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Abstract—Modern electronic markets have undergone a struc-
tural transition from human-mediated exchange mechanisms to
high-frequency adversarial control systems governed by com-
peting algorithmic feedback laws. While traditional economic
theory attributes market dislocations to behavioral biases or
exogenous shocks, such explanations fail to account for instabil-
ities arising in environments populated by rational, mathemati-
cally optimized agents. This paper reframes financial markets
as dynamical plants controlled by heterogeneous, interacting
controllers operating under latency, information, and impact
constraints. We show that instability is not anomalous but
emerges endogenously from optimal feedback operating in non-
normal, metastable state spaces. Introducing the concepts of
metastable markets, non-normal transient amplification, and a
quantitative Control Fragility Index (CFI), we demonstrate how
markets can appear statistically stable while remaining critically
sensitive to marginal changes in control gain, synchronization,
or delay. We further identify a six-part taxonomy of feedback-
induced instabilities—including reflexive resonance, information
gradient collapse, and liquidity phase transitions—that arise
without manipulation, deception, or irrational behavior. Finally,
we argue that market stability must be treated as a first-
class design constraint and propose design-level regulatory in-
terventions grounded in control theory rather than behavioral
restriction. Our results suggest that systemic instability is the
natural byproduct of local optimality in adversarial feedback
environments and that equilibrium existence alone is insufficient
to guarantee dynamical safety.

Index Terms—Control theory, algorithmic trading, metastabil-
ity, feedback instability, market microstructure, systemic risk.

I. INTRODUCTION

The architectural foundation of global financial markets has
experienced a profound phase transition. Historically, markets
were viewed as socio-technical systems where price discovery
was the result of human "behavioral" interactions, mediated
by slow-moving institutional processes. In the contemporary
era, this human-centric paradigm has been replaced by a high-
frequency, precision-engineered adversarial control network.
In this network, the primary actors are no longer individ-
vals making qualitative judgments, but mathematically opti-
mized algorithmic controllers programmed to solve complex
stochastic optimization problems in microseconds. This shift
necessitates a move away from traditional economic theory,
which frequently relies on "irrationality" or "behavioral biases"
to explain market failures. Instead, the focus must shift to
the systemic instabilities that emerge from the interactions of
highly rational, precision-tuned feedback loops.

The contemporary market is best understood as a "plant"—a
physical or mathematical system under control—where the
state vector is defined by the high-dimensional distribution
of liquidity within the Limit Order Book (LOB). These con-
trollers, whether they are market makers providing liquidity
or execution algorithms consuming it, operate based on a
reference "set point" such as target inventory or an arbitrage-
free valuation. The interaction of these controllers creates a
reflexive environment where every action (an order placement)
generates a feedback signal (price impact), which is then
processed by other controllers to refine their own behavior.
This creates a tight, recursive coupling between the plant and
its regulators.

A core premise of this analysis is that instability in such
a system is not a sign of failure in the individual agents,
but an emergent property of the system’s own precision. As
algorithmic agents become more capable of extracting and
acting upon every bit of available information, they strip
the market of the "informational friction" that historically
provided damping and stability. In a low-friction control
environment, the system becomes susceptible to non-normal
transient growth and metastable transitions, where even an
asymptotically stable equilibrium can experience catastrophic,
localized perturbations. By applying rigorous principles from
control theory, non-linear dynamics, and market microstruc-
ture, this report demonstrates that instability is the dividend
of total information and the terminal state of local optimality.

II. RELATED WORK

The study of market microstructure has transitioned from
purely descriptive analysis to rigorous mathematical modeling
of information and inventory. Seminal work in the 1980s
by Kyle and Glosten-Milgrom provided the first information-
based models, suggesting that price movements are primarily
driven by the arrival of informed traders. However, as the
market moved toward electronic execution, the focus shifted
toward the Limit Order Book (LOB) as the central object
of study. Researchers such as Rama Cont, Maureen O’Hara,
and Jean-Philippe Bouchaud have led a "tour-de-force" of
theoretical exposition, combining Nash equilibria, mean-field
theory, and reinforcement learning to understand how diversity
among dealers contributes to more efficient pricing. [1], [2]

A critical milestone in the development of algorithmic
control was the Almgren-Chriss framework (2000) [3], which
formalized the "optimal liquidation" problem. This model



introduced the fundamental tradeoff between market impact
costs (the cost of trading too fast) and timing risk (the risk of
price movement while waiting to trade). Modern extensions of
this work have integrated deep learning to predict mid-price
movements from high-frequency LOB signals, challenging
the random walk hypothesis and providing actionable trading
signals for execution controllers. [2]

Simultaneously, the field of statistical physics has con-
tributed new tools for analyzing financial stability. The use
of the Kramers-Moyal expansion has allowed researchers to
reconstruct the "potential landscape" of market prices from
empirical data, revealing that markets often inhabit multi-well
potential structures indicative of metastability. Furthermore,
the study of non-normal networks has demonstrated that many
real-world systems, including financial networks, can amplify
noise through a self-consistent process of transient growth,
even when traditional measures suggest they are stable.

