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Generative AI (GenAl) is transforming the machine learning (ML) landscape by enabling the creation of high-quality synthetic data
for training and evaluation. Yet when these synthetic datasets are used in economic or multi-agent environments—where learning
systems interact with other decision-makers—the assumption that data can be generated independently of incentives often breaks
down. In such settings, each agent’s behavior depends on beliefs, payoffs, and strategic anticipation of others, making incentive
structures an integral part of the data-generating process. This perspective advocates for an incentive-aware approach to GenAl,
emphasizing the importance of embedding economic and strategic considerations into synthetic data generation. We review recent
case studies in which incorporating incentive consistency has led to better-performing ML models in persuasion and competitive
search environments. Finally, we outline a research agenda for developing strategically aligned generative models that integrate

economic reasoning, mechanism design, and ML to ensure robustness and reliability in complex decision-making ecosystems.
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1 Introduction

Generative Al (GenAl) is revolutionizing the way modern machine learning (ML) systems are designed, trained, and
deployed. By leveraging large-scale foundation models capable of producing rich, diverse, and contextually grounded
data, researchers and practitioners can now address challenges that were previously limited by data scarcity, bias, and
privacy concerns. Among the many emerging applications, synthetic data generation stands out as one of the most
transformative uses of GenAl—supporting the development of increasingly complex ML models and pipelines across
domains such as computer vision, natural language processing, and multi-agent decision-making.

A growing body of work explores the use of generative models, particularly large language models (LLMs), to produce
data that augment or replace real-world datasets for downstream learning [19, 20, 28, 29, 37]. This paradigm has proven
especially valuable in domains where data collection is costly, sensitive, or limited by strategic or behavioral factors.
However, when synthetic data are generated for economic or strategic environments—where ML models interact with
other decision makers, including humans and Al agents—standard data generation methods can be misleading or even
counterproductive. In these settings, each participant’s incentives, goals, and beliefs jointly shape the outcomes of the
system. A data generation process that ignores such incentive structures risks producing models that perform well in
isolation but fail to generalize or behave appropriately in dynamic and strategic environments.

This perspective paper argues that incentive-awareness must be a first-class principle in the use of GenAl for modern
ML, particularly when synthetic data are used to train agents that operate in multi-agent or socio-economic contexts
[12, 16, 21, 22, 24, 27]. Generative models should not only simulate realistic data but also account for the strategic
nature of the environments they aim to represent. This can be achieved through mechanisms informed by economic

and game-theoretic reasoning [18, 23], or through adaptive procedures learned from experience [1, 38].
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Although interaction-driven generation resembles ideas from self-play in reinforcement learning (RL) [9, 27, 45, 46],
our perspective differs fundamentally in purpose and setting. Self-play is primarily a learning mechanism for improving
policies within a fixed, fully specified environment, where the trajectories generated during training serve mainly as
internal samples used to update the agent. In contrast, our perspective aims to generate synthetic data that captures the
incentives, interactions, and feedback loops of economic environments, and that is intended to be used directly for
training or evaluating other ML or LLM-based systems. Moreover, the environments we consider are typically dynamic,
partially observable, and not fully specified as games: agents act through free-text communication or content generation,
making the strategy space open-ended and richer than those typically studied in classical self-play [32, 44]. In this
sense, our focus is on constructing strategically coherent data distributions themselves, rather than on improving a
policy for a given environment.

We highlight the importance of strategic and incentive-aware data generation when ML models trained on synthetic
data operate in economic environments with other decision-making entities. Two recent use cases illustrate this point.
The first uses LLMs to generate behavioral data for predicting human choices in persuasion games [42], where incentive-
consistent generation improved predictive validity. The second concerns competitive search environments [33], where
LLM-guided fine-tuning of content-producing agents led to superior performance under realistic strategic dynamics.
We conclude by outlining both challenges and future directions for strategic GenAl where economic reasoning and data

generation co-evolve toward more robust and strategically incentive-aligned ML systems.

