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Abstract: Capital market or financial market volatility is pervasive and complex. It is the pulse of the market
that reflects balance between opportunity and uncertainty. In the fast-growing Indian stock market, accurately
modelling and predicting this volatility is vital for achieving superior performance. Traditional econometric
models like ARCH and GARCH have offered fundamental insights but fail to explain the nonlinear and regime
shifting patterns of volatility. This paper introduces Al Volatility Adaption Cycle (AIVAC) i.e., a conceptual
framework that integrates volatility theory, complexity economics and artificial intelligence to build adaptive
trading strategies. The AIVAC blends econometric reasoning with neural and reinforcement learning to form a
self-evolving intelligent framework. The proposed framework has five layers namely, data fusion and
conceptualization, feature transformation, predictive intelligence and regime detection, adaptive strategy
engine and feedback driven evolutionary learning. This will allow the users to automatically adjust their
settings like risk levels and trading methods on real time basis. This paper contributes to framing a practically
applicable adaptive intelligent framework fit for Indian market. The paper also discusses the implications for
the stakeholders while emphasizing transparency, interpretability and ethical Al adoption.
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Introduction:

Volatility is the basic nature of financial markets. It represents the heartbeat of the market i.e., a measure of
uncertainty and signal of evolving investor sentiment. The Indian stock market consists of the Bombay Stock
Exchange and National Stock Exchange and their various platforms reflect volatility based on investors
response to information, domestic and global shocks and liquidity patterns. In a growing market like India, we
find large tick-level data which is non-linear and regime shifting in nature with behavioural reactions and
feedback effects. Thus, understanding volatility and predicting it is crucial for determining price, earning profit
and maintaining market stability.

The traditional econometric models fail to capture this fundamental nature of the Indian stock market. The
Indian stock market is driven by combination of retail investors, institutional funds and algorithmic trading is
ideal for adopting Al driven models. Hence using Al tools like deep and reinforcement learning to understand
volatility patterns from experience and improve over time is essential today. This paper proposes the AIVAC
framework as a way to rethink volatility not as just a random movement but a signal of market learning and
adaption.

Literature Review:
To understand the evolution of volatility modelling. Increase in adaptive trading and use of Al in financial
markets a review of existing scholarly literature was carried on as follows:
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1. Understanding Volatility and its Modelling:

What is volatility? Is it just some random noise or patterns reflecting market reaction to events, news and
policies. One such pattern is volatility clustering, where periods of high price movements are followed by
similar periods of turbulence, and quiet phases also tend to continue. This behavior has been widely
observed in global as well as Indian markets, including in the study by (Khera et al., 2022), which
highlighted clear clustering in sectoral indices using GARCH models. Another key characteristic is
persistence—where a shock in volatility does not disappear quickly but continues to influence market
behavior for a considerable time. Jayapal et al., (2022) demonstrated this persistence while studying how
volatility from energy indices spills over to sustainable and ESG indices.

To analyze these behaviors, different models have been developed. Historical volatility, calculated from
past returns, is simple but limited. ARCH and GARCH models, introduced by Engle (1982) and Bollerslev
(1986), brought a breakthrough by allowing the modelling of time-varying volatility and capturing
clustering patterns more effectively. Later, stochastic volatility models added more flexibility by treating
volatility as a hidden process, though they involved more complex computations (Mhlongo et al., 2024).
Implied volatility, which is drawn from option prices, offers forward-looking insights based on the
market’s expectations (Hull, 2018). While these models have contributed greatly to volatility analysis, they
often face challenges in dealing with today's fast-changing, high-frequency, and non-linear financial data,
which demands more adaptive and data-driven approaches.

2. Adaptive Trading Strategies:

The present-day markets are fast and complex, hence the static, rule-based approaches have to be replaced
by adaptive trading strategies. Adaptive strategies are designed to adjust to real-time changes and use
techniques to fine-tune current market situations and switch strategy based on whether market is stable,
volatile or trending (Mhlongo et al., 2024). Execution algorithms help to break large trades into smaller
parts over time to reduce market impact and adjust pace based on current or expected volatility (Kissell,
2021).

Adaptive algorithms that are built using reinforcement learning can sense market regimes like low-
volatility consolidation or high-volatility breakout and adjust the exposures or leverage based on it (Azzi &
Ajaka, 2025; Li, 2023). This helps to convert the predicted volatility into a usable strategy bridging the gap
between theory and execution.

3. Data-driven Al-based Volatility Forecasting:

There is a significant growth in data-driven models as markets have become complex and information rich.
Al enables data fusion i.e., helps to combine sentiments, macroeconomic indicators and prices.
Transformers, Long-Short-Term models, Gradient Boosting and Random Forests help in modelling the
non-linear relationships (Jindal & Nanda, 2024; Wawer & Chudziak, 2025). Large Language Models
(LLM’s) help to extract sentiments from large textual sources to improve prediction (Fatouros et al., 2024).

