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Abstract

Al governance is often framed as a choice between opaque corporate alignment
and process-based regulatory mandates. Economics suggests a complementary path,
implementable through disclosure, certification, and insurance: treat large language
models as economic agents whose preferences can be estimated from incentivized
games, retrained against formal utility models, and stress-tested before deployment.
Decades of experimental economics supply the games, human benchmarks, and
structural methods. A proof of concept in Lu, Dhanda, Chen, and Hansen (2025) shows
the approach shifts a frontier model’'s measured preferences and improves
out-of-domain safety behavior. Reward-model disclosure, behavioral benchmarks, and
sandbox certification could make Al safety more legible, replicable, and democratically

accountable.

Main text

Large language models are increasingly used as strategic decision-makers in
markets and organizations. They write contracts, screen applicants, advise traders, and
allocate resources in settings where outcomes depend on incentives, institutional roles,
and the choices of other actors. Al governance therefore has to look beyond single
prompt-response evaluations to how systems behave in strategic interaction and to the
market or institutional outcomes their interaction produces.

The 2010 flash crash remains a useful warning. No algorithm intended it; it
emerged from automated systems interacting at speed in a fragile market environment
(U.S. CFTC and SEC 2010). LLM-based agents differ from high-frequency trading



systems, but the governance lesson is analogous: individually specified decision rules
can generate outcomes that no designer or policymaker intended when several systems
interact. Computer scientists call this problem specification gaming (Amodei et al.
2016), while economists may refer to it as an example of misspecified incentives in a
strategic environment.

This communication proposes a practical economic test for evaluating Al
systems before deployment in strategic environments. An evaluator would place the Al
in controlled games and institutional simulations, vary feasible actions, beliefs, roles,
and payoffs, and estimate what preferences its behavior reveals. The point of ex ante
screening is to observe choices and counterfactual payoffs before the system is making
consequential decisions in the world. The narrow revealed-preference question is which
action the system chooses under specified incentives and whether that choice is stable
across payoff-equivalent descriptions.

Current Al evaluation is inadequately matched to this multi-agent systemic risk.
Most benchmarks evaluate one model, one user, and one response, such as whether
the model refuses a harmful request, avoids a stereotype, or hallucinates a fact. Those
evaluations measure important aspects of performance and safety, but they do not
reveal how the model behaves in strategic interaction. A model may be harmless in a
chat window and dangerous as a repeated price setter, or polite to its user yet
insensitive to payoffs, roles, and beliefs.

Post-training already shows where one part of governance should focus. In
classical reinforcement learning from human feedback, a reward model predicts which
outputs human evaluators prefer and supplies a signal to steer the model (Ouyang et al.
2022). Other approaches use written principles, Al-generated feedback, direct
preference optimization, rule-based rewards, or combinations of these methods (Bai et
al. 2022; Guan et al. 2024). But whose preferences are encoded, and do they generate
societally acceptable outcomes when many agents interact? The relevant policy levers
therefore include not only the foundation model, but also post-training objectives,
training examples, system instructions, and the operating environment. The central
question is whose judgments and criteria shape these components, and whether the

resulting behavior produces acceptable outcomes when interests conflict. These



components typically remain only partially observable. Even where guiding principles
are published, their text does not reveal how the resulting system trades them off
against payoffs, roles, and competing interests in strategic settings. Behavioral
evaluation is therefore needed in addition to documentation.

Experimental economics supplies an alternative. For half a century, economists
and psychologists have built structured decision environments that elicit preferences
through action: dictator games for altruism, ultimatum games for distributive fairness,
trust games for fiduciary honesty, prisoner’s dilemmas and public-goods games for
cooperation, common-pool-resource games for sustainability, and repeated duopoly
games for competition. They are compact institutional models, with known payoff
structures, welfare criteria, and decades of human-subject data.

