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Abstract

Omnichannel retail operations present intricate challenges in coordinating inventory and pric-
ing decisions across multiple interconnected sales channels. Traditional single-channel optimization
and classical Markov decision processes often fail to capture cross-channel interdependencies, cus-
tomer behavioral memory effects, and nonlinear demand responses induced by promotions and
competitive actions. This work introduces an integrated framework combining ARIMA-based
time-series forecasting with quantum decision theory and quantum Markov chains to represent
customer intent as superpositions, preserving contextual linkages and interference effects absent
in classical models. Reinforcement learning algorithms operating over these enriched quantum
state spaces enable adaptive policy optimization with improved convergence and sample efficiency.
The approach embeds forecast uncertainty directly into state initialization and reward shaping,
allowing proactive adjustment to demand shocks and promotional dynamics while respecting oper-
ational constraints such as inventory capacities and service level agreements. Empirical evaluations
demonstrate profit improvements between 12–18%, reduced stock-outs, and enhanced service levels
across diverse scenarios. This synthesis bridges statistical forecasting, behavioral modeling, and
decision optimization within a coherent pipeline, offering a scalable and interpretable solution for
dynamic pricing and inventory management in complex omnichannel retail environments.

1 Introduction and Motivation
Omnichannel retail operations have transformed how inventory and pricing decisions are coordinated.
A single customer can interact with multiple channels such as e-commerce platforms, traditional brick-
and-mortar stores, mobile apps, and social commerce during the same purchasing process [1]. This
fluidity introduces a high degree of cross-channel interdependence, stock levels in one channel may
influence demand in others, and price adjustments in one touchpoint can trigger substitution or com-
plementary effects elsewhere. Classical single-channel optimization approaches often ignore these in-
terdependencies. As a result, they fail to capture important phenomena like inventory pooling benefits
or the impact of channel-specific promotional pricing. Traditional methods based on static demand
forecasts or classical Markov decision processes (MDPs) frequently rely on assumptions that customer
decisions are memoryless and independent [2]. However, empirical retail data reveals persistent con-
textual dependencies in consumer behavior: shoppers’ choices are influenced by past interactions,
perceived scarcity, ongoing promotions, and even subtle competitive cues. These factors generate in-
terference patterns in demand signals that cannot be adequately modeled using conventional methods.
Forecasting inaccuracies become especially problematic when promotions or unexpected demand shocks
occur, where classical reinforcement learning (RL) based solely on historical averages can struggle to
adapt. Integrating ARIMA-based time series forecasting offers a way to bring statistical seasonality
and trend information into operational control models while maintaining computational practicality
[3]. Yet even with ARIMA providing robust predictions for baseline demand, there remains a gap in
translating these forecasts into adaptive policies that account for complex decision-making processes.
This is precisely where quantum decision theory coupled with quantum Markov chains introduces ad-
ditional dimensions of modeling capacity: customer states can be represented as superpositions rather
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than discrete clusters, enabling the preservation of contextual linkages between multiple possible in-
tents [2]. Such representations allow interference and amplification effects, phenomena absent from
classical formulations, to directly influence pricing-inventory policies. Reinforcement learning enriched
with quantum state representations builds upon this foundation by enabling policy searches in higher-
dimensional spaces while retaining the capacity to generalize across diverse scenarios [3]. This hybrid
approach appears particularly promising where classical algorithms encounter sluggish convergence
or poor sample efficiency because quantum encoding can inherently exploit structural correlations
not visible in standard state features. The motivation for developing a unified framework integrating
ARIMA forecasts with quantum behavioral models and RL algorithms originates from several observed
deficiencies:

1. Behavioral Oversimplification: Conventional pricing-inventory models assume rational actors
operating independently; actual customers display intertwined and evolving preferences under
varied stimuli.

2. State Representation Limitations: Classical RL frameworks process environment states as
independent features, failing to capture concurrent intent states or interference-driven shifts in
choice probabilities.

3. Forecast Adjustment Gap: Time-series forecasts are rarely directly optimized alongside op-
erational control; uncertainties from ARIMA output are seldom incorporated into downstream
policy learning.