Despite all these developments, researchers such as Ahadzadeh et al., n.d.; Avelar & Jordao, 2024; Najem
et al., 2024 agree that more integrated and practical frameworks are needed. These systems must combine
predictive accuracy with transparency and adaptability, especially in real-time trading environments where
conditions change quickly.
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4. Linking Volatility Theory, Complexity Economics and Al

As per volatility theory, market fluctuates due to investor sentiments, new information and uncertainty. On
the other hand, complexity economics says markets are non-equilibrium systems that fluctuate due to
interactions of policies, events, and macroeconomic variables. In such cases, volatility is not just noise, it a
natural learning outcome and evolution (Arthur, 2021). In Al, deep learning identifies the structure beneath
the layers and reinforcement learning uses adaptive feedback to mimic how investors learn from
experience.

Hence, AIVAC combines synthesizes the three theoretical themes i.e., volatility theory (captures time-
varying nature of risk), complexity economics (adaptive and evolving ecosystem) and Al adaptability
(computing learning from feedback and uncertainty).

Research Gap:
Despite extensive studies in volatility modelling and the growing use of Al in financial markets, there still exist
significant research gaps.

First, most volatility studies still focus on developed global markets but very few consider India’s market
structure, regulations, and trading patterns (Kotecha, 2025). Hence, they lack to provide contextual relevance
for emerging markets.

Second, many forecasting models stop at prediction or forecasting itself and fail to turn results into real trading
actions (Mhlongo et al., 2024). This limits the practical applicability.

Third, many Al based volatility models act as black boxes and lack interpretability, making them difficult to
trust (Avelar & Jordao, 2024).

Lastly, there is limited research on models that improve over time using feedback i.e., they are largely static.

To address these gaps, this paper proposes a Al-Volatility-Adaption Cycle model that combines Al forecasting
estimation, adaptive decision-making and strategy design, and feedback driven self-learning.

Objectives of the Study:
1. To develop a conceptual Al-driven model integrating volatility theory and adaptive strategy.
2. To propose AIVAC as a cyclical learning system aligning prediction, decision, and feedback.
3. To explore its implications for Indian market participants and regulatory frameworks.

Methodology and Scope:

This study is conceptual and analytical. It builds the AI-Volatility—Adaptation Cycle (AIVAC) framework by
combining ideas from volatility theory, complexity economics, and artificial intelligence. This paper focuses on
the Indian Stock Market (like BSE, NSE), local market data, SEBI regulations and Indian market specific
features. It takes help of advanced Al techniques such as ML, DL (like RNNs, LSTMs etc) and reinforcement
learning (Dao et al., 2024; Tulsyan et al., 2024). The above techniques are used to predict volatility using
factors like economic indicators, high frequency data and news or social media sentiments.
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The objective of the paper is to help in forming adaptive trading strategies relevant to risk management,
execution, market making, portfolio management, and regulatory monitoring. This study provides a conceptual
framework without empirical testing.

Conceptual Framework — The Artificial Intelligence Volatility Adaption Cycle (AIVAC):

This conceptual framework proposes a multi-stage model using Al driven technology for predicting volatility in
the Indian Stock Market to enable strategic decision making on real-time basis (Ahadzadeh et al., 2024; Avelar
& Jorddo, 2024). It addresses the limitations of earlier Al models’ ability to process high frequency, cross-
modal data to forecast volatility and convert it into actionable strategy (Dixon et al., 2020).

Figure showing the five-layer AIVAC framework

Phase 1: Data Fusion &

Contextualization

/ v

Phase 2: Feature

Transformation

|

Phase 3: Predictive

Intelligence & Regime Feedback Loop
Detection i

|

Phase 4: Adaptive Strategy

Engine

C "

Phase 5: Evolutionary

Learning

(Generated using Mermaid Code)

Layer 1: Data Fusion and Contextualization:

The first data acquisition layer gathers the heterogenous data, specific to India and forms the base of this
model. It includes a rich mix of data, namely tick-level order book data or market microstructure data from
stock trading, market status messages like circuit breakers or trading halts, macroeconomic indicators
(GDP, Inflation Rate, Interest Rate), real-time news reports, company financials and social media
sentiments (Fatouros et al., 2024; Koo, 2024; Wawer & Chudziak, 2025) related to stock market. It will
also collect implied volatility data from Nifty or Sensex and other derivative so as to capture future risk
expectations (Najem et al., 2024).
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Layer 2: Feature Transformation:

Once the data is collected in Layer 1, it is transformed in the second layer into high quality predictive
features that give meaning to underlying volatility patterns like persistence, clustering and leverage. This
structure balances the flaws of traditional features such as realised volatility model, order book imbalance
(OBI) metrics, spread and depth metrics by providing support from techniques such as deep learning for
latent feature extraction like RNNs, STLMs and Transformers (Fatouros et al., 2024; Wawer & Chudziak,
2025). Autoencoders and variational autoencoders can also be used for dimensional representation and
cross-modal fusion can help to integrate heterogenous data sources to enhance robustness of volatility
signal (Dixon et al., 2020).
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Layer 3: Predictive Intelligence and Regime Detection:

The third layer will use advanced Al models that will generate accurate and forward-looking forecasts of
volatility. Various deep learning models like LTSMs and Transformers can be used to capture temporal
dynamics, while ensemble techniques like Light GBM can extract insights from engineered features
(Wawer & Chudziak, 2025). Hybrid model enhanced by Al can integrate GARCH models with regime
switching architectures that will detect and adapt to market changes (Dixon et al., 2020). The output of this
layer is a "Dynamic Volatility Landscape"—a real-time, multi-dimensional prediction of the future
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volatility across different time horizons (short or long term) and for various Indian Stock Market-listed
securities.

