.

This approach makes the reward structure part of regulatory design. Applying it requires a measurable criterion,
a credible assessment procedure, and resources for rewards. A higher compliance score supports governance when it
measures a relevant system property. Therefore, the assessment procedure is part of the incentive problem.

Further analysis can examine heterogeneous supplier costs, as modeled in federated-learning contracts [95],
payment budgets, as in delegated classification [24], and multiple criteria, as in regulation games for fairness and
privacy [113]. It also needs to examine strategic optimization of the score. A provider can improve a measured criterion
while leaving other risks unchanged. Connecting the auction to the auditing models in Section 5 permits joint analysis
of investment incentives and measurement reliability.

4.4. Regulatory Objectives, Policy Mixes, and Privacy

Regulatory design also concerns the information and objectives of the regulator [60, 113]. The models below
connect regulatory objectives and policy instruments to investment, assessment, and disclosure.

Chan et al. model a representative domestic Al firm facing foreign competition [114]. Regulatory stringency is
the probability that exploitative practices are revealed to consumers. Foreign competition enters as a parameter rather
than a strategic player. When the regulator maximizes actual consumer welfare, their equilibrium comparisons favor
stringent regulation at high or low levels of foreign competition and lighter intervention at intermediate levels. Other
regulatory objectives can produce different choices. This non-monotonic result links regulatory effects to the level of
competition. This emphasis on market competition complements the development-chain analysis of Laufer et al., which
represents sequential safety investment.

Cha uses a two-stage game in which a policymaker selects direct regulation and incentives before firms select
compliance and innovation investment [60]. The policy objective accounts for sector risk and innovation. Firms balance
benefits against compliance and investment costs. Optimization and simulations compare policy mixes. In the numerical
scenarios, an incentive-centered policy is preferred with high risk, high compliance costs, and a strong innovation effect.
A mixed policy is preferred with high risk, low costs, and a moderate innovation effect. Regulation and incentives can
be substitutes or complements. These comparisons motivate attention to all three sector characteristics rather than a
policy prescription based on risk alone.

Privacy protection illustrates how these policy instruments affect investment along the application chain. Lv et al.
use an evolutionary game involving large-model providers, application providers, and privacy regulators [56]. Each
provider chooses whether to invest in protection, and the regulator chooses strict or lax regulation. Payoffs include
profit, protection costs, free-riding benefits, fines, subsidies, and regulatory reputation. Stability analysis identifies
parameter-dependent outcomes, including strict regulation without investment when protection returns remain too low.
The game model thus shows that supervision alone need not induce protection. Yao et al. instead model a government,
a GenAl company, and users [57]. Their strategies concern supervision, protection, and participation. The payoffs
include costs, reputation, free-riding benefits, subsidies, rewards, and fines. Replicator dynamics and system-dynamics
simulations show how these parameters change convergence. Moderate subsidies and penalties support protection in
their simulations, with subsidies more effective under the studied settings. The two studies connect upstream technical
decisions to different downstream incentives.

D. Niyato et al.: Preprint submitted to Elsevier Page 18 of 37



Game Theory for Al Governance

(a) Game formulation lllustrative adaptation of [59]
Enterprise A Regulator: fixed assessment rule Enterprise B
Choose M or E - Sets the acceptance threshold D Choose M or E

Maximize expected payoff and any comparative compliance reward. Maximize expected payoff

M: minimum compliance; cost = 1 E: enhanced compliance; cost = 2

Both levels meet the acceptance threshold. Deployment benefit = 4 for each enterprise.

Payoff = deployment benefit + expected reward - investment cost
Each enterprise bears its investment cost whether or not it wins the reward.

(b) Minimum requirement only (c) Comparative compliance reward
No additional reward Prize = 4 for higher compliance. A tie gives each a 50% chance.
Enterprise B Enterprise B
M E M E
< <
s M (3,3) (3, 2) s M (5, 5) (3, 6)
= Nash equilibrium 2
= 2
[} [}
g e @293 (2,2) I (H) (4, 4)
w w Lo
Nash equilibrium
Expected payoffs: (Enterprise A, Enterprise B) Expected payoffs: (Enterprise A, Enterprise B)
Minimum compliance is strictly dominant. Enhanced compliance is strictly dominant.
Against M: choosing M gives 3 > 2. Against M: choosing E gives 6 > 5.
Against E: choosing M gives 3 > 2. Against E: choosing E gives 4 > 3.
Best-response comparisons apply to both enterprises. Best-response comparisons apply to both enterprises.

Governance role: comparative rewards encourage compliance beyond the minimum requirement.

Figure 9: An illustrative compliance-investment game inspired by Circa [59]. (a) Two enterprises choose minimum
compliance (M), with investment cost 1, or enhanced compliance (E), with cost 2. Both strategies meet the acceptance
threshold and give deployment benefit 4. Each enterprise pays its investment cost regardless of whether it receives a
reward. Its payoff is deployment benefit plus expected reward minus investment cost. (b) Without an additional reward,
M gives 4—1 =3 and E gives 4—2 = 2, regardless of the competitor’s strategy. Thus, M is strictly dominant and (M, M) is
the unique Nash equilibrium. (c) A prize of 4 is awarded to the enterprise with higher compliance. A tie is resolved with
equal probability, giving each an expected reward of 0.5 x 4 = 2. For an E-M pair, payoffs are (4 +4 -2, 4 — 1) = (6, 3).
Mutual M gives each 4 + 2 — 1 = 5, while mutual E gives each 4 + 2 — 2 = 4. Against M, choosing E gives 6 instead
of 5. Against E, choosing E gives 4 instead of 3. Therefore, E is strictly dominant and (E, E) becomes the unique Nash
equilibrium. Payoff pairs list enterprise A first and B second. The two compliance levels, numerical parameters, and
tie-breaking rule are illustrative assumptions. Participation and accurate assessment are assumed, and the regulatory
rule is fixed. This discrete game illustrates the incentive mechanism and does not reproduce the full model’s equilibrium
analysis.