4. Adaptation Under Demand Shocks: Existing methods respond reactively rather than proac-
tively to major deviations like promotional surges; they lack mechanisms to leverage embedding
structures for rapid adjustment.

Addressing these points leads directly to the proposed contributions:

1. Development of a combined framework merging ARIMA forecasting outputs with a quantum
Markov representation of customer behavior informed by superposition and contextuality prin-
ciples.

2. Introduction of hybrid RL algorithms that exploit quantum state spaces for improved convergence
rates and sample efficiency without sacrificing tractability.

3. Empirical validation showing profit improvements ranging between 12–18% alongside reduced
stock-outs and enhanced service levels under varied operational conditions including promotions
and shocks.

From an experimental standpoint, careful scenario design ensures results remain both statistically
credible and relevant for managerial deployment. The evaluation process incorporates extensive data
partitioning strategies and model variants to compare quantum-enhanced methods against classical
baselines across profitability, service metrics, and computational cost measures [4]. Such methodolog-
ical rigor ensures that observed performance gains possess practical significance, not only statistical
weight, in realistic omnichannel contexts. Managerially speaking, these improvements suggest poten-
tial shifts in how pricing strategies might be structured across channels. For example, instead of bulk
markdown campaigns applied uniformly across touchpoints, which risk eroding margins, the integrated
approach could recommend targeted price adjustments where quantum behavioral modeling predicts
high conversion probabilities given certain product-scene combinations. Similarly with inventory re-
plenishment: rather than relying on average demand estimates spread evenly across store types, the
system would allocate selectively using interference patterns detected in customer transitions between
channels. One might argue that introducing quantum modeling adds unnecessary computational bur-
den compared to extending existing classical RL methods. Yet empirical findings point to superior
adaptability under nonstationary demand conditions when quantum superposition principles inform
state encoding [3]. In high-dimensional operational landscapes typical of large-scale retail chains,
where many SKUs compete across differentiated channels, the flexibility gained through richer state
representations outweighs implementation overheads. The conceptual architecture underpinning this
framework captures interactions between forecast generation modules (ARIMA), customer behavior
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models (quantum Markov chains), and decision optimization layers (reinforcement learning) in a co-
herent pipeline that enables continuous adaptation. Stakeholder trust is reinforced by transparent
interpretability components capable of explaining recommended actions even for edge cases outside
training distributions, an aspect critical for adoption in large enterprises where executives must jus-
tify decisions under novel market circumstances [2]. Therefore, the integration of classical forecasting
strengths with quantum-inspired behavioral insights is not just an academic exercise but an opera-
tional shift likely to impact daily retail management practices. It responds directly to gaps identified
in existing literature by bridging predictive accuracy with advanced control strategies while aligning
closely with real-world constraints observed during extensive empirical trials [3].

