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Abstract

The study of complex Al systems in finance requires scalable digital
twins, virtual laboratories for model verification, stress-testing, and
counterfactual analysis. Agent-based modeling (ABM) is a primary
tool for creating these digital twins, offering a bottom-up approach
to capturing market-wide emergent phenomena. However, a major
computational bottleneck hinders this work: existing simulation
tools cannot efficiently model the large populations of interacting
agents required for a high-fidelity digital replica of a financial sys-
tem. The state-of-the-art simulator, MAXE, for instance, cannot
accelerate a single, large-scale simulation. To address this, we intro-
duce the Financial Agent-Based Simulator (FABS), an open-source
C++ platform specifically designed as a high-performance engine
for constructing and operating these large-scale digital twins. FABS
combines three key features: a fine-grained parallel architecture
to accelerate a single simulation, a dynamic graph-based optimiza-
tion to reduce communication overhead, and an extensible callback
system for simplified AI model integration. When benchmarked
against MAXE in a large-scale fire sale scenario, FABS achieves a
runtime speed-up of up to 12.52x. We validate its fidelity as a digital
twin by showing that its synthetic data reproduces key stylized
facts of financial markets, such as volatility clustering and fat-tailed
returns. FABS provides a foundational tool for the financial Al
community to build and analyze the complex agent-based digital
twins needed to understand modern markets, at a scale that was
previously computationally prohibitive.
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1 Introduction

The growing use of artificial intelligence in finance requires new
methods for conducting computational experiments. To understand
the effects of Al researchers and practitioners need to verify the
safety of autonomous agents, test new strategies in a variety of
market scenarios, and analyze the collective behaviors that result
from the interaction of many Al systems. In such analyses, many
what-if tests are difficult to perform using only historical data,
because historical data is a passive record of one path the market
has taken and does not allow for testing actions that were never
chosen [6]. This limitation has encouraged the development of
high-fidelity simulators, which we term digital twins [1, 21, 31],
to serve as scalable laboratories for financial AI. We use this term
to emphasize the platform’s role as a virtual counterpart of the
financial market, designed for the specific purpose of verifying
and testing Al-driven agents in counterfactual scenarios. While the
concept of a digital twin is sometimes associated with the definition
of being tightly coupled to a real-time data stream, in the context of
agent-based modeling, it broadly represents a reliable environment
that enables researchers to perform ‘what-if” tests and explore
actions that were never chosen in reality.

Simulating large populations of Al-driven agents creates a ma-
jor computational bottleneck. This challenge persists even with
performance-oriented simulators. For instance, the state-of-the-art
MAXE framework [3] achieves high performance through highly
optimized, single-threaded code, making it two to three times faster
than its predecessor, ABIDES [5], in benchmarks with 416 agents.
However, MAXE lacks native support for multi-threading or dis-
tributed computing. Parallel execution is therefore only possible
by having the operating system launch multiple, independent in-
stances of the simulator. While this approach is effective for run-
ning separate experiments, it cannot accelerate a single, large-scale
simulation. This architectural constraint creates a hard ceiling for
studying systemic behaviors that emerge from thousands of inter-
acting agents, which is the specific problem our work addresses.

To address this computational bottleneck, we introduce the Fi-
nancial Agent-Based Simulator (FABS), an open-source! platform
designed for large-scale computational experiments with Al agents
in finance. FABS is designed to be both fast and easy to use for
developing new models. Our main contributions are the following:

o A parallel architecture designed for fine-grained, agent-level
parallelism, which distributes the workload of a single simu-
lation across multiple processor cores to reduce runtime.

1Code repository: https://github.com/sonnets-project/fabs-twin
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o A performance optimization that uses graph-based analysis
of agent communication patterns and spectral clustering to
dynamically improve parallel efficiency during a simulation.

e An extensible, callback-based framework that simplifies the
integration of diverse AI agent models and ensures type
safety at compile time, which helps improve programming
productivity.