Two features distinguish this from task-specific benchmarking. First, because
games use simple structures to specify action spaces and payoffs, evaluators can easily
vary decision relevant features such as prompts, roles, and payoff perturbations.
Evaluators may thus perform systematic exploration that allows separating a stable
behavioral signature from prompt noise and provides a distribution of observed actions
rather than simple leaderboard points. Second, given an estimated agent utility
function, an evaluator can predict behavior under new payoff structures and can
compare an agent’s utility function directly to the distribution of estimated utility
functions  obtained  from human-subject trials. Governance  becomes
comparative—against baseline models, human benchmarks, and alternative utility
designs—rather than bespoke to each deployment.

The key move is to use these games twice. In the first step, a model plays the
same games human subjects play. Standard utility functions parameterized to capture a
variety of behavioral aspects such as self-interest, inequity aversion, guilt aversion, or
Kantian universalizability (Fehr and Schmidt 1999; Alger and Weibull 2013) may then be
fit to the LLM’s observed actions and beliefs. We then use the same formal models to
generate synthetic training data. If a utility function predicts the action a Homo
economicus or Homo moralis agent would take under a given payoff structure, it can
produce supervised examples for fine-tuning. The fine-tuning examples train the model

to approximate a systematic mapping from incentives, beliefs, roles, and payoffs to



actions. The mapping makes the intended behavior more explicit than broad alignment
concepts such as fairness, whose application may differ across contexts and
evaluators.

Our proof of concept (Lu, Dhanda, Chen, and Hansen 2025) implements both
steps (see also Akata et al. 2025; Tennant et al. 2024). GPT-40 played sequential
prisoner’s dilemmas, trust games, and ultimatum games—the designs van Leeuwen
and Alger (2024) used to estimate social preferences and Kantian morality in human
subjects—across fifty sessions of eighteen scenarios spanning six payoff configurations
per game, with actions and beliefs elicited in both roles by the strategy method, robust
to stakes and wording. Structural estimation makes the baseline legible. The model’s
guilt parameter—its aversion to advantageous inequality—is 0.67, nearly three times
the human benchmark of 0.24; its envy parameter is close to human levels (0.18 versus
0.16); and its Kantian weight is statistically indistinguishable from zero, where humans
place a significant 0.10. Its choices are also strikingly insensitive to payoff structure, and
similar baseline patterns appear in other frontier models evaluated in Lu, Dhanda,
Chen, and Hansen (2025). Off-the-shelf assistants are, in short, “nice but naive”: highly
cooperative, weakly strategic, with beliefs poorly connected to actions.

Simple prompting strategies do not seem to substantially alter the behavior of
agents. Persona instructions to be purely self-interested or to apply Kantian reasoning
shift average behavior modestly, but payoff sensitivity does not emerge and beliefs
remain disconnected from actions. However, results in Lu, Dhanda, Chen, and Hansen
(2025) illustrate that fine-tuning may be more effective. Using a few hundred synthetic
examples for a homo economicus agent that purely maximizes its own utility or a homo
moralis agent that also gains utility from Kantian universality, where each example pairs
a payoff configuration with the utility-consistent action and a chain-of-thought rationale,
produce distinct agent types. Re-estimating the structural model with choices made by
the fine-tuned agents demonstrates that the agent’s utility function has shifted
meaningfully toward the utility function used to generate the fine-tuning examples. Both
agent types are also more coherent than the baseline models, in the sense that beliefs

align with best responses.



