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Stochastic Regularization in Financial Markets: Implications for Volatility and

Stability
Abstract

This research examines a stochastic-transport-based regularization framework in financial
markets and its effects on volatility, tail risk, and systemic stability. We represent asset
price dynamics as a nonlinear transport system influenced by divergence-free stochastic
transport fields that incorporate market microstructure effects, including heterogeneous
execution and routing variability. In this context, we derive the corresponding It6
dynamics and recognize an emergent deterministic second-order operator—viewed as a

latent dissipation mechanism—that regulates gradient amplification in state space.

We establish evidence for (i) an energy—variance equilibrium indicating that transport
noise introduces an additional nonnegative dissipation pathway in expectation, and (ii) a
coercivity criterion on the transport covariance that produces an effective stability
threshold comparable to viscosity in physical transport systems. These findings are
consistent with the hypothesis that stochastic transport mitigates unstable feedback
mechanisms, including trend following, leverage targeting, and endogenous liquidity

stress.

The empirical study of high-frequency XAUUSD data corroborates the proposed
mechanism. During times of heightened market impact and liquidity constraints, we
notice systematic, state-dependent rises in an effective viscosity-like stabilization term
proxy obtained from detrended price increments, aligning with noise-induced
regularization during periods of stress. Numerical investigations on modeled multi-asset
systems further illustrate that the proposed approach mitigates drawdown severity,
diminishes volatility clustering, and improves portfolio resilience during shock

propagation.

Keywords: Stochastic transport; market microstructure; volatility regularization;

systemic risk; nonlinear feedback; stability thresholds.



Introduction

Comprehending market stability and averting systemic disruptions—evidenced by sudden
price declines, significant volatility surges, or liquidity shortages—continues to be a
fundamental problem in quantitative finance and risk management. Traditional asset-
pricing models, particularly the Black—Scholes—Merton framework, generally depend on
the premises of continuously changing volatility and locally stable market equilibria
(Black and Scholes, 1973). Nevertheless, substantial empirical evidence reveals ongoing
deviations from these assumptions, including heavy-tailed return distributions, volatility
clustering, and sporadic market disruptions such as flash crashes and liquidity shocks

(Mandelbrot, 1963; Ait-Sahalia and Kimmel, 2007).

These empirical characteristics indicate that financial markets function significantly away
from equilibrium and may demonstrate nonlinear amplification mechanisms that
aggregate risk at particular scales. Feedback trading, leverage targeting, and liquidity-
sensitive execution can induce endogenous stress that is exacerbated by deterministic
decision rules. From this viewpoint, market instability should not be regarded merely as
the result of external shocks, but as an inherent dynamic characteristic of nonlinear

transport systems that regulate financial flows.

A pertinent difficulty arises in fluid dynamics, where the three-dimensional Navier—
Stokes equations permit nonlinear mechanisms that can intensify gradients and perhaps
result in singular behavior. Despite differing mathematical frameworks, the analogy
underscores a common structural problem: deterministic dynamics with pronounced
nonlinear feedback may lack enough internal mechanisms to avert severe concentration.
In financial markets, this occurs as a collapse, characterized by diverging price impact,
collapsing market depth, and the loss of effective price formation regularity, leading to

systemic fragility.
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Figure 1: The core analogy between deterministic liquidity amplification and

stochastic regularization.

Figure 1 exemplifies this analogy by contrasting two simplified transport dynamics. Panel
(A) illustrates a deterministic nonlinear feedback mechanism where synchronized
amplification processes induce rapid expansion, succeeded by a sudden decline,
exemplifying a liquidity-driven instability. Panel (B) presents stochastic transport
perturbations that interfere with synchronization and redistribute stress across the system.
Despite the presence of variability, the stochastic dynamics display constrained peaks and
a more gradual recovery, underscoring the possible function of organized randomness as
a stabilizing force. This graphic serves as a conceptual illustration rather than an

empirical calibration.

A significant constraint of traditional market-stability analysis is the predominance of
variance-based and equilibrium-focused risk metrics. Mean—variance optimization and its
extensions implicitly claim that instability originates from excessive randomness rather
than from deterministic feedback amplification. Conversely, empirical investigations of
financial crises reveal that systemic occurrences are frequently foreshadowed by

diminished randomness, exemplified by the synchronization of strategies, liquidity



crowding, and convergence of execution routes, all of which augment fragility rather than
stability. These data indicate that mitigating stochastic variability may unintentionally
enhance nonlinear risk by channeling flows along unstable trajectories inside the market

state space (Bouchaud et al., 2010; Brunnermeier and Oechmke, 2013).

