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Abstract

How an economic shock propagates through
the heterogeneous decisions of diverse eco-
nomic roles and emerges as aggregate fluctua-
tions is a central question in economics. Tra-
ditional agent-based models hard-code behav-
ioral rules and cannot read language, while
recent LLM-agent simulations often omit ex-
plicit belief formation, endogenous price forma-
tion, or mechanism-grounded state transitions,
and rarely let a human step into the loop. We
present WonderEcon, a configurable, LLM-
driven yet economic-rule-grounded multi-agent
simulation system in which households, firms,
commercial banks, a central bank, and a gov-
ernment interact across five markets, forming
a self-consistent macroeconomic loop. Ev-
ery agent decides through a four-step natural-
language pipeline, reading real news alongside
structured data, with every step observable. A
player mode, with dedicated scene and charac-
ter modeling, lets a human take over one house-
hold agent, yielding a counterfactual compar-
ison and the Economic Personality Type Indi-
cator (EPTI). On an interest-rate hiking cycle,
WonderEcon demonstrates directional plausi-
bility with respect to six well-known economic
principles across four LLMs, and 33 partici-
pants find the player system satisfying. The
engine and interfaces are publicly available.'

1 Introduction

How economic shocks such as an interest-rate hike
pass through the heterogeneous, boundedly ratio-
nal (Simon, 1955; Kahneman and Tversky, 1979)
decisions of private agents and emerge as aggregate
dynamics is a classic, still-open problem. LLMs
now make it possible to instantiate economic agents
that read news, weigh trade-offs (Wei et al., 2022;
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!Code, a live demo, and a how-to video: https://github.
com/Planet-300894/WonderEcon (code under Apache-2.0;
assets under CC-BY-4.0 except third-party outdoor-scene mod-
els; see Appendix F).

Yao et al., 2023), and carry heterogeneous “per-
sonalities”. Yet existing systems fall short. Tra-
ditional agent-based models (Hamill and Gilbert,
2015) hard-code behavioral rules and have no lan-
guage layer, so they cannot react to qualitative nar-
ratives such as news. Recent LLM-based simu-
lations (Park et al., 2023; Li et al., 2024; Horton
et al., 2023; Aher et al., 2023) often omit explicit
belief formation, endogenous price formation, or
mechanism-grounded state transitions, drive only
part of the system with LLMs, and rarely let a hu-
man step into the loop.

We introduce WonderEcon, an interactive, con-
figurable LLM-multi-agent economic simulator. It
serves as both a research tool and a human-in-
the-loop counterfactual yielding an EPTI profile
(Figure 1). While driven by LLMs, agent behav-
iors and the environment are strictly grounded by
underlying economic rules. Its core engine fol-
lows a natural-language observation—belief—price-
action pipeline characterized by five properties:
(i) Completeness: five agent types, five markets,
and a shared information space. (ii) Fidelity:
boundedly rational agents leveraging behavioral
economics under incomplete information. (iii) Het-
erogeneity: households, firms, and banks spanning
multiple tiers, risk types, and roles. (iv) Closed
macroeconomic loop: conserved money flows that
prevent arbitrary value creation. (v) Flexibility:
configurable parameters/LLMs, human-in-the-loop
control, and instantiable scenarios.

Built on this engine, a configurable research
interface lets users customize macro policies and
news, attach compatible LLMs, and monitor de-
tailed environment metrics at every step. Addi-
tionally, a player counterfactual system allows
a human to replay a frozen simulation by replac-
ing a single agent’s decisions. It compares these
outcomes against the original LLM and peer av-
erages to generate a four-dimensional economic-
personality profile (EPTI). Beyond engagement,
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Figure 1: WonderEcon overview. Each agent decides through a four-step observation—belief—price—action pipeline;
five markets then clear and settle, closing the macroeconomic loop before the next tick. The same engine drives two
applications: a configurable economic simulation system, and a human-in-the-loop counterfactual.

the player mode yields data on players’ economic
preferences that can be fed back into agents’ per-
sonas to make the whole economy and the EPTI
test more faithful, forming a virtuous loop between
human players and the simulated economy.