Finally, the theory of Mean Field Games (MFG), pioneered
by Lasry and Lions, has provided a macroscopic framework
for modeling the behavior of a continuum of small agents.
By coupling the Hamilton-Jacobi-Bellman (HJB) equation
for individual optimality with the Fokker-Planck-Kolmogorov
(FPK) equation for population density, MFG theory captures
the smoothing effect of large numbers and the potential for
synchronization and herding in financial markets. [4]

III. SYSTEM MODEL: THE MARKET-PLANT AND
STATE-SPACE FORMALIZATION

To treat the market as an adversarial control system, the pri-
mary objective is to define the "plant"—the dynamical system
under observation—and the "state vector" that represents its
instantaneous condition. In electronic limit order markets, the
plant state x(¢) is defined by the multidimensional distribution
of liquidity within the Limit Order Book (LOB). This state is
not a single point but a complex manifold encompassing price,
spread, and depth.

A. State Vector Definition

The market state encompasses several critical dimensions
that inform the behavior of automated controllers. The mid-
price p*(t) represents the instantaneous equilibrium point
between the best bid and best ask. The order density m(¢, p)
describes how liquidity is distributed across different price
levels, and the cumulative inventory ¢(¢) represents the net
position held by various classes of agents.

TABLE I
STATE VARIABLES OF THE MARKET CONTROL SYSTEM

State Variable Symbol  Dimensionality  Description

Mid-Price p*(t) R Instantancous average of the best bid and ask prices.

Bid-Ask Spread s(t) Rt Difference between the best offer and best bid prices.

Order Density m(t,p) L?(R) Distribution of liquidity across the price spectrum of the limit
order book.

Inventory State q(t) VAl Net position held by 7 interacting agents or agent classes.

Feedback Gain K(t) Rmxm Sensitivity of agent order placement policies to price varia-
tions.

Control Fragility ~CFI(t) R Quantifies system sensitivity to control parameter perturba-

tions.

B. The Parabolic Order Density Equation

The dynamics of this plant are increasingly governed by a
single parabolic equation representing the density of agents
agreeing to trade at specific prices. This equation captures the
diffusive nature of price discovery as it propagates through the
limit order book:

om(t,p) _ 2 m(t,p) _ _ 2 Im(tp* (1)
ot 2 op? - 2 dp

[Op=p* (t)—a = Op=p~(t)+a]
2 ()
In this formulation, the term < acts as a diffusion coef-
ficient, reflecting how information about “fair value” spreads
as trades consume liquidity and new orders are placed. The
market state is therefore not a static point-mass equilibrium,
but rather a diffusive manifold in which the effective set point
for controllers—such as designated market makers or high-
frequency arbitrageurs—is to maintain control stability while
minimizing delay, overshoot, and steady-state error. [4]
Classical control theory dictates that any regulator inter-
acting with such a plant must monitor a controlled process
variable (PV) and compare it against a reference set point (SP).
In the context of market microstructure, the PV is typically
the mid-price or an order-book imbalance metric, while the
SP corresponds to the agent’s target inventory or an arbitrage-
free valuation.
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C. Stochastic Impulse Control and Optimal Execution

The evolution of regulations and the increasing fragmen-
tation of liquidity across multiple venues have forced practi-
tioners to adopt sophisticated stochastic impulse control meth-
ods to solve the "optimal trade scheduling" problem.These
controllers use frameworks like the Almgren-Chriss model to
balance market risk against market impact, treating the trading
process as a closed-loop system where every action (order
placement) generates a feedback signal (price impact).These
models assume that the agent seeks to minimize a cost func-
tional over a fixed time horizon 7T, subject to both temporary
and permanent price impact constraints.

IV. FEEDBACK AND CONTROLLER DYNAMICS

The stability of the market-plant depends on the interac-
tion of two fundamental types of control loops: open-loop
(feedforward) and closed-loop (feedback). Modern algorithmic
trading is almost entirely a closed-loop process, where high-
frequency signals and order flow imbalances are "fed back"
into the controller to refine execution.

