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Abstract

Economic World Models require not only economic discipline but also scalable AI-
system design. Building on Cong [2025], this paper develops an implementation-
oriented perspective on how economic worlds can be built as computable AI
systems. We study EconWM systems as generative engines in which heterogeneous
agents act, interact, adapt, and co-evolve with markets and institutions, producing
economic dynamics from inside the modeled world. We introduce a six-level
capability ladder that traces how such systems become progressively more realistic:
from fixed rule-based agent worlds, to adaptive and LLM-based agent worlds,
to self-evolving agents, evolving institutional worlds, and finally self-correcting
sim-to-real economic twins aligned with real observations. A systematic literature
survey across these levels reveals a clear gap: existing work remains concentrated
at lower levels, while higher-level systems with self-evolving agents, endogenous
institutions, and persistent empirical alignment remain largely unrealized. The
paper provides a CS/AI systems roadmap for implementing, evaluating, and scaling
EconWMs as policy sandboxes, AI-agent training environments, planning engines,
and safety testbeds. To support future research, we have released our curated paper
list and related resources.2

1 Introduction

“If you didn’t grow it, you didn’t explain it.” — Joshua M. Epstein

Economics has long advanced through a tradition of “observation and explanation”. Economists
observe aggregate variables, collect micro-level evidence, estimate empirical relationships or causal
effects, build theoretical and quantitative models, and ask what caused what [Haavelmo, 1944,
Friedman et al., 1953, Heckman, 2001]. This approach is undeniably powerful to understand
economy. Yet it also leaves open a deeper question of generative explanation. As Epstein [1999]
famously argues, “If you didn’t grow it, you didn’t explain it.” Deriving an equilibrium, fitting
parameters, or forecasting a turning point does not by itself explain an economic phenomenon unless
the outcome can emerge from the model inside. This idea motivates the implementation problem
studied here: to make the Economic World Models agenda operational, we need AI systems in
which economic outcomes can grow from agents, institutions, and rules inside the simulated
world.

This perspective connects naturally to the recent rise of world models in AI and reinforcement learning
[Ha and Schmidhuber, 2018, Ding et al., 2025]. A world model is generally understood as an internal

∗Send correspondence to Cong (will.cong@ntu.edu.sg) or Wang (wangbenyou@cuhk.edu.cn)
2https://github.com/FreedomIntelligence/Awesome-Econ-World-Models/

Preprint.

https://github.com/FreedomIntelligence/Awesome-Econ-World-Models/


Figure 1: Physical versus economic worlds. Physical state transitions are governed by external
laws, whereas economic state transitions are generated by heterogeneous agents interacting through
markets, institutions, and evolving rules.

model of environment dynamics: given a current state and an action, it predicts the next states. Such
models allow agents to imagine futures, evaluate possible actions, and plan before acting in the real
world. In robotics [Wu et al., 2023a], autonomous driving [Wang et al., 2024a], and video generation
[Wang et al., 2024b], world models are often built to capture the transition dynamics of physical or
simulated environments. Their promise lies in turning prediction into simulation and simulation into
decision support.

However, an economic world is not a physical world. As shown in Figure 1, in a physical world,
state transitions are primarily governed by stable environmental laws, such as the laws of classical
mechanics. Gravity, for example, constrains how objects move and does not vary according to
the intentions of the objects it acts upon. An economic world is fundamentally different. Its state
transitions are not merely imposed by an external environment; they are endogenously generated
by the aggregated behaviors and interactions of the agents participating in it [Farmer and Foley,
2009, Arthur, 2021]. Prices, allocations, institutions, market structures, and expectations evolve
as households, firms, banks, investors, and regulators observe, decide, trade, compete, coordinate,
and adapt. Consequently, agents in the economic realm do not merely move through a pre-given
environment; through their collective behavior, they produce the next state of the environment
to which they later respond. This distinction implies that an EconWM system should natively
accommodate four features: heterogeneous agents, because economic dynamics arise from diverse
agents with different objectives, information, constraints, and decision rules; endogenous outcomes,
because prices and allocations emerge from decentralized interaction rather than being imposed
from outside; reflexive feedback, because beliefs about the economy reshape the economy and are
reshaped by it in turn; and evolving rules, because the institutional environment itself may change
over time.

Building on the EWM/DDGE framework of Cong [2025], we use the following AI-systems working
definition for implementation purposes:

An EconWM system is a generative engine for economic environments: it
predicts how an economy moves by modeling how the agents inside observe,
reason, act, interact, and adapt under economic institutions and constraints.

This working definition highlights that agents and world models are two sides of the same coin
in economic modeling. On one side, agent-level next-action prediction models how heterogeneous
agents reason and choose actions under incentives, information, and constraints. On the other side,
economy-level next-state prediction models how these actions interact through markets, institutions,
and rules to generate prices, allocations, risks, institutional responses, and future states. The two sides
cannot be separated: the economy moves through agents’ actions, while agents can only be modeled
meaningfully within the world that shapes their incentives, constraints, information, and feedback.
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This coupling creates a co-improvement loop. More realistic EconWMs provide richer environments
for training and planning agents under scarcity, incentives, and institutional constraints; more capable
agents, in turn, improve EconWMs by producing more accurate action predictions, revealing strategic
responses, and exposing edge cases. In short, better worlds shape better agents, and better agents
make better worlds.

What EconWMs enable. With an EconWM, economic reasoning becomes operational and experi-
mental. For human decision-makers, an EconWM functions as a high-fidelity sandbox for testing
policies, market designs, firm strategies, systemic risks, and institutional reforms before they are
deployed in the real world. For machine intelligence, it functions as an economic brain: a training
environment where agents learn under scarcity, incentives, and institutional constraints; a planning
engine for simulating downstream consequences before acting; and a safety testbed for detecting
emergent risks such as manipulation, collusion, instability, and cascading failure. Over time, this
creates a virtuous cycle: EconWMs train stronger economic agents, while stronger agents make the
world model’s action predictions and state transitions more realistic.

Finance already provides several partial prototypes of the EconWM agenda. Cong et al. [2024]
study an AI-mediated credit market in which borrower-side LLM adoption changes application text,
lender-side multimodal models respond through retraining, and market outcomes depend on the
resulting counterfactual equilibrium. Campello et al. [2025] develop a learned corporate environment
and robust decision module for managerial policy search. Cong et al. [2021] show how financial
decision agents can be trained directly on economic objectives through deep reinforcement learning,
while Bini et al. [2025] study behavioral biases and correction mechanisms in LLM decision agents.
These studies do not by themselves constitute complete EconWMs, but they provide important
building blocks: learned financial environments, economic decision agents, robust control, behavioral
calibration, and endogenous data-generation loops.

Relation to the EWM/DDGE framework. This paper is complementary to Cong [2025]. Cong
introduces Economic World Models as an economic model class and develops Data-Driven Generative
Equilibrium (DDGE) as the equilibrium discipline needed when behavior, beliefs, data generation, and
learned environments are jointly endogenous. The present paper takes a CS/AI systems perspective:
it asks how such economic worlds can be implemented, evaluated, and scaled as computational
environments for agent training, policy sandboxes, planning engines, and sim-to-real economic twins.
Accordingly, the capability levels below classify implementation maturity; they do not by themselves
guarantee DDGE-style counterfactual consistency.

Why now? Large language models provide a substrate for modeling beliefs, memory, communi-
cation, reasoning, and context-sensitive decision-making [An et al., 2024, Xu et al., 2025, Ferrag
et al., 2025, Guo et al., 2025]. Tool-using agents [Masterman et al., 2024, Shi et al., 2025] connect
decisions to executable economic actions such as search, purchase, negotiation, trading, planning,
and compliance. The rise of agentic AI further turns agents into actors that can plan, call tools,
invoke reusable skills, and execute multi-step tasks through external harnesses [Zhou et al., 2026].
Multi-agent simulation [Chen et al., 2024b] provides an interaction substrate in which heterogeneous
agents can respond to one another and jointly generate aggregate outcomes. Meanwhile, the growing
availability of financial, textual, policy, administrative, and transaction data provides the empirical
foundation for constructing, calibrating, and validating EconWMs. These ingredients make Economic
World Models newly imaginable.

Contributions and organization. This paper makes four contributions. First, we provide an
implementation-oriented working definition for EconWM systems. Section 2 develops the AI-systems
view, identifies engineering desiderata for implementation, and introduces a six-level capability
hierarchy. Second, we present an architectural blueprint for making EconWMs buildable. Section 3
develops this architecture. Third, we map the emerging field from both capability-based and historical
perspectives. Section 4 uses the six-level hierarchy to assess how powerful current EconWM
systems are, revealing a central gap: existing systems remain concentrated at lower levels, while co-
evolving institutional worlds and empirically grounded economic digital twins are still largely missing.
Section 5 takes a complementary historical view, tracing how AI for economics has moved through
five waves: feature engineering, data engineering, prompt engineering, context engineering, and
environment engineering. Fourth, we position EconWMs as infrastructure for decision intelligence
and clarify their boundaries. Section 6 develops two application roles: sandboxes for human decision-
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makers and economic brains for autonomous AI agents. Section 7 positions EconWM systems among
adjacent paradigms. Section 8 closes with open challenges and future research directions.

The road ahead. Our aim in this paper is to translate the EWM agenda into a CS/AI systems
roadmap: to articulate the implementation vision, operationalize the core concepts, build a capability
ladder, and provide an architectural starting point. But building trustworthy, scalable, and empirically
grounded EconWMs will require a community effort. We invite researchers across artificial intelli-
gence, economics, management, social science, and policy to help build, evaluate, and govern the
next generation of economic worlds. The goal is to make economic worlds buildable, testable, and
alignable as AI systems, while preserving the economic discipline emphasized by the EWM/DDGE
framework.

2 Economic World Models as AI Systems

2.1 An Implementation-Oriented Working Definition

World Models. Generally, a world model is a computable dynamical system that represents how
the state of a world evolves over time, especially under actions or interventions. Its core role is to
approximate the transition dynamics of an environment: given a current state and an action, it predicts
the next state. Formally, a world model can be written as

ŝt+1 = T
(
st, at

)
, (1)

where st is the current state, at is an action or intervention, ŝt+1 is the predicted next state, and T
denotes the transition operator.

Physical Worlds vs. Economic Worlds. Physical worlds are governed by stable laws: planets
orbit, pendulums swing, and objects fall in ways that are consistent and predictable. Economic
worlds are fundamentally different. They are shaped by strategic agents, institutional constraints,
and feedback effects that are inherently adaptive and self-generating. Four features make economic
worlds especially distinct.

• Heterogeneous agents: Unlike many physical systems that are governed by relatively
uniform laws of motion, economic systems are populated by heterogeneous agents that
differ in objectives, information, constraints, and decision rules.

• Endogenous outcomes: Unlike many physical systems in which outcomes are primarily
determined by external forces and stable laws, core economic variables such as prices, allo-
cations, and quantities are not externally imposed but emerge from decentralized interactions
such as bidding, bargaining, trading, and market-clearing among agents.

• Reflexive feedback: Unlike most physical processes, where feedback does not typically
depend on agents’ beliefs about the system itself, economic dynamics are shaped by feedback
between expectations and outcomes: agents form beliefs, act on them, thereby altering
markets and macro conditions, which in turn reshape subsequent beliefs and decisions.

• Evolving rules and mechanisms: Unlike physical laws, which are relatively stable, eco-
nomic institutions, policy rules, and behavioral regularities may themselves change over time
as agents adapt, regulations shift, and new norms emerge, so that the transition dynamics
co-evolve with the system.

Economic World Model Systems. For CS/AI implementation, we use EconWM to denote a
computable dynamical system that captures the transition of an economy driven by heterogeneous
and interacting agents. This working definition is narrower and more operational than the economic
framework in Cong [2025]: it focuses on system components, capability levels, and implementation
requirements rather than on equilibrium concepts.