We evaluate WonderEcon from both economic
and user perspectives. Across four LLM backends,
the simulated economy consistently recovers ex-
pected responses to monetary tightening, while a
33-participant study demonstrates strong usability,
engagement, and perceived EPTI accuracy. By
transforming isolated LLM agents into interac-
tive participants in a living economy, WonderE-
con provides a practical foundation for economic
experimentation, human—agent comparison, and
Al-assisted education.

2 Related Work

LLM-multi-agent systems. A growing body of
work orchestrates multiple LLM agents to solve
complex tasks through specialization and interac-
tion, spanning human-in-the-loop planning (Kim
et al., 2025), collaborative annotation (Qin et al.,
2025), multi-agent debate (Becker et al., 2025),
and prompt optimization (Xiang et al., 2025). This
paradigm is a natural fit for simulating an economy,
whose participants are themselves many heteroge-
neous decision makers that specialize and interact.
But an economic simulation must maintain more

than the agents. It also needs a rule environment
that clears markets and settles accounts, and an
information environment that decides what each
agent can observe. This environmental layer is
central to WonderEcon.

Economic multi-agent systems. A second line
of work places agents inside economic environ-
ments. Rule-based and RL simulators provide scal-
able, calibrated economies but rely on hand-coded
rules or reward optimization rather than language
(Dwarakanath et al., 2024; Mi et al., 2024; Brusatin
et al., 2024). LLM-based simulators instead let
agents reason in natural language, reproducing
macro regularities in a goods-and-labor economy
(Li et al., 2024), trading on a real order-matching
market (Gao et al., 2024), analyzing policy across
income groups (Hao and Xie, 2025), or replicat-
ing expectation surveys (Lin et al., 2025). Econ-
Gym (Mi et al., 2025) combines LLM and RL
agents in a modular testbed of many roles and 25+
tasks, among the most complete simulators to date.
However, existing work shares one or more limita-
tions. (i) Most drive only part of the system with
LLMs and lack explicit belief formation, endoge-
nous price formation, or mechanism-grounded state
transitions. (ii) Most cover very few markets rather
than a full multi-market economy with interlocking
financial flows. (iii) Most runs are offline without
step-by-step observability, and configuration is ei-
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ther unavailable or, too complex to be user-friendly.
(iv) No human-in-the-loop mechanism exists for a
clean counterfactual or behavioral profiling. Won-
derEcon closes all four gaps at once with a single
configurable and playable engine.

3 System Overview: The LLM Economic
Engine

3.1 Components

WonderEcon instantiates a self-contained economy
from three kinds of components: heterogeneous
agents, a shared information environment, and five
markets through which the agents interact. One tick
equals one month, and concrete population sizes
are given in Section 3.4.

Agents. Following the agent-based tradition in
economics (Tesfatsion, 2006) and recent LLM-
agent designs (Park et al., 2023; Wang et al., 2024),
WonderEcon has five agent types. Household
agents decide consumption, stock investment, and
deposits, and labor-force households additionally
decide borrowing, desired wage, and whether to
quit. Firm agents decide borrowing, R&D, wages,
production scale, pricing, stock investment, and
deposits. Bank agents set deposit and loan rates
under a finite lending pool. The central bank de-
cides liquidity injection or withdrawal, while the
government decides the tax-redistribution ratio.

Information environment. All agents share a
central information environment, the single source
of truth for what anyone can observe. It holds
two kinds of information. The first is structured
economic data, such as employment rate, goods
prices, average wages, stock prices, and tax rates.
The second is unstructured macroeconomic news,
comprising the per-tick economic background and
news text. Each decision reads only the minimal
subset it needs (Xi et al., 2025), so agents act under
local, incomplete information rather than global
truth (Stiglitz and Weiss, 1981).

Five market environments. Agents interact
through five markets: a labor market, two sector-
specific goods markets, two sector-specific stock
markets (each a call auction over one listed firm),
a loan market, and a deposit market. The clearing
mechanisms are detailed in Section 3.3.

3.2 LLM-Driven Decision Making

Letting LLMs make economic decisions allows
heterogeneous agents to reason about their circum-

stances and to “consciously” make human-like,
context-dependent economic decisions, instead of
executing fixed behavioral rules. Because LLM
agents interpret qualitative narratives, form explicit
beliefs, and justify their choices in natural lan-
guage, an LLM-driven economy moves beyond
curve-fitted reactions toward deliberating agents.
We view this as an important step toward economic
twins, in which simulated economies align with
real-world observations (Han et al., 2026).