Our results show that FABS achieves a runtime speed-up of up
to 12.52x over the MAXE framework. This improvement makes
large-scale computational experiments with many interacting Al
agents computationally feasible. We also confirm that the simulated
market successfully reproduces key stylized facts, such as volatility
clustering and fat-tailed returns [8]. This result validates FABS as
a trustworthy platform for generating realistic data. By removing
a key performance barrier, the platform provides a foundational
tool for the financial Al community to build, test, and analyze
the advanced multi-agent systems that are increasingly shaping
modern markets.

2 Background and Related Work
2.1 Digital Twins in Financial Al

The validation and verification of Al systems in finance present a
significant challenge. Historical data, while valuable, is a passive
record of a single path taken by the market. It is insufficient for
stress-testing Al agents, understanding their counterfactual impact,
or preparing for rare but critical black-swan events [6, 14]. This has
led to a growing interest in computational experimentation using
agent-based models as digital twins of real-world financial systems
[2, 10]. These simulated environments serve as virtual laboratories
where researchers can actively develop Al systems, ask what-if
questions, and examine extreme market conditions.

This approach is particularly vital for reinforcement learning
(RL), where agents learn through interaction. An agent-based dig-
ital twin can provide the millions of interactive episodes needed
for training, something impossible to obtain from real markets
[25]. Beyond RL, these digital twins are important in verifying the
robustness of complex Al strategies and for studying emergent
market dynamics, such as flash crashes or herding behaviors. A
primary bottleneck for this entire research agenda remains the
computational cost of building and running simulations with large
populations and complex control logic. Our work directly addresses
this scalability bottleneck.

2.2 Fast Agent-Based Financial Simulation

Agent-based models (ABMs) are a primary tool for creating digital
twins, offering a bottom-up approach to modeling market phe-
nomena that can reproduce key stylized facts of financial markets
[8, 13, 29]. However, the available general-purpose ABM toolboxes
are often ill-suited for the specific demands of financial Al For
instance, platforms like NetLogo [28], SWARM [19], and the more
recent Repast Simphony [20] have two main drawbacks for this ap-
plication. First, they lack the specialized financial components and
high performance needed for large-scale Al experiments. Second,
many are implemented in higher-level languages like Java, which
can create performance bottlenecks in high-frequency simulations.
Even high-performance, general-purpose platforms like FLAME
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GPU [23] or Distributed MASON [9] are not primarily designed for
the complex, high-frequency, and asynchronous communication
patterns inherent in financial market microstructure. Consequently,
adapting these general-purpose tools requires significant design
and programming effort, and they often fail to meet the computa-
tional demands of large-scale financial models.
Financially-oriented simulators like ABIDES [5] provide realis-
tic market structures and are widely used, but being implemented
in Python, its Global Interpreter Lock (GIL) prevents true multi-
core parallelism for accelerating a single simulation. This limits its
use to problems that can be solved on a single core. The current
state-of-the-art for high-performance financial simulation is MAXE
[3], an open-source C++ framework. While its performance is a
significant step forward, MAXE has two fundamental limitations
that motivate our work. First, its rigid, tightly-coupled messaging
system, which relies on runtime type casting, complicates the inte-
gration and rapid prototyping of novel Al models [27]. Second, and
more critically, its parallelism is coarse-grained, limited to running
multiple independent simulations (e.g., for parameter sweeps). It
cannot accelerate the workload of a single, large-scale simulation,
creating the performance bottleneck that our work overcomes for
the financial AT community. This architectural context is why we
focus our direct performance comparison on MAXE in this study.

2.3 Parallel Simulation and Adaptive
Performance Optimization

A key challenge in accelerating a single simulation is the com-
munication overhead that arises when splitting workloads across
multiple processor cores [12, 15]. Assigning agents that interact
frequently to different cores can negate any speed gains, a well-
known NP-hard challenge in parallel computing known as the
mapping problem [4]. A common strategy to address this is to
model the system as a graph and use partitioning algorithms to
group frequently interacting components and minimize inter-core
communication [30]. Established techniques for this include spec-
tral clustering and libraries like METIS [16, 24]. Our work builds
upon these optimization principles, as detailed in Section 3.3.