As summarized in Figure 2, the state of the economy is given by

st =
(
xt, {zit}

Nt
i=1, {b

i
t}

Nt
i=1, It

)
, (2)

where xt denotes the macroeconomic economic state, such as prices, quantities, and macroeconomic
conditions, {zit}

Nt
i=1 are the individual states of heterogeneous agents, {bit}

Nt
i=1 are agents’ beliefs or
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Figure 2: State transition in an Economic World Model.

expectations, and It denotes the institutional environment and governing rules. Given an intervention
at, the transition operator decomposes into the following stages:

bit+1 = Bi(bit, zit, xt, at, It

)
, i = 1, . . . , Nt (agent belief update) (3)

ai
t+1 = πi(zit, bit+1, xt, at, It

)
, i = 1, . . . , Nt (next-action prediction of agents) (4)

zit+1 = Ωi(zit, ai
t+1

)
, i = 1, . . . , Nt (agent state update) (5)

xt+1 = G
(
{zit+1, a

i
t+1, b

i
t+1}Nt

i=1, xt, It

)
(next-state prediction of economic worlds) (6)

It+1 = Φ
(
It, xt+1, {bit+1, a

i
t+1, z

i
t+1}Nt

i=1

)
(rules and mechanisms evolution) (7)

where Bi denotes the belief-update operator of agent i, mapping the agent’s prior belief together
with its current state, the aggregate economic state, the exogenous intervention, and the institutional
environment into an updated subjective representation of the economy, πi denotes the decision rule
of agent i, mapping the agent’s current state and updated belief to an action, Ωi denotes the state
transition function of agent i, updating the agent’s internal state after the action is taken, such as
wealth, inventory, balance-sheet position, or other micro-level variables, G denotes the endogenous
aggregation and market-closure operator, which maps the collection of individual agent states into
next-period aggregate outcomes such as prices, allocations, and macroeconomic conditions, and Φ
denotes the evolution of institutions or governing mechanisms.

2.2 Engineering Desiderata for EconWM Systems

For implementation, a strong EconWM system should satisfy four engineering desiderata:

D1. Endogenous closure. An EconWM system should produce key economic outcomes endoge-
nously. Prices, allocations, and macroeconomic conditions should emerge from decentralized
interactions among heterogeneous agents, rather than be imposed from outside. This matters
because these outcomes do not simply describe the state of the economy. They also shape what
agents do next by feeding back into subsequent decisions and interactions. If they are treated as
exogenous, the model can no longer represent the feedback process through which an economic
world evolves.

D2. Behavioral fidelity. Agents in an EconWM system should resemble real economic actors. Agent
behavior should reflect how households, firms, banks, and investors perceive, interpret, and
respond to incentives, information, and constraints. Such fidelity may be realized in different
ways, ranging from symbolic mechanisms that adapt rules and strategies in response to economic
signals, to richer cognitive substrates that maintain explicit beliefs, expectations, and subjective
representations of the economy. What matters is capturing heterogeneity, bounded rationality,
and context-dependent adaptation, rather than reducing behavior to fixed or overly stylized rules.
Behavioral fidelity is especially important when LLMs are used as economic agents. Recent
evidence shows that LLMs can exhibit systematic behavioral patterns in economic and financial
decision tasks, including biases in preference-based tasks and more rational responses in some
belief-based tasks; prompting and correction procedures can mitigate some of these biases
[Bini et al., 2025]. EconWM agents therefore require behavioral validation rather than persona
prompts alone.

D3. Evolving dynamics. In an EconWM system, both the agents and the governing rules of the
economy should co-evolve over time. Economic worlds are not static: strategies adapt, beliefs
shift, agents may even acquire new cognitive capabilities and behavioral repertoires through
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Table 1: Capability levels of EconWM systems as progressively stronger realizations of the engineer-
ing desiderata. Symbols indicate full, partial, and missing satisfaction: ✓, , and ✗. Agent capability
improves from L1 to L4, rules remain fixed through L4 and evolve at L5, and real-time correction
appears at L6.

Desiderata L1 Fixed-rule
agent worlds

L2 Adaptive
agent worlds

L3 LLM-based
agent worlds

L4 Self-evol.
agent worlds

L5 Evolving
econ worlds

L6 Sim-to-real
econ twins

Endogenous closure ✓ ✓ ✓ ✓ ✓ ✓
Behavioral fidelity ✓ ✓ ✓ ✓
Evolving dynamics ✗ ✓ ✓
Reality alignment ✗ ✗ ✗ ✗ ✗ ✓

Agent
fixed adaptivity autonomy self-evolution

Rules
fixed rules rules evolve

Real world
no online correction online correction

experience, and institutional conditions evolve. A credible EconWM should therefore model not
only state transitions, but also the evolution of strategies, cognition, and governing rules at each
of these layers.

D4. Reality alignment. An EconWM system should stay aligned with the real economy over time. It
should not only generate plausible simulations, but also repeatedly compare them with newly
observed outcomes and update its internal dynamics accordingly. In this way, the model can
progressively narrow the gap between the simulated economy and the real one.

2.3 Capability Levels of EconWM Systems

As shown in Table 1, EconWM systems can be organized into a hierarchy of six progressively
stronger capability levels. These levels represent successive enrichments of the same underlying
economic transition process: heterogeneous agents act under institutional conditions, their internal
states evolve, and their interactions endogenously generate the next aggregate state. Moving up the
hierarchy, the model incorporates increasingly rich forms of rule-based agent adaptation, LLM-driven
autonomous reasoning, endogenous self-evolution of agent capabilities, institutional evolution, and
reality-based self-correction. The hierarchy is an implementation taxonomy rather than an equilibrium
concept: a system can be high on the capability ladder and still fail counterfactual consistency if
learned components are not re-centered on the data generated by the counterfactual itself, the problem
addressed by DDGE in Cong [2025].

Level 1: Fixed Rule-Based Agent Worlds. This level models the economy as a closed system in
which agents and the environment follow fixed, pre-specified rules.

At the basic level, the economy is represented as a fixed rule-based system in which the agent decision
rule πi, the agent state transition Ωi, and the aggregation operator G are all fixed ex ante. The
cognitive operator Bi is absent and decisions are made directly from the agent’s state and the external
environment; the institutional evolution operator Φ is also inactive, so the institutional environment
remains unchanged over time. Even so, this level already captures the core feedback loop between
heterogeneous agents and aggregate outcomes: aggregate states arise from agent interactions and
in turn shape subsequent decisions. Such systems are transparent and interpretable, yet limited in
flexibility and adaptivity.

Level 2: Adaptive Rule-Based Agent Worlds. Adaptive Rule-Based Agent Worlds are economic
worlds in which agents adapt their rule-based decision policies over time using symbolic or algorith-
mic mechanisms.

At this level, agents are no longer fixed rule executors. The decision rule itself is allowed to vary with
time, written as πi

t, and is updated as a function of the agent’s history of interactions and aggregate
outcomes generated within the simulated economy. The substrate underlying πi

t remains symbolic or
algorithmic: rule systems with adaptive rule selection, online reinforcement learners whose policies
update during the rollout, evolutionary or genetic-algorithm agents, online learning agents, or adaptive
heuristics. Agents at this level do not yet maintain rich subjective representations of the economy, so
the cognitive operator Bi is still inactive; adaptation is captured through changes in the parameters
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of πi
t rather than through the formation and revision of beliefs and expectations. The institutional

structure remains fixed, meaning that the institutional evolution operator Φ is not active.

Level 3: LLM-Based Autonomous Agent Worlds. LLM-Based Autonomous Agent Worlds are
economic worlds in which agents are driven by large language models, possess explicit cognitive
states, and make autonomous decisions through belief-driven reasoning over time.

At this level, agents are equipped with rich internal cognitive states—beliefs, expectations, and
subjective representations of the economy—and use them to make decisions autonomously. Formally,
the cognitive operator Bi becomes active and produces updated beliefs at each step, and the time-
varying decision rule πi

t is conditioned on these updated beliefs in addition to the external economic
environment. Adaptation operates jointly through the cognitive layer and the strategy layer: as
beliefs evolve with perceived signals, interaction history, and contextual information, the decision
rule πi

t responds in a context-sensitive way, allowing the model to capture expectation formation,
heterogeneous perceptions, and behavioral patterns that respond flexibly to the same economic
conditions in different ways. The cognitive substrate underlying Bi and πi

t itself remains fixed during
the rollout—its underlying reasoning capacity does not expand—but the cognitive states it produces
are dynamic and history-dependent. The institutional structure of the world remains fixed at this
level.

Level 4: Self-Evolving Agent Worlds. Self-Evolving Agent Worlds are economic worlds in which
agents not only update their beliefs and decisions but also expand their cognitive capabilities and
behavioral repertoires over time.

At this level, agent adaptation extends from beliefs and strategies to the cognitive substrate itself.
The operators Bi and πi

t are now time-varying not only in the states and actions they produce
but also in their underlying capacity: agents acquire new strategies, new skills, new tools, or new
behavioral routines during the simulated economic rollout, and these acquisitions persist and reshape
the operators in subsequent steps. This corresponds to an endogenous capacity update of Bi and πi

themselves, driven by signals generated inside the model—reflection on past beliefs, observation of
interaction outcomes, and learning from realized aggregate states—rather than by offline training.
Agents may, for instance, develop new trading heuristics, learn new negotiation patterns, build new
analytical procedures, or accumulate domain knowledge through reflection on past successes and
failures, so that the agents acting in later periods are cognitively richer than those acting earlier.
The institutional environment still remains fixed at this level, but the agent population is no longer
cognitively static.

Level 5: Evolving Economic Worlds. This level refers to economic worlds in which the rules and
mechanisms governing the economy can evolve endogenously over time.

At this level, adaptation extends beyond agents to the governing structure of the economy itself. In
addition to agent-level adaptation, the institutional environment is allowed to evolve through the
institutional evolution operator Φ, which may take the form of a simple update rule, an adaptive
policy mechanism, a higher-level decision made by simulated policymakers with their own beliefs
and objectives, or an emergent process that selects among candidate institutions based on aggregate
outcomes and realized agent histories. The updated institution then becomes the environment within
which agents subsequently act, so that policy regimes, market rules, contracts, governance structures,
and broader institutional conditions co-evolve with agent behavior. Importantly, Level 5 only requires
the institutional evolution operator Φ to be active alongside in-world agent adaptation; the agent
cognitive substrate may correspond to any of Levels 2–4. What distinguishes this level is therefore
not the sophistication of individual agents but the fact that the economic world itself is no longer a
fixed stage on which agents act, though a Level 5 environment derived from Level 4 substrates is
undeniably the most ideal state.

Level 6: Sim-to-Real Economic Twins. At this level, the EconWM continuously closes the gap
between simulation and reality, moving toward a digital twin of the economy.

At the highest level, the EconWM no longer evolves only through its internal dynamics. It remains
continuously tethered to the real economy. Whenever new real-world observations become available,
the model compares its simulated outcomes against these observations and recalibrates itself to reduce
the discrepancy. This creates a two-loop architecture: an inner loop in which the economic world
endogenously evolves, and an outer loop in which empirical feedback drives repeated updates to the
model. In this way, the model continuously learns from the real world, progressively narrowing the
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sim-to-real gap. The highest-level EconWM therefore becomes a genuine self-correcting digital twin
of the economy, enabling reliable counterfactual analysis.

3 Implementation Architecture for EconWM Systems

Several recent finance applications illustrate how these modules arise in practice. AlphaPortfolio is
primarily an agent-side decision module: it trains a portfolio decision agent directly on investment
objectives under market states [Cong et al., 2021]. AlphaManager adds a learned environment
module and a robust-control decision layer for corporate policy search [Campello et al., 2025]. The
online-lending application adds a richer agent–environment feedback loop: borrower-side generative
behavior changes the data observed by lender-side discriminative models, and lender retraining
changes future credit allocation [Cong et al., 2024]. These examples motivate the modular architecture
below: agents, environments, co-evolution, and alignment should be designed as separable but
interacting components.

As shown in Figure 3, an EconWM system can be implemented as a four-layer architecture: eco-
nomic agents that make micro-level decisions, economic environments that constrain actions and
return feedback, agent–environment co-evolution that generates adaptive dynamics, and real-world
alignment that anchors the simulated world to reality.