Zhang et al. compare self-assessment and independent assessment as hypothetical approaches to foundation-model
conformity assessment [115]. Their evolutionary analysis includes market and innovation-ecosystem effects. Its main
finding is that ex ante assessment alone may be insufficient because market incentives and subsequent surveillance
affect trustworthiness. Where the privacy models examine incentives to invest in protection, this study examines
who assesses whether requirements are met. The proposed assessment arrangements connect system evaluation to
subsequent monitoring.

Disclosure adds the question of what information firms must provide to consumers. For explainability, Mohammadi
et al. study a regulator and competing firms serving heterogeneous consumers [116]. Firms choose aspects of Al model
performance, explanation, and pricing to maximize profit. The published model evaluates regulation through consumer
surplus. Equilibrium comparisons show that explanation mandates can reduce welfare in some parameter regimes. The
authors also distinguish equal explanation levels (vertical XAl fairness) from equal explanation utility (horizontal XAl
fairness). A mandate can ensure the former without ensuring the latter across all parameter regimes. Neither criterion
is a general guarantee of fair Al decisions. The technical lesson is to represent the cost, availability, and use of an
explanation. Section 5.2 examines the technical content and reliability of such explanations. These issues complement
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the market model because disclosure policy also needs to specify what an explanation establishes and how users can
check it.

4.5. Algorithmic Competition and Collusion

Repeated games represent market decisions made by interacting algorithms over time. Algorithms choose prices
or output quantities, observe market outcomes, and update their policies [S1-53]. The resulting behavior depends on
learning rules, available information, and the market setting.

Calvano et al. study Q-learning algorithms in repeated price competition [51]. Their computational experiments
show that the algorithms can maintain supracompetitive prices without direct communication. Deviations trigger a
period of lower prices, followed by a return toward the previous outcome. The study demonstrates that learning
dynamics can support collusive behavior within the modeled market.

Several studies refine the algorithmic-collusion problem. Klein examines sequential pricing with Q-learning [53].
Learning firms choose prices to maximize discounted profit. Simulations identify supracompetitive outcomes and
asymmetric pricing behavior. Hansen et al. study independent bandit learners that treat the market as a monopoly and
omit rivals from their demand model [54]. Informative feedback can correlate their price experiments, bias estimated
price sensitivity, and sustain prices near the joint-monopoly level. Calvano et al. instead examine Q-learning in Cournot
quantity competition with imperfect monitoring [52]. Firms observe past market prices but not rivals’ outputs, so
demand shocks can therefore trigger punishment even without a deviation. These studies show why information, timing,
and exploration belong in the governance model. A simulated price level alone does not identify its mechanism.

These findings create a technical governance task of evaluating an algorithm in interaction with other adaptive
algorithms. Testing against a fixed environment can overlook strategies that emerge during repeated competition.
Evaluation needs to vary competitors, information access, learning horizons, and market conditions. This connects
assessment before release to monitoring competitive behavior during operation.

Cooperation among Al agents can improve their shared task while imposing costs on other participants. Therefore,
the governance objective must specify whose outcomes are included. This issue connects market competition to the
coordination mechanisms in Section 6.1. Section 5.3 examines statistical tests of algorithmic non-collusion.

Table 6 compares the regulatory and market game models. In contrast to the safety-race models, these studies make
the allocation of market access, transfers, or pricing opportunities part of the strategic setting.

4.6. Summary and Lessons Learned

Regulatory effects depend on responses throughout the development chain and market. Safety and explainability
models show why a stronger requirement can have an adverse effect when it changes upstream investment or
participation. Privacy and compliance models add the costs of protection and assessment to this comparison. Repeated
pricing studies further show that policy evaluation must examine behavior learned through interaction, alongside
equilibrium comparisons of fixed rules.

5. Auditing, Disclosure, and Enforcement

Auditing produces evidence, disclosure determines who receives it, and enforcement connects it to corrective
action and deployment decisions [16, 17, 117]. Game models address the incentives to produce evidence, manipulate
assessment, or evade controls. Cooperative explanations and strategic verification support evidence interpretation
[20, 21]. The analysis moves from incentives to produce reliable evidence, through its interpretation and use in strategic
assessment, to intervention during deployment. Together, the applications touch all ten processes in Table 2. Table 8
compares game models for auditing, disclosure, enforcement, and deployment control.

5.1. Incentives for Auditors and Oversight Providers

Oversight requires incentives for costly assessment, a policy for allocating inspections, and evidence that can
support enforcement. In regulatory markets, firms choose development behavior and oversight providers invest in
detection capability, with payoffs combining returns, costs, and contingent payments [27]. Bounty Incentives reward
detected violations but can weaken as firms become safer. Vigilant Incentives permit withdrawal of rewards following
evidence of missed wrongdoing and can sustain investment under suitable conditions. Equilibrium and evolutionary
analyses connect oversight effort to both payment rules and later observations.

Adding users introduces trust into this interaction. An evolutionary model lets creators choose safe development,
regulators choose effective oversight, and users decide whether to trust [118]. Development benefits, risk, costs,
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Comparison of regulation and market game models.

Study and task

Game details

Governance processes and
implications

Laufer et al. [25]: safety
standards

Type: sequential game. Players: regulator, generalist, specialist.
Strategies: requirements, safety and performance investment.
Payoff: development returns net of costs, with safety outcomes
evaluated by the regulator. Solution: equilibrium investment and
comparative statics.

P1, P4, P6. Show why a
downstream requirement can
change upstream incentives and
reduce safety if poorly designed.

Qiu et al. [55]: model
openness

Type: bargaining and sequential game. Players: generalist and
specialist under regulation. Strategies: revenue sharing,
openness, adoption and improvement. Payoff: revenues less
adaptation costs and regulatory penalties. Solution: best
responses and subgame-perfect equilibrium for fixed revenue
sharing.

P4, P6. Relate release
requirements to adoption,
adaptation, and the allocation of
development benefits.

Bornstein et al. [59]:
compliance competition

Type: all-pay auction mechanism. Players: regulator and
enterprises. Strategies: threshold/reward rule and costly
compliance investment. Payoff: compliance-dependent rewards
net of investment. Solution: equilibrium bidding/investment and
computational evaluation.

P2, P5, P6. Reward compliance
improvements beyond a
minimum acceptance threshold.

