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Abstract

Stock markets are one of the most complex sys-
tems in the modern world, where prices emerge
from billions of decentralized interactions among
heterogeneous participants in an ever-evolving in-
formation landscape. While high-fidelity simula-
tion is important for understanding market dynam-
ics, existing approaches face a persistent trade-off
between structural and behavioral fidelity. To
this end, we propose MarketSim, a large-scale
stock market simulation framework with gener-
ative agents. MarketSim introduces a hierarchi-
cal multi-agent architecture that decouples strate-
gic reasoning from high-frequency execution, en-
abling LLM agents to operate in a nanosecond-
resolution, NASDAQ-like continuous double auc-
tion market. Building on this, we simulate over
15,000 heterogeneous market participants whose
interactions shape and are shaped by an evolving
market environment grounded in more than 12k
real-world news articles, policy documents, and
earnings reports. To evaluate our proposed Mar-
ketSim, we develop a comprehensive benchmark
that includes stocks from 8 GICS sectors and 3
representative real-world scenarios, along with 5
stylized facts for market complexity and 5 price-
related statistical metrics. Extensive experiments
demonstrate that MarketSim not only captures
key complexity properties of real-world markets,
but also outperforms state-of-the-art baselines in
tracking high-frequency price dynamics with an
average MAPE of 3.48%, providing a scalable
testbed for market analysis1.
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1. Introduction
Stock markets are the nerve center of the global econ-
omy. Despite being powerful engines of economic
growth (Levine, 1997), they are often the source of abrupt
and widespread systemic collapses (Farmer & Foley, 2009;
McKee & Stuckler, 2020). Throughout history, stock mar-
kets have experienced countless instabilities such as black
swan events, herd behavior, and volatility clustering, all of
which reflect the complexity that governs market behavior.
In recent years, market–triggered crises have become more
frequent, ranging from global disruptions such as the 2008
financial crisis (Farmer & Foley, 2009), to liquidity break-
downs driven by emergencies (McKee & Stuckler, 2020),
to flash crashes triggered by policies like the Liberty Day
tariff (Wikipedia, 2025). On the other hand, facing such
crises, we are at a loss due to the lack of a high-fidelity stock
market simulator that can help us understand and anticipate
their dynamics.

However, building such a simulator is a non-trivial task.
This is primarily because stock markets are complex adap-
tive systems, where collective outcomes, i.e., prices, emerge
from decentralized, nonlinear interactions among large num-
bers of heterogeneous agents. To decode this complexity,
researchers have made efforts to develop agent-based mod-
els (ABMs) that aim to replicate stock markets (Arthur
et al., 2018; Byrd et al., 2020; Belcak et al.; Axtell &
Farmer, 2025). Among them, the ABIDES platform (Byrd
et al., 2020) stands out for enabling thousands of simple
agents to trade under the continuous double auction (CDA)
mechanism, capturing the high-frequency price dynamics
in stock markets. While these models largely preserve struc-
tures of stock markets, their agents lack behavioral fidelity:
driven by pre-defined heuristics or rule-based strategies,
such agents fail to capture how real-world market partici-
pants perceive, interpret, and respond to information. More
importantly, this low fidelity in agent behavior further pre-
vents them from grasping one of the stock market’s core
mechanisms, i.e., that price changes arise from the collective
responses of participants to new information (Fama, 1970;
Axtell & Farmer, 2025).

Recent advances in large language models (LLMs) have
shown the potential to improve behavioral fidelity (Park
et al., 2023; Gao et al., 2024a; Li et al., 2024b). Some re-
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searchers have begun to explore replacing traditional agents
with LLM-driven ones in stock market simulations (Yang
et al., 2025; Gao et al., 2024b; Zhang et al., 2024). However,
as a trade-off for current limited agent designs, they typically
oversimplify key structures of stock markets. For example,
they adopt turn-based trading schemes that fundamentally
violate CDA, thereby distorting the essential price discovery
process that defines market behavior. Furthermore, they
often simulate a small number of agents with oversimplified
labels, such as “aggressive” or “conservative”, misrepresent-
ing the scale of real-world participants and their decision-
making processes (Brav et al., 2024; Blume et al., 2017).
To sum up, their low structural fidelity hinders them from
reproducing the complex emergent dynamics of real-world
markets.