3 The FABS Architecture

To address the challenges of building and operating high-fidelity
financial digital twins, we designed the Financial Agent-Based Sim-
ulator (FABS). FABS is a C++ platform engineered to support large
populations of interacting, intelligent components. Its architecture
is based on three core principles: an extensible messaging frame-
work for rapid Al model integration, a fine-grained parallel execu-
tion model for performance at scale, and an adaptive optimization
strategy to manage communication-heavy workloads. This section
details the methodology behind these principles.

3.1 Extensible and Type-Safe Messaging
Framework

A primary goal for any digital twin platform is to provide a flexi-
ble framework that simplifies the development and integration of
complex, intelligent components. Many existing platforms use a
centralized message queue with a generic message format. This
design often requires developers to use error-prone techniques like
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predefined identifiers and runtime type checks to manage differ-
ent interactions [3, 27]. The resulting system components can be
tightly coupled, making it difficult to modify or add new Al-driven
behaviors without risking runtime failures. This rigidity can slow
the iterative cycle of designing, training, and testing new Al models
within the digital twin.

FABS addresses this challenge with a decentralized, callback-
based messaging architecture. Instead of a single global queue, each
component in the digital twin manages its own queue of incoming
messages. A message is a lightweight object containing an execu-
tion time and a function object, or callback. This callback contains
the complete logic for an interaction, including any necessary data
from the sender. When it is time for the message to be processed,
the receiving component executes this callback. This design of-
fers several architectural advantages for developing and operating
digital twins with AI components:

(1) Enabling Rapid Model Prototyping. The callback approach
achieves greater decoupling between components. For ex-
ample, an Al researcher can design a new trading agent and
define its interactions with the market without requiring
modifications to the exchange component’s source code. This
modularity helps developers focus on the agent’s decision-
making logic, such as a reinforcement learning policy, rather
than platform-specific communication protocols, which can
accelerate the design-test-refine cycle for new AI models.
Efficient Data Exchange for Complex Models. Data can be
passed efficiently by being packaged directly with the call-
back function. This structure helps reduce the need for repet-
itive, custom data structures for each new type of interaction.
The process also leverages compiler optimizations to avoid
needless memory allocations, which is important for perfor-
mance when Al models must exchange complex information
like state vectors or market observations.

(3) Enhanced System Robustness. Since an interaction is defined
as a direct function call encapsulated in the callback, the va-
lidity of that call can be checked at compile time. This shifts
error detection from runtime, where a crash might occur
mid-operation, to the development stage. This approach con-
tributes to a more stable and reliable digital twin, which is
crucial for complex environments with many interacting Al
components.

@)

3.2 Fine-Grained Parallel Execution Model

The core performance contribution of FABS is its fine-grained,
component-level parallel execution model, designed to fully utilize
modern multi-core processors for a single, large-scale digital twin.
This is a direct departure from systems like MAXE that only support
coarse-grained parallelism, such as running multiple independent
simulations at once.

At the start of an operation, the total component population is
partitioned among a set of worker threads. Each worker thread
is responsible for the lifecycle of its assigned components, includ-
ing processing their individual message queues. The operation
progresses in discrete, synchronized time steps, which we call sim-
ulation ticks. We must note that in this context, ‘tick’ refers to a
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(a) A naive component-to-core mapping results in high
inter-core communication (thick lines crossing the
core boundary).

)—1‘

/

(b) Spectral clustering identifies optimal partitions (col-
ored groups) by grouping frequently interacting com-
ponents.

Figure 1: Illustration of the clustering-based optimization.
Edge weight represents communication frequency. By re-
mapping components based on the optimal partition, inter-
core communication is minimized.

discrete simulation time step, not the financial market’s ‘tick size’
or minimum price fluctuation.

During a simulation tick, all worker threads execute their com-
ponents’ logic in parallel. To ensure correctness and a globally
consistent state, a custom barrier synchronization is employed.
When all threads have reached the barrier, a designated completion
function is executed by the final arriving thread. This function is
responsible for atomically advancing the global clock to the times-
tamp of the next scheduled event. This design guarantees that no
component acts on a future simulation tick before all events in
the current simulation tick have been fully processed. To further
enhance performance, FABS explicitly pins each worker thread to a
dedicated CPU core, which improves cache affinity by minimizing
thread migration and reduces context-switching overhead [18].