In the system, every priced action of agents
is made by an LLM through a four-step natural-
language pipeline (Figure 2), extending the
observe—reason—act paradigm of recent language
agents (Park et al., 2023; Yao et al., 2023) to
priced economic decisions. (1) Observation: the
agent reads its own attributes together with a min-
imal, action-specific subset of the information en-
vironment, including the economic-background
and macro-news text, so it must interpret quali-
tative language, not just numbers. (2) Belief: a
short free-text analysis, in the spirit of chain-of-
thought reasoning (Wei et al., 2022), in which the
agent reasons about its situation and the macro
outlook, rather than the model-consistent forecasts
assumed under rational expectations (Muth, 1961).
(3) Price: a structured desired price, rate, or ratio,
such as a desired loan rate or wage. (4) Action: a
yes/no decision or a budget split, such as whether
to borrow money or the consumption ratio.

Every step is a separate prompt that carries the
full observation content plus the outputs of all pre-
vious steps, so beliefs ground prices and prices
ground actions (Figure 2). Natural language here
is the operating medium rather than a presenta-
tion layer: qualitative macroeconomic information,
such as the economic background and news nar-
ratives, reaches agents only as unstructured text,
so reacting to it requires language understanding
rather than table lookup, and each priced decision is
extracted from free-text reasoning into a structured
value. Persistent self-descriptions like identity and
risk preference are injected into every prompt, a
prompt-as-persona technique that conditions be-
havior through language rather than hand-coded
rules (Argyle et al., 2023; Serapio-Garcia et al.,
2025; Horton et al., 2023). The engine is built on
the CAMEL framework (Li et al., 2023), so each
agent’s brain is pluggable, allowing different mod-
els within one world. Same-type calls within a
tick run asynchronously for throughput. An agent
that cannot read would remain inert to news-driven
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Figure 2: The four-step natural-language decision pipeline. For each priced action, the agent observes its inputs,
forms a free-text belief, commits to a desired price, and takes an action. Each step is a separate prompt conditioned
on the previous steps’ outputs, so beliefs ground prices and prices ground actions.

shocks: it is the language layer that lets the simu-
lated economy respond to the qualitative narratives
that move real economies. Full prompt templates
are in Appendix B.

A free LLM can produce extreme or inconsistent
numbers that would destabilize a coupled economy
(Ross et al., 2024; Bini et al., 2026). We therefore
clamp key numeric decisions, such as wage adjust-
ments, pricing markups, and consumption ratios,
to economically motivated ranges before they enter
the markets. Unlike constrained decoding, which
restricts generation token by token, clamping in-
tervenes only after the agent has fully reasoned in
natural language, so the textual chain from obser-
vation to belief to action is preserved and only the
final numeric value is bounded. These bounds keep
agent behavior realistic and low-variance, so emer-
gent dynamics reflect the agents’ relative choices
rather than occasional outlier generations.

3.3 Market Clearing and World Settlement

Once all agents have decided, the engine aggregates
their bids into market outcomes through rule-based
mechanisms and writes the results back into the
world state, completing one monthly cycle.

Market clearing. Matching uses a logit discrete-
choice rule whose attraction function adds a loss-
aversion penalty inspired by Kahneman-Tversky
prospect theory (Kahneman and Tversky, 1979).
Goods and loan markets adopt a “lower-is-better”
form in which a chooser ¢ prefers a provider j
offering a lower price or rate,

Attr;; = P _ (A=1) max((), lnzﬁ), (1
pj 2

where p; is i’s desired price or rate, p; is j’s offer,
and A > 1is ¢’s loss-aversion coefficient penaliz-
ing unfavorable offers. Deposit and labor markets

use the dual “higher-is-better” form. The selection
probability is P;; = softmax (/5 Attr;;), with /5 the
agent’s ability score. It doubles as the logit temper-
ature and a time-priority weight, so higher-3 agents
choose more sharply and are served earlier. The
goods market additionally adds a brand bonus to
the attraction, making larger firms more attractive,
especially to wealthier households,

bonus;; = a §; (1 + vy w;), 2)

where 5; € [0, 1] is firm j’s normalized scale tier,
w; € [—1,1] is household i’s wealth tier relative
to the median, and a, v > 0 set the brand strength
and its wealth sensitivity. Stocks clear by call auc-
tion (Madhavan, 1992) at the volume-maximizing
price; goods and labor clear by up to ten rounds
of preference-ordered matching; loans are pool-
constrained while all deposits are accepted.