From an optimization perspective, numerous types of financial instability can be viewed
as unintended outcomes of deterministic optimization with inadequate knowledge.
Portfolio rebalancing regulations, leverage limitations, and algorithmic execution
methodologies are frequently engineered to achieve local optimality, although they tend
to synchronize globally under pressured conditions. This synchronization can elicit
phase-transition-like behavior, wherein little disturbances provoke exaggerated market
reactions and swift instability. The research of Gennotte and Leland (1990) and Acharya
(2009) showing this phenomenon underscores the necessity for systemic stability criteria
that transcend individual optimality and explicitly consider collective dynamics and

feedback consequences.

Conventional methods for market stability often aim to mitigate volatility via filtering,
hedging, or diversification. Recent interdisciplinary perspectives indicate that controlled
stochasticity may contribute positively to the stabilization of complex systems. The Post-
Quantum Theory of Classical Gravity proposed by Oppenheim (2003) suggests that
spacetime may possess inherent stochastic fluctuations while remaining fundamentally
classical, governed by a diffusion—decoherence trade-off that maintains macroscopic
consistency. Initially conceived within a gravitational framework, this paradigm raises a
broader question: might intrinsic stochastic perturbations serve as stabilizing agents in
various nonlinear transport systems, such as financial markets. These analogies are

employed as conceptual motivation rather than as direct physical correspondence.

Inspired by this concept, we represent financial price dynamics as stochastic transport
processes progressing on an effective market state space. Instead of perceiving prices as
solely deterministic paths influenced by additive noise, we examine stochastic advection

processes that account for heterogeneous execution, market microstructure frictions,

4



information diffusion delays, and route variability. This viewpoint is formalized by Holm
in 2015 via Stochastic Advection by Lie Transport (SALT), which maintains the
geometric integrity of transport dynamics while using randomness in flow directions

instead of state variables.
From the standard stochastic price dynamics
dSt = .u(Sti t) + O-(St; t)th

we enhance the model by incorporating divergence-free stochastic transport fields that
disrupt the evolution inside state space. When expressed in the Stratonovich framework,
this stochastic geometry possesses a corresponding [t6 representation wherein an extra
deterministic second-order operator arises inherently from the stochastic dynamics. This
operator influences the gradients of the price or return field and serves as a latent
dissipation mechanism that mitigates disruptive nonlinear feedback resulting from

deterministic trading and optimization protocols.

The stochastic transport framework examined in this article should not be construed only
as the incorporation of exogenous noise for the sake of realism. Stochasticity is regarded
as a structural regularization mechanism that alters the geometry of market dynamics. By
altering transport directions instead of explicitly introducing randomness into pricing,
stochastic advection reallocates stress around the effective state space while preserving
coherence. This distinction is crucial: whereas additive noise may heighten uncertainty
without enhancing stability, transport-level stochasticity can modify the effective
dissipation structure of the system and mitigate excessive gradient creation. The
contributions of Da Prato and Zabczyk (1992) and later Carmona and Delarue (2018)
illustrate that comparable regularization effects have been noted in stochastic control,

mean-field games, and transport-dominated stochastic partial differential equations.



(A) Multiplicative Brownian Noise (GBM-type) 20 {B) Stochastic Transport Geometry (SALT)

== Deterministic Drift (u) 4
15 | Flow direction u(x] is perturbed } :

WY - TP A
"‘/ X‘i“"ﬁf 4

N
wu
o

el
)
w

Noise induces dispersion
around fixed drift direction

b
[=)
o

&
c
9
v
c
o £
w =
a k=] ¥ ¥
y 9 4 \1* _r
& 175 g oof 7’“ : s
g £ 7 - % \r“‘\. (‘
- —
< 150 I o 2703 % \
oD E \ Y o 3 Mffe ive smao ?ng
- i —1.0
125 45, =TiS; dt + 05, dW; = 4 ‘%1:\_ \ ~
___,..- ey -~
100 o \ A
-2.0
0.0 0.2 0.4 0.6 0.8 1.0 -20 -15 -1.0 -05 0.0 0.5 1.0 15 2.0
Time Market state-space dimension 1

Figure 2: Additive noise versus transport noise in market dynamics (conceptual

illustration).

