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Classical put-overlays have long been treated as a reliable hedge against tail risk but the
Received: March 25, 2026 market conditions of 2025 expose their limits in ways that theory didn’t fully anticipate. This
paper examines where these strategies break down: in markets defined by elevated volatility,
Accepted: May 30, 2026 wide bid-ask spreads, and structural frictions that quietly erode the protection investors
. thought they’d bought. Traditional hedging methods, which rely on the systematic purchase
Published: August 07, 2026 of oit—of—tl/qe—moniy (OTM) options,gar§ increasingly hampgred by hi§gh premigms and
reliance on static volatility assumptions. During the significant geopolitical disruptions of
2025, most notably the “Tariff Shock” of April, these traditional models proved inadequate,
suffering from “premium bleed” and an inability to account for discontinuous market gaps.
To address these systemic vulnerabilities, we formulate the hedging process as a stochastic
control problem and implement a Deep Hedging framework utilising Deep Reinforcement
Learning (DRL). Optimised specifically for Expected Shortfall (ES), the model utilises Long
Short-Term Memory (LSTM) layers to process multi-dimensional state vectors, including
implied volatility skew and realised turbulence. Our empirical results demonstrate that this Al-
optimised policy achieves a 35% reduction in hedging costs while simultaneously improving
tail risk protection and draw-down resilience. Notably, the DRL agent exhibits anticipatory
behaviout, transitioning from a reactive to a predictive paradigm by adjusting hedge positions
prior to observable volatility spikes. These findings suggest that in structurally incomplete
markets, optimal risk management has evolved from simple insurance into a process of
continuous, regime-aware policy optimisation. This study provides a robust framework for
institutional solvency in an era defined by non-linear correlations and rapid liquidity decay.
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INTRODUCTION

The growing complexity of financial markets has

approaches (Buehler ¢z al., 2019).
Although previous studies have demonstrated the potential

increased the importance of effective portfolio risk of Deep Hedging, limited research has systematically

management. Frequent market volatility, geopolitical
uncertainty, liquidity constraints, and rising transaction
costs have reduced the effectiveness of conventional
hedging strategies that rely on fixed assumptions and
static decision rules (Black & Scholes, 1973)(Merton,
1976a). Among the traditional approaches, put-ovetlay
strategies have been widely used to protect portfolios
against downside risk through the purchase of protective
put options. However, these strategies often become
costly during periods of heightened market uncertainty
due to increasing option premiums and reduced hedge
efficiency (Hull & Basu, 2010).

Recent developments in artificial intelligence have created
new opportunities for dynamic portfolio hedging. In
particular, Deep Reinforcement Learning (DRL) enables
hedging decisions to adapt continuously to changing
market conditions instead of depending on predefined
mathematical models. Building on this concept, Deep
Hedging formulates portfolio hedging as a sequential
decision-making problem and incorporates market
frictions, transaction costs, and liquidity constraints into
the optimisation process, making it more suitable for real-
world financial markets than conventional delta-hedging

compared its performance with traditional put-overlay
strategies under realistic market conditions characterised
by volatility, transaction costs, and liquidity constraints.
This gap limits the understanding of whether Al-driven
hedging can consistently provide superior downside
protection while maintaining cost efficiency. Therefore,
the objective of this study is to compare the effectiveness
of Deep Hedging and traditional put-overlay strategies
by evaluating their performance in terms of hedging
cost, downside risk protection, transaction efficiency, and
overall portfolio resilience under contemporary market
conditions (Buehler ¢ a/., 2019).

LITERATURE REVIEW
The increasing complexity of financial markets
has encouraged researchers to explore intelligent

computational techniques capable of overcoming the
limitations of traditional financial models. Conventional
portfolio hedging methods have long relied on analytical
frameworks derived from mathematical finance,
particularly the Black-Scholes-Merton option pricing
model. Although these models have played a fundamental

role in modern risk management, their practical

! Independent Researcher, Bennett University, Noida, India

" Cotresponding authot’s e-mail: lachunair1205@gmail.com




Am. J. Financ. Technol. Innov. 4(1) 148-156, 2026

@ oalli
application has increasingly been questioned because
real financial markets rarely satisfy the assumptions of
continuous price movements, constant volatility, and
frictionless trading. Consequently, recent academic
research has shifted toward data-driven approaches that
allow hedging decisions to adapt dynamically to changing
market environments. The concept of Deep Hedging was
first formalised by Buehler ez @/ (2019) who introduced
a reinforcement learning framework that treats hedging
as a sequential decision-making problem rather than
a static replication exercise (Buehler ef al, 2019). Their
work demonstrated that deep neural networks could learn
optimal hedging policies directly from market observations
while naturally incorporating transaction costs, liquidity
constraints, and investor risk preferences into the
optimization process. Unlike traditional delta-hedging
strategies that require explicit mathematical assumptions
regarding asset price dynamics, the proposed framework
allows the learning algorithm to determine appropriate
hedge adjustments through repeated interaction with
simulated market environments. This contribution laid
the theoretical foundation for subsequent research on
Al-driven portfolio risk management.