Settlement and state update. The cleared trades
update holdings, employment, inventory, and bank
volumes. The engine then recomputes each agent’s
endogenous quantities for the next tick. It settles
the circular money flows in a stock-flow-consistent
manner (Godley and Lavoie, 2007). Finally it re-
freshes the aggregate indicators exposed to the in-
formation environment, then logs a full state snap-
shot before the next tick begins.

3.4 Configuration and Execution

The default showcase world runs 156 agents (140
households, 12 firms, 2 commercial banks, a cen-
tral bank, and a government) for 13 monthly ticks.
Through a web wizard (Figure 3), a user can recon-
figure the economic policy (tax rates and a click-
able interest-rate timeline), the macro environment
(the starting economic-background phase, editable
per-tick news, and a brand-effect coefficient), and
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Figure 3: WonderEcon Configuration interface: a wizard sets the scenario.

the technical settings (the agent LLM model, tem-
perature, and concurrency). The simulation hori-
zon and the agent populations are currently fixed
to their default values in the web interface, with
in-interface scaling planned for a future release.
Adjustments to the simulation duration or the scale
of the economy should be implemented directly in
the open-source backend engine code, while taking
the stability of the system economy into account.
Since the economic background is configurable,
the hiking-cycle scenario is just one instance, and
the same engine can instantiate many alternative
financial scenarios.

Once the scenario is configured, the engine ad-
vances the world through the fixed monthly tick
order, detailed as 25 steps in Appendix A, repeat-
ing until the horizon is reached. A state tracker
then snapshots every agent and the environment to
JSON at each tick, and the user enters an interac-
tive, fully replayable economic map. There, for one
agent at any tick, the user can watch its full deci-
sion process as an animation and inspect the same
decisions as JSON. The user can also track how
the macro variables, such as GDP and employment
rate, evolve over the run.

4 Player Platform and Economic
Personality (EPTI)

Whereas the engine runs the world forward under
full LLM control (Section 3.4), the player platform
lets a human intervene backward (Figure 4). A
finished world is frozen and a person takes over a
single agent, turning the simulation into a playable,
counterfactual experience.

4.1 Player Mechanism

A previously simulated world is frozen into a map.
The player picks a tick and a target profile, then
is matched to one household agent and inherits

its full state. Across the five engine stations, the
player overrides the agent’s decisions on loans,
employment, consumption, stocks, and deposits.
Considering that letting every agent re-decide live
through LLM calls would render each interaction
prohibitively slow under limited compute, while the
player—being only one of over a hundred agents—
exerts negligible influence on the aggregate econ-
omy, the other agents’ decisions stay unchanged
during the interaction. This freezing yields a con-
trolled counterfactual against the original LLM
agent at the cost of suppressing endogenous re-
sponses from other agents. After the tick re-clears,
the player sees their asset change and a happiness
measure, compared against both the original agent
and the same-tier average.

Owing to its strong interactivity, this player
mode can be readily applied across a broad spec-
trum of scenarios. In public outreach and financial-
literacy education, a user can experience how vari-
ous economic decisions are made and, through the
system’s feedback on happiness and asset changes,
learn what consequences their own decisions would
bring. In the classroom, an instructor can let stu-
dents play household roles under a policy shock
and contrast their decisions with those of LLM
agents, turning abstract monetary transmission into
an interactive exercise. For behavioral researchers,
the frozen world serves as a standardized and cheap
sandbox: every participant faces identical eco-
nomic conditions, so preferences can be measured
and compared across players at scale.