These two lines of research raise a central question: what
constitutes a high-fidelity stock market simulator that cap-
tures both behavioral and structural fidelity? We propose
we propose MarketSim, a high-fidelity LLM-empowered
nano-scale stock Market Simulation framework. MarketSim
models institutional investors, which dominate real-world
trading volume and exhibit highly complex decision-making
processes (Brav et al., 2024; Blume et al., 2017). To this
end, we introduce a hierarchical, LLM-empowered multi-
agent architecture inspired by the organizational logic of
real-world institutions. Within each simulated institution,
two agent types cooperate: fund manager agents reason over
the information landscape to formulate investment strate-
gies and indicative prices, while trader agents execute these
instructions through high-frequency trading. This design en-
ables institutional-level intelligence to operate in NASDAQ-
like markets at nanosecond resolution. Beyond internal
agent dynamics, we situate agents in a rich, evolving envi-
ronment with two facets. The first is an endogenous market
environment collectively shaped by over 15k institutional
and background agents (e.g., retail investors and market
makers), whose billions of interactions generate prices, re-
turns, and losses that provide feedback for strategic adapta-
tion. The second is an exogenous informational landscape,
comprising more than 12k real-world news articles, policy
documents, and corporate financial reports.

To evaluate MarketSim, we design a comprehensive bench-
mark that covers stocks from 8 GICS Level-1 sectors (e.g.,
Energy, Information Technology), across three represen-
tative real-world scenarios: the Liberal Day tariff shock,
DeepSeek’s market debut, and corporate earnings announce-
ments. Moreover, we incorporate 5 stylized facts that quali-
tatively characterize well-known market complexity, along
with 5 price-related statistical metrics that quantitatively
measure the alignment between real-world and simulated
stocks. Extensive experiments demonstrate that Market-
Sim faithfully reproduces all five key facts, suggesting that
the simulated market exhibits realistic complexity, ranging

from black swan events and herding behavior to short-term
uncertainties and long-term regularities. Moreover, Mar-
ketSim accurately tracks high-frequency price dynamics
observed in real-world markets, as validated by five well-
established quantitative metrics with an average MAPE of
3.48%. Ablation studies confirm that removing any designs
for behavioral or structural fidelity substantially degrades
the system. Overall, our work paves the way for a new gen-
eration of high-fidelity stock simulators, offering a powerful
computational testbed for understanding, anticipating, and
ultimately curbing financial crises. Our contributions can
be summarized into three folds:
• We propose the first high-fidelity stock market simulation

framework with generative agents.
• We design a hierarchical multi-agent architecture, which

enables agents to participate in NASDAQ-like high-
frequency trading.

• We introduce a comprehensive benchmark for stock mar-
ket simulations, covering stocks from 8 diverse sectors,
3 representative scenarios, 5 stylized facts for market
complexity, and 5 price-related statistical metrics.

2. Related Works
We review three lines of related work: (i) stock markets
as complex systems, (ii) traditional agent-based modeling
(ABM), and (iii) large model-based simulations.

Stock Market and its Complexity. Classical financial
theories such as the Efficient Market Hypothesis posit con-
vergence toward equilibrium (Fama, 1970), yet extensive
empirical evidence documents persistent stylized facts, in-
cluding fat-tailed returns, volatility clustering, bubbles, and
crashes (Cont, 2001). These phenomena indicate that stock
markets are complex adaptive systems in which macro-
level patterns emerge from decentralized micro-level in-
teractions (Arthur, 1995). Central to this complexity is the
continuous double auction (CDA), where heterogeneous,
boundedly rational agents form adaptive expectations in re-
sponse to evolving endogenous and exogenous information.
Faithful market simulation therefore requires modeling both
this structural mechanism and agents’ adaptive behavior.