The delineation is demonstrated in Figure 2, modeling distinction highlighted in this
study. Standard additive-noise models provide randomness to the evolution around a
constant drift structure (Figure 2A), while transport-noise models disrupt the local
transport structure itself (Figure 2B). The distinction is fundamental to the suggested
"stochastic regularization" mechanism: enhancements in stability result not from
diminishing randomness, but from altering the transport directions that influence

concentration and feedback amplification.

Figures 1 and 2 collectively demonstrate the fundamental distinction crucial to this
investigation. Figure 1 delineates deterministic nonlinear feedback, which can aggregate
liquidity and induce sudden instabilities, against stochastic regularization, wherein
organized randomness interrupts synchronization and produces limited, more robust
dynamics. Figure 2 elucidates the modeling mechanism: while standard Brownian noise
solely disperses trajectories around a constant drift, stochastic transport alters the flow
geometry, modifying transport directions and introducing an effective smoothing that

supports the proposed regularization framework.



The primary aim of this study is to uncover and delineate the "X-factor" in market
resilience: a noise-induced regularization mechanism that bolsters systemic stability
while preserving stochastic diversity. We demonstrate that, given appropriate non-
degeneracy requirements on the transport covariance, stochastic advection introduces
supplementary dissipation in expectation and raises the effective stability threshold of
nonlinear market dynamics. This concept prioritizes the utilization of organized
stochasticity to alleviate extreme outcomes and expedite recovery from adverse shocks,

rather than seeking to eradicate volatility.

By shifting the analytical focus from volatility minimization to stochastic regularization,
this work provides a new mathematical foundation for studying systemic stability in
nonlinear financial systems. The proposed framework has direct implications for market
microstructure modeling, portfolio risk management, and the design of resilient trading

and execution strategies in complex, interconnected financial markets.
2. Deterministic Market Dynamics and Endogenous Instability

To elucidate the stabilizing function of stochastic transport added hereafter, we initially
examine the framework and constraints of a purely deterministic market dynamic.
Traditional market microstructure models frequently consider price generation as a linear
synthesis of information and order flow. In regimes marked by substantial institutional
participation, algorithmic execution, and leverage limitations, market dynamics are
primarily influenced by nonlinear feedback mechanisms. These feedback mechanisms
can exacerbate minor disturbances and result in a swift accumulation of liquidity stress,

rendering the system dynamically vulnerable (Bouchaud, 2011; Sornette, 2003).

This section formalizes a deterministic transport framework for market flow and is
consistent with how endogenous feedback mechanisms can induce finite-time gradient
amplification. Instead of asserting universal blowup, we illustrate that under super-linear
feedback, deterministic dynamics exhibit instability paths that are architecturally similar

to gradient concentration occurrences in nonlinear transport equations.



2.1 Deterministic Transport Transport Field and Gradient Amplification

We model the market state not solely by a scalar price process S(t) but by a transport
velocity field u(x, t)defined on a market state space M. Here, u(x, t) represents the local
intensity of net order flow or price adjustment pressure at the state x that is likely to

encode price levels, liquidity conditions, or execution states.
In the absence of stochastic transport effects, we consider a deterministic evolution
equation of the form

3_1; + W -V)u=-Vo(x)+F) (2.1)

where:

e (u - V)u captures nonlinear self-reinforcement of order flow (e.g., trend-following
or momentum-based execution),

e @(x) represents a stabilizing potential associated with fundamental valuation or
liquidity provision,

e F(u) aggregates endogenous feedback effects arising from margin constraints,

execution rules, and mechanical trading responses.

Equation (2. 1) is a transport-dominated system and is structurally related to inviscid
Burgers-type equations or Eulerian transport models, which are known to admit gradient
steepening under suitable conditions. A key source of instability arises when the feedback

term F (u) exhibits super-linear growth. In particular, when
F(u) ~u% a>1(2.2)

the combined effect of advection and feedback can generate rapid amplification of
velocity gradients. According to Bouchaud (2011) and Sornette (2003), such super-linear
responses are well documented in empirical and theoretical studies of price impact and

market feedback loops.