Cha [60]: policy mix

Type: two-stage policy game. Players: policymaker and Al firms.
Strategies: regulation and incentives, compliance and innovation.
Payoff: sector-risk and innovation objectives, firm returns net of
costs. Solution: sequential optimization and numerical policy
comparisons.

P1, P2, P6. Identify cost- and
risk-dependent combinations of
regulation and incentives.

Lv et al. [56] and Yao et al.
[57]: privacy

Type: evolutionary games. Players: providers, application
providers, regulators (Lv), government, company, users (Yao).
Strategies: protection, supervision, and participation. Payoff:
benefits, costs, reputation, fines, and subsidies. Solution:
fixed-point stability and simulated strategy evolution.

P3, P4, P7. Explain how privacy
protection depends on
incentives at several points in
the service chain.

Mohammadi et al. [116]:
explainability

Type: regulated competition. Players: regulator, firms,
heterogeneous consumers. Strategies: regulation,
performance/explanation, pricing, adoption. Payoff: consumer
surplus, firm profit, consumer utility. Solution: equilibrium
comparisons across disclosure requirements.

P5, P6, P8. Compare welfare
effects; distinguish vertical and
horizontal XAl fairness.

Calvano et al. [51, 52] and
Klein [53] and Hansen et
al. [54]: algorithmic
competition

Type: repeated price or quantity competition with learning.
Players: algorithms/firms. Strategies: prices or outputs and
learned response policies. Payoff: profit from repeated sales.
Solution: computational learning outcomes and analytical
comparisons.

P5, P7. Identify collusion risks
and the roles of monitoring,
timing, and information in
evaluation.

Ahmed et al. [111]:
human—Al oversight

Type: hybrid principal-agent and Stackelberg model. Players:
regulator, organization, human operator. Strategies:
policy/audit/penalty, risk/explanation/oversight, reliance. Payoff:
risk and decision quality, deployment returns, reliance benefits, net
of costs and penalties. Solution: backward induction and
synthetic simulations.

P1, P3, P6, P7, P8. lllustrate the
dependence of human reliance
on enforcement and system
configuration; evidence is
simulation-based.

and rewards determine payoffs. Government rewards and trust conditioned on regulatory effectiveness support safer
development within specified parameter ranges. These models motivate audit contracts tied to credible evidence about
assessment quality, connecting oversight to delegated learning (Section 3.2).

The information available to the government constrains enforcement. In the regulatory-market model, auditor
capability is not directly observed, but later evidence of missed wrongdoing can affect rewards [27]. This connects
auditor incentives to the statistical feasibility of the evidence used for enforcement. Section 7.2 examines sampled
reassessment as a possible way to address this problem.

Alongside these effort incentives, oversight requires a policy for allocating limited inspection resources. Kim et
al. propose Stackelberg security games as a perspective on governance of language-model systems [119]. A defender
commits scarce protective resources and an attacker responds to exposed opportunities. Utility combines attack success,
damage, and defense cost. The proposed applications include threats across the Al model lifecycle. The perspective
supports resource allocation for monitoring and auditing. A useful extension would combine this game model’s
resource-allocation problem with statistically valid audit tests and an explicit model of auditor reliability.
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For evidence to guide market access, the assessment must also distinguish compliant from non-compliant providers.
Singh et al. formalize this relationship through a mechanism-design framework [63]. Providers hold private information
and decide whether to enter a regulated market under evidence-dependent incentives. The regulator seeks a perfect
market outcome, retaining compliant providers and deterring non-compliant ones. Under the framework, this outcome
is attainable exactly when the set of non-compliant evidence distributions is closed and convex. Mechanisms can then
be constructed from hypothesis tests. Experiments examine spurious-feature and fairness requirements. The result
connects deployment approval to statistically testable evidence.

5.2. Explainable AI as Governance Evidence

Explainable Al provides information that helps people understand a model’s predictions or behavior. A local
explanation concerns an individual prediction, while a global explanation summarizes behavior over a population
[20, 34, 43, 120]. Game-theoretic methods allocate model outcomes to input features or analyze interactions between
evidence providers and evaluators. These methods support evaluation, monitoring, disclosure, and incident review.
Table 7 summarizes their governance uses.

Local prediction attribution starts with SHAP (SHapley Additive exPlanations) [20]. Features are players and
feature subsets are coalitions. Model outputs under a specified missing-feature rule define coalition values. Features
have no strategic actions or financial payoffs. Shapley values allocate the prediction difference from a reference through
marginal contributions. For a fixed simplified-input mapping, the authors characterize the unique additive attribution
satisfying local accuracy, missingness, and consistency. KernelSHAP estimates this allocation by weighted regression.
For governance, an explanation record can document the inputs associated with a decision and support audit review.

For tree models, Tree SHAP solves these feature games efficiently [43]. It computes exact attributions in polynomial
time for the specified value function. The authors demonstrate subgroup analysis and monitoring of a hospital model.
This supports repeated checks of model behavior, provided that the feature rule and reference population remain
appropriate.

Moving to population-level behavior, SAGE uses a cooperative predictive-power game [84]. Features form
coalitions whose value is the reduction in expected prediction loss relative to the empty coalition. Shapley allocation
measures global feature importance. The analysis establishes allocation properties and consistency as sampling budgets
grow, assuming the correct conditional feature distribution and sufficient data. Replacing conditional sampling with
marginal sampling can change the target allocation and its properties [84]. SAGE can identify inputs requiring data-
quality checks and monitor population-level model dependence. It complements Tree SHAP by allocating predictive
performance instead of an individual prediction. Related dependence issues also arise in local Shapley explanations
[121].

Sundararajan and Najmi compare Baseline Shapley with Conditional Expectation Shapley, showing how the value
function affects interpretation [122]. Both allocate marginal contributions, but their different coalition values can
produce different explanations for the same model. This finding supports recording the value function and reference
data when explanations are disclosed. Causal Shapley values instead define coalition values using interventions in
causal graphs [123]. Causal Shapley values allocate prediction differences, separate direct and indirect effects, and
admit an interventional formula for causal chain graphs. They can guide investigation of harmful dependencies when
the causal assumptions are justified.