(C) Agent–Environment Co-evolution

Agent Hub

(A) Economic Agents

Agent Capability

roles objectives

preference belief

decision
space

skills tools

memory harness

action

feedback

(B) Economic Environments

Economic State

Economic Mechanisms

micro meso macro

institutional information

markets rules

constraints

Agent-side evolution

belief update

strategy adjustment

skill evolution

Environment-side evolution

market evolution

mechanism adaptation

rule evolution

Agent Behavior

observation

action 

state
transition

reasoning

(D) Real-World 

Alignment

calibration

multimodal information

real-world 

market institutions

real-time monitoring

adaptive correction

cause diagnosis

Figure 3: Core components of an Economic World Model.

3.1 Economic Agents

Agents are the micro-foundations of EconWMs. They represent economic actors such as households,
firms, investors, banks, platforms, regulators, and governments. Unlike generic AI agents, economic
agents must be defined by their roles, objectives, constraints, beliefs, feasible actions, and institutional
positions. Their behavior is not merely text generation or rule execution, but economically meaningful
decision-making under scarcity, incentives, and uncertainty. We organize economic agents into three
components: the agent hub, the agent capability library, and the agent behavior workflow.

3.1.1 Agent Hub: Who Agents Are

The Agent Hub constructs and manages the population of agents in an EconWM. Its goal is to
generate economically meaningful heterogeneity rather than superficial diversity. Each agent is
specified by its role, objectives, constraints, information, and decision space.

Roles and institutional positions. Agents occupy distinct economic roles. Households participate in
labor, consumption, credit, and housing markets; firms set prices, hire workers, manage inventories,
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and invest; banks allocate credit and manage balance-sheet risk; governments and regulators design
and enforce policy rules. These roles determine what agents can observe, what constraints they face,
and what actions they can take.

Objectives and preferences. Agents differ in what they optimize or value. Households may care
about consumption, savings, employment security, and risk. Firms may pursue profit, survival,
market share, or long-run growth. Investors may optimize returns, liquidity, or risk exposure, while
policymakers may target welfare, stability, inflation, employment, or fairness. Preferences such
as risk aversion, time discounting, liquidity demand, and loss aversion shape how agents evaluate
alternatives.

Endowments and constraints. Agents also differ in what they possess and what they are allowed
or able to do. These include income, wealth, debt, inventory, productivity, capacity, credit access,
leverage, capital requirements, information limits, and regulatory restrictions. Such constraints
determine not only what agents want to do, but also what they can actually do.

Information, beliefs, and expectations. Agents do not observe the entire economy. They receive
public signals, private information, local observations, prices, news, and messages from other agents.
From these inputs, they form beliefs about current conditions, future states, risks, and others’ behavior.
This belief formation is central to economic reflexivity: agents act on beliefs, their actions change the
economy, and the changed economy reshapes future beliefs.

Decision space. Each agent has a set of feasible actions. Households may consume, save, borrow,
default, migrate, or search for jobs. Firms may set prices, produce, invest, hire, borrow, or exit.
Investors may buy, sell, hedge, or rebalance. Policymakers may adjust taxes, transfers, interest rates,
regulations, or enforcement intensity. The Agent Hub therefore defines who the agents are, what they
know, what they want, what they can do, and how they are embedded in the economy.

3.1.2 Capability Hub: What Agents Can Use

The Capability Hub specifies the operational resources that allow agents to act effectively within an
EconWM. While the Agent Hub defines who the agents are, the Capability Hub defines what agents
can use to reason, act, learn, and comply with constraints. It consists of four core components: skills,
tools, memory, and harnesses.

Skills. Skills are reusable capabilities that allow agents to solve recurring tasks through learned
or programmed routines rather than ad hoc responses [Zhang et al., 2025a, Xu and Yan, 2026].
In economic settings, skills may include forecasting, pricing, negotiation, portfolio adjustment,
credit assessment, inventory management, and policy evaluation. These skills give agents task-level
competence and make their behavior more stable, interpretable, and reusable across scenarios.

Tools. Tools are callable external resources that extend an agent’s reasoning beyond its internal model.
They allow agents to search, calculate, retrieve, verify, optimize, and execute actions in external
systems [Schick et al., 2023, Yao et al., 2023]. In economic settings, tools may include calculators,
databases, search engines, optimization solvers, trading systems, accounting modules, credit-scoring
models, and forecasting systems. Through tools, agents can query market information, compute
financial quantities, check feasibility constraints, and connect language-based reasoning to executable
economic operations.

Memory. Memory stores past observations, interactions, decisions, and outcomes, allowing agents to
maintain persistence across time. Memory-augmented agents can retrieve prior experiences, track
relationships, reflect on past behavior, and adapt over repeated interactions [Packer et al., 2023,
Zhang et al., 2025b]. In economic settings, memory may record transaction histories, counterparties,
fulfilled or broken contracts, past prices, credit outcomes, policy responses, and reputational signals.
This enables history-dependent behavior, relationship formation, learning from past mistakes, and
belief updates across economic cycles.

Harnesses. Harnesses are execution frameworks that coordinate the agent’s reasoning and action
process. They organize observation, planning, memory retrieval, tool use, skill invocation, feasibility
checking, and action submission into a controlled loop [Zhou et al., 2026]. In economic settings,
harnesses ensure that agents do not merely produce plausible language, but submit valid actions
under market rules, institutional procedures, accounting identities, budget constraints, and regulatory
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requirements. They are therefore the bridge between cognitive reasoning and economically valid
execution.

Together, these components transform agents from static profiles into operational economic actors.
Skills provide task competence, tools connect reasoning to external operations, memory creates
persistence, and harnesses enforce valid execution. The Capability Hub therefore supports belief
formation, feasible action generation, and experience accumulation over time.

3.1.3 Behavior Hub: How Agents Decide and Act

While the Agent Hub defines who the agents are and the Capability Hub defines what agents can use,
the Behavior Hub defines how agents behave at each time step.

Observation. The agent receives signals from the environment, including market variables (e.g.,
prices and quantities), institutional signals (e.g., policies), and interaction-based information (e.g.,
messages or local outcomes). These signals are filtered by the agent’s information set, reflecting
partial and heterogeneous observability.

Reasoning. Given new observations, the agent interprets the current economic situation and evaluates
possible courses of action. This process may involve updating expectations about future states,
assessing risks, inferring other agents’ behavior, retrieving relevant memories, invoking skills, and
using external tools.

Action. Based on its observation, reasoning, objectives, and constraints, the agent makes an economi-
cally feasible action. The action space is role-dependent and may include consumption, production,
pricing, hiring, trading, borrowing, or policy intervention. Feasibility is jointly determined by internal
states and external institutional rules.

State transition. Executed actions induce changes in the agent’s internal state, including wealth,
inventory, employment, leverage, and belief configurations. These updated states define the agent’s
starting point for the next decision cycle.

3.2 Economic Environments

While agents provide the micro-foundations, the environment defines how individual actions are
constrained, mediated, aggregated, and fed back as economic outcomes. We describe the environment
along three dimensions: the multimodal state representation that captures economic conditions, the
mechanisms and rules that govern interactions, and the update process that turns agent actions into
the next economic state.

3.2.1 Economic State: What the World Contains

The economic state represents the current condition of the simulated economy. It is structured at
multiple levels to capture both micro-level details and macro-level aggregates.

Micro-level state includes agent-specific variables such as income, wealth, debt, employment status,
inventory, productivity, cash flow, leverage, beliefs, and portfolios.

Meso-level state captures intermediate structures, including sectoral distributions, supply chains,
interbank exposures, regional markets, platform networks, and labor-market conditions.

Macro-level state aggregates the broader economy, encompassing prices, output, employment,
inflation, interest rates, credit conditions, asset prices, liquidity, volatility, inequality, and fiscal
conditions.

Institutional-level state represents the prevailing rule system, including tax schedules, regulatory
regimes, policy stances, market protocols, enforcement mechanisms, and institutional constraints.

Information state contains unstructured and multimodal information, such as news, policy speeches,
earnings calls, contracts, social media, market narratives, images, audio signals, and inter-agent
messages. These signals shape agents’ beliefs, expectations, coordination, and market sentiment,
making them essential to realistic economic dynamics.
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3.2.2 Economic Mechanisms: How Actions Are Mediated

Economic mechanisms and rules define how interactions are organized and how outcomes are
generated. They constitute the operating system of the economic world.

A complete environment may include market mechanisms, such as auctions, order books, bargaining
protocols, matching processes, posted-price markets, and market-clearing rules. It may also include
pricing and allocation rules, which determine how prices, quantities, contracts, and resources are
formed and distributed.

The environment must also encode accounting and feasibility constraints. Budget constraints,
balance-sheet identities, production capacity, inventory limits, leverage restrictions, resource con-
straints, and regulatory requirements ensure that simulated outcomes remain economically coherent.

In addition, the environment includes contracting, enforcement, and institutional rules. Loans,
labor contracts, supply agreements, collateral arrangements, tax rules, monetary-policy regimes,
regulatory constraints, and legal restrictions all shape how agent actions translate into outcomes. At
lower levels of EconWMs, these rules may be fixed. At higher levels, they may evolve in response to
agent behavior and aggregate outcomes.

3.2.3 Environment Update: How the World Moves Forward

The environment state is updated by processing agent actions through economic mechanisms. This
process can be broken down into five key steps:

Action collection. The environment collects actions from agents, such as consumption, production,
pricing, trading, and policy interventions.

Feasibility check. Actions are verified for validity under existing rules and constraints. Invalid
actions are either rejected or adjusted.

Interaction execution. Valid actions are executed through markets and institutions, where buyers
and sellers interact, firms meet workers, and policies affect agents.

Outcome aggregation. The environment aggregates individual actions into macroeconomic variables,
updating prices, output, employment, credit flows, and fiscal balances.

State publication. The updated state is shared with agents according to their information sets, with
some signals being public, others private or delayed.

This update mechanism ensures that the economic state evolves endogenously from agent interactions
within a rule-governed environment, rather than being externally imposed.

3.3 Agent–Environment Co-evolution

A higher-level EconWM should not assume fixed agents acting in a fixed environment. In real
economies, agents adapt to the environment, and the environment changes in response to agents. This
mutual adaptation is the source of co-evolution.

On the agent side, beliefs, strategies, decision rules, memory, tool use, skills, and even objectives may
evolve over time. Agents learn from realized outcomes, imitate successful strategies, adjust to new
constraints, and develop new routines. A firm may revise its pricing strategy after repeated demand
shocks; an investor may change risk exposure after a crisis; a household may alter saving behavior
after unemployment; a regulator may change its policy rule after observing systemic instability.

On the environment side, economic states, market structures, networks, policies, rules, and insti-
tutions may also evolve. Firms enter and exit, supply chains reorganize, financial networks rewire,
platforms redesign matching rules, regulators adjust enforcement, and governments revise policy
regimes. The rules of the game are therefore not always fixed; they may become endogenous objects
of the model.

This co-evolution can be implemented through several adaptation strategies. Rule-based adaptation
updates agents or rules according to predefined thresholds, triggers, or state-contingent conditions.
Selection-based adaptation changes the population composition by allowing successful strategies,
firms, or institutions to expand, while unsuccessful ones shrink, exit, or are replaced. Learning-based
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adaptation allows agents or institutions to update policies, beliefs, or skills through reinforcement
learning, imitation learning, evolutionary search, or belief-based updating.

3.4 Real-World Alignment

An EconWM should not only generate internally coherent economic dynamics. It must also remain
aligned with the real economy. Real-world alignment refers to the process of anchoring simulated
agents, mechanisms, states, and outcomes to empirical evidence. Without this alignment, an EconWM
may produce plausible narratives or stable internal dynamics while drifting away from observed
economic behavior.

Alignment operates at several levels. At the state level, simulated macroeconomic and financial
variables should be compared with real-world observations, such as output, employment, inflation,
interest rates, credit conditions, asset prices, volatility, liquidity, and fiscal balances. At the agent level,
simulated behavior should be checked against observed patterns in consumption, saving, borrowing,
investment, trading, hiring, pricing, default, and policy response. At the mechanism level, market-
clearing rules, matching processes, pricing protocols, credit allocation, and institutional constraints
should reflect the way real economic systems operate.

