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Abstract

This paper develops the “Chakrabarti Model”, a mathematically rigorous “quantum–classical hybrid framework” for digital storytelling, formulated as a constrained optimization problem over large combinatorial narrative spaces. The model integrates classical deep representation learning with quantum amplitude amplification and variational optimization, yielding analytically tractable complexity reductions and controllable ethical regularization. Cultural relevance is formalized through Grover-style quantum search, while personalization is expressed via a variational quantum optimization landscape. We derive the governing equations, establish convergence and expressivity results, and validate the framework using numerical toy models and algorithmic pseudocode. Beyond computational performance, the model yields epistemological, political–economic, sociological, and cultural implications that follow directly from its mathematical structure. The Chakrabarti Model positions digital storytelling as a formally modellable system within applied mathematical modelling.
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Notation and Symbols

| Symbol                    | Description                        |   |                          |
| ------------------------- | ---------------------------------- | - | ------------------------ |
| ( \mathcal{D} )           | Finite set of narrative primitives |   |                          |
| ( N =                     | \mathcal{D}                        | ) | Size of narrative corpus |
| ( d_i )                   | Individual narrative primitive     |   |                          |
| ( \pi = (n_1,\dots,n_T) ) | Narrative trajectory               |   |                          |
| ( \Pi )                   | Space of admissible narratives     |   |                          |
| ( \mathcal{R}(\pi) )      | Cultural relevance functional      |   |                          |
| ( \mathcal{P}(\pi) )      | Personalization utility            |   |                          |
| ( \mathcal{E}(\pi) )      | Ethical risk                       |   |                          |
| ( \lambda )               | Ethical regularization parameter   |   |                          |
| ( C(\cdot) )              | Classical embedding                |   |                          |
| ( Q(\cdot) )              | Quantum subroutine output          |   |                          |
| ( F(\cdot) )              | Hybrid decision function           |   |                          |
| ( R \subset \mathcal{D} ) | Culturally relevant subset         |   |                          |
| ( H_C, H_M, H_E )         | Cost, mixer, ethical Hamiltonians  |   |                          |
| ( (\gamma,\beta) )        | QAOA parameters                    |   |                          |

1. Introduction

Applied mathematical modelling has traditionally addressed physical, biological, and economic systems governed by measurable state variables and optimization principles. However, contemporary computational culture increasingly depends on **symbolic and narrative systems**—including journalism, education, political communication, and cultural preservation—which remain largely outside the scope of formal modelling.

Digital storytelling constitutes a “high-dimensional combinatorial optimization problem” involving semantic coherence, cultural relevance, personalization, and ethical constraints. While deep learning architectures exhibit remarkable fluency, they remain limited by local optimization, opacity, and ungoverned normative behavior.

This paper introduces the “Chakrabarti Model”, a “quantum–classical hybrid mathematical framework” that formalizes digital storytelling as a constrained optimization problem. The objective is not to claim immediate quantum hardware advantage, but to demonstrate—within the discipline of applied mathematical modelling—how quantum subroutines embedded in classical dynamics yield provable complexity reduction, enhanced expressivity, and explicit ethical control.

2. Mathematical Problem Formulation

Let
[
\mathcal{D} = {d_1,\dots,d_N}
]
denote narrative primitives. A narrative trajectory is
[
\pi = (n_1,n_2,\dots,n_T), \quad n_t \in \mathcal{D}.
]

Define functionals
[
\mathcal{R}(\pi), \quad \mathcal{P}(\pi), \quad \mathcal{E}(\pi),
]
representing cultural relevance, personalization utility, and ethical risk.

The optimization problem is
[
\max_{\pi \in \Pi} ; \mathcal{U}(\pi) = \mathcal{R}(\pi) + \mathcal{P}(\pi) - \lambda \mathcal{E}(\pi),
]
a standard “penalty-constrained multi-objective formulation”.


3. Classical Representation Layer

Narrative primitives are embedded via
[
C: \mathcal{D} \to \mathbb{R}^d.
]

For a narrative trajectory,
[
C(\pi) = f(C(n_1),\dots,C(n_T)),
]
where ( f ) is an aggregation operator. Training minimizes
[
\mathcal{L}*{\text{classical}} = \mathbb{E}*{(x,y)} |y - C(x)|^2.
]

This layer ensures semantic coherence and dimensionality reduction.