Joint dependencies motivate the Shapley—Taylor interaction index, which allocates coalition value to feature groups
up to a selected order [124]. Its axiomatic characterization includes an interaction-distribution requirement. Faith-Shap
uses weighted polynomial approximation of the coalition-value function [125]. Extended dummy, symmetry, linearity,
and efficiency axioms identify a unique index within its faithful-interaction mechanism. These solutions expose joint
dependencies that individual feature scores can miss. A proposed governance application selects input combinations
for risk assessment and joint testing.

FastSHAP learns an explainer from the Shapley weighted least-squares objective [66]. Features remain the players
and masked subsets define coalition values. A learned approximation returns the allocation in one forward pass. Covert
et al. extend amortized explanation to vision transformers through image-patch coalitions and attention-masked outputs
[126]. Their computational results support frequent model evaluation and monitoring, with checks of approximation
error after model changes.

When the evidence provider is strategic, Prover-Verifier Games analyze checkable answers through an untrusted
message-generating prover and a trusted answer-predicting verifier [21]. The verifier minimizes prediction loss,
while the prover seeks acceptance of a designated answer, including incorrect cases. Considering a complete and
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Game-theoretic explanations and verification methods considered for governance. Feature inclusion defines coalitions

in attribution games.

Study and task

Game details

Governance processes and
implications

Lundberg and Lee [20]
and Lundberg et al. [43]:
local attribution

Type: cooperative feature game. Players: input features.
Coalitions: subsets made available to the explained model.
Value: prediction under the missing-feature rule. Solution:
Shapley allocation with KernelSHAP regression and
polynomial-time Tree SHAP for specified tree games.

P5, P7, P8. Explain individual
predictions and support
monitoring of model behavior.

Covert et al. [84]: global
importance

Type: cooperative predictive-power game. Players: features.
Coalitions: observed feature subsets. Value: expected loss
reduction relative to the empty coalition. Solution: SAGE
allocation with a sampling estimator, consistency with correct
conditional sampling and increasing sample budgets.

P4, P5, P7. Prioritize checks of
inputs that contribute to
population-level predictive
performance.

Heskes et al. [123]: causal
attribution

Type: cooperative game with causal interventions. Players:
features. Coalitions: intervention sets. Value: expected prediction
under the causal graph. Solution: causal Shapley allocation,
including direct and indirect effects, chain-graph identification
formula.

P3, P9. Guide investigation of
model dependencies when
causal assumptions are justified.

Sundararajan et al. [124]
and Tsai et al. [125]:
interactions

Type: cooperative interaction attribution. Players: features,
allocations also concern feature groups. Coalitions: jointly
observed subsets. Value: model response to a subset. Solution:
Shapley—Taylor or Faith-Shap under different axiomatic
characterizations.

P3, P5, P8. Identify joint
dependencies that may be
hidden by individual feature
scores.

Jethani et al. [66] and
Covert et al. [126]: fast
explanation

Type: amortized solution of cooperative attribution games.
Players: features or image patches. Coalitions: masked subsets.
Value: explained model output. Solution: learned approximation
to Shapley allocation through weighted least squares, one
explainer forward pass.

P5, P7. Reduce the cost of
repeated explanations for
high-dimensional Al models.

Anil et al. [21]: checkable
answers

Type: non-cooperative prover—verifier game. Players: untrusted
prover and trusted verifier. Strategies: messages and answer
policies. Objectives: target-answer acceptance versus correct
prediction. Solution: verifier-leading Stackelberg characterization
under protocol-existence and timing assumptions, Nash
equilibrium alone is insufficient.

P5, P8. Design
evidence-checking rules that
account for an adversarial
information provider.

Irving et al. [128]: debate

Type: zero-sum debate game. Players: two debating agents.
Strategies: competing arguments for a judge. Payoff: favorable
judgment against the opponent. Solution: idealized optimal-play
complexity analysis.

P5, P8. Motivate challenges to
assessment claims before a
governance review.

sound protocol and instances revealed after verifier commitment, the authors characterize verifier-leading Stackelberg
equilibrium as necessary and sufficient for such a protocol. They also derive a necessary Nash-equilibrium condition.
The sequential model offers a basis for evaluating evidence from a strategically motivated provider. An organizational
application can specify who controls the prover and verifier and how their outputs affect review decisions. Explanation
procedures also require checks against adversarial manipulation [127].

In AI safety via debate, two agents present competing arguments and seek a favorable judgment [128]. Their
opposed objectives define a zero-sum debate game. Under idealized optimal-play assumptions, the computational
argument explains how debate can help a limited judge evaluate a harder question. It does not establish truthful debate
for trained LLMs. A proposed governance use is to challenge Al-generated assessment claims before review. This use
requires checking the reliability of the trained debaters and judge.

The feature-attribution methods share marginal-contribution analysis with data valuation (Section 3.3), but allocate
different quantities. Attribution evidence can inform incident analysis. Responsibility additionally requires decision
rights and feasible alternatives (Section 3.4). Verification games examine the reliability of evidence supplied by
strategic actors, connecting explanation to auditor incentives (Section 5.1).

5.3. Auditing Strategic Algorithmic Behavior
Auditing interactions among algorithms requires a testable behavioral criterion. A game-theoretic criterion for
algorithmic non-collusion connects pricing traces to a statistical audit with characterized data requirements [64].
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Its refinement uses pessimistic calibrated regret, the highest calibrated regret among outcomes compatible with the
observations [65]. This permits tests without requiring positive probability for every price. Low best-in-hindsight
regret alone is insufficient, and sufficiently inflated cost reports can make a firm appear compliant. The test concerns
the observed run under specified cost and information assumptions. It does not certify the algorithm in every future
setting. Logging, exploration, and access to costs therefore determine what the audit can establish. Extending these
tests to other Al services requires explicit counterfactual actions and a corresponding behavioral criterion, connecting
assessment to market rules (Section 4).

5.4. Strategic Classification and Fairness Constraints

An evaluation rule can change the behavior that it measures. Hardt et al. formulate strategic classification as a
Stackelberg interaction [129]. A classifier is selected before individuals change their features in response. The classifier
seeks accurate decisions. Individuals trade the benefit of a favorable classification against modification cost. The
resulting optimization accounts for their best responses. Briickner and Scheffer use Stackelberg prediction games to
model similar anticipation of data generators [130]. Dalvi et al. analyze classification against cost-sensitive adversarial
modifications [131]. These models are transferable to compliance scoring when assessed providers can alter submitted
evidence.

