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As large language models (LLMs) are increasingly deployed as decision-making agents in strategic environments, their performance
depends critically on how they model human counterparts. Drawing on level-𝑘 thinking, we design normal-form games and develop a
structural estimator that infers, from observed choices, the strategic reasoning type most consistent with an LLM’s behavior. Across
models, we find a systematic mismatch: LLMs overwhelmingly behave as if their counterparts are fully rational Nash players and
respond with Nash-oriented actions, whereas human participants in our online experiments exhibit substantial heterogeneity, ranging
from Random to Nash. This mismatch can help or hurt. An LLMmay outsmart a boundedly rational human, but overestimating human
sophistication can also create a Nash equilibrium trap, in which Nash play is not the payoff-maximizing response to observed human
behavior. We design two prompting interventions to address this problem. The behaviorally informed intervention can substantially
reduce Nash-oriented behavior, but it often induces untargeted deviations, including departures from Nash when equilibrium play
remains appropriate. The welfare-aware intervention reduces Nash play less aggressively but yields higher empirical best-response
rates and smaller welfare losses. Effective strategic alignment therefore requires not simply moving models away from Nash, but
calibrating behavior to the relevant counterpart population and evaluating deviations against an explicit payoff or welfare objective.
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Extended Abstract

Large language model (LLM) agents are increasingly deployed in settings where they do not merely generate text but
support decisions involving other agents. For example, they can assist with pricing in competitive markets, bidding in
advertising auctions, hiring in labor markets, or supporting negotiations. In these settings, an agent’s payoff depends
on both its own action, and its expectations about how a counterpart will respond. This raises a fundamental question:
what behavioral model of counterpart rationality best explains an LLM’s strategic choices, and when is that model well

calibrated to human play?

To study this question, we use the level-𝑘 framework from behavioral game theory [Stahl and Wilson 1995]. The
level-𝑘 framework defines a set of strategic types (e.g., Level-0, Level-1, Level-2, Nash (i.e., Level-∞)) where higher
levels best respond to lower levels under a quantal-response model. We hence design twelve symmetric normal-form
games grounded in inventory stocking, pricing competition, and advertising decisions, and test them on agents (LLMs
or human subjects). For each agent, we estimate the action distribution implied by each strategic type, and use the
agent’s observed choices across games to assign a maximum-a-posteriori (MAP) strategic type to that agent. These
strategic type labels summarize behavioral consistency under the level-𝑘 quantal-response model.
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Recent surveys synthesize work on LLMs in strategic and game-theoretic environments [Hua et al. 2024; Sun et al.
2025; Zhang et al. 2024]. Existing studies evaluate LLM behavior in matrix games, repeated games, and multi-agent
settings, while newer work uses behavioral game theory constructs to interpret deviations from Nash play [Akata et al.
2025; Duan et al. 2024; Fan et al. 2024; Gandhi et al. 2023; Guo 2023; Jia et al. 2025; Mao et al. 2025; Pechon-Elkins and
Chun 2026; Wu et al. 2024; Zheng et al. 2025]. Our focus is especially close to work showing that LLMs can model
people as more rational than they actually are: Liu et al. find that several LLMs’ predictions and simulated choices align
more closely with rational-choice benchmarks than with human decisions [Liu et al. 2025]. Complementary evidence
from large-scale human matrix games shows that strategic ability and reasoning about others vary systematically with
game complexity, beyond what canonical behavioral models capture [Zhu et al. 2025]. Related work on evaluating
models’ judgments of games finds that reasoning models can be more human-aligned, while greater proximity to
game-theoretic optimality can weaken that alignment [Collins et al. 2025]. Finally, theory-grounded “general social
agents” use behavioral theory, empirical data, and pretrained knowledge to predict behavior across settings [Manning
and Horton 2025]. We complement these efforts by structurally estimating latent reasoning types for both LLMs and
humans and by evaluating opponent-aware interventions against model payoff, counterpart payoff, and joint welfare.

We use 𝐽 = 12 symmetric 3 × 3 normal-form games drawn from three business contexts: inventory stocking, pricing,
and advertising. The design consists of six base games and six payoff-scaled variants that preserve the strategic structure
while changing payoff magnitudes. We query each LLM for 30 independent responses per game under controlled
prompts, yielding 360 nominal observations per model through API; invalid outputs are excluded after parsing. Human
participants (𝑁 = 186) play the same 12 games once each in randomized order without feedback, so the benchmark
captures one-shot decisions rather than learning.