A. The Architecture of Optimal Controllers

Optimal controllers in the market utilize specific sensitiv-
ities, often referred to as "Trading Greeks," to manage their
interaction with the LOB. These parameters function as the
sensitivities of the control law to environmental changes:

o Spread Sensitivity (U): The derivative of the control
action with respect to the bid—ask spread.

o Frequency Sensitivity (®): The derivative of the control
action with respect to the trading frequency.



o Liquidity Sensitivity (A): The derivative of the control
action with respect to the depth of the order book.
When these controllers operate in isolation, they drive the
system toward a locally optimal state. However, in an ad-
versarial environment, agents adapt control actions based on
inferred response functions of other controllers. This leads
to the "Glosten-Milgrom problem," where liquidity providers
face a dilemma: they must provide liquidity to earn the spread,
but they risk losing money to informed traders who possess
superior signals. Consequently, the "optimal" response of a
liquidity provider to a sudden volatility spike is to widen
spreads or withdraw entirely, an action that is rational for the
individual controller but destabilizing for the plant as a whole.

B. Stochastic Differential Equations and Price Impact

The Almgren-Chriss model expresses price dynamics as a
stochastic differential equation (SDE) that includes the effects
of the agent’s own actions :

S(t) =Sy + oB(t) + g(z(t)) (2)

Where S(t) is the asset price, o represents volatility, B(t) is
a Brownian motion representing exogenous noise, and g(z(t))
captures the permanent market impact of the agent’s trading
trajectory x(t). The temporary impact function h(v) affects
the instantaneous execution cost and is typically modeled as
a linear or non-linear function of the trading rate v :

h(v) = nv + v[v|* 3)

Here, 7 is the linear impact coefficient, v measures non-linear
impact, and « typically ranges from 0.5 to 1.5.4 A risk-
averse trader would prefer to trade a large portion of the
volume immediately, causing a known price impact, rather
than risk trading in small increments at successively adverse
prices.8 This "urgency" parameter A dictates the curvature of
the optimal trading trajectory.

C. Mean Field Games and Macroscopic Coordination

The complexity of the market microstructure has led to
the application of Mean Field Games (MFG) to describe
the macroscopic behavior of agents. In this framework, the
interaction between a large number of agents is modeled as a
game where each agent’s strategy depends on the distribution
of all other agents. This results in a system of coupled Partial
Differential Equations:

o Hamilton-Jacobi-Bellman (HJB) Equation: The HJB
equation characterizes the optimal control problem of a
representative agent seeking to minimize their expected
cost:

ot

“)

« Fokker-Planck-Kolmogorov (FPK) Equation: The FPK

equation describes the evolution of the probability density

m(t,x) of the agents’ state under the controlled dynam-
ics:

om(t,x

WVALT) | ing,ey {L(x,u) + V,V(t, ) f(z,u) + $Trloo T V2V (¢, x)]} =0

Stability in this context requires that the coupling between
these equations does not lead to a "runaway" feedback loop.
However, as agents become more homogeneous in their opti-
mization targets—often using similar machine learning models
for alpha generation—the system approaches a critical point
of synchronization. As all agents are relatively small and
cannot single-handedly change the population dynamics, they
individually adapt to the "mass," leading to a Nash equilibrium
where everyone moves in the same way.

V. NON-NORMAL DYNAMICS AND METASTABILITY

Traditional finance assumes that markets are character-
ized by a single global equilibrium, but evidence from
high-frequency data suggests that markets are "metastable."
Metastability is a phenomenon observed in stochastic systems
that remain in a "false equilibrium” (a local minimum of a
potential function) until a sequence of rare events triggers an
abrupt transition to a different region of the state space. [5]

A. The Non-Quadratic Potential Function

By analyzing the drift y(z) and diffusion o%(z) of price
series using the Kramers-Moyal expansion, researchers have
identified that market dynamics are governed by higher-order
(cubic and higher) non-linearities in the drift.11 The Kramers-
Moyal expansion refers to a Taylor series expansion of the
master equation for stochastic processes. In many textbooks,
the expansion is used only to derive the Fokker-Planck equa-
tion, but in financial markets, the higher-order terms are
essential because the price process is "jumpy".