Along characteristic trajectories of the flow, the gradient £ = Vu interpreted as a proxy
for marginal price impact or liquidity sensitivity, satisfies a Riccati-type inequality of the

form
d¢
2 > g2 .
dt_f +C (2.3)

for some constant C determined by the curvature of @ and feedback intensity. Solutions
to (2. 3)demonstrate finite-time divergence when starting gradients surpass a critical
threshold, indicating that deterministic market dynamics can produce high sensitivity to

minor perturbations within a finite timeframe.

This gradient amplification does not suggest actual mathematical singularities in
observed prices; rather, it offers a rigorous dynamic interpretation of liquidity collapse:
price impact becomes virtually unbounded, market depth dissipates, and minor order
imbalances provoke disproportionately significant price fluctuations- phenomena widely

associated with crash-like market events (Sornette, 2003).

Illustrative Gradient Amplification in Deterministic Market Dynamics
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Figure 3: Illustrative gradient amplification under deterministic market feedback.

The dotted graph illustrates linear rise of the impact gradient under minimal feedback,
indicative of stable price adjustment. The solid curve depicts super-linear amplification
aligned with Riccati-type dynamics resulting from deterministic feedback mechanisms,
such synchronized execution or leverage targeting. As time nears a critical amplification
horizon T*, gradients increase sharply, signifying a loss of liquidity and heightened
sensitivity to minor order imbalances. The illustration is conceptual and designed to

depict instability processes rather than empirical calibration.
2.2 Sources of Endogenous Super-Linear Feedback

We delineate three processes by which contemporary market structures inherently

produce the super-linear feedback illustrated in (2. 2).
Algorithmic Synchronization.

When algorithmic trading techniques depend on analogous signals (e.g., momentum
filters, VWAP benchmarks, or volatility triggers), execution decisions become aligned.
This synchronization, following Bouchaud’s research in 2011, diminishes the effective
dimensionality of the market state space and focuses order flow along constrained

trajectories, hence enhancing the advective term in (2.1).
Leverage Targeting and Risk Constraints.

Risk-managed strategies, including volatility targeting, risk parity, and value-at-risk
constrained portfolios, impose deterministic selling pressure during periods of increased
volatility. Based on the research of Shin (2010) and Bouchaud (2011), this establishes a
feedback loop wherein decreasing prices elevate volatility estimates, prompting

additional deleveraging and exacerbating price decreases.

Liquidity Gaps and Weak Restoring Forces.
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In pressured markets, liquidity provision may temporarily disappear in specific pricing
regions, hence diminishing the capacity for restoration V& (x) In these locations,
stabilizing forces are diminished, allowing nonlinear advection and feedback mechanisms

to prevail in the dynamics, thus hastening gradient amplification.

These techniques demonstrate that deterministic optimization and execution rules, while

locally logical, can collectively induce instability at the systemic level.
2.3 Limitations of Additive Noise Models

Standard stochastic finance models seek to include uncertainty by integrating additive or

multiplicative Brownian noise into deterministic pricing dynamics
dS; = u(S)dt + a(S,)dwW; (2.4)

Although these models account for variability around a mean trajectory, they do not

fundamentally change the transport geometry that dictates market flows.

Additive or multiplicative noise first disturbs trajectories without altering the direction of
the underlying vector field. If the deterministic transport field in (2. 1) includes unstable
manifolds or areas of gradient concentration, Brownian noise may postpone but cannot
eradicate the progression toward instability. The limitation has been emphasized by

Sornette (2003) in both turbulence theory and financial market modeling.

Secondly, stochastic volatility extensions incorporate further state variables while
remaining independent of the liquidity transport mechanism. Consequently, they neglect

to regulate the nonlinear feedback loops that induce gradient amplification.

These discoveries reflect findings in nonlinear transport theory, where the introduction of
noise does not equate to the incorporation of dissipation. To mitigate gradient
concentration, stochasticity must influence the transit operator directly rather than solely

affecting the state variables.
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This necessitates the introduction, in Section 3, of stochastic transport mechanisms that
disrupt the geometry of market flow. By altering the Lie derivative that regulates
transport, such stochasticity engenders effective diffusion of the velocity field and offers

a systematic approach for regularizing intrinsic market instability.
3. Stochastic Advection and the Effective Market Metric

Rather than introducing stochasticity as an exogenous noise term, we model execution
and routing heterogeneity directly at the transport level. This approach is consistent with
recent developments in stochastic transport theory and allows feedback-driven

instabilities to be regularized without suppressing price discovery.