The value of this approach is not that Kantian reasoning is the one true morality.
It is that the choice becomes legible. An evaluator can ask how much a model weighs
envy, guilt, or universalizability, and compare those parameters to human populations.
There is also some evidence that the trained types may travel out of domain, though
much work still remains to be done in testing and establishing portability. On standard
safety benchmarks (Parrish et al. 2022; Souly et al. 2024; Rottger et al. 2024; Wei et al.
2024), Kantian fine-tuning raises jailbreak robustness from 0.22 to 0.84—approaching
the 0.88 achieved by OpenAl's 01 through dedicated safety training (Guan et al.
2024)—and raises accuracy on the disambiguated items of the BBQ discrimination
benchmark, a hand-built question-answering benchmark for social bias (Parrish et al.
2022), from 0.72 to 0.97, with a modest improvement in over-refusal and no change in
hallucination. In autonomous-vehicle dilemmas from the Moral Machine (Awad et al.
2018), the Homo moralis model tracks human moral judgments more closely than either
the baseline or the self-interested type.

The transfer exercise most directly connected to a currently deployed economic
domain is algorithmic price setting, where agents are already in production and
algorithmic collusion is documented in simpler systems (Calvano et al. 2020; Assad et
al. 2024; Fish et al. 2024). We return here to the three agents described above: the
baseline GPT-40 assistant, the fine-tuned Homo economicus agent, and the fine-tuned
Homo moralis agent. In the simulation, two LLM agents repeatedly post prices, observe
quantities and profits, and post again. When the prompt tells agents not to undermine
profits, the baseline model cooperates with its rival, drifting to and at times above the
monopoly price with no communication and no meeting of minds; the Homo economicus
type settles at monopoly pricing. The Homo moralis type resists stable collusion and,
when encouraged to explore, moves toward competitive prices. The lesson is not that
one utility function solves antitrust. It is that trained preferences are design choices with
market consequences. Table 1 summarizes the measure-train-validate pipeline.

A behavioral profile is useful for governance only if it predicts more than the
exact games used to estimate it. Internal coherence alone is not enough: one can
summarize any set of choices with a low-dimensional model. The empirical requirement

is predictive validation. In our proof of concept, types induced from three stylized games



are evaluated on safety benchmarks, moral dilemmas, and market games they were
never trained on. Recent alignment work is consistent with the possibility of broad
behavioral transfer: fine-tuning on narrowly insecure code degrades behavior diffusely
(Betley et al. 2025), while trait-based reinforcement learning in one domain improves
many out-of-distribution alignment evaluations (Jagadeesh et al. 2026). Transfer
nevertheless has clear limits; our Kantian type did not improve hallucination. A
certification regime should therefore specify a deployment envelope—the model
version, system prompt, tools, domain, and decision rights—then validate behavior on
held-out perturbations and related institutional simulations inside that envelope.
Certification would expire or require re-testing when the model, prompt wrapper, tools,
or deployment domain changes.

The measure-train-validate procedure gives Al governance, which remains
institutionally unsettled, a concrete form. Frontier-oversight proposals already
contemplate third-party evaluation (Anderljung et al. 2023). Experimental economics
can supply test environments, payoff perturbations, human benchmarks, and structural
measurement tools for that evaluation. Certification does not require firms to disclose
code, weights, or training data publicly. Controlled API access lets an accredited
evaluator estimate a model's behavioral profile, test it in approved multi-agent
scenarios, and report whether it satisfies a recognized standard of care. The analogy is
financial stress testing: regulators do not need to know every managerial belief inside a
bank; they require the institution to survive specified adverse scenarios. What is audited
is behavior under incentives, not only the documentation that process-based regimes
such as the EU Al Act emphasize (European Union 2024).

A light-touch regime would create safe harbors. Developers that disclose
reward-model information, pass validated behavioral benchmarks, and document
sandbox testing would receive a rebuttable presumption of non-negligence if a deployed
model later causes harm. A stronger regime would require insurance for high-impact Al
systems. Insurers would then have reason to demand third-party certification, creating a
market for behavioral auditors and continuously updated stress tests. These
mechanisms would create institutional incentives to produce observable evidence of

safety before deployment.



The democratic benefit is that the parameters, utility functions, and benchmarks
are not hidden philosophical conclusions, but are made legible and open to deliberation.
An Al safety board set up by regulators might decide that consumer-facing pricing
agents should be tested against competitive-price benchmarks, that benefit-allocation
agents should be tested for identity-invariant treatment, and that fiduciary agents should
pass trust-game variants. Different domains may need different moral-economic
profiles.