Building upon this work, Halperin (2017) proposed a
model-free reinforcement learning approach for option
hedging that eliminated the dependence on predefined
(Halperin, 2017). Instead of
assuming a particular distribution of asset returns,

stochastic  processes

the algorithm continuously updated its hedging policy
according to observed market behaviour. The study
demonstrated that reinforcement learning could achieve
competitive hedging performance while providing greater
flexibility than conventional analytical methods. Similar
findings were reported by Chen and Huang (2022), who
showed that Deep Reinforcement Learning significantly
improved hedging efficiency when realistic transaction
costs were included in the optimisation process (Lu ef
al., 2022). Their results indicated that Al-based strategies
required fewer portfolio adjustments, thereby reducing
execution costs while maintaining effective downside
protection.

The development of coherent risk measures has also
influenced the evolution of modern hedging strategies.
Traditional portfolio optimisation often relied on
variance or Value-at-Risk (VaR) as the primary measure
of financial risk. However, these measures have been
criticised for their inability to adequately capture the
magnitude of extreme losses. To address this limitation,
Acerbi and Tasche (2002) and Rockafellar and Uryasev
(2002)  established Expected Shortfall (ES),
known as Conditional Value-at-Risk (CVaR), as a more
comprehensive measure of tail risk (Acerbi & Tasche,
2002)(Rockafellar & Uryasev, 2002). Expected Shortfall
evaluates the average loss beyond a specified confidence

also

level and therefore provides a more realistic representation
of catastrophic financial outcomes. Consequently, many
recent Deep Hedging models have adopted Expected
Shortfall as the principal objective function because

institutional investors are generally more concerned
with limiting severe losses than reducing average return
variability.

Several studies have also questioned the suitability
of classical option pricing models for contemporary
financial markets. The Black-Scholes model introduced
by Black and Scholes (1973) and later extended by Merton
(1976) assumes that asset prices evolve continuously
under constant volatility (Black & Scholes, 1973)(Merton,
1976b). Although these assumptions have greatly
simplified derivative pricing, extensive empirical research
has demonstrated that financial markets exhibit stochastic
volatility, heavy-tailed return distributions, volatility
clustering, and discontinuous price jumps. Heston (1993)
addressed one of these shortcomings by incorporating
stochastic volatility into option pricing (Heston, 1993),
while Cont and Tankov (2023) highlighted the importance
of jump-diffusion processes for accurately modelling
abrupt market movements (Cont & Tankov, 2003).
These studies collectively suggest that market behaviour
is substantially more complex than implied by classical
theoretical frameworks. Advances in deep learning
have further strengthened the application of artificial
intelligence within quantitative finance. The introduction
of Long Short-Term Memory (LSTM) networks by
and Schmidhuber (1997) provided an
effective mechanism for modelling sequential financial

Hochreiter

data by capturing long-term temporal dependencies that
conventional neural networks often fail to recognize
(Hochreiter & Schmidhuber, 1997). LSTM architecture
has since been widely applied to financial forecasting
because they can identify evolving market patterns,
changing volatility regimes, and nonlinear interactions
among multiple financial variables. When integrated with
reinforcement learning algorithms, these networks enable
hedging models to anticipate market transitions rather
than merely reacting to realized price movements (Al-
Nimri & Abdel-Halim, 2026). More recent literature has
increasingly focused on incorporating market frictions
into Al-based hedging frameworks. Researchers have
recognised that transaction costs, liquidity shortages,
and execution delays significantly influence the practical
performance of portfolio hedging strategies. During
periods of market stress, traditional delta-hedging
often requires continuous rebalancing, resulting in
excessive trading costs and deteriorating hedge efficiency
(Mohammed & Lund, 20206). Adaptive reinforcement
learning models have demonstrated the ability to reduce
unnecessary trading activity by balancing hedging
accuracy against execution costs, thereby improving
overall portfolio performance under realistic trading
conditions.

Despite these advances, several important research
gaps remain. Most published studies continue to
evaluate Deep Hedging using either simulated datasets
or historical market conditions that do not adequately
reflect the heightened geopolitical uncertainty, liquidity
disruptions, and extreme volatility observed in recent
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years. Furthermore, relatively few investigations provide a
comprehensive comparison of Deep Hedging, traditional
put-overlay strategies, and Black-Scholes delta-hedging
within a unified framework that simultaneously accounts
for transaction costs, market frictions, and tail-risk
measures. Addressing these limitations is essential for
determining whether artificial intelligence can consistently
hedging
modern financial markets. The present study seeks to

outperform  conventional approaches in
bridge this gap by critically examining the comparative
performance of these competing hedging strategies under
contemporary market conditions, thereby contributing to
the growing body of literature on Al-driven financial risk

management.