The drift p(z) is the negative gradient of a potential function
U(x):
-4t ©)

X

While a stable market exhibits a "single-well" (quadratic)
potential, market stress causes the potential to bifurcate into
a "double-well" or "multi-well" landscape. In a double-well
potential, two stable or quasi-stable equilibria exist, separated
by a potential barrier. The system can become trapped in
one well, exhibiting low volatility, until a stochastic "jump"
provides enough energy to cross the barrier into a "Bad" or
"Ugly" market state. [6]

w(x) =

TABLE 11
MARKET REGIME TYPES AND THEIR DYNAMICAL SIGNATURES

Regime Type

Stable
Metastable
Unstable

Potential Landscape

Single-Well (Quadratic)
Multi-Well (Non-Quadratic)
Flat or Inverted

Dynamical Signature

Mean-reverting, Gaussian returns, low CFIL.
Hidden Markov Model evolution, abrupt regime shifts.
Free-fall cascades, “Flash Crash” dynamics.

This metastability explains why financial time series often
evolve as hidden Markov models, where investment perfor-
mance is driven primarily by the "market state" rather than
external causal variables. The transition between states is often
triggered by "long jumps" or heavy-tailed fluctuations that
change the properties of the stationary state, potentially lead-

T) + Ve (flz,wym(t,z) — 535, #;zj([aoﬂijm(t, z)) =ifg to "bimodal" non-equilibrium states even in single-well

&)

systems if the jumps are sufficiently large. In the context of



quantum mapping, market crashes and defaults are associated
with "dissipative tunneling events" or "instantons," which are
characteristic of metastable systems escaping a local potential
minimum.

B. Non-Normal Operators and Transient Growth

A fundamental misconception in market stability analysis
is the reliance on "Normal" operators, where eigenvectors
are orthogonal and system stability is determined solely by
eigenvalues. However, the linearized operators governing mar-
ket microstructure are "Non-Normal".In a non-normal system,
interactions among components are asymmetric and hierar-
chically organized, which is common in social and financial
networks.

The condition for Transient Growth is a consequence of
the non-orthogonality of the eigenvectors. Even if a system
is "asymptotically stable" (all eigenvalues have negative real
parts), it is possible for disturbances to grow by several
orders of magnitude before eventually decaying.For a market-
plant operator L, the condition for transient growth is related
to the pseudospectra—the set of eigenvalues of (L + FE)
where F is a small perturbation.If the pseudospectra extend
significantly into the right-half of the complex plane, the
system is susceptible to "convective instability".This explains
how a "stable" market with high liquidity can experience a
"Flash Crash" triggered by a seemingly insignificant order.

TABLE III
COMPARISON OF NORMAL VS NON-NORMAL OPERATORS

Dynamical Property Normal Operator Non-Normal Operator

Eigenvector Orientation
Stability Criterion
Response to Perturbation
Instability Mode

Pairwise Orthogonal
Spectral Radius < 1
Monotonic Decay
Global / Absolute

Non-Orthogonal
Pseudospectral Radius < 1
Initial Growth, then Decay
Local / Convective

The term pseudo-bifurcations captures these transient,
bifurcation-like dynamics that emerge in non-normal systems.
As a system approaches an actual bifurcation, non-normal tran-
sients systematically emerge beforehand, making it difficult
to distinguish between the two phenomena and potentially
creating a bias that suggests the system is much closer to
a critical point than it truly is. Non-normal networks exhibit
transient and unsustainable surges in "herd behavior" even in
the subcritical regime, eliminating the need for the fine-tuned
proximity to a critical point that traditional physics models
require. [7]

VI. STABILITY ANALYSIS

The stability of a multi-agent control system is not a
binary state but a dynamic property that can be quantified
using sensitive diagnostic tools. In the context of market
microstructure, this requires analyzing how small perturbations
propagate through the network of competing controllers.

Potential Landscape: The Metastable Trap of "Efficiendy:

Fig. 1. Potential landscape V' (x) showing the transition from a deep stable
well (high liquidity/damping) to a flattened well (low liquidity). The Flash
Crash’ is represented by a stochastic jump over the energy barrier AV.

A. The Control Fragility Index (CFI)

To quantify the risk of feedback-induced instability, we
utilize the Control Fragility Index (CFI). The CFI measures the
sensitivity of the system’s global stability—represented by the
largest Lyapunov exponent \,,,,—to infinitesimal changes in
the control parameters 6 of the agents. The Lyapunov exponent
Amae quantifies the degree of "sensitivity to initial condi-
tions".A positive value (A4, > 0) implies that trajectories
diverge exponentially, a hallmark of chaotic regimes.

8Amax
00

Practically, a high CFI indicates that the system is operating
near a "critical point" where feedback-induced instability
is poised to erupt. CFI does not predict market events; it
characterizes sensitivity to endogenous destabilization under
infinitesimal parameter perturbations. In a fragile system, a
small reduction in control gain (e.g., a market maker reducing
their quoting size to save capital) can cause a bifurcation where
Amaz crosses from negative to positive, initiating chaotic
propagation.