Real-world alignment can be implemented as an online correction loop supported by several com-
plementary techniques. The loop performs three functions, namely real-time monitoring, cause
diagnosis, and adaptive correction. Real-time monitoring continuously compares simulated behaviors,
outcomes, and reasoning traces with real-world evidence, using techniques such as LLM-as-judge
evaluation [Gu et al., 2024, Li et al., 2024a], expert-in-the-loop assessment [Natarajan et al., 2025],
and statistical calibration. Cause diagnosis then attributes detected deviations to possible sources,
including agent behavior, market mechanisms, or state-transition processes. Adaptive correction
updates the corresponding components of the EconWM. Specifically, agent alignment adapts agent
parameters, skills, memories, or policies using observed economic behavior and evaluator feedback.
Mechanism correction and rule recalibration revise market mechanisms, institutional constraints, and
transition functions.

This alignment loop is especially important at the highest levels of EconWMs. Lower-level systems
may only be calibrated once before simulation. Higher-level systems should continuously absorb
new data, compare simulated trajectories with observed economic dynamics, and revise the world
accordingly. In this sense, real-world alignment turns an EconWM from a closed artificial economy
into a living empirical model. It anchors imagination to evidence, ensuring that counterfactual worlds
remain useful for real-world reasoning, planning, and safety verification.

4 Representative EconWM Systems Across the Six Capability Levels
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Figure 4: A literature landscape of Economic World Model research across the six capability levels.

To obtain a high-level picture of how existing research relates to our six-level hierarchy, we collected
papers from top computer science conferences and leading business and economics journals using
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a broad set of queries related to agent-based economics, macroeconomic simulation, digital twins,
reinforcement learning in economic environments, and language-model-based economic agents. We
then applied a three-stage classification pipeline. The first stage performs keyword-based pre-filtering
on titles and abstracts to assemble a broad pool of candidate papers. The second stage applies a recall-
oriented LLM screening prompt that retains papers exhibiting EconWM-like structure—economic
agents, endogenous outcomes from agent interactions, and dynamic feedback—while discarding
those with only generic economic or AI terminology. The third stage applies a precision-oriented
full-PDF classification prompt that judges each paper against the EconWM engineering desiderata
and, for papers identified as EconWMs, assigns one of the six levels; a subset of borderline cases is
further verified through manual review. The detailed operational procedures for the above steps can
be found in Appendix A. Figure 4 provides an illustrative view of the resulting literature distribution
across the six levels over time. This process yields a final set of 737 papers.

Key Findings. The literature landscape reveals several important patterns.

• Agent intelligence has become the main frontier of recent progress. The arXiv literature grows
rapidly with the rise of LLM-based and learning-based agents, with most papers concentrated in
L1–L3. This suggests that recent progress is driven mainly by richer agent intelligence rather than
by fully evolving economic worlds.

• Business and economics journals remain concentrated at lower levels. Papers from leading
business and economics journals are fewer in number and remain concentrated in lower levels,
reflecting the longer tradition of rule-based agent-based modeling.

• Higher-level EconWMs remain rare. L4 systems with genuinely self-evolving agents are rare,
L5 systems with endogenous institutional evolution are even less common, and L6 sim-to-real
economic twins remain largely an open frontier.

4.1 Level 1: Fixed Rule-Based Agent Worlds

The representative works at this level construct a fixed rule-based economic world in which prices,
allocations, and macroeconomic patterns arise endogenously from decentralized interaction, but the
behavioral rules of agents, the environment dynamics, and the governing mechanisms are all specified
ex ante.

A first cluster develops microscopic market models in which heterogeneous boundedly rational
traders generate endogenous price dynamics, volume, and return distributions from simple local rules
[Iori, 2000, Sznajd-Weron and Weron, 2000, Solomon and Richmond, 2001, Degryse et al., 2009].
A second cluster extends rule-based interaction to monetary, network-resource, and platform-level
economies, where money values, bandwidth prices, token dynamics, or Treasury spreads emerge
from interactions among agents subject to fixed optimization or institutional constraints [Bornholdt
and Wagner, 2001, Rasmusson and Aurell, 2001, Cong et al., 2022, He et al., 2022]. A third cluster
studies endogenous strategic and asset-pricing dynamics in general-equilibrium settings, where prices,
volatility, and entrepreneurial rents emerge from heterogeneous agents with fixed decision rules
[Hugonnier and Prieto, 2015, Keyhani et al., 2015].

Across these works, the economic world is governed by fixed rules and the feedback loop between
agents and aggregate outcomes is genuine, but agents do not adapt their decision rules in-world, no
cognitive substrate maintains explicit beliefs or expectations, and neither institutions nor the model
itself evolves through experience.

4.2 Level 2: Adaptive Rule-Based Agent Worlds

What separates this level from fixed rule-based worlds is a single but consequential capability: agents
now revise their own strategies in response to what unfolds inside the economy. The cognitive
machinery driving these revisions, however, remains symbolic—reinforcement learning, evolutionary
search, score-based strategy switching, Bayesian updating over a fixed parameter set—rather than
language-based reasoning over rich subjective representations.

The earliest works in this strand emerge from physics-inspired financial modeling. Minority-game
and Ising-type traders update strategy scores or opinions from realized market outcomes, producing
endogenous volatility clustering, fat-tailed returns, and bubble–crash dynamics [Bak et al., 2000,
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Sherrington et al., 2000, Corcos et al., 2001, Rothenstein and Pawelzik, 2002]. Vidal and Durfee
[2000] formalizes this picture from a different angle, deriving difference equations that predict how
reinforcement-learning agents converge—or fail to converge—in repeated market settings.

A parallel literature in industrial organization and corporate finance turns the same idea toward
firm-level decisions. Firms search over pricing and development strategies as demand evolves [Adner,
2002], accumulate or lose knowledge as rivals diffuse innovations [Knott, 2003], and learn capital-
structure choices through evolutionary selection over realized payoffs [Noe et al., 2003]. More recent
work pushes adaptive rule-based agents into operational and intermediation settings: Castillo et al.
[2022] simulates crowdsourced delivery drivers whose acceptance probabilities track tips, mileage,
and opportunity costs, while Lee and Neuhann [2023] embeds adaptive borrower effort inside a
dynamic lending economy where collateral quality, liquidity, and market freezes co-evolve.

What is missing across all of these works is internal cognition. Agents adapt, but they do so through
update rules over numerical states; they do not maintain beliefs about the economy in any rich sense,
do not reason over context, and operate inside institutional structures that themselves remain fixed
throughout the rollout.

4.3 Level 3: LLM-Based Autonomous Agent Worlds

The arrival of large language models has reshaped what an economic agent can be. Agents at this
level no longer adapt through opaque numerical updates; they reason in language, maintain explicit
beliefs about the economy, recall their own histories, and revise strategies through reflection on past
interactions. The cognitive substrate—a fixed but capable language model—becomes the engine of
in-world adaptation, even as its weights and skill set remain unchanged across the rollout.

A recurring concern in this literature is whether such agents collude when left to their own devices.
Han et al. [2023] reports that GPT-4 firm agents drift toward prices above the Bertrand equilibrium
even without communication and reach near-cartel levels once communication is allowed, while
Lin et al. [2024] extends this finding to multi-commodity Cournot competition, where LLM agents
dynamically partition markets without explicit collusion commands.

Some works push LLM-based agents into macroeconomic and operational settings. Li et al. [2023a]
populates a simulated macroeconomy with heterogeneous LLM households whose memory-and-
reflection-driven decisions reproduce macro phenomena more realistically than rule-based or learning-
based baselines, and Lazebnik and Shami [2025] shows that informal economic activity and tax
evasion can emerge organically when LLM-driven decisions interact with reinforcement-learning
enforcement. Closer to firm-level interaction, Zhao et al. [2023] embeds GPT-4 restaurant and
customer agents in a virtual town and observes the in-world cultivation of new operating strategies,
menus, and advertisements; Huang and Hadfi [2024] introduces personality traits into bilateral
bargaining and reproduces empirically observed effects on negotiation outcomes; and Rahaman
et al. [2024] designs an information marketplace where selective forgetting allows agents to trade
proprietary information while limiting unauthorized retention.

Another thread examines language-based agents as benchmarks and as hybrid systems. Shapira et al.
[2024] builds a unified benchmark of two-player language-based economic games and quantifies
how market parameters and model choice jointly shape economic outcomes, Stillman and Baggott
[2024] couples vision-language models with calibrated stochastic-differential-equation value models
to study price feedback from belief revision, and Dizaji [2024] contrasts MARL-based and language-
based architectures inside the AI-Economist and Concordia frameworks under varying governing
institutions.

The shared limit of these systems is that the language model itself is a fixed asset: agents reason
richly within their pretrained capabilities but do not acquire new strategies, skills, or tools that persist
across the simulation.

4.4 Level 4: Self-Evolving Agent Worlds

A small but distinctive group of works pushes adaptation one layer deeper. Beyond revising prompts
and memories around a fixed language model, agents in these systems acquire and accumulate
persistent new strategies, skills, or behavioral routines during the simulation, so that the cognitive
repertoire driving later decisions is itself shaped by in-world experience.
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The most common realization is a strategy library that grows during the rollout. Ma et al. [2025b]
builds a multi-agent zero-sum stock market in which LLM traders update a persistent strategy library
through reflection on realized trades, Li et al. [2025b] maintains an evolving strategy memory across
four collaborating agents reweighted by both simulated and real trading rewards, and Tian [2026]
carries the same logic to the meta-prompt level, iteratively rewriting the shared strategic guidance of
duopoly agents from accumulated market records. Ma et al. [2025a] adopts a hybrid variant in which
a Think–Speak–Decide pipeline caches high-value reasoning trajectories that subsequently feed into
MARL policy updates.

Other works pursue parameter-level or profile-level evolution. Lu et al. [2025] fine-tunes LLM
agents on theory-driven synthetic strategies, producing persistent and interpretable shifts in strategic
behavior, while Fan et al. [2026] couples a sandbox economy with a dual-process memory architecture
that consolidates short-term traces into long-term semantic profiles, allowing agent identity to evolve
over long horizons.

What unites these works is the presence of a learnable component that genuinely changes during the
simulation; what separates them from higher levels is that this evolution remains agent-internal, with
fixed market rules and no real-world correction loop.

4.5 Level 5: Evolving Economic Worlds

Most agent-based economic models, including those at Levels 1 through 4, treat the institutional
environment as a fixed backdrop. The works gathered at this level break with that convention:
tax schedules, sharing contracts, governance structures, lending networks, and social norms move
endogenously, driven by the very agents that act under them. The cognitive substrate behind these
adaptive agents remains symbolic, but what matters at this level is no longer agent intelligence; it is
whether the institutions surrounding agents are themselves part of the model’s dynamics.

The clearest examples come from political economy and policy design, where agents and policymakers
co-evolve party positions, government priorities, or tax schedules through repeated interaction
[Wright and Sengupta, 2013, Castaeda and Guerrero, 2019, Zheng et al., 2020, 2021, Gallego et al.,
2021]. Other works locate institutional evolution at the level of contracts, networks, and norms: the
performance-based sharing rule between principal and agent is searched for and updated each period
[Reinwald et al., 2020, 2021], mutual credit links arise from pairwise stability and then govern later
investment dynamics [Aymanns and Georg, 2014], corporate norms of cooperation and shirking are
reshaped by employees’ value-driven behavior [Roos et al., 2021], and Tseng et al. [2017] builds
the most encompassing of these systems—a Q-learning-based simulated city in which firm pricing,
government taxes, and welfare payments all move endogenously inside a single integrated economy.

The cognitive layer in these works is comparatively modest—reinforcement learners, Bayesian
updaters, directed-learning rules—but the world layer is alive. What is still missing is repeated
alignment with the real economy: institutions evolve inside the model, but the model itself is not
updated from new empirical observations.

4.6 Level 6: Sim-to-Real Economic Twins

The highest level of the hierarchy is also its sparsest. Across the entire corpus, only two works
satisfy the requirement of repeated, in-run alignment with the real economy: Wiesinger et al. [2010]
reverse-engineers heterogeneous minority-game traders against rolling windows of real Nasdaq data,
with parameters and strategy mixtures re-optimized on each window before the model generates
the next out-of-sample forecast; Evans et al. [2025] formalizes adaptive ABM as a Stackelberg
game in which an outer environment-level optimizer repeatedly compares simulated outputs against
experimental data and updates latent parameters to close the gap. The fifteen-year gap between them,
and the very small number of qualifying works, is itself the central finding.