3.3 Adaptive Performance Optimization

To accelerate a single simulation, its workload is split across multi-
ple processor cores [12]. The performance of this parallel approach
is often limited by the cost of inter-core communication and cache
coherence traffic [15]. Assigning agents that interact frequently to
different cores creates high communication overhead, as shown
in Figure 1(a). This overhead can cancel out any speed gains from
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parallelization. This is a well-known NP-hard problem in parallel
computing, referred to as the mapping problem [4].

We address this mapping problem by modeling the agent system
as a graph partitioning task. Agents are represented as nodes in
a graph, and the communication frequency between agents deter-
mines the weight of the edges. The goal is to partition this graph in
a way that minimizes the total weight of the edges that are cut [30].
This approach effectively groups frequently interacting agents onto
the same core, which improves data locality and reduces communi-
cation traffic.

We solve this partitioning problem using spectral clustering, as
shown in Figure 1(b). This technique identifies well-connected clus-
ters by analyzing the eigenvectors of the graph’s Laplacian matrix
[24]. Since the standard algorithm has a time complexity of O(n?),
which is too slow for large graphs, we employ the Nystrom method,
a much faster approximation. The speed of the Nystrém method
allows us to dynamically re-partition agents during the simulation
as their communication patterns change [7, 22]. While other tools
like the METIS library are fast [16], we chose spectral clustering
because it is effective at finding the community structures common
in agent interaction graphs [17]. To our knowledge, FABS is the
first financial agent-based model to use this dynamic optimization
strategy.

3.4 Architectural Comparison

To ground our design choices, we present a direct architectural
comparison between FABS and MAXE, a financial ABM simulator
[3]. Both platforms are discrete-event simulators, but they differ
fundamentally in their design philosophy, particularly regarding
extensibility and parallelism for accelerating a single, large-scale
workload. Table 1 summarizes these key architectural distinctions.

The most fundamental difference lies in their approach to paral-
lelism. MAXE is structured for coarse-grained parallelism, which
is effective for running multiple independent simulations concur-
rently (e.g., for parameter studies) but does not accelerate a single,
large-scale workload. FABS, in contrast, is built for fine-grained
parallelism, which partitions the workload of a single simulation
across all available cores.

This core design choice leads to the other architectural differ-
ences. For instance, MAXE’s sequential execution for a single run
is compatible with a centralized message queue, but this design
would create a significant bottleneck for the parallel execution
in FABS. Therefore, FABS employs decentralized, per-component
message queues to maintain scalability. Similarly, for extensibility,
MAXE’s reliance on runtime casting and message identifiers creates
a tightly coupled system that can impede the rapid integration of
new Al agents. FABS addresses this by adopting a callback system
that decouples interacting components and uses the type system
to check for errors at compile time, improving both robustness
and modularity. Finally, the performance optimization in FABS is
a direct solution to the challenges introduced by its fine-grained
parallel design, using adaptive clustering to manage the inter-core
communication overhead that MAXFE’s sequential model does not
encounter or address.
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4 Evaluation

We conduct a series of experiments to evaluate FABS on two pri-
mary aspects: (1) its computational performance and scalability
against a state-of-the-art simulator, and (2) its effectiveness as a
data synthesis engine for producing realistic market phenomena
that establish it as a digital twin environment.

4.1 Experimental Setup

The evaluation focuses on the performance of the core simulation
architecture. To this end, we employ agents with simple, predictable,
rule-based logic derived from an established financial model. This
approach ensures that measured performance differences are di-
rectly attributable to the simulation engine, rather than being con-
founded by the computational overhead of complex Al models.
Using Al-driven agents would obscure the analysis of the underly-
ing platform, as performance would be influenced by the specific
workload of the Al model rather than the simulator’s efficiency.