Ahmadi et al. develop the strategic perceptron for online classification with strategic responses [132]. The
standard perceptron can make unbounded mistakes when agents manipulate otherwise separable inputs. Their modified
algorithm achieves finite mistake bounds for £, and weighted #; manipulation costs, and an extension learns unknown
costs. The result supports repeated assessment when evaluated actors adapt their reported features. Ghalme et al.
analyze strategic classification when individuals have imperfect knowledge of the classifier [133]. Their results show
that transparency affects manipulation and classification outcomes. Shavit et al. connect regression incentives to causal
improvement, while Miller et al. link strategic classification to causal inference [134, 135]. These works explain why
changing an observed feature and improving the underlying property are different governance outcomes.

Where the preceding models analyze responses to assessment rules, the following methods use games to compute
classifiers subject to fairness constraints. Agarwal et al. reduce fair classification to cost-sensitive classification
through a Lagrangian game [136]. The learner selects a classifier, while a dual player places weight on constraint
violations. Approximate saddle-point solutions provide bounds on prediction error and fairness violations under the
stated optimization assumptions. Kearns et al. use a learner—auditor game to address fairness across many structured
subgroups [137]. The auditor searches for a violated subgroup constraint. No-regret interaction supports approximate
solutions when the required oracles are available. Here the learner and auditor are computational roles within a
constrained optimization procedure.

Yaghini et al. instead model builders and regulators with competing fairness and privacy objectives [113].
Regulators set penalties, builders select models, and payoffs balance performance, compliance, and participation. Their
SpecGame formulation and ParetoPlay method search for mutually acceptable outcomes on a performance frontier.
Unlike the learner—auditor reductions, this formulation assigns model choice and penalty decisions to institutional
actors. Its equilibrium and computational claims should be interpreted within that builder—regulator setting.

5.5. Deployment Control and Human Intervention

Deployment control connects observations to intervention strategies. Control evaluations test protocols against
intentional subversion, including concerns about deceptive behavior that persists through safety training [138, 139]. AI-
Control Games model a protocol designer and adversary through a multi-objective, partially observable stochastic game
[35]. Reductions to zero-sum games support protocol search across safety and usefulness objectives. This formalizes
what a control evaluation assumes about adversarial behavior and available observations.

Human oversight also depends on agent incentives. Cooperative inverse reinforcement learning represents a human
and robot with a shared reward initially known only to the human [40]. Actions both teach and affect outcomes in a
cooperative partially observable game. The Off-Switch Game then identifies conditions under which uncertainty about
that reward gives the robot an incentive to preserve human intervention [41]. These results support oversight design
under their shared-objective assumptions, without guaranteeing shutdown acceptance by arbitrary deployed agents.

Containment models further specify the controlled resources. A sequential hypothetical AGI-defender interaction
represents autonomy, resource acquisition, monitoring, and access restrictions along an AGI Kill Chain [140]. Benefits
combine detection or evasion, longevity, and resource share. Stationary-point calculations and simulations explore
these trade-offs, but first-order conditions alone establish neither optimal controls nor a joint equilibrium. Feasible
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Comparison of game models for Al auditing, disclosure, enforcement, and deployment control. Computational players
are identified where applicable.

Study and task

Game details

Governance processes and
implications

Bova et al. [27]: oversight
incentives

Type: regulatory-market game. Players: firms and oversight
providers. Strategies: safe behavior and oversight investment
under payment rules. Payoff: development/oversight returns,
effort costs, and contingent rewards. Solution: equilibrium and
evolutionary analysis.

P7, P8. Explain why rewards for
detected violations can weaken
as compliance improves,
compare vigilant incentives.

Hartline et al. [64, 65]:
non-collusion audits

Type: repeated-game behavioral certification. Players: pricing
firms, auditor evaluates traces. Strategies: price policies and
deviations. Payoff: profit under feasible costs. Solution:
calibrated-regret criteria and statistical tests, including pessimistic
calibrated regret.

P5, P7, P8. Connect a
competition requirement to
observable data, uncertainty,
and audit sample complexity.

Hardt et al. [129] and
Ghalme et al. [133]:
strategic assessment

Type: Stackelberg classification. Players: classifier designer and
assessed individuals. Strategies: decision rule and feature
manipulation. Payoff: accuracy, classification benefit less
modification cost. Solution: optimization against best responses
under the modeled information structure.

P2, P5, P8. Anticipate
responses to compliance scores
and examine effects of
transparency.

Agarwal et al. [136] and
Kearns et al. [137]:
fairness

Type: zero-sum/Lagrangian learning game. Players:
computational learner and dual player/auditor. Strategies:
classifiers and constraint weights or subgroup tests. Payoff: error
combined with fairness violations. Solution: approximate saddle
points using optimization oracles and no-regret learning.

P3, P5. Turn specified fairness
requirements into computable
training and auditing
procedures.

Yaghini et al. [113]:
competing requirements

Type: builder—regulator game. Players: model builder and
regulators. Strategies: model selection and penalties. Payoff:
performance, fairness/privacy compliance, and participation.
Solution: SpecGame analysis and ParetoPlay search on a
performance frontier.

P1, P5, P6. Analyze trade-offs
between several governance
requirements and builder
participation.

Giriffin et al. [35]: Al control

Type: multi-objective partially observable stochastic game.
Players: protocol designer and adversary. Strategies: control
protocol and adversarial behavior. Payoff: safety and usefulness
objectives. Solution: reductions to zero-sum games and protocol
search.

P5, P6, P10. Formalize
deployment-control trade-offs
and assumptions behind
adversarial evaluation.

Ahmadi et al. [132]: online
assessment

Type: sequential strategic classification. Players: classifier and
arriving individuals. Strategies: classification rule and feature
modification. Payoff: prediction accuracy and positive
classification less manipulation cost. Solution: finite mistake
bounds for a strategic perceptron for the analyzed manipulation
costs.

P5, P7. Support repeated
assessment when evaluated
actors change their submitted
features.