After demonstrating in Section 2 that deterministic feedback mechanisms can induce
swift gradient amplification in market dynamics, we now present a stochastic transport
framework that alters the geometry of market flow. This methodology is conceptually
motivated by recent results in stochastic transport theory and stochastic fluid dynamics,
we adopt a transport-level stochastic perturbation framework, wherein classical geometry
1s infused with inherent stochastic fluctuations regulated by a diffusion—decoherence
trade-off . This perspective views stochasticity not as an external disturbance, but as an

intrinsic characteristic of the underlying manifold.

We suggest a similar interpretation for financial markets: the effective manifold for price
formation and liquidity transit is dynamic, influenced by inherent fluctuations stemming
from diverse execution methods, information latency, and variations in market
microstructure. To formalize this concept, we employ the Stochastic Advection by Lie
Transport (SALT) framework, in combination with the research of Flandoli (2011) and
Holm (2015), which incorporates randomization at the transport level while maintaining

the geometric invariants of the flow.
3.1 Stochastic Flow Map and Market Transport

Let x € M represent a market state, encapsulating variables such as price level, liquidity
circumstances, and order-book configuration. Within the SALT framework, the

12



progression of a representative Lagrangian market element (such as a cluster of

interacting orders) is dictated by the Stratonovich stochastic differential equation

N
dx, = u(x,, t)dt + Z & (x) o dWkE(3.1)

k=1
where:

e u(x,t) denotes the deterministic transport velocity representing aggregate order-
flow pressure,

o {&,(x)} are spatially dependent vector fields encoding the structure of market
microstructure noise,

e {W/}} are independent Wiener processes,

e The symbol o denotes the Stratonovich interpretation ensures invariance under
smooth coordinate transformations and preserves the Lie-transport structure of the

flow (Holm, 2015; Cotter et al., 2019).

The stochastic vector field &, denotes organized randomness in execution and routing, as
opposed to additive price perturbations. This distinction is crucial for modifying the

transport structure instead of just distributing trajectories.
3.2 Emergence of the Noise-Induced Drift (X-Factor)

To examine the impact of stochastic transport on anticipated dynamics, we transform the
Stratonovich formulation (3. 1) into its It6 equivalent. Using the standard Stratonovich—

It6 conversion rule, the stochastic flow satisfies

1 N N
dx, = [u(x, 0435 ) (6@ NE|de+ ) & @AWk (3.2)
k=1 k=1

The additional deterministic term

13



1 N
BO) =5 ) (6 (9 D@ (3.3)
k=1

is a noise-induced drift correction arising purely from stochastic geometry. We refer to
this contribution as the X-factor, as it captures the latent structural influence of transport-

level randomness on expected market trajectories.

It is crucial to highlight that B(x) is not inherently dissipative; instead, it alters the
effective drift of the stochastic flow (Flandoli, 2011). Dissipative effects arise when
stochastic transport is utilized in the evolution of Eulerian fields influenced by the flow,

as elaborated below.

Noise-Induced Drift in a Stratonovich Transport Model

== = Deterministic Flow u(x)
== Ensemble Mean (Noise-Induced Drift)

Market State x;

o (X-factor)

0.0 0.2 0.4 0.6 0.8 1.0
Time t

Figure 4: Noise-induced drift arising from stochastic transport.

The dashed curve represents the deterministic solution of a transport equation devoid of
noise. Blue trajectories denote distinct realizations of a Stratonovich stochastic transport
model. The red curve represents the ensemble mean, which consistently diverges from

the deterministic flow as a result of the It6 correction caused by stochastic transport. The
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shaded area emphasizes the noise-induced drift (X-factor), demonstrating how stochastic

geometry modifies anticipated market trajectories despite the lack of explicit dissipation.
3.3 Noise-Induced Regularization of Market Velocity Fields

Let v(x, t) represents an Eulerian market field, such as the transport velocity u or its
gradient, that evolves according to the stochastic flow (3.1). The SALT approach

produces a stochastic transport equation expressed as
dv + (u-Vvdt + YN_1(& - Vv o dW[F = F(v)dt (3.4)
where F (v) denotes deterministic feedback effects.