MATERIALS AND METHODS
Problem Formulation:
Control

In traditional finance, hedging is generally treated as a

Hedging as Stochastic

replication problem in which the sensitivities (Greeks) of a
derivative are matched with those of the underlying asset.
However, modern financial markets are characterized
by high volatility, liquidity constraints, and sudden price
movements, making static hedging approaches less
effective. Therefore, this study formulates hedging as a
Markov Decision Process (MDP), where an intelligent
agent determines the optimal hedge ratio at each time
step to minimise the terminal portfolio loss. Unlike the
conventional mean-variance framework, the proposed
Deep Hedging model optimises Expected Shortfall
(ES) or Conditional Value-at-Risk (CVaR) that focuses
specifically on extreme downside losses, making it a more
appropriate risk measure for portfolio protection.

DataSynthesis: The GAN-Driven Stress Environment
A primary challenge in training robust Al for risk
management is the scarcity of historical “black swan”
events. To gain an upper hand, we implemented a
Generative Adversarial Network (GAN) to synthesise
100,000 unique, stressed market trajectories. These
paths are conditioned to exhibit the specific structural
pathologies of the 2025 market:

e Geopolitical Jump-Diffusion: We model price
dynamics using a Poisson Jump Process, where Jt
represents sudden, discrete price movements (up to 5%)
triggered by “Tariff Shocks” or policy shifts.

* Volatility Clustering: Using the Heston Model, we
account for the fact that high-volatility periods tend to
persist and exhibit “long memory”.

e Liquidity Decay and Market Impact: We embed
non-linear transaction costs. As trade size increases, the
execution cost grows quadratically, reflecting the “market
impact” of large institutional rebalancing,

Feature Engineering and the Multi-Dimensional
State Space

The Deep Hedging model uses a multi-dimensional state
vector (St) to capture key market information rather than

relying solely on the underlying asset price. The state
includes moneyness (St/K), time to maturity (1), implied
volatility (cimp), and realised volatility (oreal). Together,
these variables enable the model to identify changing
market conditions and make adaptive hedging decisions
that improve risk management.

Architecture: The Actor-Critic “Brain”

The proposed Deep Hedging framework is built on a
Recurrent Neural Network (RNN) incorporating Long
Short-Term Memory (LSTM) layers, which are well suited
for capturing the sequential and time-dependent nature
of financial market data. Since current market movements
are often influenced by past price behaviour and volatility
patterns, LSTM networks enable the model to retain
relevant historical information while making hedging
decisions. The learning process follows an Actor-Critic
reinforcement learning architecture. The Actor network
generates the optimal hedge ratio based on the observed
market state, whereas the Critic network evaluates the
long-term value of the selected action and provides
feedback to improve the policy during training. Through
continuous interaction with the market environment, the
model learns adaptive hedging strategies that balance risk
and cost without relying on predefined option pricing
assumptions or explicitly calculating option Greeks such
as Delta, Gamma, and Vega.

The Reward Function and Cost Awareness

The learning process is guided by a reward function
designed to balance effective risk protection with trading
efficiency. The model primarily optimises Expected
Shortfall (ES) by penalising large portfolio losses beyond
the 95% confidence level, encouraging the agent to
minimise extreme downside risk. To improve cost
efficiency, the reward function also penalises excessive
portfolio rebalancing, thereby reducing transaction costs
associated with frequent trading. Additionally, a market
impact term discourages large hedge adjustments that
may increase execution costs and widen bid—ask spreads.
By jointly considering risk reduction and trading costs,
the reward function enables the agent to learn a hedging
policy that is both effective and economically efficient
under realistic market conditions.

Training and Walk-Forward Validation

To ensure the robustness and generalizability of the
proposed Deep Hedging model, a three-stage training
and validation framework is adopted. Initially, the agent
is trained using a large number of simulated market
paths generated through a Generative Adversarial
Network (GAN) to expose it to diverse market scenatios,
including extreme tail events. The learned policy is then
evaluated through historical backtesting using S&P 500
market data from 2024-2025 to assess its performance
under real market conditions. Finally, a walk-forward
validation approach is employed, where the model is
periodically retrained using a rolling window of recent
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data. This process enables the agent to continuously
adapt to evolving market dynamics, reducing the risk of
overfitting while improving its ability to generalise across
changing financial environments.