In the absence of a standard benchmark suite for agent-based
model (ABM) simulators, we adopt a large-scale fire sale scenario
based on the model of the 2010 Flash Crash by Gao et al. [13]. This
scenario serves as a challenging and realistic test case, providing
the high volume of agent interactions necessary for a rigorous
evaluation. The simulation comprises a single exchange agent man-
aging a price-time order book, a population of four distinct types of
trading agents, and a single ‘spiking’ agent designed to introduce a
temporary liquidity shock that triggers the fire sale dynamics.

We benchmark FABS against MAXE (3], the state-of-the-art C++
platform for financial ABM, as our framework is designed specifi-
cally to overcome its core single-threaded architectural limitation.

GPU-based platforms like JAX-LOB [11] offer massive paral-
lelism, but a direct comparison with FABS is inappropriate. The
two frameworks have fundamental differences in hardware, paral-
lelization strategy, and intended application. JAX-LOB is a highly
specialized simulator built for GPUs. It runs many independent
Limit Order Book simulations at once using inter-simulation paral-
lelism, making it ideal for reinforcement learning. In contrast, FABS
is a general-purpose framework designed for multi-core CPUs. It
uses intra-simulation parallelism to accelerate a single, complex
agent-based simulation.

Given these distinct approaches to hardware, parallelism, and
problem scope, MAXE remains the most relevant benchmark.

To ensure a fair and direct comparison, we implemented identical
agent logic and behavioral parameters across both platforms. All
experiments were conducted on a machine equipped with an Intel
Core i7-10700 8-core (16-thread) CPU and 16GB of RAM, running a
Linux operating system. Both simulators were compiled with GCC
using the -03 flag for maximum optimization. To provide a precise
benchmark of the execution engines, the reported runtimes are the
average of three trials and measure only the core simulation loop,
excluding any initialization overhead.

4.2 Performance and Scalability

Our evaluation compares the parallel performance of FABS against
the single-threaded execution of MAXE. This is because FABS is
designed for intra-simulation parallelism, accelerating a single, com-
plex model run, a capability MAXE’s architecture does not address.
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Table 1: Architectural Design Comparison: FABS vs. MAXE

Architectural Feature

MAXE [3]

FABS (Our Approach)

Core Execution Model

Parallelism Support

Messaging Paradigm

Message Handling

Performance Optimization

Sequential per simulation. A single thread
executes all component logic, creating a per-
formance bottleneck for large models.

Coarse-grained only. Useful for parameter
sweeps, but cannot accelerate a single simula-
tion. This model leads to inefficient hardware
use, as parallelism is limited by the number
of simulations, not available cores.

Centralized global message queue. The kernel
is a bottleneck responsible for dispatching all
messages.

Runtime casting with identifiers. Relies on
dynamic casting and hardcoded message IDs,
making it brittle and error-prone.

None for a single simulation. Performance
is static and depends on raw C++ execution

Parallel per simulation. Component logic is dis-
tributed across multiple worker threads, enabling
concurrent execution to accelerate a single model.

Fine-grained (component-level). Designed to ac-
celerate a single, large-scale simulation by paral-
lelizing its internal workload, fully utilizing all
available CPU cores for the primary research task.

Decentralized per-component queues. Each com-
ponent manages its own incoming messages, elim-
inating a central bottleneck and improving scala-
bility.

Type-safe function callbacks. Uses C++ lambdas
for decoupled, compile-time checked interactions,
enhancing robustness and extensibility.

Clustering-based. Dynamically re-maps compo-
nents to cores using spectral clustering to mini-

speed.

mize communication overhead and adapt to the
simulation’s changing dynamics.

Runtime increase from population scale 10 to 5000

[ MAXE
BN FABS (1 thread)
BN FABS (2 threads)
=3 FABS (4 threads)
B FABS (8 threads)
BN FABS (16 threads)

1732.96x

Runtime increase (x)

407.79x 417.68x 447.76%

361.44x 364.53%

Figure 2: Relative runtime increase from population scale 10
to 5000. FABS’s runtime grows at a much slower rate than
MAXE’s.