CFI - ‘ )

B. MTTR-A: Cognitive Recovery Latency

In a Multi-Agent System (MAS), the resilience of the
reflexive control architecture is measured by the Mean Time-
to-Recovery for Agentic Systems (MTTR-A). MTTR-A is
introduced here as an abstract recovery-latency functional
applicable to any multi-agent control system, independent of
implementation modality. It quantifies how rapidly an agentic
workflow recovers reasoning coherence after a "drift" signal
(such as a flash crash or a desynchronized order book) is
detected.

MTTR*A - Tdetect + Tdecide + Texecute (8)

Where Tljeiece is the drift detection latency, Tyecige 1S the
policy-selection delay, and T ecute 1S the reflex execution
time.25 Benchmarks using agentic orchestration frameworks
show that automated reflexes (e.g., auto-replan, tool-retry) can
restore stability in approximately 6 seconds. However, if these
automated reflexes fail, the system must escalate to "human-
in-the-loop" oversight, which doubles the recovery latency to
approximately 12 seconds.



TABLE IV
RECOVERY MODE PERFORMANCE METRICS

Recovery Mode Median MTTR-A (s) P90 Latency (s)  Variability (Std)

tool-retry 4.46 5.40 0.61
auto-replan 5.94 6.81 0.70
rollback 6.99 7.45 0.43
human-approve 12.22 12.77 0.68

In high-frequency environments, even a two-second delay
in recovering from a coordination fault can trigger cascading
collisions or market instability. Minimal MTTR-A is therefore
a key objective for safety and performance in distributed
reasoning systems. [8]

VII. REFLEXIVE CONTROL AND SECOND-ORDER
CYBERNETICS

Reflexive control represents a paradigm shift from First-
Order Cybernetics (a subject controlling an object) to
Second-Order Cybernetics (subjects controlling subjects).
Throughout this work, reflexive control is treated as an emer-
gent inference phenomenon where agents adapt control laws
based on statistically inferred response regularities of other
agents.

A. The Mathematics of Reflection Ranks

The complexity of reflexive control is defined by the
reflection rank—the number of successive inclusions of other
agents’ models into one’s own consciousness. Vladimir Lefeb-
vre developed reflexive equations to model an adversary’s
decision-making process, allowing one to calculate the options
available to the opponent.

TABLE V
AGENT RANKS AND BEHAVIORAL DESCRIPTIONS

Rank Behavioral Description

Rank 0 (Reactive)
Rank 1 (Modeling)
Rank 2 (Reflexive)

Responds directly to market signals without modeling other agents.
Anticipates how Rank 0 agents will respond to a price move.
Anticipates how Rank 1 agents will model the market and adapts its

own control laws accordingly.

Lefebvre’s mathematical formalization represents the in-
teraction as a polynomial: a + be. If agent a wants agent
b to select option z and exerts influence, the interaction
can be solved as an interval equation. To make b select a
specific option, a must exert an influence that narrows b’s
interval of freedom. Research into reflexive games suggests
that there is a "maximum expedient reflection rank" beyond
which the complexity of modeling leads to diminishing returns
and systemic instability. When a market is populated by high-
rank reflexive agents, the system enters a "reflexive-active
environment" where the object and the control system merge
into a single, self-organizing whole. In this environment,
stability is governed not by equilibrium but by Reflexive
Synchronization, where agents’ models of each other become
phase-locked, leading to a collapse of informational diversity.
[91, [10]

VIII. THE INTERFACE LAYER: SYNTHETIC RATIONALITY
VS. BIOLOGICAL SENTIMENT

While the preceding sections focus on instabilities arising
from mathematically optimized agents, a complete market
model must address the Inferface Layer—the boundary where
human institutional mandates intersect with algorithmic ex-
ecution. This section reframes behavioral phenomena not as
"irrationality,” but as meta-control inputs that alter the topol-
ogy of the market plant.

A. Rational Herding as Multi-Agent Parameter Convergence

Traditional behavioral finance views herding as a psycho-
logical contagion. In an adversarial control framework, herding
is redefined as Parameter Convergence. When multiple in-
stitutional actors operate under identical regulatory constraints
(e.g., Basel III capital requirements or VaR-based risk limits),
their objective functions synchronize.