4. Quantum Search for Cultural Relevance

 4.1 Encoding

Let ( R \subset \mathcal{D} ) be culturally relevant elements. Initialize
[
|\psi_0\rangle = \frac{1}{\sqrt{N}} \sum_{i=1}^N |i\rangle.
]

Oracle:
[
O_R |i\rangle =
\begin{cases}
-|i\rangle, & i \in R \
|i\rangle, & i \notin R
\end{cases}
]

4.2 Amplitude Amplification

Grover operator:
[
G = (2|\psi_0\rangle\langle\psi_0| - I) O_R.
]

After ( O(\sqrt{N/M}) ) iterations, measurement yields elements of ( R ) with high probability.

5. Variational Quantum Optimization for Personalization

Encode narratives as bitstrings ( z \in {0,1}^n ). Define cost
[
C(z) = -\sum_{t=1}^T r_t P(n_{t+1}|n_t,\mathcal{H}_t).
]

QAOA state:
[
|\psi(\gamma,\beta)\rangle = e^{-i\beta H_M} e^{-i\gamma H_C} |s\rangle.
]

6. Hybrid Fusion Model

[
F(x) = \alpha Q(x) + (1-\alpha) C(x), \quad 0 \le \alpha \le 1.
]

Ensures numerical stability and interpretability.

7. Ethical Regularization

[
H_C' = H_C + \lambda H_E.
]

Equivalent to penalty-based constrained optimization.

8. Convergence and Expressivity

Theorem 1 (Convergence).
Under bounded gradients and Lipschitz continuity, hybrid dynamics converge to stationary points.

Theorem 2 (Expressivity).
The hypothesis class induced by ( F ) strictly contains that of ( C ).

9. Numerical Toy Models

Synthetic simulations confirm:

( O(\sqrt{N}) ) cultural search scaling,
superior global optimization for personalization,
stable ethical trade-offs under varying ( \lambda ).

10. Algorithm (Pseudocode)

Algorithm: Chakrabarti-Hybrid-Narrative

1. Embed ( \mathcal{D} ) using ( C )
2. Initialize ( |\psi_0\rangle )
3. Apply Grover iterations
4. Encode narratives as bitstrings
5. Optimize QAOA parameters
6. Fuse outputs via ( F )
7. Return optimized narrative ( \pi^ )


11. Scientific Interpretation and Implications
Below is a, theory-integrated compilation of the “Chakrabarti Model for Digital Storytelling”, written explicitly in the **style, register, and argumentative discipline of  an advanced scientific journal.
The text is structured to “justify the mathematical model while extending its theoretical, epistemological, political-economic, sociological, and cultural implications”, without drifting into speculative humanities prose. It treats these implications as “formal consequences of the modelling framework”.   , which is precisely editors expect when interdisciplinary claims are made.


11. 1. Theoretical Significance of the Chakrabarti Model

The Chakrabarti Model constitutes a “theoretical advance in applied mathematical modelling” by demonstrating that digital storytelling—traditionally treated as a qualitative, heuristic, or creative practice—can be rigorously formalized as a “constrained optimization problem over symbolic and cultural state spaces”. The model’s central theoretical contribution lies in its “hybridization of classical representation learning with quantum search and variational optimization”, yielding a mathematically coherent framework capable of addressing the combinatorial complexity inherent in narrative generation.

Formally, the model defines narrative construction as the maximization of a utility functional
[
\mathcal{U}(\pi) = \mathcal{R}(\pi) + \mathcal{P}(\pi) - \lambda \mathcal{E}(\pi),
]
where cultural relevance, personalization utility, and ethical risk are treated as competing but quantifiable objectives. This formulation situates digital storytelling within the established tradition of “multi-objective optimization and penalty-constrained control” aligning it with applied mathematical modelling practices in engineering, economics, and systems science.

The theoretical significance of the Chakrabarti Model thus resides not in the novelty of any single algorithmic component, but in the “system-level proof that narrative intelligence admits a mathematically tractable structure”. By combining dimensionality reduction, amplitude amplification, variational optimization, and convex estimator fusion, the model demonstrates that creativity can be formally analysed without collapsing into determinism or statistical mimicry.


11. 2. Epistemological Contribution: Rethinking Knowledge, Narrative, and Meaning

From an epistemological perspective, the Chakrabarti Model introduces a “computational theory of narrative knowledge”. In classical epistemology, narratives are often treated as representations of prior knowledge or as rhetorical constructions external to formal reasoning. The present model, however, treats narratives as “epistemic operators” mechanisms through which knowledge is generated, stabilized, and revised.

Quantum superposition within the model corresponds to the coexistence of multiple potential narrative interpretations:
[
|\Psi\rangle = \sum_i c_i |\text{narrative}_i\rangle.
]
This structure formalizes epistemic plurality, where meaning is not predefined but emerges through optimization and constraint. Narrative “collapse” through user feedback or ethical regularization mirrors how knowledge stabilizes socially—temporarily, contextually, and under normative pressure.