A direct, tick-by-tick numerical comparison is deliberately avoided,
as forcing FABS’s parallel execution to match MAXE’s sequential
event path would require synchronization overhead that nullifies
the performance benefits. Instead, we validate the comparable qual-
ity of results by confirming that FABS successfully reproduces key
emergent market phenomena, specifically fat-tailed returns and
volatility clustering. This approach ensures the simulation’s fidelity
is maintained while achieving the desired speed-up.

As shown in Figure 3, FABS consistently outperforms MAXE
across all agent population scales, with the performance gap widen-
ing as the simulation size increases. At the largest scale with 16
threads, FABS is 12.52x faster, making large-scale experiments com-
putationally feasible. Notably, FABS is significantly faster even in a
single-threaded configuration due to superior architectural design.
It employs an O(1) hashmap for agent lookups and decentralized
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message queues, which avoids the bottlenecks present in MAXE’s
O(log N) binary search and centralized global priority queue. The
full runtime data is available in Table 2.

Table 3 details the internal scalability of FABS, which shows pos-
itive, albeit sub-linear, scaling with the number of cores, achieving
up to a 1.53x speed-up with 16 threads. This sub-linear performance
is an expected consequence of our benchmark’s star-like commu-
nication topology, where all trading agents interact with a single
exchange agent. This structure inevitably creates a computational
bottleneck on the thread managing the central exchange, limiting
overall throughput as more parallel resources are added. We antici-
pate that market models with more decentralized structures, such
as those with multiple exchanges, would distribute the workload
more evenly and thus exhibit stronger parallel speed-up.

4.3 Efficacy of Adaptive Clustering
Optimization

We next evaluate the performance impact of our adaptive clustering

optimization. Experiments were run on the 16-thread FABS config-

uration, comparing the baseline (no clustering) to static clustering

(re-clustering at a fixed interval) and adaptive clustering (with an

exponential backoff threshold of k = 0.5).

The results, shown in Figure 4 and Figure 5, reveal a clear per-
formance trade-off dependent on scale. For smaller populations,
the computational overhead of constructing the interaction graph
and performing spectral clustering outweighs the communication
benefits, leading to a net performance loss. This indicates that the
optimization is not suitable for small-scale or less interaction-heavy
simulations.
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Runtime of fire sales simulation on MAXE vs FABS
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Figure 3: Runtime vs. Population Scale. FABS demonstrates significantly better scalability compared to the single-threaded

MAXE.

Table 2: Runtime (s) and Speed-up of FABS vs. MAXE across

different thread counts (T). FABS demonstrates consistent

performance gains that increase with agent population and thread count.

Population MAXE
Seale (1) Runtime (5 FABS (T=1) FABS (T=2) FABS (T=4) FABS (T=8) FABS (T=16)
‘ Runtime Speed-up ‘ Runtime Speed-up ‘ Runtime Speed-up ‘ Runtime Speed-up ‘ Runtime Speed-up
10 1.10 0.52 2.12x% 0.45 2.44x 0.39 2.82x% 0.37 2.97x 0.34 3.24x%
50 6.03 1.74 3.47x 1.70 3.55x 1.64 3.68x 1.55 3.89x 1.47 4.10%
100 16.77 3.27 5.13x 2.94 5.70x% 2.64 6.36% 2.54 6.60x 2.17 7.73%
500 95.52 14.98 6.38% 11.90 8.03x 11.60 8.23x 10.88 8.78x 9.78 9.77x
1000 184.70 33.10 5.58x% 25.66 7.20x% 24.06 7.68% 22.82 8.09x 22.06 8.37x
5000 1906.26 187.95 10.14x 164.04 11.63x 159.04 11.98x 154.54 12.34x 152.24 12.52x

Table 3: Speed-up of multithreaded FABS relative to its single-
threaded (T=1) execution.