4.2 Economic Personality Type Indicator

Across a play session, WonderEcon maps the
player’s decision fields to a four-dimensional,
MBTI-style economic-personality code called
EPTI, which is an exploratory engagement fea-
ture. This follows work that probes personality
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Indoor Scene (Complete the relevant decision)

Figure 4: Player platform: pick a month, build a character, get matched to one household agent, decide at five
stations, then see the three-way comparison and the four-letter EPTI profile.

(Serapio-Garcia et al., 2025; Pan and Zeng, 2023)
and economic rationality (Chen et al., 2023) in
LLMs, and it is grounded in revealed-preference
inference from choices (Samuelson, 1938). Each
dimension contrasts two poles, and one representa-
tive letter per pole forms a four-letter code. Time
preference contrasts Spend (S) with Amass (A),
read from the consumption ratio relative to the
same-tier mean (Frederick et al., 2002). Risk at-
titude contrasts Risk-taking (R) with Prudent (P),
read from loan intensity, stock intensity, a lower
necessity-stock share, or quitting one’s job (Holt
and Laury, 2002). Market stance contrasts Con-
trarian (C) with Trend-following (T), read from
whether the player’s desired prices deviate from the
recent reference in the same direction as same-tier
peers (De Bondt and Thaler, 1985; Jegadeesh and
Titman, 1993). Consumption taste contrasts Utili-
tarian (U) with Fine (F), read from the luxury share
of consumption under the dual-sector design. The
full set of per-dimension criteria is in Appendix C.

Each play session produces data that reveal the
player’s economic preferences, which are costly
to collect through conventional surveys or experi-
ments. These data can be fed back into agents’ per-
sonas, calibrating heterogeneous households with
real human preferences and yielding more realistic
agents, hence a more faithful simulated economy;
a more realistic economy in turn enables more ac-
curate EPTI analysis, forming a virtuous loop be-
tween human players and the simulated economy.

5 Evaluation

5.1 Macro Validity

The rate hikes are exogenous, so rising rates is not
a result. Following prior economic simulators that
validate against known macro regularities (Li et al.,
2024; Dwarakanath et al., 2024), we instead test

GDP Proxy (Consumption + Inventory + R&D) Employment Rate

Figure 5: Core macro variables over the 13-tick show-
case scenario for a single representative run (GPT-4o,
one seed). Shaded bands mark the exogenous rate hikes
as event-study windows.

whether the agents’ emergent responses match the
stylized facts of monetary tightening. We verify six
economic principles under our hiking scenario. Ap-
pendix D (Table 4) states them in full, and Figure 5
illustrates the relevant indicators.

We evaluate four pluggable LLM brains (Claude-
Sonnet-4.6, GPT-40, Gemini-3.1-Flash-Lite, Grok-
4.1-Fast), each running the scenario ten times. Ta-
ble 1 reports the number of matching runs out of
10 per principle and the overall score out of 60. All
four brains score 56 to 60. The dividend-discount
model, Euler substitution, and IS curve hold in all
40 runs, so the emergent asset-price, saving, and
output responses are robust. The few deviations fall
on Okun’s law and the Phillips curve, because the
scenario stays near full employment and the small
employment movements these two laws depend on
occasionally miss the predicted direction. Overall,
the emergent dynamics are directionally consis-
tent with the stylized facts of monetary tightening.
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Economic Principle Claude-Sonnet-4.6 GPT-40 Gemini-3.1-Flash-Lite Grok-4.1-Fast
DDM 10/10 10/10 10/10 10/10
Okun’s law 8/10 10/10 10/10 9/10
Credit channel 10/10 10/10 10/10 9/10
Intertemporal substitution (Euler) 10/10 10/10 10/10 10/10
IS curve 10/10 10/10 10/10 10/10
Phillips curve 8/10 9/10 10/10 9/10
Overall 56/60 59/60 60/60 57/60

Table 1: Principle verification rate across models. Each cell shows the number of runs (out of 10) in which the
emergent trend matches the theoretical prediction from Table 4.

Category Measure Score Distribution
Navigation 4.45/5 _ l‘l
Usability Smoothness 4.36/5 .dn
Info. access 4.36/5 - .‘ ]
Immersion 4.24/5 . J [
Experience Usefulness 4.21/5 . i B
Replay 4.58/5 i
Time preference ~ 4.03/5 |
EPTI Accuracy Risk attitude 4.09/5 x
Market stance 4.21/5 l
Consumption taste 4.21/5 x
Overall Satisfaction 4.70/5 o |

Table 2: Player-platform user study (5-point Likert;
N = 33). The distribution column shows each dimen-
sion’s rating histogram over the 1-5 scale, with a red
line at the mean. Full questionnaire in Appendix E.