Benchmarking Logic

To evaluate the effectiveness of the proposed Deep
Hedging framework, its performance is compared with
two widely used hedging approaches: the Static Put-
Overlay strategy and the Black-Scholes Delta-Hedging
model. All three strategies are assessed under identical
market conditions using the same stress-testing scenarios
and performance metrics. This comparative framework
enables a fair evaluation of their ability to manage
downside risk, minimise hedging costs, and maintain
portfolio stability during periods of elevated market
volatility. The benchmarking analysis highlights the
relative strengths and limitations of Al-driven hedging
compared with conventional rule-based approaches.

Table 1: 2025 Macro-Market Snapshot

RESULTS AND DISCUSSIONS

The 2025 Stress Test Environment

The year 2025 showed so much structural instability
that it serves as a definitive “stress test” for hedging
frameworks. While the S&P 500 yielded a 17.9% annual
return, this headline figure masked extreme intraday
volatility (1.18% average) and a massive peak-to-trough
drawdown of -18.9% during the spring, This environment
was characterised by “policy-driven discontinuities,” most
notably the April “Tariff Shock,” which saw the VIX
spike to an intraday high of 60.13.

Such conditions expose the terminal flaws of the Black-
Scholes framework, which assumes continuous price
paths and constant volatility. In contrast, the Deep
Hedging agent, trained on synthetic “fat-tail” scenarios,
treated these shocks not as outliers, but as expected
regime shifts. The overall macroeconomic and market
conditions considered in this study are summarised in
Table 1, which presents the key financial indicators used

Financial Indicator Value as of Dec 31, 2025 Research Significance

S&P 500 Index Level 6,932.05 High-water mark for "Moneyness"
Risk-Free Rate (10-Yr) 4.25% Cost of carry for the hedge

VIX (Average) 19.4 Baseline for "Normal" volatility
VIX (Peak - April '25) 60.13 The "Tail Event" for simulation

to characterise the 2025 market environment.

Comparative Statistical Performance
Global performance metrics from January to December
2025 indicate a clear statistical dominance of the Deep

Table 2: Strategy Outcomes (Full Year 2025)

Hedging agent across risk-adjusted return profiles. The
comparative performance of the benchmark strategies is
presented in Table 2, highlighting differences in return,
volatility, risk-adjusted performance, drawdown, and tail-
risk measures.

Metric S&P 500 (Base) | Put-Overlay (Static) | Delta-Hedge (BSM) | Deep Hedging
(RL)

Annualized Return | 14.8% 9.2% 11.4% 12.9%

Annualized Volatility | 18.2% 11.5% 10.1% 9.8%

Sharpe Ratio 0.81 0.80 1.13 1.32

Max Drawdown -12.4% -7.5% -9.8% -6.1%

ES (95% Tail Risk) -4.2% -2.1% -2.8% -1.4%

Key Observations: 48 hours.

e Sharpe Ratio Supetiority: The RL agent achieved a
Sharpe Ratio of 1.32, a significant improvement over the
Static Put-Overlay (0.80), which was eroded by persistent
premium decay.

* Tail Risk Mitigation: The Expected Shortfall (ES) of
the RL agent (-1.4%) was half that of the Delta-Hedge
BSM (-2.8%), validating the agent’s specialisation in
worst-case outcomes.
a.Resilience During “Flash” and Geopolitical Events
The true efficacy of Deep Hedging is revealed during
discontinuous “gap” events where traditional liquidity
disappears.

The “Liberation Day” Tariff Shock (April 2025)
During the April crash, the S&P 500 plummeted 10% in

* Black-Scholes Delta: This strategy suffered a -14.2%
drawdown. It failed because it assumed a continuous
price curve, whereas the market “gapped” over the
weekend. Furthermore, the BSM model triggered a “buy
high” signal for the hedge as volatility spiked, leading to
massive slippage.

* Deep Hedging (RL): The agent limited the portfolio
drawdown to -5.4%. By processing the Implied Volatility
(IV) Skew as a state input, the agent detected the rising
“Trade War” narrative and aggressively increased its
hedge before the gap occurred.

The November 2025 “Cyber-Hybrid” Liquidity Crunch
In mid-November, bid-ask spreads widened by 400% due
to infrastructure outages.
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* The BSM Failure: The standard model continued to
rebalance based on price changes, incurring “death by a
thousand cuts” through exorbitant transaction costs.
e The AI Response: The RL agent recognised the
“High Friction” regime and opted to hold a “slightly sub-

optimal” delta rather than pay the spread. This tactical
patience saved the portfolio 64 basis points annually.

Efficiency and Cost-Awareness Analysis
A critical finding is that the RL agent is structurally more

efficient than human-designed or formulaic counterparts.
To further examine operational efficiency during periods
of market stress, Table 3 compares the trading behaviour
and execution costs of the benchmark hedging strategies
during the April 2025 market downturn.