Upon transformation to It6 form, an extra second-order operator emerges:

N
1
Ly = Ekzl(fk )(E VI (3.5)

This operator serves as the primary regularization technique generated by stochastic
transport. Based on the exploration of Flandoni (2011), under conventional non-
degeneracy and isotropy assumptions about the covariance structure of the vector fields
&, L functions similarly to a diffusion operator and facilitates effective smoothing of

abrupt gradients (Cotter et al., 2019).

Accordingly, stochastic transport induces an effective viscosity-like stabilization term

N
1
Veff~52|fk|2 (3.6)
k=1

that mitigates the gradient amplification methods detailed in Section 2. This
regularization, unlike physical viscosity, originates from geometric principles and

represents uncertainty in transport pathways rather than frictional dissipation.

3.4 Implications for Market Stability

15



The aforementioned stochastic regularization process does not eradicate volatility or
unpredictability from market dynamics. Instead, it modifies the geometry of transport, so
rendering excessive gradient concentrations statistically less probable. As deterministic
feedback intensifies gradients, the stochastic transport term becomes more effective,

dispersing stress throughout the market state space.

From this viewpoint, stochastic transport elevates the effective stability threshold of the
system. It alleviates the intensity and probability of liquidity failure caused by
endogenous feedback while preserving authentic price discovery (Holm, 2015; Flandoli,
2011). This explanation corresponds with contemporary perspectives in stochastic fluid
dynamics and systemic risk modeling, wherein uncertainty at the transport level serves a

stabilizing function.

This approach prepares for Section 4, where we formulate energy and variance
inequalities and delineate adequate conditions under which stochastic regularization

surpasses deterministic amplification.
4. Empirical Evidence for Noise-Induced Regularization in XAUUSD

To evaluate the consistency of the stochastic regularization method outlined in Section 3
with actual market behavior, we analyze high-frequency minute-level bar data in the gold
spot market (XAUUSD). Instead of asserting direct causal validation, our aim is to
ascertain whether empirical microstructure metrics display patterns that align with a
noise-induced stabilizing mechanism during times of market stress.

The gold markets are particularly amenable to this study owing to their substantial
liquidity, robust institutional involvement, and regular susceptibility to external shocks,

including macroeconomic disclosures and geopolitical occurrences.
4.1 Data and Microstructure Noise Proxy

We employ high-frequency minute-level (bar) data for XAUUSD, concentrating on

intervals marked by heightened trading activity and volatility. In accordance with the
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SALT paradigm, we understand stochastic transport noise as resulting from fluctuations

at the microstructural level rather than from external Brownian shocks.

Accordingly, we define the amplitude of stochastic transport noise |&(t)| using a realized

micro-volatility measure derived from high-frequency price increments:
" N
HOIEE Ez(sti —S;,_)* — (low — frequency trend component)(4.1)
i=1

This construction isolates rapid bid—ask and execution-driven fluctuations that are not
captured by smooth price trends. Within the SALT interpretation, |€(t)|? denotes the

instantaneous energy of stochastic vector fields perturbing the market transport structure.
4.2 Estimation of the Effective Viscosity Proxy

Following Section 3, we define the effective viscosity proxy as

1 2
Verf =5 1$(@®)* (4.2)

To delineate instability pressure within the deterministic transport component, we

develop a proxy for market impact gradient.

RN G]
—AV(D)

Vu(t) (4.3)

where AV (t) represent aggressive traded volume over the same interval. This quantity
captures the sensitivity of price changes to marginal order flow and serves as an empirical
indicator of liquidity stress. Both quantities are estimated using rolling windows to

mitigate intraday nonstationarity and microstructure heteroskedasticity.
4.3 Hypothesis and Empirical Findings
We test the following hypotheses:

e Null Hypothesis (H,): The effective viscosity proxy v,sf(t) is independent of

market impact gradients Vu(t).

17



e Alternative Hypothesis (H): The effective viscosity proxy v,¢(t) increases

systematically with market impact gradients, consistent with a noise-induced

regularization mechanism.

Figure 5 presents a representative depiction of the empirical behavior supporting
Hypothesis H;. Specifically, it illustrates the correlation between market impact gradients
and the effective viscosity proxy during times of heightened stress, functioning as a

diagnostic consistency check rather than a formal statistical analysis.

