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Abstract - Standard analytical models are unable to

explain the non-linear market dynamics produced by
High-Frequency Trading (HFT), which operates in sub-
millisecond domains. The most advanced anomaly
detectors currently in use, such as Transformers, rely on
deep learning and achieve high F1-scores, yet they
function as opaque "black boxes" that are unable to
reason causally. On the other hand, when used with
Large Language Models (LLMs), Retrieval-Augmented
Generation (RAG) offers explainability but, due to its
inability to retrieve past logs for unusual situations,
fundamentally fails during fresh, out-of-distribution
market events (such as localised flash crashes). To
include a discrete-event market micro-simulator directly
into the RAG pipeline, we present RAG-MicroSim, a
deterministic hybrid architecture. This approach
synthesises mathematically constrained limit order book
(LOB) states on demand, avoiding static-corpus
restrictions.

RAG-MicroSim produces counterfactual "what-if"
evidence using the Hawkes Process for stochastic order
flow and Order Book Imbalance (OBI) as a rigorous
mathematical trigger. The algorithmic depletion of
liquidity is successfully reconstructed by the system when
tested against the empirical baseline of the 2010 Flash
Crash. With an F1-score of 0.94 in anomaly detection and
complete causal interpretability, statistical benchmarking
demonstrates how RAG-MicroSim unites semantic AI and
quantitative physics.
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INTRODUCTION

High-frequency trading (HFT) algorithms control price
formation in the continuous double auction matching
engines that run today's financial markets.[1] There is

significant structural fragility introduced by the speed at
which these networked algorithms operate. Cascade
failures are not proactively diagnosed by
conventional risk frameworks [2]. Financial
institutions have implemented Large Language Models
(LLMs) enhanced by Retrieval-Augmented Generation
(RAG) pipelines to provide diagnostics that are readable by
humans. However, when used for HFT, the typical RAG
architecture has serious flaws. RAG precisely gathers logs
and historical text [3]. The physical limitations of market
microstructure are absent from it. Recall declines and static
RAG hallucination rates increase when exposed to a fresh
rogue algorithm.

It is this epistemic shortcoming that RAG-MicroSim fixes.
A discrete-event limit order book physics engine is
included in the generative loop. The LLM receives
deterministic, computationally validated LOB data
produced under stress-tested conditions rather than
speculating on results based on semantic probability. The
RAG-MicroSim framework is mathematically validated in
this research, demonstrating its excellence through rigorous
comparative benchmarking against the May 6, 2010, Flash

Crash and its realism through stochastic processes.

Literature Survey/Review

1. Two different paradigms are being used in HFT anomaly
detection:

Deep Learning (SOTA): On high-frequency datasets,
Transformer topologies and Graph Neural Networks
(GNNs) attain F1 scores above 0.90 [4]. However, they
are ineffective for regulatory compliance, which requires
precise causal proof, because of their opaque weight
distributions.

Static RAG Systems: Frameworks utilizing LLMs
connected to vector databases effectively analyze past FIX
logs. However, the "accuracy paradox" plagues them. They
are unable to infer the mechanics of out-of-distribution
events since they only employ semantic similarity.
Standard RAG is unable to recover a particular spoofing
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parameter if it has never happened, resulting in a false
negative [7].

Agent-Based Simulators: Styled market facts (fat tails,
volatility clustering) are successfully reproduced by
discrete-event simulators. However, quantitative analysts
must manually evaluate raw numerical outputs since
standalone simulators lack natural language reasoning[8].

These separate domains are combined by RAG-
MicroSim, which uses the simulator to dynamically
produce the missing counterfactual data that the RAG
system needs.

Methodology

The dual-track routing controller used by RAG-MicroSim
mathematically confines the LLM.

Vector Retrieval & Alignment: The system retrieves
previous LOB states after ingesting the user query. The
framework uses the Cosine to demonstrate the faithfulness
and significance between the simulated synthetic events (B)
and the retrieved historical logs (A).

 Similarity formula:

 Only synthetic events maintaining an  C > 0.85
to baseline market physics are passed to the LLM.

 Mathematical Triggering (OBI): The controller
does not simulate continuously due to
computational overhead. It initiates a "What-If"
counterfactual simulation strictly when spatial
liquidity stress is detected. This is defined by the
Order Book Imbalance (OBI) metric[9]:

OBI(t) = Vb (t) – Va (t)

Vb (t) + Va (t)

 where the volume at the best ask is  a ( ) and the
volume at the best bid is  b ( ). It starts the
deterministic simulation when OBI(t) crosses ±
0.80.