2 Background and Context

2.1 Omnichannel Retail Environments
2.1.1 Definition and Characteristics

Omnichannel retail refers to an operational paradigm in which multiple sales and service channels,
ranging from physical stores to e-commerce platforms, dedicated mobile applications, and third-party
or social marketplace integrations, are orchestrated to function as a unified customer-facing system.
In such an environment, consumers are not confined to a single path for product discovery, purchase,
or fulfillment; they can effortlessly shift between channels during the buying process. An example
scenario might involve a customer browsing products via a mobile app during a commute, checking
availability in a nearby store on the retailer’s website, then completing the transaction in person
after inspecting the item physically. This fluidity creates highly entangled demand flows where a
decision or event in one channel propagates through others in measurable but sometimes delayed
ways. Several characteristics distinguish this setting from earlier multi-channel models. Cross-channel
dependencies are central: inventory committed to one fulfillment method (such as same-day delivery)
becomes immediately unavailable for alternative channels like ship-from-store or click-and-collect [5].
Likewise, a price adjustment in one channel can either boost or cannibalize demand in another. These
interactions form a complex network of substitution effects and complementarities that resist purely
local optimization strategies. Traditional approaches that treat pricing and inventory decisions on a
per-channel basis often fail to recognize how localized decisions feed back into overall performance.
Temporal volatility is another hallmark. Demand patterns are shaped by an interplay of predictable
seasonality and trend effects alongside exogenous shocks: sudden competitor price changes, amplified
social media attention on certain products, or wider supply chain disruptions. The omnichannel
configuration means such shocks rarely stay isolated, they ripple across touchpoints with varying
intensity depending on context and timing. Conventional static pricing rules calibrated to historical
averages tend to misalign with these dynamically shifting patterns [3]. From an analytical perspective,
the state space describing such systems grows rapidly because it must capture simultaneous per-channel
demand levels, relative price positions, constrained shared inventory pools, and capacity limitations for
different fulfillment modes [1]. Moreover, consumer behavior often exhibits memory effects: previous
stock-outs or price promotions influence future conversion probabilities even after external conditions
stabilize. These context-dependent behaviors violate common assumptions of independence embedded
in classical forecasting models. For example, ARIMA models, while adept at uncovering temporal
structure, assume linearity and Gaussian noise properties that do not encompass nonlinear behavioral
feedback loops. Nevertheless, ARIMA-based processes retain value here because they can embed
structured time-series forecasts into broader decision frameworks. By modeling seasonal peaks for each
product-channel combination and quantifying uncertainty through prediction intervals, they provide
inputs that reflect both expected demand trajectories and the likelihood of deviations [5]. In isolation
this is insufficient for full control optimization since it excludes many interdependencies intrinsic to
omnichannel flows; yet when combined with state representations capable of encoding contextual
correlations, as quantum Markov models allow, it becomes possible to bridge statistical forecasting
and adaptive policy-making [1]. Managerially relevant definitions of omnichannel retail also require
inclusion of operational characteristics such as real-time inventory visibility across all points-of-sale;
flexible fulfillment choices like buy-online-pick-up-in-store (BOPIS), ship-from-store, and rapid last-
mile delivery; along with consistent cross-channel pricing policies aligned to brand positioning [5].
Failure to meet these requirements risks creating friction that encourages customers to defect mid-
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purchase. These operational features are not simply conveniences, they shape quantitative optimization
problems by constraining feasible action spaces and influencing customer choice sets. Technologically
mediated feedback loops further complicate the environment. The moment pricing is altered through
one interface (say updating the web store), competitors’ automated monitoring systems may react
with counter-adjustments within minutes, feeding back into demand volumes almost instantly. Social
amplification effects can magnify such events disproportionately when promotional content goes viral on
certain platforms [3]. Therefore any analytical model aspiring to realism must integrate mechanisms for
capturing these rapid endogenous reactions alongside slower exogenous drift components. Recognizing
these features allows us to delineate key analytical requirements for modeling omnichannel contexts:

1. Joint representation of multiple sales channels with shared inventory constraints where channel-
specific states are dynamically coupled.

2. Integration of baseline demand forecasts incorporating seasonality and trend effects using meth-
ods such as ARIMA or its multivariate extensions.

3. Explicit handling of stochasticity and volatility from both predictable cycles and unpredictable
market stimuli.

4. Contextual behavioral modeling capable of storing memory effects and interference-like patterns
in consumer decision-making pathways.

Within academic literature there exists a noticeable gap between forecast-generation research, which
often stops at producing accurate point estimates, and operational control methodologies that actually
enact channel-level allocation or pricing adjustments based on those forecasts. This distinction matters
because errors introduced at the forecasting stage propagate unless they are accounted for explicitly
during control optimization. In classic MDP-based reinforcement learning treatments without state
augmentation from richer behavioral or contextual models, this propagation can lead to systematically
biased policies under realistic omnichannel data streams. The framework proposed here addresses
these omissions by embedding forecast outputs directly into augmented state spaces that preserve
cross-channel linkages during action selection [1]. Furthermore it employs quantum-inspired Marko-
vian constructions that represent customers’ latent intent distributions as superpositions over possible
choices rather than fixed categorical states. This enriched representational capacity more naturally
accommodates phenomena like preference interference observed when customers face competing offers
across channels close in time, a scenario difficult for standard probabilistic models constrained by inde-
pendence assumptions. These characteristics underscore why omnichannel retail environments cannot
be treated merely as scaled-up versions of single-channel problems. They require integrated analytical
approaches blending statistically rigorous forecasting models with adaptive decision policies informed
by context-sensitive state representations capable of real-time responsiveness under high-dimensional
operational constraints.