These results validate the macroeconomic rational-
ity of the complete hybrid system as a whole, which
combines LLM decisions, explicit policy news, nu-
merical clamps, and rule-based market clearing.

5.2 User Study

Following recent interactive-system demonstra-
tions that assess their tools through user-centered
questionnaires (Li et al., 2025; Xu et al., 2025;
Zhao et al., 2025; Kar et al., 2025), we evaluate
the player platform with 33 participants recruited
at a technology fair, each completing one play ses-
sion and receiving the outcome comparison and
the EPTI profile. On a 5-point Likert scale they
rate three usability dimensions, three experience di-
mensions, the perceived accuracy of the four EPTI
axes, and overall satisfaction. Table 2 summarizes
the results. All eleven dimensions score positively,
with means between 4.03 and 4.70. Satisfaction
is highest at 4.70, followed by willingness to re-

play at 4.58. The usability items sit around 4.4, so
participants find the platform easy to use. Notably,
all four EPTI axes score above 4 out of 5 (4.03—
4.21), indicating that participants largely recognize
themselves in the generated profiles and perceive
the personality labels as accurate. Among the four
axes, time preference scores the lowest (4.03), sug-
gesting that the system still has room to improve in
characterizing players’ saving-versus-consumption
preferences. This perceived accuracy is encourag-
ing for an exploratory feature, though it reflects self-
assessed agreement from a single session rather
than formal psychometric validation. We report the
small sample honestly as a preliminary study.

6 Conclusion

WonderEcon unifies a complete, grounded, closed-
loop, and flexible LLLM-driven economic engine
with a configurable, observable research inter-
face and a player counterfactual mode with EPTL
Across four LLMs, the engine shows directional
plausibility on six economic principles under mon-
etary tightening, and 33 participants rate the player
platform positively in a preliminary user study, to-
gether suggesting that natural-language decision
pipelines can drive a coherent multi-market econ-
omy. The same engine supports diverse macroeco-
nomic scenarios, and the interest-rate cycle serves
as a foundational showcase. More broadly, we
see WonderEcon as an early yet concrete step to-
ward twin economy: its observable belief pipeline,
rule-grounded markets, and human-in-the-loop
play form the substrate on which more realistic
economies can be built. Future work includes com-
ponent ablations that isolate the contribution of the
language pipeline, validation across further sce-
narios and against empirical data, unlocking fixed
configurations, scaling to more agents, automatic
scenario generation, live-data ingestion, and a for-
mal psychometric validation of EPTL.
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Limitations

Although WonderEcon provides a comprehensive
framework, several limitations remain. First, the
simulation currently lacks real-time calibration us-
ing live data feeds. Second, the language mod-
els driving the agents have neither been fine-tuned
via reinforcement learning for enhanced economic
analysis nor equipped with self-evolution systems.
Third, the current environment includes only a
limited variety of firms and stock types. Fourth,
our macro evaluation covers a single interest-rate-
hiking scenario and tests directional agreement
with stylized facts; it validates the complete hy-
brid system as a whole, and component ablations
(e.g., rule-based agents, belief-free prompting, or
news-free observations) are needed to isolate the
contribution of the language pipeline. Fifth, the
player-mode counterfactual freezes all other agents’
decisions; with sufficient compute, future versions
could let agents re-decide live around the player.
Sixth, the user study relies on a small technology-
fair sample that skews young, highly educated, and
toward computer-science backgrounds, and lacks
a control condition. Finally, the EPTI formulas
remain heuristic without formal validation.

Ethics and Broader Impact

WonderEcon is a research and educational tool, not
a source of financial advice; we caution against
misuse of its outputs for real decisions. The “eco-
nomic personality” labels could reinforce stereo-
types if LLM biases are not accounted for; we
present EPTI as exploratory. Player-choice data are
collected only with informed consent, anonymized,
and reported in aggregate. We see positive value for
economics education and public financial literacy.
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A Tick Order

Each monthly tick executes a fixed 25-step or-
der, grouped into nine stages below. Steps
marked [LLM] issue batched language-model
calls; [MKT] steps run a rule-based market clear-
ing (Section 3.3, Eq. 1 and its dual); the rest are
deterministic bookkeeping.