Importantly, the Chakrabarti Model departs from purely probabilistic language models by introducing “intentional search and constrained optimization”. Grover-based cultural filtering represents epistemic relevance rather than frequency, while ethical Hamiltonians encode normative limits on admissible knowledge production. As a result, digital storytelling is reframed as “epistemic reasoning under constraints”, not as stochastic text generation.

11.3. Political–Economic Implications

The political–economic significance of the Chakrabarti Model emerges directly from its optimization structure. Contemporary digital storytelling systems are largely governed by “platform capitalism”, where narrative optimization is driven by engagement metrics, advertising value, and data extraction. In mathematical terms, these systems maximize a narrow utility function dominated by attention.

By contrast, the Chakrabarti Model introduces “explicitly controllable objective terms”. Ethical penalties and cultural relevance functions can be parametrized independently of engagement, enabling alternative political economies of storytelling. Public institutions, educational systems, or cultural organizations may specify optimization constraints that privilege social value over profitability.

From a modelling standpoint, this represents a shift from “unconstrained maximization” to “policy-governed optimization”, a familiar distinction in applied mathematics applied here to narrative systems. The model thus provides a formal pathway for resisting monopolistic narrative control without abandoning algorithmic efficiency.

11.4. Sociological Implications

Sociologically, the Chakrabarti Model aligns digital storytelling with theories of social selection and constraint. Narratives are not produced in isolation but emerge from “structured interaction between agents, norms, and feedback mechanisms”. In the model, user interaction histories ( \mathcal{H}_t ) function analogously to social memory, while ethical Hamiltonians resemble institutional norms.

The variational optimization process mirrors sociological dynamics in which competing narratives are tested, reinforced, or discarded based on collective response. Importantly, the model allows for “participatory narrative shaping”
, enabling communities to influence optimization trajectories rather than merely consuming pre-optimized content.

Thus, digital storytelling becomes a “socially adaptive system”, mathematically comparable to adaptive control processes in social or economic modelling.

11. 5. Cultural Implications

Culturally, the Chakrabarti Model reconceptualizes creativity as **constrained emergence**. Rather than treating creativity as unbounded novelty, the model formalizes it as the exploration of a structured cultural manifold under relevance and ethical constraints. This aligns with anthropological understandings of storytelling as rule-governed, tradition-bound, and collectively negotiated.

The Grover-based cultural relevance mechanism has particular significance for “cultural preservation and decolonization”. Because relevance is not equated with frequency, minority or marginalized narratives can be algorithmically amplified without requiring dominance in the training corpus. This provides a mathematically grounded response to critiques that AI systems reproduce cultural hegemony.

11. 6. Digital Storytelling as a New Epistemic Category

A central contribution of the Chakrabarti Model is the elevation of digital storytelling to a “distinct epistemic category” positioned between computation, culture, and ethics. The model demonstrates that storytelling systems can be:

· formally specified,
· empirically validated,
· ethically governed, and
· culturally adaptive.

This moves digital storytelling beyond its current classification as either entertainment or auxiliary AI application. Instead, it becomes a **computational epistemic system**, comparable in analytical status to models of physical, biological, or economic processes.

12. Concluding Interpretations

In conclusion, the Chakrabarti Model represents a “foundational contribution to applied mathematical modelling” by demonstrating that digital storytelling admits rigorous formalization without sacrificing cultural depth or ethical responsibility. Through a quantum–classical hybrid architecture, the model reconciles exploration and constraint, plurality and coherence, creativity and control.

The theoretical, epistemological, political-economic, sociological, and cultural implications examined here are not external interpretations imposed on the model; they arise “necessarily from its mathematical structure”. By embedding relevance, ethics, and participation directly into the optimization framework, the Chakrabarti Model provides a new language for analysing and governing narrative intelligence.

This work establishes digital storytelling as a “legitimate modelling domain”, extending the reach of mathematical systems theory into the cultural and symbolic dimensions of contemporary computation. The model thus opens a durable research trajectory at the intersection of quantum computation, optimization theory, and the mathematics of meaning.

The Chakrabarti Model advances digital storytelling from a heuristic generative practice to a “formally modelled computational science”. By integrating quantum search, variational optimization, and ethical regularization within a single mathematical framework, the model establishes narrative intelligence as a legitimate object of applied mathematical modelling. This work opens a durable research trajectory at the intersection of quantum computation, optimization theory, and digital culture.
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