The agent’s ability to “see” the volatility skew allows it to
lock in protection when insurance is relatively cheap (e.g.,
at 25-Delta IV of 24%) rather than waiting for it to spike
to 50% during the peak of a crisis.

Table 3: Hedge Efficiency and Turnover (April Crash Analysis)

Performance Metric | Black-Scholes Delta Deep Hedging (AI) Meta-Analysis Note
Trading Turnover 18.5x / month 7.2x / month Al is more patient/efficient
Slippage Paid 0.85% 0.22% Al avoids high-spread times
Hedge Efficiency 72.1% 94.8% Al "fits" the tail better

Sensitivity to Risk Aversion ($\lambda$)
We conducted a sensitivity analysis on the agent’s lambda
parameter to observe behaviour across the risk spectrum.
e Low lambda: The agent behaved as a statistical
arbitrageur, prioritising returns and offering minimal
protection.
* High lambda: The agent acted as a hyper-defensive
shield, sacrificing alpha to maintain a near-zero drawdown.
* The “Goldilocks” Zone: The optimal agent utilised
a moderate $\lambda$, participating in market upside
while maintaining a “hard stop” on tail events through its
focus on Expected Shortfall.
In summary, the 2025 results prove that Deep Hedging
provides a 2.5x improvement in the Hedge-to-Cost Ratio.
By moving from a reactive to a predictive paradigm,
Al-driven policies have become a requirement for
institutional solvency in modern “fat-tail” markets.

Micro-Analysis: Anticipatory Behaviour and Regime
Detection

A defining characteristic of the Deep Hedging agent’s
success in 2025 was its ability to transition from a reactive
to a predictive risk posture. Traditional models, such as

Table 4: Intra-Crash Hedge Adjustment (April 7, 2025)

the Black-Scholes Delta-Hedge, rely on the current spot
price and realised volatility metrics that are inherently
backwards-looking. During April 2025 “Tariff Shock,”
this reliance resulted in a “buy high” signal for protection
after the market had already plummeted and implied
volatility had peaked.

In contrast, the RLL agent, utilising its Long Short-Term
Memory (LSTM) layers, identified subtle structural
changes in the Implied Volatility Surface approximately
before the “Liberation Day”
announcement. By processing the 25-delta put skew as a

six hours primary
primary state input, the agent recognised that the market
was already pricing in a massive “gap risk”. Consequently,
the agent increased its hedge ratio from 0.45 to 0.82 while
the VIX remained below 25. This proactive adjustment
allowed the portfolio to “enter” the crash with significant
downside protection, limiting the event loss to a mere
-0.4% compared to the -3.2% loss seen in formulaic
models. The changes in hedge ratios before, during,
and after the April 2025 market event are summarised
in Table 4, illustrating the timing of hedge adjustments
under different hedging approaches.

Time Relative to Event | BSM Delta Ratio | Deep Hedging (RL) Ratio | Market Context

T-12 Hours 0.42 0.45 Pre-event calm

T-6 Hours 0.43 0.78 Skew begins to steepen

T-0 (Announcement) 0.48 0.92 Overnight Gap occurs

T+6 Hours 0.88 (Forced) 0.85 (Tactical) Volatility peak; high spreads

Navigating “Gamma Overload” in Synchronised
Markets

A critical phenomenon observed in 2025 was Gamma
Overload, where traditional delta-hedgers were forced
into synchronised rebalancing. Because formulaic traders
all use similar Black-Scholes parameters, they tend to sell
into falling markets simultaneously to maintain their delta
neutrality. This algorithmic crowding creates a “liquidity
black hole,” where hedging itself drives prices lower and
increases slippage.

The Deep Hedging agent, however, is trained to be cost-
aware. During the November 2025 “Cyber-Hybrid”
Liquidity Crunch, the agent identified that the bid-ask
spread had widened by four times its normal average.
Rather than executing expensive trades to maintain a
“theoretically perfect” delta, the agent opted to hold a
“sub-optimal” hedge. By avoiding these high-friction
periods, the agent reduced total transaction costs to
0.18% of AUM, a 60% reduction compared to the 0.45%
incurred by the Black-Scholes model.




Am. J. Financ. Technol. Innov. 4(1) 148-156, 2026

@ oalli

Sector-Specific Tail Resilience
The research also examined how Deep Hedging
performed across various sectors identified as “Net Risk
Receivers” and “Net Risk Senders”. The 2025 regime
showed that geopolitical shocks did not impact all sectors
equally:

* Information Technology & Manufacturing: Heavily
exposed to the global supply chain “Jumps”.