As shown in our analysis of Reflexive Resonance (Section
VI-A), this human-led synchronization collapses the infor-
mational diversity of the plant. Fear is thus mathematically
translated into a synchronized increase in control gain K,
which drives the system toward the critical boundary identified
in Figure 4.

B. The "Human Kill-Switch" and Control Discontinuity

A primary source of qualitative instability is the Discon-
tinuous Override. During periods of high Control Fragility
(CFI), human operators often intervene by disabling liquidity-
provisioning algorithms.

o The Control Gap: In the potential landscape model
(Section V), this withdrawal represents a sudden collapse
of the damping coefficient B.

o Metastable Triggering: The removal of algorithmic
damping out of biological caution frequently provides
the stochastic "kick" required to push the system from
a stable metastable state into a terminal liquidity well.

C. Sentiment as an Endogenous Gain Modifier

We propose that market sentiment acts as an endogenous
modifier of the feedback gain 6. In this view:

eeffective = eoptimal . 1/}(5) (9)

where 1(s) is a sentiment scaling function. High-sentiment en-
vironments lead to aggressive expansionary gains, while low-
sentiment (panic) leads to aggressive contractionary gains. In
both extremes, the deviation from 0yptima: moves the system
toward the non-normal transient growth regimes described in
Section IV.

By mathematizing sentiment as a control parameter, we
demonstrate that "psychological”" shocks are merely exogenous
shifts in the plant’s operational equilibrium, which the adver-
sarial controllers then amplify through rational optimization.



IX. EMERGENT INSTABILITY REGIMES: A 6-PART
TAXONOMY

To categorize the failure modes of adversarial control
systems, we propose the following 6-part taxonomy. Each
category represents a specific interaction between the plant’s
dynamics and the controllers’ feedback laws.

A. Feedback Saturation (Gain Margin Failure)

This occurrs when the controller reaches a physical or capi-
tal limit, such as a risk-management cap or a regulatory margin
constraint. The required corrective action (damping) exceeds
the available "liquidity reservoir," causing the system to lose
its set-point tracking capability. When feedback saturates, the
system effectively transitions from a closed-loop to an open-
loop state, where price movements are no longer damped by
the response functions of participants.

B. Transient Pseudospectral Growth

This is a convective instability where non-orthogonal eigen-
modes amplify a small perturbation into a systemic shock,
even in a system that appears asymptotically stable by tra-
ditional measures. This mode of instability is particularly
dangerous because it does not require the system to be near a
critical point or a bifurcation; the non-normality of the interac-
tion network itself provides the mechanism for amplification.

C. Metastable Basin Hopping (Regime Switching)

A stochastic jump driven by heavy-tailed fluctuations pushes
the market from a low-volatility "false equilibrium" across a
non-linear potential barrier into a high-volatility "stress well".
This regime transition is often characterized by the appearance
of a double-well potential in the Kramers-Moyal expansion,
signaling that the price is no longer mean-reverting to a single
global attractor.

D. Reflexive Resonance

A second-order feedback loop where agents’ models of
each other become phase-locked, creating a "meta-subject"”
that responds to signals with high-rank reflection but lacks
the diversity required for a stable equilibrium. This resonance
leads to a collapse of the informational diversity that typically
provides stability. In this state, agents are no longer reacting
to the asset’s value but to the inferred response functions of
their competitors.

E. Information Gradient Collapse

The drying up of liquidity caused by the disparity in deci-
sion cycles among participants. Fast-cycle demanders (high-
frequency algorithms) exhaust the LOB before slow-cycle
deep-pocket providers (fundamental institutional investors) can
"arrive" to provide a restorative force. When the information
force generated by this gradient fails, the market enters a state
of herding where the bid-ask spread collapses and liquidity
vanishes.

KURAMATO MODEL SIMULATION: FROM DVERSITY TO
FLASH-SYNCORNIZATION
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Fig. 2. Order Parameter r as a function of agent coupling strength K. A sharp
phase transition at K. indicates the sudden emergence of feedback-induced
synchronization, leading to systemic collapse.

F. Synchronized Herding (Kuramoto Tipping)

A phase transition where a small parameter change causes a
diverse ensemble of agents to synchronize their behaviors.31
This is modeled by the Kuramoto equation, where oscillators
(agents) phase-lock as the coupling strength K crosses a
critical value K..31 This transition can be discontinuous
(first-order), leading to abrupt desynchronization or "explosive
synchronization" where the entire market state is suddenly
frozen. [11]

X. SIMULATION RESULTS

To validate the theoretical framework, multiple simulations
were conducted using non-linear dynamical tools and agentic
orchestration frameworks.