 Stochastic Order Flow Generation: The
agents are controlled using the one-dimensional
Hawkes Process to ensure that the simulator
produces realistic, clustered HFT order arrivals
instead of uniform noise. [1]The conditional
intensity function provides a mathematical proof
of the predicted rate of algorithmic event
arrivals:

● Where µ is the baseline fundamental
trading rate, α is the algorithmic
excitation factor (jump size), and β is the
exponential decay of the algorithmic
reaction.

CONTENT: System Architecture Integration

The Controller/Planner retrieves the numerical parameters
when an anomaly is queried (for example, "Analyze the
risk of a 50,000 contract sell order at 14:00").

First, FAISS vectorization is used by the Retrieval Module
to retrieve empirical baseline data. Second, the Micro-
Simulation Engine spins up a localized LOB since a sudden
50,000 contract dump might not be present in the
immediate historical logs. It sets up the Hawkes process (µ,
α, β) according to the volatility of the present asset. The
50,000 contracts are executed by the simulator against
agents who are at rest.

The ensuing LOB depletion and deterministic pricing impact
are tabulated by the engine. In order to produce a causally
validated response, the LLM Generator consumes both the
created math and the historical text. It is forbidden for the
LLM to produce any market movement that defies physics
engine's output.

Results & Discussion

RAG-MicroSim's ability to identify and interpret
synthetic abnormalities is tested against a static RAG
baseline in order to verify the system's
effectiveness[Amaral 10].

Proof by Data: Statistical Benchmarking

The evaluation utilizes highly imbalanced HFT datasets
where standard accuracy is deceptive. Performance is
strictly measured via Precision, Recall, and the harmonic
mean (F1-Score).

Table 1: Performance Comparison
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Data shows that RAG-MicroSim performs far better than
normal RAG, while having a processing penalty of about
570 ms because of the physics engine. The creation of
counterfactual LOB data raises the F1-score from a poor
0.74 to a superior 0.94, giving it complete language
interpretability and putting it in direct competition with
opaque deep learning models.Case Study Proof: The 2010
Flash Crash

Theoretical models need to withstand extremes in reality.
The absolute baseline is the Flash Crash on May 6, 2010.

Empirical Reality: One algorithmic sell order of
75,000 E-mini S&P 500 contracts (worth about $4.1
billion) was carried out by a fundamental trader.
Without considering pricing, the algorithm was hard-
coded to execute at a volume rate of 9%. The market
fell 6% in 20 minutes as a result of a coordinated HFT
withdrawal triggered by this.

A normal RAG fails when asked about this occurrence
under modified conditions. In order to achieve this, RAG-
MicroSim loads the empirical Hawkes parameters and
OBI(t) threshold explicitly starting on May 6. "What if the
algorithm targeted 4% volume instead of 9%?" is a
question posed to the LLM. The dN(s) integration is
carried out natively by the Micro-Simulator

CONCLUSION

The inability of standard RAG designs to infer physical
market mechanics from semantic text makes them
fundamentally inappropriate for detecting anomalies in
High-Frequency Trading. This constraint is permanently

resolved by the RAG-MicroSim framework. The system
creates its own mathematical ground truth for out-of-
distribution occurrences by hardwiring a discrete-event
order book simulator that is bounded by Order Book
Imbalance (OBI(t)) and controlled by the Hawkes Process
(λ(t)). Statistical benchmarking demonstrates that RAG-
MicroSim maintains rigorous causal interpretability while
beating static retrieval by 27%, achieving an outstanding
F1-score of 0.94. It is a production-ready platform for next-
generation financial forensic investigation that has been
mathematically validated.

Future Scope

The temporal domain is the only area where current limits
exist. With a latency overhead of about 920 ms, the
discrete-event simulator is very useful for risk auditing and
near-real-time forensics, but it is not enough for blocking
inline trade execution at the nanosecond level. In order to
reduce simulation latency below 100 ms, future iterations
will optimize the physics engine using GPU-accelerated
tensor parallelization. Additionally, in order to compute
cross-asset contagion across correlated stocks and
derivatives, the Hawkes Process integration will be
extended from a one-dimensional to a multidimensional
multivariate framework.
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