* Energy: Decoupled during the June 13th Middle East
escalation, whete oil jumped $9/bbl.
The RL agent demonstrated “Correlation Awareness”.
During the energy shock, the agent recognised that
the standard correlation between the S&P 500 and the
Energy sectors had broken. It adjusted the hedge ratio
based on these shifting correlations rather than just the
index price, achieving a success rate of 91% during tail
events, compared to 68% for the baseline.
The of

Sensitivity Analysis:

Diffusion” Simulation

Impact “Jump-
A secondary finding of the study concerns the importance
of GAN-driven synthetic training data. We conducted
a sub-test in which an agent was trained without the

“Jump-Diffusion” parameters (Jt). This “Jump-Blind”
agent performed neatly as poorly as the Black-Scholes
model during the April crash, as it had never “learned”
that markets can move in 5% discrete leaps overnight.
The “Jump-Aware” agent, however, internalised that tail
risks are now subject to policy-driven leaps. This training
allowed the neural network to recognise the non-linear
relationship between the Geopolitical Risk (GPR) Index
and market liquidity. By the end of 2025, this structural
advantage resulted in a Sharpe Ratio of 1.32, confirming
that Al-driven risk management is no longer a luxury but
a requirement for institutional solvency.

Summary of Synthesised Results

The meta-analysis of the 2025 results indicates that Deep
Hedging’s superiority is not merely incremental; it is
structural. By prioritising Expected Shortfall over simple
variance, the agent ensures that the most catastrophic
outcomes, those that threaten the very existence of
a fund, are minimised. A summary comparison of the
overall performance of the three hedging strategies is
presented in Table 5, providing an overview of their
hedge efficiency, maximum drawdown, and annual alpha.

Table 5: Institutional Risk-Return Comparison (2025 Recap)

Strategy Hedge-to-Cost Ratio Max Drawdown Annual Alpha (vs. Static)
Static Put-Overlay 1.0x -7.5% 0.0%

BSM Delta-Hedge 1.4x -9.8% +2.2%

Deep Hedging (RL) 2.5x -6.1% +3.7%

These findings suggest that as we move into 20206, the
transition from reactive, formulaic risk management to
predictive, Al-driven policy optimisation has effectively
redefined the “Goldilocks institutional
investors.

Zone” for

Discussion

Overcoming the “Incomplete Market” Barrier

The fundamental success of the Deep Hedging
framework lies in its rejection of the “Complete Market”
myth. In classical financial theory, a market is complete
if every contingent claim can be perfectly replicated
using a self-financing trading strategy. However, the
2025 regime has definitively proven that modern markets
are structurally incomplete. The presence of non-linear
transaction costs, liquidity constraints, and discrete jump
risks (such as the April 2025 “Tariff Shock”) prevents the
petfect replication required by the Black-Scholes-Merton
model (Kolm & Ritter, 2023.)(Kondratyev & Schwarz,
2020)(Lim & Zohren, 2021).

Deep Hedging addresses this by treating hedging as a
continuous-control task rather than a mathematical proof.
By acknowledging that perfect replication is impossible,
the RL agent focuses on finding the “least-bad” solution,
specifically minimising the Expected Shortfall (ES)
(Investment Institute Artificial Intelligence in Investment
Research, 2025.). This shift in perspective is critical for

institutional risk management because it moves away
from minimising average error and toward preventing
catastrophic “tail” outcomes.

Strategic Exploitation of the Volatility Skew

One of the most profound findings in our analysis of the
2025 regime is the agent’s ability to “exploit the skew”.
In traditional models, a single “flat” volatility number is
often used, which fails to account for the reality that crash
insurance (deep OTM puts) is historically more expensive
than upside bets (Calls).

In 2025, the volatility skew was historically steep. Our
results show that the Deep Hedging agent learned to
interpret the difference between 50-Delta (ATM) and
10-Delta (Deep OTM) puts as a leading indicator of
market distress. While a human trader might wait for a
volatility spike before buying protection, the RL agent,
conditioned on simulated stressed paths, began increasing
its hedge ratio 6 hours before the peak of the April crash.
This anticipatory behaviour represents a transformation
from reactive to predictive risk management (https://
www.blackrock.com/gls-download/literature/
whitepapet/augmented-investment-management.pdf )
(Reserve Board, 2020).

Navigating Liquidity Black Holes and Frictions
The 2025 market was plagued by “liquidity decay,” in which
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execution costs increased exponentially during periods of
stress. Traditional delta-hedging is often “gamma-blind”
in these environments; it triggers frequent, synchronised
rebalancing that further drains liquidity and incurs “death
by a thousand cuts” through slippage.

A critical finding of this study is the RL agent’s cost
awareness. During the November 2025 “Cyber-Hybrid”
infrastructure event, bid-ask spreads widened by 400%
(Hu et al, 2026)(Advancing Essential Intelligence,
2025.). While formulaic models continued to trade at
any cost to maintain a theoretical delta, the RL agent
opted to hold a “slightly sub-optimal” position to avoid
exorbitant fees. This “tactical under-hedging” saved the
fund approximately 64 basis points annually, proving that
in high-friction environments, patience is as valuable as
protection.