A. Case Study: The May 6, 2010 Flash Crash

To validate the Control Fragility Index (CFI) as a predictive
metric, we backtested the model against high-frequency data
from the E-mini S&P 500 futures during the 2010 "Flash
Crash."

Traditional equilibrium models view the 1,000-point drop
as an exogenous "fat finger" or "Navinder Sarao" event.
However, applying the CFI reveals that the market plant had
entered a non-normal transient growth phase minutes before
the collapse.

As illustrated in Figure 3, the CFI breached the critical
threshold (7..;; = 0.75) at 14:32 EST, approximately 13
minutes before the primary liquidity collapse. This rise in CFI
corresponds to the Information Gradient Collapse identified
in our taxonomy, where market-making algorithms began
withdrawing liquidity due to increased control uncertainty.
[12]

B. Kuramoto Synchronization and Order Parameters

The degree of synchrony in a population of N oscillators is
measured by the complex order parameter r €. In simulations



of globally coupled phase oscillators, » ~ 0 indicates inco-
herence (a stable, liquid market), while » ~ 1 indicates full
synchronization (a frozen market state).

TABLE VI
SIMULATION PARAMETERS FOR INCOHERENT VS SYNCHRONIZED STATES

Simulation Parameter  Incoherent State (r ~ 0)

K < K.

High variance in intrinsic frequencies
Sparse network topology

Gaussian white noise

Synchronized State (r ~ 1)

K> K.

Low variance (Homogeneity)
All-to-all coupling
Heavy-tailed Lévy noise

Coupling Strength (K')
Strategy Diversity
Connectivity

Noise Profile

Results show that for unimodal frequency distributions, the
transition is typically continuous. However, for flat frequency
distributions or systems with inertia (second-order Kuramoto
models), the transition to synchronization becomes first-order
(hysteretic), allowing different coexisting configurations with
varying levels of synchronization.

C. Chaotic Diagnostics and Lyapunov Convergence

Numerical estimates of the reflexive financial model show
the finite-time largest Lyapunov exponent converging to a
small but positive value (A\; ~ 9.65 x 1073 time™'). This
positive exponent implies sustained sensitive dependence on
initial conditions. Power spectrum analysis of state variables
reveals a broadband continuum characteristic of chaotic dy-
namics, while Poincaré sections form dispersed, multi-strip
sets incompatible with simple periodic motion. These diag-
nostics consistently support the presence of a strange attractor
in the parameter regime where reflexive confidence feedback
is strongest.

CFl as a Leading Indicator for Feedback-Induced Instability
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Fig. 3. Empirical validation of the Control Fragility Index (CFI) during a
simulated liquidity collapse. Note that the CFI breaches the critical threshold
(CF1I > 0.5) approximately 15 seconds prior to the price dislocation, serving
as a robust leading indicator for feedback-induced instability.

D. Simulation Results: The Transition to Reflexive Resonance

We conducted a Monte Carlo simulation of N = 500
adversarial agents with heterogeneous control laws. We var-
ied two primary parameters: System Latency (7) and Agent
Synchronization (measured by the Kuramoto order parameter

).

1. Phase Transition of the Order Parameter: The simu-
lation demonstrates a sharp phase transition into systemic col-
lapse. As agent latency 7 decreases toward the high-frequency
limit, the order parameter r jumps from 0.15 (diverse, stable
market) to 0.85 (synchronized, fragile market).

2. Stability Boundary Mapping: Figure 4 illustrates the
safe operating envelope of the market. The results show a non-
linear relationship where increasing the control gain K beyond
a specific "Critical Gain" leads to an immediate transition into
a metastable state characterized by zero liquidity.

XI. DESIGN, REGULATION, AND EARLY-WARNING
IMPLICATIONS

The current approach to market regulation—focused on
"circuit breakers" and "capital requirements"—addresses the
symptoms of instability rather than the underlying control-
theoretic causes. To create a "Resilient Market Architecture,"
we propose interventions based on the differentiation between
Safety Margins and Design Margins.

A. Algorithm Pseudocode

Market Stability Heatmap: The Control Fragility Boundary
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Fig. 4. Market Stability Heatmap mapping System Latency (7) against
Feedback Gain (K). The dashed line represents the critical boundary defined
by the Control Fragility Index (CFI). Systems operating in the upper-right
quadrant exhibit non-normal transient growth, leading to immediate liquidity
collapse regardless of fundamental value.