Figure 5: Noise-Induced Regularization in XAUUSD (Minute-Level Data)
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Figure 5: Noise-Induced Regularization in XAUUSD (Minute-Level Data)
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The upper panel displays the minute-level closing price of XAUUSD alongside a low-
frequency trend. The lower panel presents the effective viscosity proxy v,rr = i HGIE

derived from detrended price increments, in conjunction with a market impact proxy.
Throughout all sample intervals, instances of heightened price impact and liquidity strain
coincide with significant rises in v, s, aligning with a state-dependent stochastic
regularization mechanism that mitigates deterministic feedback amplification,

particularly during rapid price adjustments and drawdown phases.

This state-dependent co-movement signifies that stochastic transport noise escalates
precisely when deterministic feedback mechanisms exacerbate market stress. Instead of
functioning as external disturbances, microstructure-level variations seem to react
internally to increasing instability, creating an effective damping mechanism that

mitigates additional concentration of order flow. The observed empirical patterns align
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with the stochastic regularization mechanism outlined in Sections 2 and 3, wherein noise-

induced effects attenuate deterministic feedback amplification.

The empirical evidence in Figure 5 is inconsistent with the null hypothesis of
independence and corroborates the alternative hypothesis of a noise-induced, state-
dependent regularization mechanism in XAUUSD market dynamics. Under the null
hypothesis of independence, such systematic, state-dependent co-movement would not be

expected.

Figure 5 illustrates the presence of a state-dependent co-movement between market
impact gradients and the effective viscosity proxy at an aggregated time scale, although it
fails to elucidate the temporal structure via which this regularization mechanism operates
during specific stress events. To determine if the observed association indicates a
localized, dynamically activated response rather than a false correlation due to
aggregation, we will subsequently analyze high-resolution event windows around
significant market disruptions. Figure 6 provides detailed assessments of three separate
stress episodes, facilitating direct examination of the timing and severity of the noise-

induced regularization mechanism.
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Figure 6A: Oct 21-22, 2025 (Event-Window Zoom)
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Figure 6B: Jan 29-30, 2026

5400

5200 4

5000 4

4800 -

4600 1

4400 -

4200 -

Clbse (M
-=-=- Low-frequency trend

6000 A

4000 A

2000 1

—h, Effective viscosity ven = 3|£(t)|?

1
== Impact proxy
1

1
]
1
%

b,
hy

' A "ff\v.f I‘MF
M\\l"\ M lt“

F0.012
F0.010
r0.008
I 0.006
r 0.004
F0.002
F 0.000

012900  01-29 06

01-20 12

012918  01-3000  01-3006  01-3012 013018  01-3100
Time (M1 bars)

23

Impact proxy



Figure 6C: Feb 2-3, 2026
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Figure 6: Event-window evidence of noise-induced market regularization in

XAUUSD.

Figure 6 further clarifies the dynamic structure of the noise-induced regularization
mechanism by resolving its activation at the level of individual stress events. Panels (A)—
(C) display high-resolution event-window magnifications of XAUUSD price fluctuations
during times of heightened market stress: (A) October 21-22, 2025; (B) January 29-30,
2026; and (C) February 2—3, 2026. The upper panels display the spot price (black) and its
low-frequency trend (dashed), whilst the lower panels present the effective viscosity

Proxy Vess = % |€(t)]? (blue) with a market impact proxy (red, dashed). Throughout all

intervals, significant escalations in impact gradients coincide with marked, state-
dependent increases in v¢r, suggesting the engagement of a stochastic regularization

process that mitigates additional liquidity concentration. The uniformity of this response
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throughout various stress situations corroborates the concept that transport-level noise

functions as an intrinsic stabilizing mechanism in contemporary electronic markets.

Figures 5 and 6 provide consistent empirical evidence that the observed rise in the
effective viscosity proxy is unlikely to be explained solely by exogenous shocks or

aggregation artifacts. Rather, the enhancement of v,¢; seems to be closely linked to

intervals of increasing market impact gradients, triggering specifically when deterministic
feedback mechanisms escalate. The repetition of this pattern during many separate stress
events indicates that stochastic transport noise functions as a state-dependent
regularization mechanism, dynamically modifying the effective market structure to avert
the emergence of extreme liquidity concentration events. These findings offers provide
empirical support consistent with a stochastic-regularization interpretation as an emergent
characteristic of stochastic transport, rather than as a result of external volatility

mitigation.
4.4 Interpretation and Implications

The empirical evidence in Section 4 indicates that market microstructure noise functions
fundamentally differently than posited in traditional financial models. Instead of
functioning as an external disruption overlaying a deterministic price process, stochastic
transport noise seems to react internally to phases of increased instability. The observed
increase in the effective viscosity proxy during periods of steepening market impact
gradients signifies that noise intensity rises concurrently with the intensification of

deterministic feedback mechanisms.