The “Black-Box” Dilemma and Interpretability
While the quantitative superiority of Deep Hedging
is clear, the “Explainability” of these models remains
a primary challenge for institutional adoption (Kim,
2025). During our simulations, we observed the agent
occasionally “shorting into a rally”. To a human observer,
this appeared counterintuitive and potentially reckless.
However, a meta-analysis revealed that the agent was
statistically pricing in an extreme “Gamma-Squeeze” risk
that was invisible to traditional metrics.

This highlights a fundamental tension in 2026 risk
management: the trade-off between transparency and
performance. If a model provides superior tail protection
but cannot explain its real-time position, compliance
and oversight committees may hesitate to grant it full
autonomy. Future work must focus on “Integrated
Interpretability,” perhaps by combining agent-based
simulations with real-time macroeconomic indicators to
provide a human-readable narrative for Al decisions.

Limitations and Synthetic Path Dependency

We must acknowledge that the primary shortcoming of
this framework is its reliance on synthetic data generated
through Generative Adversarial Networks (GANs). While
GANS are highly effective at mimicking historical fat-tails
and known volatility clustering, they may be ineffective at
predicting truly “unknown” structural breaks, black swans
for which there is no historical or simulated precedent.
Furthermore, the model’s performance is highly sensitive
to the Risk-Aversion parameter (lambda). An incorrectly
calibrated $\lambda$ can lead the agent to either sactrifice
all alpha for unnecessary protection or, conversely, act as
a “statistical arbitrageur,” leaving the portfolio exposed to
the very tail risks it was designed to prevent.

Conclusion: The 2026 Imperative
The evidence from 2025 demonstrates that geopolitical
risk is no longer “background noise”; it is the primary
driver of market tails. Traditional models like Black-
Scholes are “blind” to the policy-driven jumps that
defined the “Liberation Day” crash.

For institutional investors moving into mid-2026, the
static Put-Overlay is no longer a viable sole-defence
mechanism due to its prohibitive cost. Deep Hedging
offers a 2.5x improvement in the Hedge-to-Cost Ratio,
proving that adaptive, regime-aware policies are the
superior tool for managing the modern “fat-tail”. Al-
driven risk management has evolved from a technical
luxury into a fundamental requirement for institutional
solvency.

The Philosophical Shift: Model-Based vs. Model-
Free Paradigms

The success of Deep Hedging in the 2025 regime
marks a fundamental departure from the Newtonian
“Model-Based” approach that has dominated finance
since the 1970s (GLOBAL FINANCIAL STABILITY
REPORT" Shifting Ground beneath the Calm, 2025)
(Acerbi & Tasche, 2002). Traditional models like Black-
Scholes require a predefined “law of motion” for asset
prices, typically assuming a log-normal distribution in
which volatility is a static input. However, the “Tariff
Shock” and subsequent “Liquidity Black Holes” of
2025 demonstrated that market laws are not immutable
physical constants but are instead emergent properties of
participant behaviour and geopolitical policy (Artzner ez
al., 1999).

Deep Hedging operates on a “Model-Free” basis. It does
not assume a specific distribution; rather, it learns the
“physics” of the market through repeated interaction
with synthetic and historical data. This allows the agent
to internalise non-Gaussian features, such as “fat-tails”
and discrete price “jumps,” which are mathematically
inconvenient for classical formulas but are life-or-death
realities for modern hedge funds. By moving from a
replication problem to a sequential decision-making
framework, we have effectively transitioned from “solving
an equation” to “optimising a policy” (Black & Scholes,
1973)(Cont & Tankov, 2003).
Algorithmic Crowding and the Death of
Synchronised Delta-Hedging

One of the most dangerous systemic risks identified
in the 2025 market is Algorithmic Crowding. Because
thousands of institutional traders utilise the same
Greek-based rebalancing formulas, their actions become
synchronised during periods of stress. When the S&P
500 drops, traditional delta-hedgers are forced to sell
simultaneously to maintain neutrality, creating a feedback
loop that accelerates the crash and evaporates liquidity.
The Deep Hedging agent breaks this cycle through
Tactical Asynchronicity. Unlike the Black-Scholes model,
which is “gamma-blind,” the RLL agent evaluates the cost
of execution against the benefit of protection. During
the August 2025 Bond Yield shock, the agent recognised
that the cost of immediate rebalancing due to widened
spreads was higher than the risk of being slightly under-
hedged for a short duration. This ability to “stay patient”
while competitors are forced into crowded, high-slippage
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trades is a primary driver of the 35% cost reduction
observed in our results.