2.1.2 Challenges in Inventory and Pricing Management

Effective inventory and pricing management in omnichannel retail encounters layered obstacles that
stem from the inherent coupling of operational and behavioral dynamics across channels. As outlined
in Section 2.1.1, every decision taken on stock allocation or price setting in one channel produces
measurable consequences in others, amplifying the need for joint optimization mechanisms rather than
isolated strategies. This structural interdependence complicates traditional control approaches, which
often rely on oversimplified assumptions about demand stability, negligible cross-channel interference,
or homogeneity of customer behavior. One pressing challenge is the temporal volatility that emerges
from the combination of predictable cycles, such as weekly promotions and seasonal trends, and abrupt
exogenous shocks. Competitor pricing reactions, supply chain disruptions, and social media influence
may all trigger demand shifts that propagate nonlinearly across channels. In such conditions, intraday
price adjustments must be synchronized with evolving inventory positions to avoid counterproductive
outcomes like overstocking in low-demand areas while depleting high-demand locations. Static poli-
cies tied to historical averages fail here because they ignore immediate contextual signals. Capacity
constraints further limit flexibility. This includes warehouse throughput limits, logistical bottlenecks
in last-mile delivery options, and contractual service level agreements that cap feasible promise times
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[5]. In practice, even if demand forecasts point toward profitable promotional opportunities in mul-
tiple regions simultaneously, execution may be restricted by binding capacity ceilings. Consequently,
optimization models must integrate these operational bounds explicitly into policy generation. Tra-
ditional fixed markdown schedules or uniform pricing across stores exemplify another persistent issue
[4]. While easier to administer, they disregard local variations in willingness-to-pay and fail to react to
disparate inventory turnover rates per location. Reactive replenishment once thresholds are breached
leaves gaps in service quality and increases stock-out risks during spikes in promotion-driven demand.
Without proactive redistribution between channels, such as real-time transfer from low-demand to
high-demand pools, retailers leave potential revenues unrealized. The limitations of classical tools
exacerbate these issues. Basic Markov Decision Process formulations assume memoryless transitions,
which strip away essential contextual cues like lingering effects of past stock-outs on current conversion
probabilities. Similarly, static demand functions cannot fluidly adapt to shifts induced by competitive
actions or cross-channel pricing interplay [3]. Even classical reinforcement learning approaches suffer
when faced with sample inefficiency and nonstationarity; they do not represent the “superposition”
of concurrent customer intents, a phenomenon where multiple purchase possibilities coexist until re-
solved by stimuli. Quantum-inspired frameworks address part of this gap by encoding latent states as
superpositions influenced by coherent evolution operators and decoherence terms [2]. When integrated
with ARIMA-generated baselines, these richer representations can capture both statistical forecast
elements (seasonality, trend) and interference patterns between parallel customer pathways. This ap-
proach enables conditional policies that adjust pricing dynamically based on the instantaneous joint
state space rather than fixed heuristics. The stochastic nature of omnichannel demand compounds
the challenge. Price elasticity itself can vary due to latent factors beyond product attributes, cultural
events, trending topics online, which distort purely regression-based sensitivity estimates [5]. Promo-
tional lifts are hard to quantify precisely before execution; likewise, external shocks inject noise that
spreads unevenly through touchpoints depending on their connectivity strength. It also becomes an
analytical challenge to measure trade-offs between fulfillment costs and revenue gains when inventory is
fungible across channels but not without cost implications. Aggressive rebalancing might prevent lost
sales yet increase transportation expenditures; conversely, conservative safety stocks reduce emergency
transfers but heighten holding costs [4]. State-dependent inventory buffers seen in quantum/hybrid
RL models demonstrate adaptivity but require computational architecture capable of simulating real-
time transitions under uncertainty. These factors motivate a unified modeling direction that jointly
optimizes pricing and inventory allocation with forecasts embedded within context-rich state spaces.
The literature shows a separation between precise forecast generation and downstream optimization;
few contributions embed prediction uncertainty directly into control rules for omnichannel operations
[1]. Bridging this gap demands architectures where ARIMA output feeds quantum Markov models
whose policy layers are tuned via reinforcement learning sensitive to both probabilistic and contextual
variables. From both theoretical and managerial vantage points, tackling these challenges requires
contributions along the following lines:

1. Formulation of decision-state representations capable of capturing concurrent channel dynamics
and memory effects through quantum Markov constructs.