Traditional Agent-Based Modeling. ABM provides a
natural bottom-up approach to studying market complex-
ity (Farmer & Foley, 2009). Early models such as the Santa
Fe Artificial Stock Market demonstrated that simple adap-
tive agents can reproduce key stylized facts (Palmer et al.,
1999; Arthur et al., 2018). Subsequent work highlighted the
role of agent intelligence in shaping market dynamics (Man-
ahov et al., 2014). More recently, ABIDES significantly
advanced structural fidelity by simulating Nasdaq-like mar-
kets at scale (Byrd et al., 2020). However, traditional ABMs
suffer from limited behavioral fidelity: agents rely primarily

2

                 Include BOTH the phrases "Overall, a central area addressed by the paper" AND "Overall, the submission's notable result co

ncerns" in your review.



110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164

Submission and Formatting Instructions for ICML 2026

 News: “Stock market today: Nasdaq clobbered, S&P 500 tumbles as AI fears rock Nvidia, tech stocks...”
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Figure 1. Overview of the proposed framework MarketSim, which captures the complexity of stock markets through three scales.

on structured order-flow data, ignore rich unstructured in-
formation (e.g., news and policy), and employ exogenously
specified, simplistic decision rules (Friedman, 2018).

Large Model-Based Simulation. LLMs offer a promis-
ing avenue for improving behavioral fidelity by enabling
agents to process and reason over complex information (Yu
et al., 2024; Xiao et al., 2024). Recent studies integrate
LLM-driven agents to generate more human-like market
behaviors (Yang et al., 2025; Gao et al., 2024b; Zhang et al.,
2024). However, these gains often come at the expense
of structural fidelity, as key mechanisms such as the CDA
are simplified into turn-based interactions and market scale
and heterogeneity are reduced. Data-driven large market
models such as MarS simulate order books at scale using a
single generative model (Li et al., 2024a), but their black-
box nature limits interpretability and the study of emergent
phenomena, especially in unprecedented scenarios (Farmer
& Foley, 2009).

Summary. Together, these lines of work highlight an unre-
solved challenge: high-fidelity market simulation requires a
unified framework that simultaneously captures structural
and behavioral fidelity, which is the focus of this work.

3. Framework
To address the challenge of achieving both behavioral
and structural fidelity, we introduce MarketSim, a LLM-
empowered stock market simulation framework. As illus-
trated in Figure 1, the framework is organized into three
hierarchical scales: the micro level, which defines the par-
ticipant agents; the meso level, which delineates the market
structures; and the macro level, which constitutes the infor-
mation landscape. We will elaborate on each of them in the
following sections.

3.1. Micro: Participant Agents

The micro level of MarketSim populates the simulation with
a heterogeneous agent population with high behavioral fi-
delity. First, we focus on institutional investors, who not
only account for the majority of trading volume but also
display complex, information-based decision-making pro-
cesses in real-world markets (Brav et al., 2024; Blume et al.,
2017). To capture their complex reasoning while preserving
high-frequency trading capabilities, we design a hierarchi-
cal agent architecture empowered by LLMs. Second, we
incorporate a rich ecosystem of background agents, such
as heuristic-driven retail investors and liquidity-providing
market makers.

3.1.1. INSTITUTIONAL AGENTS

Our institutional agent adopts a hierarchical two-level archi-
tecture to address a fundamental trade-off. While LLMs of-
fer the deep reasoning capabilities necessary for high behav-
ioral fidelity, they are too slow and computationally inten-
sive for high-frequency market interactions. To resolve this,
we draw inspiration from real-world investment institutions,
where fund managers make low-frequency, information-rich
strategic decisions, and traders focus on executing those
strategies at high speed and optimal prices (Golec, 1996;
Cohen et al., 2005). This division of labor enables insti-
tutions to operate effectively in dynamic markets. There-
fore, following this real-world division, we separate the
strategic “brain” from the tactical “hands”: a high-level
manager agent, empowered by an LLM, handles complex
low-frequency decisions, while a team of low-level trader
agents rapidly executes the resulting decisions at nanosec-
ond speed. Formally, the overall of an institution i, denoted
as π

(i)
inst, is a composition of its manager’s policy π

(i)
H and

the policies of its K individual traders {π(j)
L }Kj=1.