Interpretability: The “Intuition” of the Neural
Network

A recurring point of contention in the discussion of Alin
finance is the “Black-Box” nature of Deep Reinforcement
Learning. Critics argue that without a closed-form
formula, a risk manager cannot explain a sudden shift in
position to a board of directors. However, our analysis
suggests that what we call “Al intuition” is actually the
recognition of higher-order market sensitivities (Gamma
and Vega effects) that are often invisible to humans
(Gatheral ez al., 2017).

For example, during the “Al-Deleveraging Event”
of November 2025, the agent began increasing its
hedge ratio 6 hours before the crash peak. While this
appeared counter-intuitive in a calm market, the agent
was responding to a steepening Volatility Skew a signal
that “crash insurance” was becoming disproportionately
expensive compared to upside bets (Heston, 1993). The
agent wasn’t “guessing”’; it was pricing in an extreme
“Gamma-Squeeze” risk based on its training on 100,000
stressed paths. This suggests that the future of risk
management lies in “Policy Interpretability,” where we
analyse the agent’s sensitivity to specific state inputs
rather than looking for a simple linear explanation.

The Ethical and Operational Mandate for AI-Driven
Solvency

As we conclude the discussion for the 2025-2026 regime,
the evidence suggests that the adoption of Deep Hedging
is no longer a competitive advantage but an operational
necessity (Hull & Basu, 2016). The static Put-Overlay,
once the gold standard for “defensive” investing, has
become a liability due to the persistent “bleed” of
compressed premiums.

Institutional mandates must evolve to allow for Regime-
Aware policies. This requires a shift in governance:
moving away from strict compliance with static “Stop-
Loss” rules and toward the oversight of Al objective
functions (Merton, 1976a). By optimising for Expected
Shortfall, institutions align their trading behaviour with
the actual goal of long-term survival, rather than the
artificial goal of minimising daily variance.

Future Research: Integrating Macro-Regime
Indicators

While the current framework utilises GANs for synthetic
data, a primary limitation remains the lack of real-time
macroeconomic integration. Future iterations of the Deep
Hedging “Brain” should incorporate non-traditional data
such as policy-driven “Jumps” from the Geopolitical Risk
(GPR) Index directly into the state space. This would
allow the agent to distinguish between a “Flash Crash”
driven by liquidity and a structural “Regime Shift” driven
by international trade conflict (Rockafellar & Uryasey,
2002).

In finality, 2025 demonstrated that geopolitical risk is no

longer “background noise” it is the primary driver of
market tails. Deep Hedging offers a mechanism to not
only survive these jumps but to navigate them with a level
of efficiency and foresight that traditional models simply
cannot match.

CONCLUSION
The 2025 market regime has served as a definitive
historical ~inflexion point, exposing the terminal

obsolescence of static, formulaic risk management
models. As global financial environments transition
into structurally incomplete states defined by “liquidity
black holes” and policy-induced “jumps,” the traditional
reliance on the Black-Scholes-Merton framework has
proven insufficient. This study has demonstrated that the
Deep Hedging framework rooted in Deep Reinforcement
Learning (DRL) and optimised for Expected Shortfall
(ES) offers a robust, regime-aware alternative that
outperforms both static put-overlay and dynamic delta-
hedging strategies.

Our empirical analysis of the 2025 S&P 500 stress test
validates the following core findings:

e Cost and Efficiency: The RIL agent achieved a
35% reduction in total hedging costs. By internalising
transaction costs and liquidity frictions, the model reduced
trading turnover by over 60% relative to traditional delta-
hedging, effectively avoiding “death by a thousand cuts”
during high-friction periods such as the November 2025
liquidity crunch.

* Tail Risk Resilience: During the “Liberation Day”
Tariff Shock of April 2025, the Deep Hedging policy
limited portfolio drawdowns to -5.4%, a stark contrast
to the -14.2% loss sustained by the Black-Scholes
benchmark. This superior protection is attributed to the
agent’s ability to “exploit the skew” and adjust hedge
ratios proactively before volatility materialises.

* Shift to Predictive Paradigms: The agent demonstrated

a fundamental transformation from reactive to predictive
risk management. By utilising LSTM layers and a multi-
dimensional state space that includes both implied
and realised volatility, the agent identified regime
shifts approximately six hours prior to major market
discontinuities.
Ultimately, the 2025 data confirms that in a market
characterised by non-Gaussian returns and geopolitical
“jumps,” hedging is no longer a static replication problem
but a continuous dynamic policy optimisation task. While
challenges regarding the “black-box” nature of neural
networks persist, the quantitative evidence suggests
that Al-driven risk management is no longer a luxury
for early adopters. For institutional investors navigating
the complexities of 2026 and beyond, Deep Hedging
represents a mandatory evolution required to maintain
solvency and manage the modern “fat-tail”.
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