Singh et al. [63]:
incentive-aware regulation

Type: mechanism design under statistical uncertainty. Players:
regulator and privately informed providers. Strategies:
evidence-dependent regulation and market participation.
Obijectives: retain compliant providers and deter non-compliant
entry while providers seek favorable market outcomes. Solution:
credal-set characterization and hypothesis-test constructions.

P5, P6, P8. Link deployment
approval to statistical evidence
and strategic participation.

Mclntosh et al. [140]: AGI
containment

Type: sequential attacker—defender model. Players: hypothetical
AGI and human defenders. Strategies: autonomy/resource
acquisition and containment. Payoff: detection/evasion, longevity,
resource share. Solution: stationary-point analysis and
simulations; optimal controls and a joint equilibrium are not
established.

P6, P7, P9. Identify
infrastructure access,
monitoring, and response
targets for containment.

Hadfield-Menell et al.
[40, 41]: human oversight

Type: cooperative partially observable game, Off-Switch Game.
Players: human and robot. Strategies: teaching, action, and
intervention decisions. Payoff: shared human objective, initially
uncertain to the robot. Solution: joint-policy reasoning and
incentive conditions for preserving human intervention.

P1, P6, P10. Explain how
uncertainty about objectives
affects incentives to accept
oversight or shutdown.

action bounds, second-order conditions, and joint strategic responses require further analysis before the results can
justify containment decisions. Control records can inform responsibility analysis (Section 3.4).
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5.6. Summary and Lessons Learned

Reliable oversight requires both incentives to produce evidence and a valid rule for interpreting it. Feature
attribution describes model dependence, verification games examine strategic claims, and behavioral audits test actions
against an explicit criterion. Deployment control then determines what intervention follows from an observation.
Combining these methods requires agreement on the claim being assessed, the information available, and the authority
to act on the result.

6. Coordination among Organizations, Communities, and Jurisdictions

Coordination games connect individual contributions to shared evaluation, platform oversight, and common
policies. These activities require participants to bear costs whose benefits may be distributed widely [141]. The models
cover policy, evaluation, deployment, monitoring, disclosure, and incident response, as mapped in Table 2. Table 9
compares the institutional models.

6.1. Shared Safety Investment and Collective Action

Shared evaluation creates a contribution problem. Voluntary participation also makes coalition stability important,
as shown by model-sharing games for federated learning [142, 143]. In a stochastic evolutionary public-goods game,
developers choose costly ethical cooperation or defection, with development benefits exposed to collective failure [68].
Smaller groups, lower costs, and greater perceived failure risk favor cooperation. A proposed governance extension
would include contribution quality and verification costs, connecting collective investment to valuation and auditing
(Sections 3.3 and 5).

6.2. Coordination of Platform Oversight

Platform oversight adds interactions among providers, users, and government. A prospect-theoretic evolutionary
game models active or passive moderation, user participation, and stringent or lenient supervision [58]. Perceived
payoffs include benefits, costs, externalities, rewards, penalties, and reputation losses. Replicator dynamics and
Jacobian eigenvalues characterize the local stability of eight pure-strategy states. Active governance, user participation,
and stringent supervision are locally stable when their three eigenvalues are negative.

In the reported simulations, platform penalties accelerate all three actors’ responses, while user rewards mainly
accelerate participation. These findings connect moderation, reporting incentives, and enforcement. They extend the
privacy games in Section 4.4 by representing probability weighting and loss aversion. The stability result is local, so
the starting distribution of strategies remains relevant to implementation.

6.3. International Coordination and Regulatory Differences

International agreements require both coordination incentives and compatible regulatory interests. Qualitative
policy accounts emphasize credible commitments and shared research [144]. Formal models help specify the conditions
under which these arrangements can persist. A Stag Hunt represents a higher-payoff joint action alongside a safer
individual alternative [145]. Woods uses illustrative Q-learning simulations to examine cooperation under assigned
rewards and discount factors, and interprets these patterns through perceived risk and institutional legitimacy [62].
The study motivates attention to the acceptance of common policies, but its simulations do not establish an empirical
effect of legitimacy on international cooperation.

Technological differences can nevertheless produce divergent regulatory preferences. A two-stage model lets a
regulator choose stringency and consumers allocate use between domestic and foreign Al services [61]. The regulator
pursues digital sovereignty, while consumers seek service benefits. Sequential optimization shows that stringent
regulation supports the sovereignty objective only under particular technological and regulatory conditions. A proposed
repeated-game extension would let heterogeneous jurisdictions share incidents, recognize evaluations, and fund
common assessment capacity. Contribution costs, access benefits, and expected future participation would determine
whether cooperation persists. Section 7.1 relates these requirements to measurement and long-term commitments.

6.4. Summary and Lessons Learned

Shared safety investment depends on how costs and benefits are distributed among participants. Platform models
add reporting incentives and perceived losses. International governance discussions highlight legitimacy, while
regulatory models show how technological position affects policy preferences. A workable arrangement must make
participation worthwhile and its contributions verifiable. Once those institutional choices and the intended outcome
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Table 9
Comparison of institutional coordination models.
Study and task Game details Governance processes and
implications

LaCroix and Mohseni [68]: | Type: stochastic evolutionary public-goods game. Players: P1, P5. Identify how group size,

ethical development developers. Strategies: costly ethical cooperation or defection. contribution cost, and perceived
Payoff: contribution cost and benefits exposed to collective failure. | failure risk affect cooperation.
Solution: strategy evolution and cooperation conditions.

Lei et al. [58]: Type: evolutionary game with prospect theory. Players: platform, | P1, P7, P9. Coordinate

disinformation governance | users, government. Strategies: active/passive governance, moderation, user reporting, and
participation, stringent/lenient supervision. Payoff: perceived enforcement while accounting
benefits, costs, externalities, rewards, penalties, reputation. for loss aversion.
Solution: replicator dynamics and local stability of pure-strategy
states.

Woods [62]: international | Type: Stag Hunt-inspired learning model. Players: modeled P1, P8. Explore cooperation

coordination governance participants. Strategies: cooperation or under reward and discount
non-cooperation. Payoff: assigned coordination rewards. assumptions, with legitimacy
Solution: illustrative Q-learning simulations. discussed as a governance

interpretation.