Volatility Regimes ——| High/Low Detection

Phase 3: Predictive
Intelligence & Regime Confidence Intervals ——| Probabilistic Forecasting

Detection

Hybrid Networks ——| LSTM & CNN Fusion

Layer 4: Adaptive Strategy Engine:

This layer will dynamically adjust the trading strategies to optimize performance and manage risk
(Mhlongo et al., 2024). Strategy modification can be achieved through modifying strategy parameters (like
position size, volatility bands or range), select optimal strategy or enhance execution through algorithms
like VWAP or TWAP (Kissell & Malamut, 2005). It will also manage risk exposure through stop loss and
take profit rules based on expected level of volatility (Li et al., 2024).
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Layer S: Feedback and Evolutionary Learning:

To improve the quality and performance, this framework has included a robust feedback loop. A real-time
feedback loop which will provide trading performance and market response (e.g., realized P&L, slippage,
market impact) continuously back into the system, which will help in retraining the model, improving
prediction accuracy as well as strategy effectiveness overtime.

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM55620 | Page 6


https://ijsrem.com/

T

o %
@.’fy International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 09 Issue: 12 | Dec - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

Feedback Mechanism ——| Real-time Monitoring

Phase 5: Feedback and o ;
Model Retraining —| Outcome-Based Tuning

Evolutionary Learning

Long-Term Adaptivity | Concept Drift Detection

AIVAC: From Data to Intelligence
The AIVAC framework works like a living ecosystem of learning within the markets.

1. The data fusion layer builds perceptions based on the various sources

2. The feature transformation layer converts these perceptions into structured analysis

3. The predictive intelligence layer recognises patterns and anticipates volatility

4. The adaptive strategy engine translates foresight into timely decisions

5. The feedback layer deepens the wisdom using past outcomes to guide future behaviour

Thus, AIVAC framework helps Indian markets to move from reactive forecasts to proactive, self-adjusting
model that learns, adapts and grows over time.

Implications for the Indian Stock Market:

The value that AIVAC framework adds to the various stakeholders is as follows:
1. Investors and Portfolio Managers: The framework will provide better insights into volatility patterns
that will help investors and managers to manage their portfolios during periods of shocks or crises.
2. Traders and Brokers: By using adaptive trading strategies the traders and brokers will be able to
reduce slippage and market impact. They can break down high volume transactions and adjust according to
execution speed and expected volatility to improve profitability.
3. Regulators: Al based volatility mapping can help regulators like SEBI and Stock Exchanges to
maintain proactive oversight by identifying unusual trading activities and volatility clustering patterns
early. This can help to reduce systemic risk.

Challenges:

There are several challenges that have to tackled before integrating AIVAC framework in the Indian Market.
1. Data scale and cost: It is expensive to obtain tick level data as well as high computational capacity is
required to process it.
2. Problems with interpretability of model: The model should not become a black-box like many deep
learning models. This will hamper its interpretability.
3. Using Al ethically: There should be no data bias which can lead to unfair market advantage.
4. Infrastructure Reliability: Secure clouds, GPU’s etc are required for real-time deployment.

Policy Considerations:

The government and regulatory authorities have to implement some policies in relation to:
1. Ethical Usage of AI: Government should require conduct of Regulatory Al Audits and implement
ethical frameworks for safeguarding transparency and fairness.
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2. Introduction of Regulatory Sandboxes: To test the Al systems safely and in a controlled environment,
the authorities should introduce sandboxes to develop formal governance protocols for implementation and
accountability.

Discussion:

The AIVAC framework integrates three critical views namely, the quantitative rigour of volatility theory,
system-based understanding of complexity economics and continuous learning capacity of artificial
intelligence. It learns, evolves and adapts through experience, interaction and feedback. It bridges the gap
between behavioural finance and computational intelligence. It presents a new lens to look at market analysis
and marks a transition from simple prediction to adaptive learning.

Conclusion:

In this paper we are reimagining how to manage market volatility and integrate deep learning in the context of
the Indian market. The AIVAC framework transforms into a living, self-learning system that is capable of
perceiving information, predicting volatility and adapting to market conditions. Its potential applications go
beyond trading to include risk management, investor education and also policy making.

Future Scope:
In future, researchers can use the AIVAC framework with actual NSE or BSE data to explore the interrelation
between econometrics, behavioural finance and artificial intelligence. Such empirical analysis with improve
understanding and explain volatility more clearly which can be used for regulatory purposes.
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