Even these two works, however, fall short of the level’s full ambition. Empirical feedback in both
cases enters the system at the model-fitting stage—rolling re-estimation of parameters, outer-layer
recalibration of latent variables—rather than as a live signal that the running simulation continuously
absorbs. A genuine Sim-to-Real Economic Twin would not stop at periodic re-fitting; it would
let real-world observations enter the rollout itself, reshaping ongoing agent behavior, beliefs, and
institutional dynamics as the world unfolds. By the stricter standard of live empirical feedback, the
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literature has yet to produce a single fully realized example, and the gap between current work and an
authentic economic twin remains the most consequential frontier in the hierarchy.

5 How We Arrived at Economic World Models

The six-level hierarchy in Section 4 provides a capability-based view of EconWM systems: it asks
how powerful and realistic an implementation is. In this section, we take a complementary historical
view and ask how AI for economics arrived at the idea of economic world modeling. This section
answers that question by tracing five successive waves of AI applied to economics and finance.

Table 2 summarizes how the five engineering waves support the six capability levels introduced above.
The mapping is not one-to-one. Feature engineering and data engineering mainly determine how
agents observe the economy. Feature engineering appears from L1, where rule-based agents act on
designed economic indicators. Data engineering becomes important at L2, where adaptive agents
update their strategies from signal-driven inputs. From L3 onward, prompt engineering and context
engineering become central. Prompt engineering elicits role-conditioned reasoning from LLM-based
agents. Context engineering gives these agents memory, tools, reflection, and eventually real-time
information. These waves help move agents from autonomous reasoning at L3 to self-evolution at L4
and empirical alignment at L6. Environment engineering runs through all six levels. Its role deepens
from specifying world rules at L1, to adding feedback at L2, supporting executable interaction at L3,
enabling agent-environment coupling at L4 and L5, and grounding the system in real-world data at
L6. This progression is what makes evolving economic worlds and sim-to-real twins possible.

Table 2: How engineering waves relate to EconWM capability levels. Earlier waves mainly improve
agent-side components of an EconWM, while environment engineering is required to realize interac-
tive and higher-level economic worlds.

Engineering wave L1
Fixed rules

L2
Adaptive rules

L3
LLM agents

L4
Self-evolving

L5
Evolving worlds

L6
Real alignment Interpretation

Feature observation observation observation observation observation observation Design economic indicators as
agents’ observation space.

Data – signals model knowledge model knowledge model knowledge model knowledge Train stronger foundation models
to enhance agent capabilities.

Prompt – – reasoning reasoning reasoning reasoning Elicit role-conditioned reasoning
and decisions.

Context – – memory/tool use reflection reflection real-time info
Equips agents with memory,
retrieval, tools, reflective context,
and real-time information.

Environment world rules feedback execution interaction interaction alignment
Builds economic worlds where
agents act under rules, feedback,
and reality alignment.

5.1 Feature Engineering: Designing Observation Signals

Feature engineering marks the first major wave of AI in economics. Its core workflow is to translate
economic intuition and domain knowledge into informative signals, and then use machine learning
(ML) models to predict economic outcomes such as asset returns, credit risk, fraud, and default. In
empirical asset pricing, Gu et al. [2020] construct predictive signals for estimating risk premia, while
Li et al. [2025a] show that curated predictors can outperform large automatically generated signal
universes, highlighting the value of feature curation and inductive bias. In credit and lending, Xu
et al. [2022] derive behavioral features from peer-to-peer (P2P) lending transactions to improve loan
fraud detection.

This wave also broadened what can count as an economic signal. Beyond tabular variables, researchers
have extracted features from text and images. Manela and Moreira [2017] construct a text-based
uncertainty index from historical Wall Street Journal front pages and show that it tracks disaster
concerns and risk premia. Obaid and Pukthuanthong [2022] show that news photos can be transformed
into systematic visual features for measuring investor sentiment and studying its relation to financial
markets.

In the trajectory toward EconWMs, feature engineering provides the observation layer. It converts
raw economic traces into structured signals that agents can use to perceive the economic state.
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5.2 Data Engineering: Training Stronger Model Intelligence

The next wave is data engineering. With the rise of big data, deep learning, and foundation models,
the focus shifted from hand-designed features to large-scale data collection, cleaning, alignment,
and pretraining. The central object of engineering is no longer the individual feature, but the data
infrastructure used to train stronger predictive and reasoning models.

This data-centric paradigm has become increasingly important in economics and finance. Chen et al.
[2024a] develop a generative adversarial network for asset pricing that learns nonlinear representations
of macroeconomic states while incorporating no-arbitrage constraints. Tian et al. [2022] propose a
graph neural network for stock prediction using dynamic stock graphs constructed from historical
price co-movements. Ewertz et al. [2026] show that conference-call audio and executive vocal cues
provide incremental information about firm performance beyond textual disclosures.

Large-scale pretrained models further accelerate this shift. FinBERT [Huang et al., 2023] adapts
language models to financial corpora for financial sentiment analysis. BloombergGPT [Wu et al.,
2023b] pretrains a 50-billion-parameter language model on large-scale financial data and shows strong
performance on financial NLP tasks, including sentiment classification, named entity recognition,
and question answering. FinGPT [Yang et al., 2023] provides an open-source framework for financial
data curation and lightweight adaptation of financial large language models. In the trajectory toward
EconWMs, data engineering strengthens the model intelligence that powers agents.

5.3 Prompt Engineering: Eliciting Model Reasoning

The arrival of large language models introduces a new interface layer: prompt engineering. Instead
of retraining models, practitioners craft precise input instructions to elicit sophisticated economic
reasoning. Common techniques include few-shot examples [Brown et al., 2020, Dong et al., 2024],
role-playing [Shao et al., 2023], and chain-of-thought prompting [Wei et al., 2022, Xia et al., 2025].

A growing body of work demonstrates the usefulness of prompt engineering in economic and financial
applications. Fatouros et al. [2023] prompt ChatGPT-3.5 for financial sentiment analysis and show
that LLMs outperforms FinBERT in sentiment classification and achieves a higher correlation between
predicted sentiment and market returns, highlighting the importance of prompt engineering in finance
applications. Boussioux et al. [2024] reveal that, with strategic prompt engineering, GPT-4 can
produce sustainable and circular-economy business ideas whose overall quality and feasibility are
comparable to those generated by a human crowd. Iadisernia and Camassa [2025] adopt persona-
based prompts to guide GPT-4o in performing macroeconomic forecasting tasks. Their results show
that the model achieves forecasting accuracy remarkably similar to that of human expert panels.
Doshi et al. [2025] examine how LLMs can support the evaluation of strategic decisions and show
that aggregating assessments across prompts, roles, or models yields rankings that more closely
align with expert human judgments, highlighting prompt-based ensembling as a practical strategy for
improving reliability in strategic decision support.

By specifying roles, examples, and reasoning procedures, prompts enable language models to act as
economic agents that generate role-aligned and context-aware decisions. Prompt engineering becomes
relevant only once agents acquire a language-based cognitive substrate, marking the transition from
L2 to L3 (LLM-based autonomous) and remaining a foundational ingredient throughout L3–L6.

5.4 Context Engineering: Equipping Agents with Capabilities

The subsequent wave moves beyond crafting prompts and instead engineers the broader context
available to LLMs during reasoning [Mei et al., 2025]. Through retrieval-augmented generation,
long-context inputs, structured memory, and tool-mediated evidence, context engineering grounds
model behavior in external knowledge, past interactions, and executable tools [Lewis et al., 2020,
Schick et al., 2023, Xu et al., 2026, Yao et al., 2023]. This shift is particularly salient for economics
and finance, where factuality, provenance, and temporality are important. FinMem [Yu et al.,
2025] proposes an LLM-based agent framework that integrates profiling, memory, and decision-
making module for financial decision-making. TradingGPT [Li et al., 2023b] is a multi-agent
LLM trading framework that equips agents with layered memory (short-, mid-, and long-term
stores with customized decay) and distinct trading personas, illustrating how memory engineering
can enhance long-horizon financial reasoning. Han et al. [2025] propose a RAG framework for
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decision support over evolving corporate documents, enabling effective retrieval and efficient updates
as new disclosures arrive. Lin et al. [2025] introduce a novel framework using LLM agents to
simulate macroeconomic expectations. By equipping agents with specialized components (e.g.,
personal characteristics, social media, or professional knowledge modules), they demonstrate that this
approach significantly outperforms standard prompt engineering in replicating survey experiments,
capturing both expectation distributions and underlying human-like mental mechanisms. Yuzhe
et al. [2026] propose TwinMarket, a multi-agent framework that leverages LLMs to simulate socio-
economic systems. Using a simulated stock market as a testbed, they show how individual actions
trigger group behaviors, leading to emergent outcomes such as financial bubbles and recessions.

Compared with prompt-only agents, context-engineered agents are more persistent and better
grounded. They use memory, retrieval, tools, reflection, and real-time information to support
evidence-based decisions. Across the hierarchy, context engineering evolves from memory and tool
use at L3, to reflection at L4–L5, and finally to real-time empirical grounding at L6.

5.5 Environment Engineering: Building Interactive Economic Worlds

The final wave is environment engineering. Here the economy itself becomes the object of design.
An environment-engineered system specifies agents, markets, institutions, rules, and state-transition
mechanisms. This builds on a long tradition of computational economics and agent-based mod-
eling [Tesfatsion, 2006, Farmer and Foley, 2009], and recent AI systems have made economic
environments more executable, adaptive, and agent-facing. In financial markets, ABIDES [Byrd
et al., 2020] provides a high-fidelity discrete-event simulation platform with exchange protocols,
latency, and order-book mechanics, while ABIDES-Gym [Amrouni et al., 2021] connects such market
simulations to reinforcement learning. In economic policy, AI Economist [Zheng et al., 2022] and
TaxAI [Mi et al., 2024] formulate taxation and government policy as multi-agent reinforcement learn-
ing problems involving households, firms, planners, and financial intermediaries. Recent LLM-based
systems extend this direction by placing language agents inside simulated economies. EconAgent [Li
et al., 2024b] studies macroeconomic simulation with LLM agents interacting through labor and
consumption markets under fiscal and monetary policies. Lopez-Lira [2025] simulate stock markets
where heterogeneous LLM traders interact through a persistent order book. StockSim [Papadakis
et al., 2025] develops order-level market environments for evaluating multi-agent LLMs in financial
decision-making.

In the trajectory toward EconWMs, environment engineering is the wave that turns models into
worlds. Its role spans all six levels, but its content deepens with the hierarchy. At L1, it defines fixed
world rules. At L2, it provides feedback channels for adaptive agents. At L3, it offers execution
interfaces for LLM-based agents. At L4 and L5, it supports interaction loops through which agents
and institutions can co-evolve. At L6, it provides the alignment machinery that links simulation states
to real-world data.

Finance-oriented systems also show how environment engineering can move beyond generic simula-
tion. AlphaManager learns a predictive environment for firm outcomes and embeds it inside a robust
policy-search loop for managerial decisions [Campello et al., 2025]. Online lending under GenAI
provides a sharper example of endogenous data generation: borrower text generation changes the data
distribution, lender retraining changes the screening rule, and the counterfactual requires re-solving
the behavior–data–model loop [Cong et al., 2024]. These systems are not complete sim-to-real
economic twins, but they illustrate how learned economic environments can become decision-facing
and counterfactual-facing modules.

6 Applications

Economic World Models (EconWMs) extend economic modeling from explaining and forecasting
economies to experimenting with them. Instead of only asking what happened in the past or what
may happen next under fixed assumptions, EconWMs allow users to intervene in a virtual economy
and observe how heterogeneous, strategically interacting agents adapt under institutional and resource
constraints. As shown in Figure 5, this capability opens two broad application frontiers: EconWMs
can act as a sandbox for humans for stress-testing policies, markets, and firm strategies, and as an
economic brain for machines for training, planning, and evaluating AI agents in realistic economic
environments. Across both roles, the distinctive value of EconWMs is their ability to generate
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long-horizon counterfactual rollouts that capture endogenous adaptation, equilibrium feedback, and
system-level spillovers.