We test sixmodel families (gpt-5.2, claude-sonnet-4.5, gemini-3-flash-preview, deepseek-v3.2, qwen3-235b,
and grok-4.3). Games appear either as abstract payoff matrices (no context) or in business scenarios preserving the
same incentives (contextualized). Direct prompts request an action, whereas reasoning prompts request an explanation
before the final action.

Our objective is to characterize the strategic type most consistent with observed choices of LLMs and human
participants across a set of normal-form games. Since both humans and LLMs exhibit stochastic choice, we treat type
assignment as a structural estimation problem rather than classifying behavior from a single action in a single game.
Each strategic type induces a choice distribution over actions in each game. We estimate a common decision-precision
parameter by maximum likelihood and compute posterior probabilities over types using the full pattern of choices
across games. The resulting type estimates provide a behavioral characterization of strategic reasoning under a specified
Level-0 anchor and quantal-response choice model.

Across models and conditions, LLMs choose Nash equilibrium actions far more often than humans, resulting in the
Nash type being assigned to the majority of LLMs. In contrast, human behavior is substantially more heterogeneous.
Participant-level MAP estimates classify only 12.5%–14.4% of condition records as Nash, with most assigned to Level-1
or Level-2. A complementary finite-mixture analysis likewise places most population mass on non-Nash types for
human agents.

This mismatch is important: strategic choices determine the LLM’s payoff, the human counterpart’s payoff, and their
joint payoff. In some games, Nash play allows the LLM to earn more against boundedly rational humans; in others, it is
poorly calibrated to the observed human choice distribution. We say that a game exhibits a Nash equilibrium trap if the
empirical best response to human choices differs from the unique Nash action; we refer to such a game as a Nash-trap
game. While a Nash trap game does not imply that the Nash equilibrium is socially inefficient, it exhibits a mismatch
Manuscript submitted to ACM
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between Nash play and the payoff-maximizing response to observed human behavior, and thus Nash-type LLMs may
fail to respond optimally when facing human counterparts.

To address this challenge, we evaluate two interventions for LLMs in the no-context condition. The behaviorally
informed intervention tells the model that human opponents are heterogeneous and boundedly rational by providing
the estimated human type shares from the structural model: 7.5% Random, 45.2% Level-1, 33.9% Level-2, and 13.4%
Nash. It then asks the model to choose the action that maximizes its own expected payoff against this heterogeneous
human population. The welfare-aware intervention provides the same behavioral information, but additionally asks the
model to evaluate its own payoff, the human opponent’s payoff, and joint payoff before choosing.

The empirical best response to human play is the action that maximizes expected payoff against the observed
human action distribution. We classify game 𝑗 as a Nash-trap game if this empirical best response differs from the
unique pure-strategy Nash equilibrium action. This criterion identifies eight Nash-trap games in our design: Games
1, 2, 4, 5, 7, 8, 10, and 11. In these games, the behaviorally informed prompt lowers the Nash ratio by 76.7 percentage
points under direct prompts and 84.2 percentage points under reasoning prompts, but the empirical best-response rate
rises by only 10.9 and 12.0 percentage points. The welfare-aware intervention is less aggressive but more targeted: it
lowers the Nash ratio by 69.4 and 74.2 percentage points while increasing the empirical best-response rate by 16.7 and
18.7 percentage points under direct and reasoning prompts, respectively. Under reasoning prompts, welfare-aware
prompting raises model payoff by 0.912 units and lowers joint payoff by 2.297 units, compared with a 0.369-unit
model-payoff gain and a 5.233-unit joint-payoff loss under the behaviorally informed prompt.

These findings have implications for deploying LLMs in strategic interactions involving human counterparts. The
broader lesson is not to replace Nash reasoning universally, but to identify when Nash-oriented behavior is miscalibrated
and evaluate alternative strategies against the payoff or welfare objectives relevant to the deployment context. Effective
strategic alignment therefore requires both counterpart calibration and an explicit objective for evaluating deviations
from equilibrium.
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