Papyshev and Chan [61]: | Type: two-stage regulatory game. Players: regulator and P1, P6. Explain why different

regulatory differences consumers of domestic/foreign Al services. Strategies: regulatory | technological positions produce
stringency and service allocation. Payoff: digital-sovereignty different regulatory preferences.
objective and consumer utility. Solution: sequential optimization
under technological differences.

are explicit, computational methods for learning transfers or reconciling preferences can support implementation, as
discussed in Section 7.4.

7. Synthesis and Research Directions

The models examined here connect governance decisions to incentives, information, and computational methods.
Further research should address ethical objectives, adaptation of governance mechanisms, and models that remain
useful at realistic scale. Figure 1 summarizes the shared process coverage. Building on the strategic problems introduced
in Section 1, the task comparisons reveal dependencies between incentives, evidence, and decisions over time. A
payment rule needs a performance measure, an audit needs incentives for reliable assessment, and a deployment rule
needs an actor able to enforce it. We examine these dependencies before developing the research directions.

7.1. Dependencies across Tasks, Governance Levels, and Horizons

Across the four tasks, one dependency concerns measurement. Delegated-learning contracts rely on a statistical
relationship between effort and observed performance, while compliance auctions reward an assessed score [24, 59].
Auditing supplies those observations, but its own quality depends on the evaluator’s incentives [27]. Strategic
classification adds the possibility that participants change reported features in response to the rule [129]. A mechanism
that rewards the wrong observable can therefore remain incentive compatible while failing to induce the intended
safeguard. Measurement validity and incentive analysis need to be evaluated together [146].

Another dependency concerns commitment and authority. A regulator’s requirements alter later investment by
providers and specialists, and liability rules alter adoption and supervision [25, 50]. These are examples of the
interactions across governance levels in Figure 4. A national rule changes organizational choices, which in turn
change the options available to a user or operator. A model intended to guide policy should preserve this chain
of responses. Aggregating all private actors into one representative provider can hide the actor whose incentive
undermines implementation.

A further dependency concerns time. Operational monitoring generates information for later contract renewal,
continued access, and investment. Conversely, expectations about those later decisions shape present effort. Figure 5
helps distinguish the speed at which a control responds from the horizon over which its incentives operate. A rapid
audit update may improve detection but weaken investment if participants cannot predict future requirements. A long-
term commitment may encourage investment but become ineffective when capabilities or risks change. The resulting
research question is how to preserve credible commitments while allowing justified revision.
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Coordination combines these dependencies. Shared evaluations and incident reporting can reduce duplicated effort,
yet participants need credible quality standards and reasons to disclose adverse information. International cooperation
adds differences in technological position and regulatory objectives [61, 62]. A repeated-game analysis of common
assessment capacity should therefore include who pays, who verifies contributions, which access benefits depend on
participation, and how cooperation changes after a reported failure.

7.2. Combining Incentives, Evidence, and Access Rules

Combining incentives, evidence, and access rules changes the game. Insurance alters the losses that motivate
precautions, an audit affects access as well as payment, and a disclosure rule changes what another actor can infer.
Three extensions follow directly from the task analyses.

First, an insurance model can extend the manufacturer—user liability game in Section 3.5. An insurer chooses
premiums, coverage, and evidence requirements, a provider chooses safeguards, and users choose adoption and
supervision. Returns then include premiums, precaution costs, retained losses, and claims payments. The useful
question is whether audit-contingent terms preserve incentives for precautions while making participation worthwhile.
Shared dependence on a foundation model also requires correlated losses, since pooling many applications may leave
common failure modes largely undiversified.

Second, model access can be represented as a vector of permissions for weights, evaluation interfaces, and deploy-
ment environments, extending the scalar openness decision in Section 4.2. The authority allocates permissions using
intended use and assessment results. Providers and downstream developers respond through disclosure, adaptation,
and deployment choices. Analysis should identify how each permission changes benefits, exposure to misuse, and the
ability to verify compliance. Evaluation can then compare access decisions, participation, and risk across alternative
permission rules.

Third, an audit contract can combine routine compensation with independent reassessment of sampled cases. The
principal chooses payment and sampling rules, while the auditor chooses effort and reporting behavior. Reassessment
cost, detection error, and dispute resolution determine whether a missed violation provides a useful payment signal.
This formulation joins the effort-incentive problem in regulatory markets to the statistical evidence problem in
incentive-aware regulation [27, 63]. It should be tested against collusion, selective case reporting, and changes in
the underlying case distribution.

These are research formulations requiring analysis and validation. Their common contribution is to make the
interaction between mechanisms explicit. A useful test must produce evidence that an enforceable rule can use, and
the rule must leave participants an incentive to produce that evidence accurately.

7.3. Ethical Objectives and Representation

Al ethics examines the values and responsibilities that should guide Al development and use, including fairness,
privacy, transparency, and the prevention of harm [9, 11]. Al governance translates these objectives into responsi-
bilities, incentives, assessment procedures, and deployment decisions. The modeling challenge is to connect ethical
requirements to strategic behavior without assuming that every actor shares the same values or bears the same costs.

Existing game models provide starting points. LaCroix and Mohseni show how costly ethical development can
create a collective-action problem [68]. Agarwal et al. and Kearns et al. formulate fairness requirements through
learner—auditor games that support approximate constrained solutions [136, 137]. Yaghini et al. model competing
fairness and privacy requirements through interactions between builders and regulators [113]. These examples connect
ethical objectives to participation incentives, computational constraints, and institutional trade-offs. These approaches
differ in who chooses the requirement and who can challenge it.

Future models should represent affected groups as participants or give their interests explicit weight in governance
objectives. Candidate mechanisms include contribution-dependent incentives for ethical development and constrained
bargaining over acceptable model choices. Challenges include conflicting definitions of fairness, unequal bargaining
power, and ethical requirements that cannot be exchanged for higher aggregate utility. Evaluation should measure
subgroup outcomes [147], privacy loss, participation, and gains from strategic deviation. An equilibrium establishes
stability under the modeled incentives. Its ethical acceptability still depends on the chosen requirements and affected
parties [148].

7.4. Adaptive Governance and Computational Mechanism Design
Adaptive governance updates requirements, audit allocations, and deployment controls as systems, risks, and
participant behavior change. Automated mechanism design searches computationally for rules that meet a governance
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objective while accounting for strategic responses. Their potential benefits include faster reassessment, better use of
limited oversight resources, and incentives that respond to changing costs and capabilities.