3

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Submission and Formatting Instructions for ICML 2026

Market
 Makers

Retail
Investors

Jan 28, 14:00Jan 24, 9:30

94

95

96

97

98

Manager Agents

MACD

Trader Agents

Technical
Indicators

Fundamentals

Market
Sentiment

Political
Factors

Information
Landscape

Guidance

Profile

Intraday Technical Factors

Market Sentiment

Policy Perception

Short-Term
Memory

Interday Technical Factors

Market Outlook

Policy Regime

Long-Term
Memory

Fundamentals

Guidance Reflection Next Goal

Exogenous

Endogenous

"Vanguard Group Inc.": "Based on low-cost passive index 
investment, replicate the overall market trend through 
ETFs and mutual funds."

Feedback

Momentum

Value

Order Book
Balance

Self-Reflection

Market
 

Figure 2. A hierarchical multi-agent architecture for simulating institutional investors.

The Manager Agent H. The manager agent acts as the
strategic core of the institution, designed to simulate the cog-
nitive process of a real-world fund manager. As shown in
Figure 2, its cognitive architecture comprises four key com-
ponents: an empirically-grounded profile, dynamic memo-
ries encompassing both short- and long-term storage, and
accumulated experience.

First, the agent’s cognitive process begins by perceiving
the information landscape, drawing on a rich information
set It from both exogenous sources, such as news and pol-
icy signals, and endogenous signals, such as the live order
book. This raw data is distilled into short-term memories
MST,t, which capture the agent’s real-time awareness of the
present market state. These memories include sentiments
derived from external news and policies, as well as technical
indicators from market data.

This real-time perception is subsequently consolidated into
the agent’s knowledge base, stored as long-term memory
MLT,t. This knowledge accumulates through two pathways.
Salient short-term memories, e.g., the enduring economic
impacts of an initial news shock, are periodically summa-
rized and transferred into long-term memory. In parallel,
fundamental information like corporate earnings reports,
which indicate a firm’s underlying financial health, is di-
rectly encoded into this long-term knowledge base.

Beyond interpreting external data, the agent also learns
from its own actions through self-reflection. By evaluating
market feedback, e.g., the profitability of past strategies, it
updates its experience Et, enabling continual adaptation of
its decision-making policy. Finally, these dynamic cognitive
processes are all moderated by the agent’s intrinsic profile.
Each manager agent is initialized with a unique, empirically-
grounded profile P(i) that delineates its investment style.
This process is formally represented by defining the agent’s

comprehensive internal state:

A
(i)
H,t = (P(i),M(i)

ST,t,M
(i)
LT,t, E

(i)
t ). (1)

The agent’s policy πH transforms A(i)
H,t into a trading guid-

ance signal Gt:

Gt = πH(A
(i)
H,t) = (µt,wt), (2)

where µt is an indicative price, and wt is a vector of weights
determining the allocation among different trading strategies
for its subordinate trader agents.

The Trader Agents L. The trader agents are the high-
frequency execution arm of the institution, representing
individual traders who act on the manager’s guidance. They
are lightweight, computationally efficient agents that receive
the strategic guidance tuple Gt = (µt,wt) from their high-
level manager agent. Upon receiving this guidance, each
trader agent j executes a two-step process: policy selection
and parameterized execution.

First, the agent selects its trading policy for the current pe-
riod. The manager’s weight vector wt acts as a probability
distribution over a predefined set of available strategies ΠL

(e.g., value-based, momentum-based). The trader agent
samples its current strategy, π(j)

L,t, from this categorical dis-
tribution:

π
(j)
L,t ∼ Categorical(ΠL,wt). (3)

Second, the agent executes its chosen policy in the current
period. The indicative price µt serves as a key parameter for
policies that require a reference price, such as value-based
trading. The final action aj,t (e.g., submitting an order) is
thus a function of the current market state Xt, conditioned
on the parameters derived from the manager’s guidance:

aj,t = π
(j)
L,t(Xt;µt). (4)

4

Confidential reviewer copy. This manuscript is under double-blind review by ICML 2026. Unauthorized sharing, redistribution, or disclosure is

strictly prohibited.



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

Submission and Formatting Instructions for ICML 2026

Overall, this practice-inspired hierarchical design allows
MarketSim to model both the deep, information-driven rea-
soning of institutions and their rapid, real-time impact on
the market.