Figure 5: Applications of EconWMs.

6.1 Sandbox for Humans

For human users, EconWMs turn economic modeling into an environment for experimentation.
Rather than serving only as tools for forecasting or ex post analysis, they provide a programmable
economic sandbox in which policies, market designs, business strategies, and research hypotheses can
be tested before real-world deployment. By explicitly modeling heterogeneous behavior, institutional
rules, and dynamic interactions across agents and sectors, EconWMs make it possible to study not
only direct effects, but also adaptation, feedback, and spillovers that unfold over time.

Policymakers: policy simulation and stress testing. A central application is ex ante policy
evaluation. Policymakers can introduce tax reforms, transfer programs, industrial policies, regulatory
changes, or macroeconomic shocks into the environment and examine how households, firms,
financial intermediaries, and public institutions respond over time. Rather than focusing only on
average or short-run effects, EconWMs can capture distributional consequences, strategic adaptation,
and cross-market feedback. This makes them well suited for policy stress testing under both baseline
and adverse scenarios, helping identify fragile interventions, unintended side effects, and regime-
dependent outcomes before real-world deployment. Credit-market policy is a natural setting for this
use: when borrower-side GenAI adoption changes application data and lender models retrain on the
resulting outcomes, policy evaluation requires tracking borrower adaptation, lender updating, and the
induced allocation effects jointly [Cong et al., 2024].

Financial markets: market dynamics and systemic risk analysis. EconWMs are also naturally
suited to financial markets, where outcomes depend on expectations, information processing, and
balance-sheet constraints. Agents such as retail investors, funds, banks, and market makers can
update beliefs using both structured signals and unstructured inputs, including news, earnings calls,
and policy communication. Because these environments can explicitly represent leverage limits,
collateral constraints, margin requirements, and market-clearing mechanisms, they support the study
of endogenous market dynamics beyond historical correlation patterns. They are especially useful
for analyzing systemic risk, including deleveraging spirals, liquidity dry-ups, fire-sale externalities,
and contagion through financial networks. AI-mediated credit markets provide another policy-
relevant example: GenAI can improve the surface quality of loan applications while reducing the
informativeness of soft information, and lender retraining can partially mitigate the resulting credit
misallocation [Cong et al., 2024].

Firms: strategy, pricing, and supply chain resilience. At the firm level, EconWMs can serve
as strategic simulators for decision-making under uncertainty. AlphaManager illustrates this firm-
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facing role: it combines a learned corporate environment with robust decision-making to recommend
managerial policies under business objectives and model ambiguity [Campello et al., 2025]. Firms
can evaluate pricing, product positioning, capacity planning, market entry, procurement, and hiring
decisions in environments where consumers, competitors, workers, and suppliers all adapt endoge-
nously. This is particularly valuable when static optimization is insufficient because outcomes depend
on repeated interaction and strategic response. By embedding supply networks and labor-market
frictions, EconWMs also support resilience analysis: firms can test inventory policies, supplier
diversification, sourcing strategies, and workforce decisions under disruptions such as input shortages,
logistics breakdowns, or demand shocks.

Researchers and education: interactive economic experiments. Beyond practical decision
support, EconWMs provide a new experimental interface for research and education. In teaching,
they can turn abstract concepts—such as strategic competition, equilibrium selection, coordination
failure, and policy transmission—into interactive and observable processes. In research, they can
serve as computational laboratories for exploring mechanisms, testing theoretical conjectures, and
generating counterfactual evidence in domains where controlled real-world experiments are infeasible.
More broadly, EconWMs can help bridge the gap between stylized formal models and empirically
complex economic systems by allowing researchers to vary behavioral assumptions and institutional
settings while preserving accounting consistency and causal traceability.

6.2 Economic Brain for Machines

Beyond serving as a sandbox for human decision-makers, EconWMs can also function as an economic
substrate for AI systems. In this role, they provide machine agents with economically grounded
environments for learning, reasoning, planning, and safety evaluation. This is increasingly important
because many real-world AI deployments will take place in markets and organizations where actions
interact through prices, incentives, institutional constraints, and delayed feedback.

Agent training: RL environments for economic decision agents. A direct application is as a
training environment for reinforcement learning and related decision-making agents. Compared with
conventional synthetic benchmarks, EconWMs provide richer training distributions by incorporat-
ing scarcity, budget constraints, institutional rules, network interdependence, and heterogeneous
counterparties. This enables agents to learn policies for tasks such as pricing, trading, inventory
control, credit allocation, and resource planning in settings that more closely resemble real economic
environments. The resulting agents can then be evaluated not only on reward maximization, but
also on robustness across regimes, coherence under constraints, and performance under strategic
interaction.

Portfolio choice provides a natural example. AlphaPortfolio trains investment agents directly on eco-
nomic objectives through deep reinforcement learning, allowing transaction costs, state interactions,
and alternative objectives to enter the decision problem [Cong et al., 2021]. In an EconWM, such
agents would be trained not only against historical market states, but inside an interactive environment
in which other agents, liquidity, prices, and constraints respond.

Agent reasoning and planning engine: counterfactual simulation before actions. EconWMs
can also serve as planning modules for agents that must reason about downstream consequences
before acting. Rather than choosing actions directly from observations, an agent can query the world
model to simulate alternative interventions and compare their longer-run effects under endogenous
responses from other agents. This is relevant for trading agents estimating market impact, procure-
ment agents evaluating supply disruptions, and policy assistants comparing intervention paths. By
grounding deliberation in a model that respects accounting identities, market-clearing conditions, and
institutional structure, EconWMs can improve sequential decision-making in economically coupled
environments.

Agent self-evolution: artificial economies of learning agents. A further application is to support
large-scale artificial economies in which machine agents learn, compete, coordinate, and co-evolve
over time. In such settings, macro-level regularities can emerge from repeated local interaction,
including specialization, inequality, market power, coordination norms, and endogenous segmenta-
tion. EconWMs provide a natural substrate for studying these phenomena because they combine
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persistence, incentives, and structural feedback within a shared economic environment. More broadly,
this opens a path toward research on machine societies in which collective behavior is shaped by
economically meaningful constraints rather than arbitrary game rules.

AI safety and alignment: systemic evaluation of autonomous agents. Finally, EconWMs provide
a useful testbed for AI safety and alignment in economically consequential settings. Risks from
autonomous agents may arise not only from individual failures, but also from interaction effects that
generate collusion, instability, manipulation, or cascading failures at the system level. EconWMs
make it possible to study such risks before deployment by simulating large populations of autonomous
agents under realistic institutional and financial constraints. This enables safety evaluation at the level
of the full socio-economic system, complementing standard single-agent benchmarks with stress tests
for emergent failure modes, harmful equilibria, and alignment breakdowns under strategic interaction.

Overall, EconWMs extend the application frontier of economic modeling in two directions at once.
For humans, they provide a versatile sandbox for decision support, experimentation, and discovery.
For machines, they offer a training ground, a planning engine, an evolutionary substrate, and a safety
testbed. Across both domains, their defining contribution is to make economic reasoning operational
in environments shaped by heterogeneity, institutions, and long-horizon feedback.

7 Positioning EconWM Systems Among Adjacent Paradigms

This section positions EconWM systems among several adjacent paradigms. The comparisons are
architectural rather than jurisdictional: EconWMs do not replace traditional economic modeling or
equilibrium discipline, but provide an implementation layer for economic worlds that can host richer
agents, mechanisms, and data-driven dynamics. Table 3 summarizes their key differences across the
agent, environment, and application layers.

Table 3: Positioning Economic World Models (EconWMs) among adjacent paradigms.

Property Trad. Econ. ABM Social Sim. WMs EconWMs

Agent Layer
Agent heterogeneity ✓ ✓ ✗ ✓

Adaptation over time ✗ ✓ ✓

Beliefs and expectations ✗ ✓

State representation Numeric
variables

Numeric
variables

Language
+ memory

Latent
vectors

Structured states
+ language
+ memory

Cognitive mechanism Optimization Rules Language
reasoning

Learned
dynamics

Reasoning
+ rules

Environment Layer
Endogenous prices and
allocations ✓ ✓ ✗ ✗ ✓

Explicit market mechanisms ✓ ✗ ✓

Macro–micro consistency ✓ ✓ ✗ ✗ ✓

Temporal evolution ✓ ✓ ✓

Unstructured information
channel ✗ ✗ ✓ ✓ ✓

Application Layer
Empirical grounding ✓ ✗ ✗ ✓

Reproducibility ✓ ✓ ✓ ✓

Counterfactual rollouts ✓ ✓ ✓ ✓

Training agents ✗ ✓ ✓

7.1 EconWMs vs. Traditional Economic Models

Traditional economic models provide formal mathematical frameworks for economic behavior at
different levels of aggregation. We focus on three pillars, including microeconomic equilibrium,
macroeconomic modeling, and efforts to bridge the two, and highlight the contributions and limitations
that motivate EconWMs.

Microeconomic theory rests on equilibrium. Nash [1951] proved that every finite non-cooperative
game admits an equilibrium, supplying a universal solution concept for strategic interaction. Arrow
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and Debreu [1954] extended this to whole economies, establishing competitive equilibrium under
mild conditions and tying market outcomes to Pareto optimality. These results form the discipline’s
micro-theoretic foundation, yet each presupposes perfect rationality, complete information, and
instantaneous clearing.

Macroeconomic theory has developed through distinct phases. Hicks [1937] fused Keynesian and
classical ideas into the IS–LM framework, which dominated policy analysis for decades despite its
lack of microfoundations and exposure to the Lucas critique. The New Classical school addressed this
gap by deriving fluctuations from optimizing behavior, with Kydland and Prescott [1982] introducing
the Real Business Cycle model and the calibration methodology that still anchors modern practice.

Reconciling micro and macro has remained difficult. Computable General Equilibrium (CGE) models
render the Walrasian structure numerically tractable [Shoven and Whalley, 1984] but remain largely
static. Dynamic Stochastic General Equilibrium (DSGE) models add real and nominal frictions
to a microfounded dynamic core; Smets and Wouters [2007] showed that Bayesian DSGE rivals
atheoretical VARs in forecasting, securing its place in central-bank toolkits. Both, however, rely on
representative agents and rational expectations, leaving heterogeneous, boundedly rational dynamics
out of reach.

Both traditions and EconWMs prize internal consistency, counterfactual policy analysis, and empirical
alignment with macroeconomic data. They part ways in how consistency is achieved: traditional
models close the system through equilibrium and rational expectations, derive actions from first-order
conditions over numerical state vectors, and admit only structured signals. Heterogeneous decision
processes, belief-producing reasoning, and the qualitative information that moves markets fall outside
this scope.

EconWMs preserve the commitment to consistency but implement it through explicit system compo-
nents. Households, firms, and banks remain distinct, with state objects pairing structured variables to
language-based memory and persona. Beliefs become observable intermediate objects: agents reason
in language before producing willingness prices and actions, leaving parts of the reasoning chain
open to inspection. Qualitative observations such as policy announcements enter alongside numerical
variables. Decisions are constrained by hard institutional and accounting rules—interest-rate ceilings,
loan eligibility, tax schedules, and budget identities as binding constraints. When such systems are
used for counterfactual economic analysis, however, capability is not enough: equilibrium discipline,
and in learned environments DDGE-style closure, is still needed to determine which simulated paths
are internally consistent [Cong, 2025]. Both paradigms support counterfactual experimentation and
reproducibility, while EconWM systems additionally serve as training environments for downstream
decision agents.

7.2 EconWMs vs. Agent-Based Models

Agent-based models (ABMs) offer a bottom-up alternative to equilibrium frameworks by simulating
economies as systems of autonomous interacting agents. Kim and Markowitz [1989] pioneered
this in financial markets, showing how interactions between rebalancers and portfolio insurers
generate volatility. Tesfatsion [2002] formalized the Agent-based Computational Economics (ACE)
methodology. Subsequent work extended ABMs across financial markets [Samanidou et al., 2007]
and macroeconomics [Dawid and Delli Gatti, 2018], while Richters [2021] pushed them into out-of-
equilibrium dynamics under bounded rationality. Dwarakanath et al. [2024] more recently introduced
ABIDES-Economist, integrating reinforcement learning with heterogeneous households, firms, a
central bank, and a government, and showing that learned policies can outperform rule-based ones.