2 Predicting Human Choice in Persuasion Games

Background. Persuasion games are a cornerstone of economic theory, capturing how information asymmetry shapes
strategic interaction between an informed sender and an uninformed receiver [14, 17, 25]. The sender observes a private
state of the world and strategically decides how much information to reveal to influence the receiver’s beliefs and
actions. This framework highlights the power of information control in shaping decisions and outcomes, with a wide
range of applications, including reputation systems [4, 10], market segmentation [3, 8, 15], Al alignment [5], and beyond.
While theoretical models typically assume fully rational behavior, real-world persuasion often involves human decision
makers whose behavior exhibits a spectrum of patterns. The empirical study of human decision making in persuasion
games was initiated by Apel et al. [2], who demonstrated the effectiveness of ML models in predicting choices within a
repeated, language-based persuasion game, where a hotel expert bot interacted with human participants by revealing
selected reviews to promote hotel adoption. Subsequent studies extended this line of work by optimizing the sender’s
strategy against human behavior [39] and by developing rule-based simulation frameworks to enhance the effectiveness
of learning models [41]. A recent study by Shapira et al. [42] explored the potential of LLMs to generate synthetic
training data for human choice prediction, showing that LLM-generated data can successfully replace or augment

human data for training predictive models in repeated, language-based persuasion games.

Game setup and learning task. In the experimental setting of Shapira et al. [42], the expert (sender) is a rule-based
bot that knows the true quality of a hotel and strategically selects which textual review to reveal to human decision
makers (DMs) in order to persuade them to “adopt” (book) the hotel. The interaction unfolds over multiple rounds:
after observing the expert’s chosen message and the cumulative history of past interactions, each human DM decides
whether to adopt or reject the hotel. The learning task is to predict these human decisions—specifically, to estimate

the probability that a DM will adopt in the current round given the sequence of revealed reviews and past actions.
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The setup therefore combines linguistic, sequential, and strategic components, making it an ideal testbed for studying

human decision making and choice prediction in complex, language-based environments.

Synthetic data generation. To investigate whether LLMs can substitute for human participants in such settings,
Shapira et al. [42] designed a pipeline in which LLMs act as decision makers under varying personas [11], and games
are simulated under multiple expert strategies to capture diverse interaction patterns. Each synthetic agent observes
the same review and interaction history as the human counterpart and outputs a binary adoption decision, thereby
generating synthetic behavioral trajectories. This behavioral data generation approach is contrasted with a sentiment-
based baseline, where the decision is derived only from the review’s sentiment score predicted by an LLM, ignoring

historical and strategic context.

Results and implications. The authors train several predictive models on three data sources: (i) human-choice data, (ii)
LLM-generated behavioral data, and (iii) the sentiment-based baseline. When evaluated on held-out human data, models
trained solely on LLM-generated behavioral data achieve predictive accuracy comparable to, and sometimes exceeding,
that of models trained on real human data. In contrast, the sentiment-based baseline performs substantially worse,
indicating that the advantage of LLM-generated data stems from its ability to capture the sequential and incentive-aware
structure of the interaction, rather than mere textual sentiment. Overall, Shapira et al. [42] demonstrate that LLMs
can serve as strategic simulators capable of producing incentive-consistent synthetic data that embeds the behavioral
dependencies induced by the underlying game. This insight exemplifies a broader principle of incentive-aware synthetic
data generation: synthetic agents should not merely mimic linguistic signals, but also internalize the strategic and

motivational structure of the environment that shapes human behavior.

3 Fine-Tuning a Competitive Search Agent

Background. Competitive search environments capture the strategic interplay between content creators (or publishers)
who compete for exposure in ranking systems [26, 36]. In such settings, each publisher strategically adjusts or generates
content to maximize visibility, anticipating both the behavior of the ranking algorithm and the responses of competing
publishers. This paradigm has been studied extensively in both theoretical and applied literatures, encompassing models
of game-theoretic analysis of search and recommendation ecosystems [7, 40, 47-50], adaptive behavior and learning
dynamics [30, 31, 35], and recent advances in Al-driven content generation [6, 13, 33, 43]. These studies reveal that
modern search and recommendation ecosystems are inherently strategic, and that designing robust, socially aligned

mechanisms requires understanding learning dynamics when feedback and incentives are mediated by algorithms.