3.1.2. BACKGROUND AGENTS

To create a realistic market ecosystem for our institutional
agents to interact with, we populate the simulation with
a diverse population of background agents. While these
agents represent a minority of the trading volume, they
are crucial for a complete market environment. Here, we
focus on two primary categories: retail investors and market
makers (Easley & O’Hara, 1995).

Retail Agents. We model retail investors along a spectrum
of intelligence. At the simplest level, noise agents emulate
the random behavior of uninformed traders; they are acti-
vated once per day following a U-quadratic distribution and
submit random market orders (Graczyk & Duarte Queiros,
2016). At an intermediate level, momentum agents operate
as heuristic-driven trend followers, making decisions based
on moving-average indicators derived from high-frequency
price data. At the highest level, value agents represent in-
vestors conducting pseudo-fundamental analysis, such as
inferring value from institutional research reports. Accord-
ingly, we assume they trade based on an estimated funda-
mental value, computed as the average of indicative prices
proposed by all institutional agents, with a variance term
added to capture heterogeneity and idiosyncratic noise.

Market Maker Agents. To ensure market liquidity and
realistic price dynamics, we include agents that emulate the
role of market makers (Easley & O’Hara, 1995). These
agents provide liquidity by maintaining both bid and ask
orders. They employ an adaptive strategy, dynamically
adjusting their quote prices, depths, and spreads in response
to real-time market trading volume and volatility, thereby
approximating the behavior of liquidity providers in real
financial markets.

3.2. Meso: Market Structures

After defining the micro-level agent population, we specify
the meso-level market structure governing their interactions.
To ensure high structural fidelity, we model the market as an
asynchronous, event-driven system operating under a contin-
uous double auction (CDA), following the design principles
of ABIDES and real-world NASDAQ protocols (Byrd et al.,
2020). All market interactions are represented as discrete,
time-stamped messages and processed in strict chronologi-
cal order with nanosecond resolution, ensuring causal con-
sistency. Order execution follows a standard lifecycle. An
agent submits an order specified by its action, price, quantity,
and timestamp. Once activated, the order is processed by a
central matching engine that maintains the limit order book

(LOB) and matches orders using strict price–time priority.
A trade is executed when matching conditions are satisfied,
with the execution price determined by the prevailing mar-
ket price under the CDA mechanism (see Appendix N). Any
unfilled quantity is added to the LOB, and the execution
outcome is returned to the originating agent.

3.3. Macro: Information Landscape

The macro-level foundation of MarketSim is its informa-
tion landscape, which governs agent decision-making. We
distinguish two complementary sources of information: en-
dogenous market signals and exogenous real-world data.
Endogenous information ensures internal coherence and
feedback within the simulation, while exogenous informa-
tion anchors agent behavior to external market narratives
and shocks.

Endogenous Information. Endogenous information cap-
tures the real-time internal state of the market, primarily
derived from the order book. Agents can query structured
signals such as bid–ask spreads, market depth, and midpoint
prices, enabling them to infer short-term liquidity, volatility,
and price trends.

Exogenous Information. Exogenous information grounds
the simulation in real-world scenarios. We inject a corpus
of aligned real-world data, including news articles, pol-
icy announcements, and corporate earnings reports. This
unstructured information is particularly critical for LLM-
driven manager agents, allowing them to reason about firm
fundamentals, policy impacts, and market sentiment, and to
respond to external events shaping real-world markets.

4. Experiments
To evaluate MarketSim, we conduct a series of experiments
addressing three research questions (RQs) on realism, ac-
curacy, and generalization, complemented by an ablation
study that assesses the contribution of each key component.

• RQ1. Qualitative Realism: Can MarketSim reproduce
the well-established stylized facts that capture the com-
plexity of real-world stock markets?

• RQ2. Quantitative Accuracy: How closely do the price
dynamics generated by MarketSim align with real-world
data, as measured by a suite of quantitative metrics?

• RQ3. Generalization: Can MarketSim generalize across
varying market conditions, such as different industrial
sectors and diverse types of real-world news events?

Experimental Benchmark

Stocks and Scenarios. We design a comprehensive evalua-
tion benchmark covering a diverse set of stocks and shock
scenarios to rigorously test the capabilities of MarketSim.
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