ABMs share many features with EconWMs, including agent heterogeneity, explicit market interac-
tions, stock-flow accounting, and emergent aggregate regularities. The key difference lies in how
agents make decisions. In ABMs, agents typically act through predefined rules, such as thresh-
olds, heuristics, or policies trained on numerical states. Their behavior is therefore bounded by
what the modeler can encode mathematically. Qualitative judgment, contextual interpretation, and
narrative-sensitive reasoning are difficult to represent directly.

The EconWMs design responds on several fronts. The agent’s state becomes a hybrid object pairing
structured variables with language-based memory, so quantitative signals and qualitative context are
processed in one reasoning step. Rule evaluation gives way to language reasoning under the same
constraints described above, with outputs free in form but disciplined in substance. Information is
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no longer numerical-only; agents read narrative observations such as policy announcements directly.
Beliefs become explicit, structured outputs open to inspection, so the emergent quality ABMs achieve
through interaction is retained while language-mediated cognition becomes available. ABMs already
deliver counterfactual experimentation; EconWMs additionally strengthen empirical grounding by
validating against macroeconomic time series rather than stylized facts alone.

7.3 EconWMs vs. LLM-Based Social Simulators

LLM-based social simulators model collective human behavior by populating simulated societies
with language-model-driven agents endowed with persona, memory, and reflection. Gao et al.
[2023] pioneered this with S3, in which LLM agents reproduce individual attitudinal dynamics and
aggregate phenomena such as opinion polarization on real social platforms. Subsequent work scaled
the paradigm: Tang et al. [2024] developed GenSim, supporting up to 100,000 agents with error
correction for long-horizon stability, and Piao et al. [2025] introduced AgentSociety, a 10,000-agent
simulator reproducing findings on polarization, universal basic income, and external shocks. Mou
et al. [2024] provided a unifying taxonomy across individual, scenario, and society levels, while Li
et al. [2025c] coupled LLMs with diffusion-based agents for heterogeneous information diffusion.

These simulators and EconWMs converge on language-mediated cognition, deep heterogeneity, and
textual observations as a first-class information source. Yet their design priorities diverge: the targets
are attitudinal and behavioral—opinion shifts, conversational dynamics, survey responses, diffusion
cascades—and the surrounding world functions more as a stage than a closed economy. Prices and
allocations seldom result from market clearing; macro–micro identities seldom bind; validation rarely
meets aggregate macroeconomic series.

EconWMs reorient the paradigm around the missing economic substance. The environment becomes
a clearing system in its own right, with matching markets for labor, goods, equities, deposits, and
loans producing prices and allocations endogenously at every step. Reasoning is disciplined by those
same hard rules, so stock-flow consistency holds tick by tick. Validation moves to macroeconomic
time series, with beliefs recorded as structured outputs driving willingness prices and actions. This
preserves conversational richness while anchoring it to closed-economy discipline. The application
profile lifts accordingly: empirical grounding shifts to macroeconomic data, and reproducibility
tightens as institutional rules pin down outcomes that would otherwise drift with prompt phrasing.

7.4 EconWMs vs. World Models

World models offer a model-based alternative to model-free reinforcement learning by learning
compact predictive representations in which agents imagine future trajectories and optimize behavior
in latent space. Ha and Schmidhuber [2018] pioneered this with the V-M-C architecture, training
an agent entirely inside a learned world model before transferring the policy back. LeCun et al.
[2022] proposed the Joint Embedding Predictive Architecture (JEPA), arguing that world models
should predict in representation space rather than at the pixel level. Building on latent imagination,
Hafner et al. [2025] introduced DreamerV3, which masters over 150 control tasks under a single
fixed configuration. The paradigm has further scaled to foundation-model regimes: Hu et al. [2023]
developed GAIA-1 for autonomous driving conditioned on video, text, and ego-actions, while Bruce
et al. [2024] introduced Genie, an 11B-parameter model trained on internet videos that recovers a
latent action space and produces playable environments. Feng et al. [2025] more recently argue that
joint MLLM–world-model architectures are essential for end-to-end embodied cognition.

What EconWMs take from this lineage is the shape of the ambition: time-evolving dynamics, learned
rather than hand-specified components, and an environment usable for training downstream agents.
What they leave behind is the architectural template. Most influential world models are built around a
single embodied agent that perceives high-dimensional sensory streams, such as pixels, video, and
ego-motion. The state is typically compressed into a latent vector, and the dynamics are learned end
to end. Multi-agent strategic interaction, endogenous price formation, and rule-bound institutional
structure lie outside their engineering scope.

The rebuild proceeds on three fronts. A single perceiving agent is replaced by a population of
households, firms, and banks. Each agent carries structured variables together with language-based
memory, and the system evolves through interaction rather than perception alone. End-to-end learning
gives way to language reasoning under those same constraints, enforcing macro–micro consistency
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without observational trajectories. Latent reward optimization yields to explicit market mechanisms
that produce prices, wages, and allocations openly, with beliefs surfaced as structured intermediate
outputs. The training-environment spirit survives; the single-agent latent-imagination machinery
does not. EconWM systems thus inherit the training-downstream-agents capability while adding the
empirical grounding and counterfactual experimentation that come from anchoring the environment
to economic data, institutional rules, and—when learned components are endogenous—equilibrium
closure.

8 Discussion and Open Challenges

This paper develops a CS/AI systems perspective on Economic World Models (EconWMs), building
on the economic framework of Cong [2025]. We study EconWMs as generative and interactive
environments that model how economic states emerge from the decisions, interactions, and adaptations
of heterogeneous agents under market mechanisms, institutional rules, and real-world constraints.
EconWMs emphasize the coupling between agent behavior and world dynamics: agents act based on
incentives, information, beliefs, and constraints, while their actions are aggregated through economic
mechanisms into prices, allocations, risks, institutions, and future states.

Turning this implementation perspective into faithful, evolving, and reality-aligned systems remains
a substantial challenge. We view EconWM implementation not as a finished technical recipe, but as a
research agenda. Several open challenges are central to this agenda.

Behavioral realism. EconWMs require agents whose behavior resembles real economic actors.
Agents should not merely produce plausible narratives or rational-looking choices; they should reflect
how real agents perceive information, form beliefs, respond to incentives, face constraints, and
adapt over time. A key challenge is therefore how to align and correct simulated agents against real
behavioral data.

Economic closure. The next economic state should emerge from agent interaction rather than be im-
posed externally. This requires mechanisms that aggregate individual actions into prices, allocations,
risks, liquidity, employment, production, credit flows, and macroeconomic conditions while preserv-
ing economic feasibility. The difficulty is that aggregation is nonlinear: strategic interaction, market
clearing, network spillovers, bottlenecks, and feedback loops can amplify or dampen micro-level
behavior. EconWMs therefore need transition mechanisms that are both economically disciplined
and computationally scalable.

Co-evolution. A trustworthy EconWM must model evolution on both sides of the agent–world loop.
Agents learn routines, revise strategies, acquire skills, and update expectations; economic rules also
change as policies, regulations, contracts, platforms, and institutions respond to aggregate outcomes.
The challenge is to decide what should evolve, when evolution should occur, and how to prevent
simulated evolution from drifting into unrealistic or unstable dynamics.

World-level evaluation. Evaluation is difficult because counterfactual worlds have no single ground-
truth trajectory. EconWMs need to be evaluated at both the agent level and the world level: whether
agents reproduce realistic beliefs, choices, and adaptation patterns, and whether the world generates
plausible prices, allocations, distributions, network structures, crisis dynamics, and policy responses.

Economic validity and equilibrium discipline. A final challenge is to connect implementation
capability to economic validity. An EconWM system may have sophisticated agents, evolving
rules, and strong empirical alignment, yet still evaluate a counterfactual under the wrong learned
environment if behavior changes the data used for retraining. In such settings, DDGE-style closure
provides the economic fixed-point discipline that complements the systems architecture developed
here [Cong, 2025].

Overall, the road toward EconWMs is not only about scaling agents or models. It is about building
and scaling worlds with faithful agents, disciplined mechanisms, evolving rules, and empirical
correction. We hope this paper helps define the agenda for a new interdisciplinary effort to build,
evaluate, and govern economic worlds.
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A LLM-Assisted Literature Collection and Classification

A.1 Data Sources and Search Strategy

To ensure a comprehensive and interdisciplinary review of Economic World Models, we implemented
a systematic data collection and filtering protocol.

Data Sources The literature corpus was primarily curated from two major repositories (1950-
present):

• arXiv: To capture the latest interdisciplinary research, we retrieved papers across eight
subject categories: econ.GN, econ.TH, econ.EM, cs.MA, cs.AI, cs.LG, stat.AP, and
q-fin.ST. These categories span economics, finance, artificial intelligence, multi-agent
systems, and statistical applications.

• Web of Science: To complement the preprint data with high-impact peer-reviewed research,
we conducted searches focusing on the UTD24 journal list, covering premier publications
in economics, finance, management, and information systems.

Search Strategy We employed a three-stage classification pipeline to distill the candidate pool into
the final taxonomy:

1. Keyword-based Pre-filtering: An initial sweep of titles and abstracts was conducted
to assemble a broad repository of candidate papers related to economic modeling and
agent-based simulation.

2. Recall-oriented Screening: Using an LLM-based prompt, we filtered candidates for core
EconWM structural attributes—specifically, the presence of heterogeneous agents, endoge-
nous outcomes derived from interactions, and dynamic feedback loops. This stage discarded
generic economic or AI papers lacking integrative modeling.

3. Precision-oriented Full-PDF Classification: Each remaining paper underwent a rigorous
full-text evaluation against the EconWM engineering desiderata. Papers identified as valid
EconWMs were then assigned to one of the six hierarchical levels. To ensure robustness, a
subset of borderline cases was flagged for manual verification by the authors.

A.2 Three-Stage Classification

The filtering and classification of the collected literature were conducted through a systematic three-
stage pipeline to ensure that the final corpus adheres to the Economic World Model definition and
desiderata. Figure 6 illustrates the paper attrition across each stage.

A.2.1 Stage 1: Keyword-based Pre-filtering

In the first stage, we applied a coarse-grained filtering approach based on keyword matching within
the title and abstract of each paper. A paper was retained for subsequent crawling and analysis if it
contained at least one relevant term from both of the following two thematic groups.

Keyword Groups The specific terms used for the intersection-based filtering are:

• Group 1 (Economic, Financial, and Market Themes): "economic", "economy",
"economics", "financial", "finance", "market", "markets", "macroeconomic".

• Group 2 (Dynamic Modeling, Simulation, Multi-agent, Reinforcement Learning,
and World Model Themes): "simulation", "simulator", "simulated", "dynamic
model", "dynamical system", "world model", "digital twin", "digital
twins", "agent", "agents", "multi-agent", "multi agent", "agent-based",
"agent based", "heterogeneous agents", "endogenous", "LLM-based
economic agents", "reinforcement learning", "state-transition", "state
transition".
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Figure 6: Flowchart of the three-stage literature screening and classification pipeline.

Filtering Results Following the keyword matching process, we identified 6,028 candidate papers
from arXiv and 1,828 papers from UTD24. Given the overlap between the arXiv and UTD24
repositories, we performed deduplication after merging the sources. This resulted in a final stage-one
pool of 7,836 candidate papers, comprising 6,008 unique arXiv papers and 1,828 UTD24 papers.

A.2.2 Stage 2: Recall-oriented Screening

In the second stage, we employed GPT-5.4-mini to perform a more nuanced screening of the
candidate papers identified in Stage 1. Given the limited information available in titles and abstracts,
we adopted a recall-oriented screening strategy. The primary objective was to minimize the risk of
false negatives by maintaining a relatively low threshold for inclusion, deferring rigorous validation
and hierarchical classification to the full-PDF stage.

Following this screening, we retained 794 arXiv papers and 87 UTD24 papers. The simplified system
prompt used for this stage is provided below:

Recall-oriented Screening

You are an expert economic researcher and AI paper screener.