Monthly tick order (25 steps, 9 stages)

1. Setup
Step 1 update tick + economic-background/news; Step 2
apply exogenous interest-rate shock.

1

2. Policy [LLM]
Step 3 central-bank injection/withdrawal; Step 4 govern-
ment tax redistribution.

1

3. Settlement

Step 5 compute endogenous quantities; Step 6 rank house-
holds (wealth) and firms (profit/scale); Step 7 environ-
ment settlement (mortgage, taxes).

1
4. Loan
Step 8 household loan [LLM]; Step 9 firm loan [LLM];
Step 10 bank loan rate [LLM]; Step 11 loan market
[MKT].

J
5. Labor

Step 12 household wage & quit [LLM]; Step 13 firm
R&D/wage/production [LLM]; Step 14 labor market
[MKT].

J
6. Goods
Step 15 household goods beliefs/price/ratios [LLM];
Step 16 firm pricing [LLM]; Step 17 goods market, per
sector [MKT].

J

7. Stock
Step 18 household stock [LLM]; Step 19 firm stock

[LLM]; Step 20 two call auctions, necessity then lux-
ury [MKT].

1
8. Deposit
Step 21 household/firm/bank deposit beliefs & rates
[LLM]; Step 22 deposit market [MKT].

J

9. Close

Step 23 refresh environment aggregates; Step 24 append
history (incl. the GDP proxy); Step 25 snapshot all agent
state for the next tick.

B Prompt Templates

Every economic action runs the same four-step
observation—belief—price—action pipeline (Sec-
tion 3.2). As a representative example we give
the household loan action verbatim; the four steps
share an identical observation block and differ only

in the system instruction and the appended prior-
step outputs. Remaining actions follow the same
structure and are in the released code.

Step 1 — Observation — Belief

System: You are a rational household economic agent in a simulated
economy. Your goal is to maximize your expected total utility over time.
Form a belief about loan interest rate direction and your borrowing
strategy. Respond with a concise analytical paragraph labeled ‘BELIEF:’
(2—4 sentences).

User:
=== Household Loan-Rate Belief Generation (tick 7 of 13, each tick = 1
month) ===

HOUSEHOLD ATTRIBUTES:
- type: labor force (has wage income); risk preference: conservative
- last tick: no loan; comprehensive ability 8: 0.81 (range 0.0-2.0)

OBSERVATIONS:

- last period weighted avg bank loan rate: 5.56%

- economic background: Inflation is worsening significantly.

- macroeconomic news: Tick 7 of 13. MAJOR POLICY CHANGE: the
central bank has just raised the 1-year loan rate 5.31%—5.56% and the
mortgage multiplier 0.7x—0.85Xx, the first hike of the cycle. [...]

ENDOGENOUS ATTRIBUTES:
- wealth level: level 2 — 20%—40% (lower-middle class)
- No extra government subsidy this tick (standard subsidy only).

Based on the above, analyze the likely direction of loan rates
next period, how it affects your borrowing strategy, and the loan rate
acceptable to you this tick.

BELIEF:

Step 2 — Belief — Price (desired rate)

System: Based on your belief, output your maximum acceptable loan rate
as EXACTLY one line: desired_loan_rate: X.XX% (annualized).

User: [same block as Step 1] + your Step-1 belief.

Output ONLY:
desired_loan_rate: X.XX%

Step 3 — Action (borrow?)

System: Decide whether to borrow this period. CONSTRAINT: loan
< 50% of last-tick wage, used entirely for consumption. CONSE-
QUENCES: the loan plus most available funds go to consumption and
the rest fully to stocks, leaving you highly exposed to stock prices.
Respond EXACTLY one line: decision: yes OR decision: no.

User: [same block] + your belief + desired loan rate 5.56%.