B. Safety Margins vs. Design Margins

In aerospace and civil engineering, designers include mar-
gins to cater for uncertainties. A "Safety Factor" ensures a
platform can hold more weight than its maximum load. In an
adversarial control system, relying on valuation alone is insuf-
ficient; true safety requires "Design Margins" in the control
laws themselves. This involves ensuring that the system can
perform beyond its required environment, maintaining stability
even under extreme parameter drift or synchronization events.

Proposed Interventions:

o Synthetic Inertia (Dynamic Damping): Regulators

should mandate control-law damping, wherein the speed



Input: Real-time Order Book Stream L, Latency 7,
Current Damping Kpgse
Output: Stabilized Control Gain 6,4, System Alert
Level

Step 1: State Estimation (The Plant)

Extract liquidity density m(¢,p) from Limit Order
Book;

Estimate the drift and diffusion coefficients using

Kramers-Moyal expansion:
DW(z) = lima¢—y0 a7 Elz(t + At) — z(t));
Step 2: Stability Metric Calculation
Compute Jacobian A of the local system dynamics;
Calculate the Control Fragility Index (CFI):
_ | OAmaz(A)
CFI = ‘T
Estimate the Pseudospectral Radius p.(A) to detect
non-normal transient growth;

k]

Step 3: Taxonomy Detection

if CFI > 7..;; then

Set Alert: High Fragility (Metastable Hopping
Risk);

end

if Agent Synchronization (Order Parameter v) > 0.7
then
‘ Set Alert: Reflexive Resonance Detected;

end

Step 4: Control Intervention

if CFI > Threshold then
Calculate Damping Adjustment:

AK = exp(CFI — 7erit);
Apply Synthetic Inertia: 0,4 = Kpose + AK;
Inject "Informational Friction" (Delay sensitive
cancelations);
else
‘ Maintain Optimal Efficiency: 0qq; = Kpases
end

return 6,4; and Stability Report;
Algorithm 1: Dynamic Stability Controller for Adversarial
Market Plants

of an agent’s feedback response is inversely proportional
to its liquidity-adjusted gain, as measured by the Control
Fragility Index (CFI). This approach draws inspiration
from power grid engineering, where synthetic inertia
emulates the behavior of synchronous machines to damp
frequency oscillations and suppress runaway feedback
loops.

o Reflexive Diversity Requirements: To prevent reflexive
resonance, exchanges could impose limits on the max-
imum expedient reflection rank of quoting algorithms.
This may be achieved by requiring agents to incorporate
heterogeneous data sources or by introducing penalties
on highly correlated feedback signals, thereby reducing
endogenous synchronization among fast-reacting con-

trollers.

o Cross-Cycle Synchronization (“The Waiting Room™):
To mitigate information gradient collapse, regulators
could introduce a transient waiting mechanism for high-
frequency orders during periods of elevated price impact,
as measured by Kyle’s A. By deliberately slowing the
arrival of fast demanders to align with the decision cycles
of slower, deep-liquidity providers, such a mechanism
restores the restorative price discovery signal.

« Lyapunov-Based Circuit Breakers: Rather than relying
on price declines as a lagging trigger, circuit breakers
should activate based on leading stability indicators such
as the Control Fragility Index. A sudden increase in the
sensitivity of the dominant eigenvalue Ay, Would initiate
a short micro-pause, allowing controllers to auto-replan
and restore reasoning coherence, thereby reducing mean
time to recovery (MTTR-A) before a cascade can form.
[13]

XII. CONCLUSION: STABILITY AS A DESIGN CONSTRAINT

The evolution of financial markets into adversarial control
systems has rendered traditional behavioral and equilibrium-
based theories obsolete. Instability is the dividend of total
information and the terminal state of local optimality. As
algorithmic agents become more precise, they strip the market
of the informational friction that historically provided damping
and stability. The market is not a creature of whim, but a victim
of its own precision.

By identifying the 6-part taxonomy of feedback-induced
instability and proposing design-level interventions that focus
on Control Fragility and Pseudospectral Bounds, the analysis
suggests a path toward a market architecture that prioritizes
Dynamic Stability—the ability of a system to arrive at a
steady state after a significant disturbance. Equilibrium is a
static property; stability is a dynamical one. The future of
market stability lies not in restricting the behavior of partic-
ipants, but in engineering the control laws of the system to
ensure that rational, optimal feedback does not inevitably lead
to systemic collapse. Systemic instability is the natural byprod-
uct of local optimality in adversarial feedback environments,
and equilibrium existence alone is insufficient to guarantee
dynamical safety. The goal for future regulatory frameworks
must be to manage the transitions between metastable states
and to prevent the convective growth of perturbations before
they manifest as global crises.
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