Your task is to perform FIRST-STAGE screening of papers for a literature review on Economic World Models (EconWM),
using ONLY the paper title and abstract.

This stage does NOT classify levels.
This stage only decides whether a paper should be retained for later full-PDF review.

...

Goal:
- Retain all papers that are plausibly related to EconWM.
- Exclude papers that are clearly unrelated to EconWM.
- Avoid retaining papers that only contain generic economic, market, agent, simulation, AI, optimization, or forecasting terminology
without an EconWM-like structure.

...

============================================================
1. Operational EconWM Working Definition for Stage-1 Screening
============================================================

For this implementation survey, an EconWM system is a computable dynamical model, simulation, environment, or artificial
economy in which heterogeneous or interacting economic agents generate economic outcomes over time. This is an operational screening

34



definition, not a replacement for the formal EWM/DDGE framework of Cong (2026).

For Stage-1 screening, a paper should be retained only if the title/abstract provides concrete evidence of an EconWM-like
structure.

The core structure is:
1. Economic agents [...]
2. Economic interaction and endogenous outcomes [...]
3. Dynamic transition, feedback, adaptation, or simulation over time [...]

============================================================
2. Retention Rule
============================================================

Return "retain" if either condition is met:

A. Strong EconWM signal:
The title/abstract explicitly mentions one of the following, in an economic context:
- economic world model
- artificial economy
- agent-based economic simulation

...

OR

B. Structural evidence:
The title/abstract shows concrete evidence that:
1. Economic agents act inside a model, simulation, environment [...] AND
2. Economic outcomes are generated inside the model through agent interaction [...] AND
3. The system involves dynamic transition, repeated interaction, feedback [...]

...

============================================================
3. Exclusion Rule
============================================================

Return "exclude" if the title/abstract does NOT provide concrete evidence of an EconWM-like structure.

...

Do NOT count the following as EconWM evidence by themselves:
1. Economic topic only [...]
2. Forecasting / prediction / estimation only [...]
3. Empirical / causal / econometric analysis only [...]
4. Single-agent decision-making only [...]
5. Static theory only [...]
6. Optimization only [...]
7. LLM/AI application only [...]
8. Generic simulator / digital twin only [...]
9. Non-economic ABM [...]

============================================================
4. Important Distinctions
============================================================

- “Households/firms/banks/investors are studied in data” does NOT necessarily mean economic agents exist in an EconWM
sense. [...]
- “Dynamic” does NOT mean ordinary time-series prediction. [...]
- “Endogenous” does NOT mean a dependent variable in a regression. [...]
- “Agent” does NOT automatically mean EconWM. [...]
- “Market” does NOT automatically mean EconWM. [...]

============================================================
5. Output Format
============================================================

Return a strict JSON object only. Do not include markdown or any text outside JSON.

Use this schema:

{
"screening_decision": "retain/exclude",
"present_evidence": { [...] },
"exclusion_reason": "...",
"reason": "Maximum 2 short sentences.",
"supporting_quotes": [ "..." ]
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}

...

============================================================
6. Input
============================================================

Title:
{title}

Abstract:
{abstract}

A.2.3 Stage 3: Precision-oriented Full-PDF Classification

In the third stage, we employed the advanced GPT-5.5 model to conduct a rigorous, full-text
evaluation of the candidate papers retained from Stage 2. Moving beyond titles and abstracts, this
stage relied entirely on the complete PDF content, applying a precision-oriented classification logic.
The model was explicitly instructed to base its decisions on concrete evidence found in the formal
framework, model/methodology, simulations, results, and appendices, strictly avoiding unsupported
inferences.

The classification process in this stage was decoupled into two sequential tasks: a binary validation
of the EconWM definition, followed by a granular level assignment.

EconWM Binary Validation To be validated as a true EconWM, a paper had to satisfy four
necessary conditions simultaneously:

1. Modeling an economic, market, financial, or institutionally meaningful resource-allocation
world.

2. The presence of heterogeneous and interacting economic agents.
3. Dynamic economic transitions or repeated interactions over time.
4. Key economic outcomes generated endogenously at least partly through agent interactions.

Failure to meet any of these conditions resulted in the paper’s exclusion.

Hierarchical Level Classification For papers successfully validated as EconWMs, a secondary
prompt was applied to determine their specific classification level (Level 1 to 6). This assignment
was based on the fulfillment of specific desiderata spanning three orthogonal axes: agent capability
(ranging from rule-based to self-evolving LLM substrates), endogenous institutional evolution, and
simulation-to-reality alignment.

To facilitate human validation and prompt calibration, the model was required to output a structured
JSON object containing decision outcomes, confidence scores, manual review flags, categorical
exclusion reasons, explicitly extracted evidence for each condition, and explanations for borderline
cases.

The simplified system prompts for both the binary validation and the level classification are provided
below:

EconWM Binary Validation

You are an expert academic paper classifier. Your task is to perform full-text screening for Economic World Model (EconWM) papers.

Your task is only to decide whether the paper is EconWM or NOT EconWM. Do not assign any EconWM level.

...

========================================
1. Operational EconWM Definition
========================================

For this implementation survey, an EconWM system is a computable dynamical system that models the transition of an
economy, market, financial system, institution, or economically meaningful resource-allocation world driven by heterogeneous and
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interacting economic agents. This operational definition is used for classification and is complementary to Cong’s formal EWM/DDGE
framework.

A paper should be classified as EconWM only if the uploaded PDF provides concrete evidence for all four necessary condi-
tions:
1. Economic or market-like world [...]
2. Heterogeneous interacting economic agents [...]
3. Dynamic economic transition [...]
4. Endogenous economic outcomes [...]

========================================
2. Strong Positive Signals
========================================

The following are positive signals, but they are not sufficient unless all four necessary conditions are satisfied:
- agent-based economic simulation;
- multi-agent market simulation;

...

========================================
3. Strict Exclusion Rules
========================================

Classify the paper as NOT EconWM if it primarily falls into any category below and does not clearly satisfy all four neces-
sary conditions:
1. Pure forecasting or prediction [...]
2. Pure optimization or control [...]
3. Single-agent decision-making or single-agent RL [...]
4. Representative-agent or aggregate-agent model [...]
5. Static theory, game, auction, matching, or mechanism [...]

...

========================================
4. Confidence and Manual-Check Rules
========================================

Use confidence as confidence in the EconWM / NOT EconWM decision.
High: The paper clearly satisfies or clearly fails the EconWM definition. [...]
Medium: The paper likely satisfies or likely fails the definition, but some evidence is incomplete. [...]
Low: The PDF is unreadable, incomplete, vague, or missing key details. [...]

...

========================================
5. Output JSON Schema
========================================

Return only valid JSON. Do not include markdown or comments outside JSON.
Keep the output concise. Avoid repeating the same sentence across fields.
Use this schema:
{
"api_is_ewm": true,
"api_confidence": "High",
"api_need_manual_check": false,
"api_exclusion_category": null,
"api_classification_reason": "...",
"api_key_evidence": { [...] },
"api_borderline_reason": null
}

...

========================================
6. Final Decision Rule
========================================

Be strict about EconWM inclusion.

Do not classify a paper as EconWM unless the PDF provides concrete evidence for:
1. an economic or market-like world;
2. heterogeneous interacting economic agents;
3. dynamic economic state transitions;
4. endogenous economic outcomes generated by agent interactions.

...
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========================================
7. Input
========================================

Attached PDF: Use the uploaded PDF file as the full paper content.

...

EconWM Level Classification

You are an expert academic paper classifier. Your task is to perform second-stage level classification for Economic World Model
(EconWM) papers.

You will receive one uploaded PDF paper that has already been classified as EconWM in the first-stage binary screening.
Your task is to assign the highest EconWM level supported by concrete evidence from the PDF.

...

========================================
1. Scope of This Stage
========================================

This is the second-stage level classification prompt. [...] Do not repeat the full EconWM / NOT EconWM binary screening.
Assume the paper is EconWM. [...]

========================================
2. Three Axes of EconWM Classification
========================================

The six EconWM levels are organized along three orthogonal axes. Understanding the axes is essential before applying the
desiderata.

Axis A: Agent capability (Levels 1 → 4) [...]
Axis B: Economic-world evolution (Level 5 trigger) [...]
Axis C: Sim-to-real alignment (Level 6 trigger) [...]

========================================
3. Desiderata Definitions
========================================

The desiderata are organized into three groups, matching the three axes.

Group 1: Foundational condition (all levels)
D1. Endogenous closure [...]

Group 2: Agent capability axis
D-Adapt. In-world strategy adaptation [...]
D-Symbolic. Symbolic / non-LLM cognitive substrate [...]
D-LLM. LLM-based cognitive substrate [...]
D-SelfEvo. LLM self-evolution during evaluated rollout [...]

Group 3: World-level axes
D-InstEvo. Endogenous institutional / rule evolution [...]
D-RealAlign. Repeated sim-to-real alignment [...]

...

========================================
4. Gates
========================================

D-Adapt Gate (5 conditions) [...]
D-LLM Gate (3 conditions) [...]
D-SelfEvo Gate (4 conditions) [...]
D-InstEvo (no formal Gate; verdict assessed directly) [...]
D-RealAlign (no formal Gate; verdict assessed directly) [...]

========================================
5. Level Definitions
========================================

Level 1: Fixed Rule-Based Agent Worlds [...]
Level 2: Adaptive Rule-Based Agent Worlds [...]
Level 3: LLM-Based Autonomous Agent Worlds [...]
Level 4: Self-Evolving Agent Worlds [...]
Level 5: Evolving Economic Worlds [...]
Level 6: Sim-to-Real Economic Twins [...]
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Tie-breaking when multiple axes fire: Level 6 > Level 5 > Level 4 > Level 3 > Level 2 > Level 1. [...]

========================================
6. Confidence and Manual-Check Rules
========================================

Use confidence as confidence in the level assignment. [...]
Cross-field consistency rules: [...]

========================================
7. Output JSON Schema
========================================

Return only valid JSON. Do not include markdown or comments outside JSON.

Keep the output concise. Avoid repeating the same sentence across fields.

Use this schema:
{
"api_is_ewm": true,
"api_ewm_level": 2,
"axis_a_position": 2,
"api_confidence": "High",
"api_need_manual_check": false,
"api_level_reason": "...",
"api_key_evidence": { [...] },
"api_borderline_reason": null
}

...

========================================
8. Final Decision Rule
========================================

This stage is for EconWM level classification only. [...]

Decision procedure (apply in order):
Step 1. Confirm D1. [...]
Step 2. Evaluate D-Adapt Gate. [...]
Step 3. Determine cognitive substrate (Axis A position 2 vs 3 vs 4). [...]
Step 4. Set initial api_ewm_level = axis_a_position. [...]
Step 5. Check Axis B (institutional evolution). [...]
Step 6. Check Axis C (sim-to-real alignment). [...]
Step 7 & 8. Set confidence, manual-check flags, and borderline reasons. [...]

========================================
9. Input
========================================

Attached PDF: Use the uploaded PDF file as the full paper content. [...]

A.3 Human Validation

To guarantee the rigor and reliability of our final taxonomy, we instituted a manual validation
phase to address borderline, ambiguous, or low-confidence cases identified during the LLM-assisted
classification.

Selection for Manual Review Based on the rules established in the Stage 3 prompts, the
GPT-5.5-Thinking-high model automatically flagged specific papers for human intervention by
setting the first_stage_api_need_manual_check or api_need_manual_check field to true.

Validation Protocol For every paper flagged for manual review, the authors conducted a com-
prehensive full-text reading. To maintain absolute consistency across the methodology, the human
reviewers strictly adhered to the exact same core EconWM definitions, exclusion rules, and hierarchi-
cal desiderata gating logic as provided to the LLM in Stage 3.

During this phase, reviewers manually searched for and extracted the missing or ambiguous evidence.
Following a thorough evaluation, the human reviewers made the final definitive judgment regarding
both the binary inclusion (EconWM vs. NOT EconWM) and the specific level assignment, overriding
the LLM’s tentative classification where necessary. This human-in-the-loop verification ensures that
complex boundary cases are classified with maximum academic precision.
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