When participants adapt, incentives must account for their learning. Learning to Incentivize Other Learning
Agents learns reward transfers by differentiating through recipients’ policy updates [67]. Agents choose action and
incentive policies in general-sum Markov games, with environmental rewards and transfer costs determining returns.
Experiments show improvements in collective return and division of labor. Applying this mechanism to shared
evaluation would require explicit safety objectives, budget constraints, and checks against manipulation. Learned
auctions provide a further approach to searching allocation and payment rules under incentive constraints [98].
Applying revenue-maximizing auctions to evaluation procurement requires a procurement objective and renewed
incentive analysis.

Alongside changes to institutional rules, computational methods can support model revision using participants’
preferences. Nash Learning from Human Feedback represents response policies as players, with payoffs based on
pairwise preferences and reference-policy regularization [44]. For tabular policies, the last iterate of Nash-MD
converges to the regularized Nash equilibrium. Direct Nash Optimization uses preference-based self-improvement
and batched policy updates [45]. These games support preference-sensitive evaluation and revision, including cyclic
preferences. Their players are computational policies. Governance still determines whose preferences enter the game
and which safety requirements remain fixed constraints.

Computational convergence does not resolve disagreements about governance objectives. The main challenges are
nonstationary responses, delayed evidence, strategic manipulation of the learning signal, and instability when rules
change too quickly. Possible solutions include separating provider and regulator update timescales, restricting policy
changes to a tested rule set, and validating candidate mechanisms against held-out participant strategies. A governance
mechanism should preserve participation and budget constraints and enforce minimum safety requirements during
learning. Performance should be measured through risk reduction, oversight cost, adjustment speed, and robustness to
strategic responses.

7.5. Scalability and Empirical Validation

Practical governance involves many developers, suppliers, auditors, users, and Al agents. Each can choose from a
large action space, while payoffs combine revenue, computation costs, delay, privacy, safety, and external harms. The
resulting game can be difficult to specify and solve. Population, network, and hierarchical approximations offer ways
to reduce computation. Their evaluation should check whether aggregation preserves influential actors, rare failures,
and the incentives that determine governance outcomes.

Real-world data are needed to estimate effort costs, detection probabilities, loss distributions, and responses to
incentives. Empirical studies of machine behavior [149], procurement records, audit logs, incident reports [150], and
controlled experiments can inform these quantities. Missing reports and strategic disclosure create selection bias.
Models should therefore report uncertainty, test sensitivity to poorly identified parameters, and validate predictions on
later observations or different organizations. Evaluation should also compare decisions with simpler policy baselines.
A small equilibrium error is useful only when the resulting governance decisions remain reliable.

Incomplete information concerns unknown types, objectives, or payoff parameters. Imperfect information concerns
actions or histories that a participant cannot observe. Governance games often contain both. A regulator may not know
a provider’s safety costs or observe its development effort. Bayesian models, signaling and screening mechanisms, and
partially observable stochastic games can represent these limits [35, 36, 79]. Research should develop scalable belief
updates and robust mechanisms when prior distributions are uncertain. Tests should combine gains from deviation with
detection accuracy, computational cost, safety failures, and participation under misspecified information.

Table 10 translates these issues into tractable research questions. Each row separates a candidate formulation from
the evidence needed to judge it. This provides a route from theoretical or computational progress to an assessment of
governance outcomes.

8. Conclusion

This perspective paper connects game models to four Al governance tasks, namely (i) incentives and responsibility,
(ii) regulation and AI markets, (iii) auditing, disclosure, and enforcement, and (iv) coordination. The comparison
identifies how players, information, payoffs, and solution assumptions determine a model’s governance use. Coop-
erative explanations and interactive verification add tools for producing and checking evidence. Their application
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Table 10
Open problems derived from the cross-task synthesis. Formulations are research proposals; the final column identifies

evidence needed to evaluate them.

Open problem

Candidate formulation

Validation and outcomes

Audit quality under hidden
effort

Principal-agent contract with sampled
independent reassessment, noisy detection, and
reporting choices.

Reassessment records and effort costs; detection
error, reporting accuracy, audit cost, and gains
from deviation.

Insurance and correlated
Al failures

Sequential insurer—provider—user game with
audit-contingent premiums and shared-model
loss dependence.

Loss and safeguard data; precaution effort,
retained losses, coverage, participation, and
sensitivity to common shocks.

Permissions beyond
scalar openness

Sequential allocation of weight, interface, and
environment access with privately known uses.

Permission and evaluation records; access
decisions, misuse exposure, downstream
participation, and verification cost.

Ethical constraints and
representation

Constrained bargaining or builder-regulator
games with affected-group objectives and
protected requirements.

Subgroup outcomes, privacy loss, participation,
bargaining sensitivity, and constraint violations.

Stable adaptive oversight

Bilevel or stochastic mechanism design with

delayed signals and separate update timescales.

Held-out strategic responses; risk, budget
feasibility, adjustment speed, oscillation, and
safety during adaptation.

Preference-sensitive
model revision

Regularized preference games within externally
set safety constraints.

Preference coverage and subgroup agreement;
convergence error, model behavior, and retained
safety properties.

Shared international
assessment

Repeated contribution game with verification,
access benefits, and heterogeneous outside
options.

Contribution quality and cost; participation
persistence, incident disclosure, withdrawal, and
benefits by jurisdiction.

Scalable decisions under
uncertainty

Network or population approximations with
Bayesian or robust responses.

Held-out organizations and periods; computation
time, calibration, rare-failure sensitivity, and
decision quality against baselines.

requires explicit claims and validation conditions. Across the tasks, measurements must be informative about the
outcome being rewarded, commitments must be credible to the actors they affect, and evaluation must account for
strategic adaptation. These requirements connect the models to practical choices about contracts, deployment approval,
access permissions, monitoring, and incident response. Several operational applications remain proposals that require
empirical validation. Future work should connect game models to Al ethics, develop adaptive governance mechanisms,
and scale analysis using real-world data and explicit information assumptions. These priorities connect computational
methods to organizational decisions in computer science, business, and information systems.
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