Population T=2 T=4 T=8 T=16
Scale Speed-up Speed-up Speed-up Speed-up

10 1.16x 1.33x 1.41x 1.53x

50 1.02x 1.06x 1.12x 1.18x

100 1.11x 1.24x% 1.29x 1.51x%

500 1.26x 1.29x 1.38x 1.53x

1000 1.29x 1.38x 1.45x 1.50x

5000 1.15x 1.18% 1.22x 1.23x

However, as the agent population grows, this trade-off inverts. At
the largest scales, the benefits of reducing inter-core communication
become significant enough to offset the computational cost. For

32

instance, at a population scale of 5000 agents, the adaptive clustering
configuration achieves a speed-up of 1.07x over the unoptimized
parallel baseline.

Our benchmark scenario has a star-like communication graph,
where all agents communicate only with a single central exchange
agent. This topology represents the centralized microstructure of
traditional financial exchanges, which creates a computational bot-
tleneck on the exchange component. We deliberately chose this
scenario as it represents the most constrained and challenging case
for any parallelization and optimization strategy. The resulting
speed-up, although modest, thus confirms that our dynamic topo-
logical approach provides a measurable benefit even in a worst-case
parallel topology. As we note, a more decentralized model, such
as one with multiple exchanges, would be better suited for demon-
strating the full benefit of this optimization.
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Figure 4: Effect of clustering optimization for small to
medium population scales. The optimization overhead leads
to a net performance loss.
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Figure 5: Effect of clustering optimization for large popula-
tion scales. Adaptive clustering (Exponential Backoff) out-
performs the baseline.

4.4 Validation as a Data Synthesis Engine

To validate FABS as a high-fidelity digital twin of a financial market,
we assess its ability to reproduce well-known emergent phenom-
ena from simple agent rules. The primary goal is to establish a
trustworthy foundation, confirming that the simulation engine can
accurately mirror the complex dynamics of its real-world counter-
part. As a first step, we subject the digital twin to a high-stress
fire-sale scenario, designed to replicate the conditions of a flash
crash. The resulting price trajectory, shown in Figure 6, exhibits
a sharp, non-equilibrium price drop. This behavior is an intended
and crucial validation, confirming that the model correctly captures
the high-volatility dynamics of a market in crisis.

Beyond mirroring the qualitative market trajectory, the syn-
thetic time series generated by FABS quantitatively reproduces
two fundamental stylized facts of real financial markets [8]. First,
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Figure 6: Simulated asset price history during the fire sale
scenario.
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Figure 7: FABS successfully reproduces two key stylized facts
of financial time series, validating its use for data synthesis.

the distribution of asset returns in Figure 7(a) exhibits significant
fat tails (kurtosis = 4.25), capturing the real-world tendency for ex-
treme events to occur more frequently than predicted by a Gaussian
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model. Second, Figure 7(b) shows the slow decay in the autocorre-
lation of squared returns, the defining characteristic of volatility
clustering. By successfully replicating these emergent properties,
FABS demonstrates its potential as a digital twin environment for
generating qualitatively realistic synthetic data to explore complex
what-if scenarios.

5 Conclusion and Future Work

This work introduces FABS, an open-source, high-performance
engine for constructing and operating large-scale agent-based fi-
nancial digital twins. The engine’s fine-grained parallel architecture
fully utilizes the potential of modern multi-core processors for a
single simulation, while its dynamic graph-based optimization is
specifically designed to meet the computational demands of hosting
many interacting Al agents. Our results show a runtime speed-up of
up to 12.52x over the state-of-the-art MAXE platform, an improve-
ment that removes a critical bottleneck, enabling the creation of
more complex and realistic digital twins for studying market-wide
emergent phenomena. By successfully reproducing key stylized
facts of financial markets, we have also established FABS’s fidelity
as a reliable virtual laboratory for testing Al strategies and synthe-
sizing realistic training data. FABS provides the foundational tool
for building and analyzing digital twin environments required for
financial Al systems.

Future work will focus on enhancing the digital twin’s ecosys-
tem and integrating it with live data. We plan to increase fidelity
by incorporating complex entities like central banks to study sys-
temic risk [26], and by populating the environment with adaptive
learning agents to test Al strategies against emergent dynamics.
Furthermore, integrating FABS with real-time market data will cre-
ate the tight coupling necessary for a true digital twin, allowing
the simulation to be continuously informed by its live counterpart
for more powerful predictive analysis.
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