From a modeling standpoint, these findings endorse a geometric interpretation of market
dynamics wherein transport-level stochasticity alters the effective market structure during
periods of stress. In this context, liquidity shocks are not just managed by price
adjustments but are also substantially alleviated through noise-induced regularization,
which reduces order flow concentration and curtails the emergence of extreme liquidity

concentration events. This process inherently arises from the interplay between execution
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noise and market stress, without necessitating external intervention or the suppression of

exogenous volatility.

Several constraints warrant acknowledgment. The investigation concentrates on a
singular, highly liquid market (XAUUSD) and uses proxy-based metrics for both market
impact and stochastic transport noise. The consistency of observed patterns across
various stress episodes enhances interpretation; however, the results should not be
interpreted as showing universal causality or predictive capability. They offer empirical
evidence for a structural modeling method wherein stochastic transport contributes to the

stabilization of contemporary electronic markets.
5. Conclusion: The Role of Stochastic Regularization in Market Stability

This work examined a critical issue in financial market dynamics: the maintenance of
ongoing price formation amid nonlinear feedback processes that, under strictly
deterministic conditions, are susceptible to instability. We proposed a framework in
which market stability arises endogenously from noise-driven regularization by drawing
an analogy between market microstructure and transport-dominated physical systems,
and by integrating stochastic transport mechanisms inspired by recent advancements in

stochastic geometry.
5.1 Summary of findings

The theoretical framework presented in Section 3, along with the empirical examination

of high-frequency XAUUSD data in Section 4, substantiates three principal findings.

Initially, deterministic feedback mechanisms—such as algorithmic synchronization and
leverage-constrained trading—demonstrate inherent instability. When modeled without
stochastic transport effects, these mechanisms provide self-reinforcing dynamics aligned
with Riccati-type growth in market impact gradients, resulting in significant liquidity

stress over finite time horizons.
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Secondly, we discerned an intrinsic stabilizing mechanism characterized by an effective
viscosity, Vs resulting from the stochastic advection of order flow. This number
functions as a state-dependent field that amplifies with the reinforcement of deterministic

feedback mechanisms, thereby regulating the concentration of order flow.

Third, empirical evidence from various high-stress XAUUSD events is consistent with
arising in v, are systematically correlated with intervals of increasing market impact
gradients. This trend aligns with a noise-induced regularization mechanism that converts

potentially single price movements into limited, though volatile, market reactions.
5.2 Implications for Market Microstructure Modeling

These findings indicate a reevaluation of market microstructure noise. Instead of
regarding noise as an external disruption or measurement artifact, the findings endorse a
perspective in which stochastic transport serves a fundamental role in stabilizing market
dynamics. From this viewpoint, liquidity resilience is attained not by mitigating noise but
through a dynamic equilibrium between deterministic trading pressure and stochastic

variability.

This interpretation provides a formal basis for numerous established heuristic
observations in technical and microstructure-oriented trading systems. Phases typically
linked to liquidity absorption and release can be interpreted as regimes where stochastic
regularization is either intensified or diminished, hence modifying the effective geometry

of price formation during periods of stress.
5.3 Future Research Directions

The stochastic regularization approach presented below provides multiple avenues for
subsequent investigation in applied mathematics and operations research. Expanding the
investigation to more asset classes and market structures would facilitate the evaluation

of the mechanism's generalizability. Furthermore, integrating stochastic transit variables
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into agent-based or algorithmic execution models may enhance resilience under stress

conditions.

From a practical perspective, real-time assessment of effective viscosity metrics may
offer supplementary signs of market fragility that differ from traditional volatility
measures. Such metrics could improve risk monitoring by recognizing instances when

deterministic feedback amplification prevails over stabilizing stochastic effects.

Final Remark: This analysis indicates that market smoothness is an emergent
characteristic resulting from the interplay between deterministic trade pressures and
stochastic transport mechanisms. In this context, noise is not only a residual aspect of

market dynamics, but a fundamental factor that enhances systemic stability.
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