Game setup and learning task. Mordo et al. [33] study a multi-agent version of this problem, in which a set of
LLM-based publisher agents compete for exposure in a search engine. Each round begins with a query (drawn from a
diverse set that induces distinct competitive games) and a set of initial documents. Agents can modify or regenerate
their documents before submitting them to the ranker, which evaluates all documents and returns a ranking. The
resulting positions determine feedback signals, which serve as rewards for the agents. The overarching objective is to
train publisher agents who learn to strategically improve their content and adapt to competitors’ behavior in order to
achieve better rankings. In this framework, training the agents amounts to fine-tuning language models to generate

documents that perform well under a competitive ranking process.

Synthetic data generation. A central methodological contribution of Mordo et al. [33] is the introduction of two

distinct synthetic data generation regimes: Static Generation (SG) and Dynamic Generation (DG). In the static regime,
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data is collected from isolated document-generation episodes, where each agent produces candidate texts independently,
without considering the responses of other agents or the evolving state of competition. In contrast, the dynamic regime
constructs datasets from simulated multi-agent interactions [34, 51], where multiple publisher agents repeatedly compete
and adapt to one another. These simulations capture the iterative feedback loops of real competitive environments,
where agents refine their strategies based on past ranking outcomes and observed rival behaviors. The resulting dynamic

datasets therefore embed the incentive structure of the environment.

Results and implications. Mordo et al. [33] show that models fine-tuned on dynamically generated data outperform
those trained on static data in both in-distribution and out-of-distribution evaluations. Agents trained with Reinforcement
Learning from Ranker Feedback (RLRF) using DG data consistently achieve higher win-rates compared to thosed trained
using SG data, demonstrating that synthetic data generated through interactive, incentive-consistent pipelines leads to
improved strategic behavior in multi-agent environments. This finding reinforces a broader lesson for incentive-aware
synthetic data generation: when the downstream task involves strategic competition or feedback-driven adaptation,

effective training requires data generation pipelines that capture the dynamic incentives shaping behavior.

4 Strategic Generative Al: Challenges, Limitations, and Vision

Challenges. Embedding strategic reasoning into GenAl introduces fundamental conceptual tensions. Standard ML
frameworks assume a passive environment where data distributions are exogenous and fixed, while economic systems
are inherently endogenous: each agent’s data-generating process depends on others’ incentives and beliefs. As a result,
defining meaningful training objectives and evaluation metrics requires reconciling the probabilistic modeling view of
GenAl with equilibrium-based reasoning from game theory. In such hybrid systems, equilibrium concepts interact with

statistical ones, raising open questions about convergence, identifiability, and robustness under adaptive feedback.

Limitations. Even when synthetic data are generated dynamically within incentive-aware paradigms, significant
robustness challenges remain. In realistic environments, the underlying incentives themselves evolve: agents’ preferences
may shift, competitors may change, action spaces may expand or shrink as new tools emerge, and market conditions
may fluctuate. These dynamics imply that models trained on strategically generated data can still fail when deployed
under altered incentive landscapes. Addressing these challenges requires developing methods that support adaptive
behavior not only during training but also at evaluation and inference time. This calls for combining tools from RL and
online learning with the strategic synthetic data paradigm, enabling systems to continually adjust to evolving equilibria

and to determine when and how retraining should occur as interactions progress.

Vision. A key step forward is to develop a unified framework for synthetic data generation in multi-agent environments.
Such a GenAl-driven framework should formalize how incentives, interactions, and information structures across
diverse simulated games jointly determine the synthetic data distribution. It would allow researchers to model diverse
domains (e.g., persuasion, search, voting and auctions) within a single generative schema that supports both simulation
(dynamic data generation) and learning (synthetic data utilization). Concretely, this entails defining standard interfaces
for (i) specifying agent objectives and observables, (ii) generating data through equilibrium or learning dynamics,
and (iii) evaluating resulting datasets in terms of strategic fidelity, stability, and welfare impact. A unified approach
would not only consolidate existing applications but also enable systematic development of learning systems trained
(and potentially even evaluated) on strategically coherent synthetic data—capturing how incentives, competition,

and feedback shape the data distribution itself in economic environments. Ultimately, the goal of Strategic GenAl
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is to establish a principled foundation for synthetic data generation tailored to ML systems that operate in dynamic,

incentive-driven economic environments, ensuring that models learn, adapt, and generalize in alignment with the strategic

feedback loops that govern real-world behavior.
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