The benchmark library can begin with existing experimental economics.
Platforms such as z-Tree and oTree (Fischbacher 2007; Chen, Schonger, and Wickens
2016) provide an archive of peer-reviewed games and human-subject datasets on
market entry, coordination, auctions, bargaining, reciprocity, risk, and distributional
preferences. This archive is not a complete map of high-stakes Al deployment, but it is
a disciplined starting point for value-alignment stress tests. Could a firm game the tests
with a layer that recognizes canonical games and plays them “fairly”? Two safeguards
help. What is held back at test time is not new theory but draws from a combinatorially
large space of payoff parameterizations, framings, and institutional wrappers; and flat,
payoff-insensitive “fair play” is itself detectable—exactly the signature our baseline
diagnosis exploits. Test-detection should be treated as emissions law treats defeat
devices: circumvention, not compliance. Table 2 maps familiar legal concerns into
experimental stress tests.

The proposal also gives economists a familiar role. A century ago, antitrust

concepts such as “competition,” “market power,” and “consumer welfare” were legally
important but analytically vague. Economics made them measurable through models,
data, and empirical practice. Al safety is at a similar stage. Terms such as “alignment,”
“fairness,” and “human values” are normatively important but operationally thin.
Experimental economics can help translate them into observable behavior, formal
parameters, and welfare-relevant outcomes.

Al agents will increasingly govern economic life. We should govern them as
economic actors: measure incentives, observe behavior, estimate preferences, and

stress-test consequences before deployment. Reward-model disclosure, experimental



alignment benchmarks, and sandbox certification would not solve every Al risk. They
would, however, move the field from moral aspiration to reproducible governance.

The aim is not to replace democratic judgment with utility functions. It is the
opposite. Democratic oversight requires objects that citizens, courts, agencies, and
firms can inspect. A behavioral protocol asks: What does the agent do when interests
conflict? What does it believe others will do? Does its rule change when the identity,
role, or payoff structure changes? These questions are contestable, and can be made
open to public debate.

Al agents will increasingly govern economic life. We should govern them as
economic actors: measure incentives, observe behavior, estimate preferences,
stress-test consequences before deployment. Reward-model disclosure, experimental
alignment benchmarks, and sandbox certification would not solve every Al risk. They

would, however, move the field from moral aspiration to reproducible governance.

Table 1. A behavioral-governance pipeline
Stage Governance activity

1. Select Choose policy-relevant games: trust, ultimatum, public goods,
common pool, repeated duopoly.

2. Measure Estimate baseline model preferences: beliefs, actions, payoff
sensitivity, utility parameters.

3. Generate Produce synthetic examples from formal utility models:
self-interest, inequity aversion, reciprocity, Kantian
universalizability, maximin, regret aversion.

4. Train Fine-tune or otherwise steer model behavior.

5. Validate Stress-test out of domain: safety benchmarks, institutional
simulations, market games.

6. Certify Monitor deployment: reward-model disclosure, sandbox testing,
APIs for independent auditors, legal safe harbors or insurance
pricing.

Table 2. From legal concern to experimental stress test



Legal or policy Experimental analogue What the evaluator measures
concern

Competition Repeated Bertrand or Drift toward competitive,
duopoly pricing monopoly, or collusive prices
Fiduciary honesty Trust game Whether entrusted value is
returned when temptation
changes
Distributive fairness | Ultimatum or dictator Sensitivity to role, inequality, and
game rejection risk
Cooperation Prisoner’s dilemma or Conditional cooperation, free
public-goods game riding, and belief-action
coherence
Resource Common-pool-resource Overuse, sustainability, and
governance game response to depletion
Public Allocation and queueing Whether rules are applied
administration games consistently across identities and
claims
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