Output ONLY:
decision: yes/no

Step 4 — Action (amount, if borrowing)

System: Set the loan amount as a percentage of last wage. CON-
STRAINT: in [5%, 50%] (max 4166.81 CNY). Respond EXACTLY:
loan_percentage: XX%.

User: [same block] + your belief + desired loan rate 4 last-
tick wage.

Output ONLY:
loan_percentage: XX%

C EPTI Criteria

EPTI scores a player against a peer group (house-
hold agents sharing the player’s labor-force status
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Dim. (poles) Criterion (desired) w
Time: S/A consumption ratio 1= S 1
loan ratio 7= R 1
Risk: R/P stock r.atlo =R 2
necessity-stock share |= R 1
quit job = R 1
necessity goods price dir. 1
Market: C/T luxury.goods pI‘lCE.E dlr.. 1
necessity stock price dir. 1
luxury stock price dir. 2
Taste: U/F luxury consumption share = F 1

Table 3: EPTI criteria and weights. For the market-
stance rows, opposing the peer-majority price direction
votes C and agreeing votes T (an undefined majority
contributes 0).

Economic . .
Principle Indicator(s) Predicted
DDM Stock price stock price declines
, Employment employment and GDP
Olam’s law rate, GDP both decline

Credit channel Loan volume loan volume contracts

Intertemporal

subst. (Euler) Deposit volume

deposit volume rises

IS curve GDP GDP slows or declines
Goods price, inflation slows as em-
Phillips curve Employment | fall
rate ployment falls

Table 4: Macro-validity targets. Each row verifies an
economic principle under the interest-rate hiking sce-
nario.

and wealth level at the played tick), using the de-
sired values from the decision stage rather than
post-clearing outcomes. Each dimension tallies the
weighted votes of its criteria (Table 3) and takes the
left pole (S/R/C/U) when the tally is non-negative
and the right pole (A/P/T/F) otherwise, forming a
code such as SRCF.

D Macro-Validity Principles

Table 4 lists the six principles verified in Sec-
tion 5.1, each with its indicator(s) and predicted
trend under the interest rate hiking scenario; per-
model verification rates are in Table 1.

E User Study Questionnaire

The 33 participants voluntarily tried WonderEcon
at a technology fair and filled out the questionnaire

for free. They were 67% male, mostly aged 18-34
(94%), highly educated (over 60% at the master’s
or doctoral level), and drawn largely from computer
science and Al backgrounds.

Administered anonymously after one play ses-
sion, the questionnaire’s four rated sections map to
Table 2 (the demographics and optional free-text
questions are omitted as unanalyzed). Each item
uses a 5-point Likert scale (1 = strongly disagree,
5 = strongly agree; for Part III, 1 = not at all
accurate, 5 = very accurate).

WonderEcon Player-Experience Question-
naire (rated sections)

Part I — Usability.
Ul. Ican easily locate the functions and pages needed
to make decisions without external help (navigation
convenience).

U2. The system responds smoothly during operation,
without noticeable lag or waiting (interaction
smoothness).

U3. The economic data and information presented are
easy to obtain and understand (information acces-
sibility).

Part II — Experience.

E1. While making economic decisions, I feel immersed
in the simulated world (immersion).

E2. This platform helps me understand how the econ-
omy works (perceived usefulness).

E3. I would be willing to use this platform again for an
economic decision-making experience (willingness
to replay).

Part III — EPTI Accuracy. After the session,
the system generates an Economic Personality Type In-
dicator (EPTI). Participants rate how accurately each
dimension characterizes them.
P1. EPTI accurately characterizes my time preference
(immediate consumption vs. delayed gratification).

P2. EPTI accurately characterizes my risk attitude
(conservative vs. aggressive).

P3. EPTI accurately characterizes my market stance
(deliberative vs. conformist).

P4. EPTI accurately characterizes my consumption
taste (necessity-oriented vs. luxury-oriented).
Part IV — Overall Satisfaction.

S1. Overall, I am satisfied with my experience on the
WonderEcon player platform.

F Availability and Licensing

The engine, both web interfaces and the demonstra-
tion video are publicly available. Code is released
under Apache-2.0; text, data, and our original vi-
sual assets (indoor-scene and character models)
under CC-BY-4.0. The outdoor-scene models are
third-party assets under their original licenses.
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