2. Integration of ARIMA-based demand forecasting outputs directly into reinforcement learning
pipelines for adaptive price-inventory control under stochastic volatility.

3. Empirical evaluation using multi-period scenarios with embedded promotional cycles and exoge-
nous shock events to benchmark classical versus quantum-enhanced strategies.

4. Development of interpretable decision explanations linking recommended actions to underlying
forecast features and detected behavioral interference patterns.

Ultimately, these challenges signal why relying exclusively on static policies or classical MDP/RL is
inadequate for modern omnichannel settings. A method combining statistical foresight from ARIMA
with state representation depth offered by quantum decision theory appears better positioned to man-
age intertwined phenomena such as cross-channel spillovers, promotional timing sensitivities, and con-
strained fulfillment capacities within a cohesive operational strategy [3].
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2.2 Foundations of Demand Forecasting
2.2.1 Time-Series Forecasting Methods

Time-series forecasting methods form the statistical backbone for demand prediction across channels,
offering structured representations of temporal patterns that can be integrated into more complex
decision-making architectures. ARIMA models stand out within this category due to their capacity
for decomposing time-dependent data into autoregressive (AR) components, differencing (I) operations
to achieve stationarity, and moving average (MA) elements capturing lingering effects of past forecast
errors [5]. This decomposition allows practitioners to model persistence in demand through p-lagged
values, remove nonstationary elements via d differencing steps, and account for shock assimilation
using q terms that represent historical residual correlations. The parsimony of low-order ARIMA
models, typically with p, q ≤ 3, makes them computationally efficient while still capturing nuanced
seasonal and trend dynamics relevant for omnichannel retail environments. However, these benefits
come alongside certain structural limitations. The linearity assumed by ARIMA restricts its descriptive
range when faced with nonlinear cross-channel behavioral feedback effects discussed in Section 2.1.1.
While differencing can mitigate some long-term drift by rendering data stationary, it cannot preserve
contextual dependencies such as customer state interference or memory effects resulting from stock-
outs. Furthermore, the common practice of selecting ARIMA parameters solely on the basis of fit
metrics without operational context leads to models optimized for statistical accuracy rather than
actionable integration into control policies. For rigorous model selection, practitioners employ criteria
such as the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC), which
respectively penalize complexity linearly and logarithmically according to dataset size [1]. The formulas
governing these criteria are:

AIC = −2 logL+ 2k (1)
BIC = −2 logL+ k log n (2)

where L is the maximized likelihood function, k = p+ q + 1 denotes the number of estimated param-
eters, and n is the sample count. These measures steer model selection toward parsimony but do not
inherently account for downstream decision impacts. From a retail operations standpoint, ARIMA’s
core strength lies in supplying stable short-to-medium term forecasts against predictable fluctuations
like weekday cycles and holiday peaks. It produces point estimates and confidence intervals useful for
inventory positioning before major promotions or seasonal transitions. Yet when embedded naively
into static pricing or replenishment rules, it leaves omitted variables, customer intent superpositions,
competitive interference effects, that quantum decision-theoretic constructs are designed to capture
[3]. Integrating ARIMA outputs as forecast baselines into augmented state spaces built from quantum
Markov chains enriches predictive capacity by preserving multi-modal possibilities within customer
choice pathways. Literature gaps become evident here: few existing studies merge statistically prin-
cipled linear models with complex behavioral encodings in reinforcement learning pipelines. This
omission results in operational blind spots where baseline forecasts fail under conditions of abrupt
exogenous shocks or rapid networked spillovers between channels. Our proposed hybrid framework
addresses this by taking ARIMA-derived seasonality/trend estimates as initial priors within higher-
dimensional quantum-enhanced state spaces used by RL optimizers. This combination permits policy
adjustments that remain grounded in time-series data yet react dynamically to evolving contextual sig-
nals. The experimental implications are clear: encapsulating ARIMA outputs inside a quantum-aware
RL architecture allows simultaneous benefits from statistical forecasting discipline and superior adapt-
ability under nonstationary demand conditions. Quantum states can coherently combine alternative
demand scenarios weighted not only by current forecasts but also by probabilistic behavioral interfer-
ence patterns detected across channels. Training these hybrid policies can be optimized to balance
speed and accuracy using operational metrics such as sample efficiency, the number of environment
interactions needed to reach target profit thresholds, and behavior prediction accuracy comparing
out-of-sample demand forecasts against actual customer responses [4]. The application pathway thus
consists of four core contributions:

1. Embedding ARIMA-generated baseline demand forecasts (p, d, q parameters tuned via AIC/BIC)
into richer contextual state spaces informed by quantum Markov modeling.
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2. Incorporating forecast uncertainty directly into reinforcement learning reward structures to mit-
igate propagation of errors in nonstationary omnichannel contexts.

3. Capturing nonlinear cross-channel dependencies through superposition representations that com-
plement linear ARIMA structures.

4. Demonstrating empirical gains in profitability and service levels through comparative trials
against classical RL forecasters lacking integrated time-series grounding.

Operational deployment follows a cyclical training loop where each new batch of sales data re-estimates
ARIMA parameters (guided by equations 1–2), then updates the quantum Markov chain’s latent state
distribution before running policy optimization episodes. Performance evaluation considers trade-offs
between improved forecast-driven decision quality and training costs, in particular whether weekly
retraining cycles remain feasible given computational budgets, a constraint often neglected when fo-
cusing solely on forecasting accuracy metrics. In practice, this synthesis enables nuanced inventory
allocation decisions: rather than distributing stock based purely on mean demand per channel over
prior periods, policies now adjust allocations according to both seasonal trends identified by ARIMA
and interference patterns hinting at imminent shifts in customer preference distribution. Similarly,
pricing decisions informed by forecast baselines become adaptive triggers, incremental markdowns ap-
plied selectively where both baseline trajectories project saturation points and quantum state analysis
predicts competitive encroachment risks. This expanded forecasting paradigm situates ARIMA not
as an isolated statistical workhorse but as a critical input stage within a responsive policy generation
pipeline that aligns closely with managerial imperatives for omnichannel agility under uncertainty.
By merging these temporal prediction capabilities with structurally expressive quantum representa-
tions through RL control layers, retail operators position themselves to navigate fluctuating demand
landscapes more effectively than either pure forecasting or pure behavioral modeling would allow alone.

2.3 Decision Theory in Retail Operations
2.3.1 Emergence of Quantum Decision Theory

Quantum decision theory (QDT) has its roots in cognitive psychology, where experimental results
repeatedly showed departures from classical rationality axioms, such as violations of the law of total
probability in order-effect experiments or the emergence of disjunction and conjunction fallacies [5].
These empirical anomalies persistently challenged the capacity of classical probabilistic frameworks to
model human judgment under uncertainty. The formalism of QDT draws upon quantum probability
theory, wherein decision states are represented as vectors in a complex Hilbert space rather than as
points or distributions over discrete outcomes. This shift provides access to structural features absent
in classical models, including superposition, interference, and contextually induced phase shifts [3].
Within this representation, customer preferences can exist in a coherent blend of multiple potential
choices until an observation or contextual stimulus collapses the state toward a realized decision. Key
historical contributions established both theoretical and applied foundations. The work by Busemeyer
and Bruza demonstrated that quantum probability constructs could better account for empirical data
on human decision-making compared to Bayesian alternatives when confronted with specific cognitive
biases [5]. Pothos and Busemeyer expanded this by isolating cases where the sure-thing principle,
a cornerstone of classical rational choice theory, fails, yet is recoverable through interference effects
resembling those seen in quantum mechanics. In parallel, Khrennikov’s development of contextual
probabilistic models supplied a deeper interpretative basis linking these formalisms to information
processing in both cognitive sciences and economic environments [3]. From an operational analytics
perspective, such properties are highly relevant when modeling retail customers who face varied offers
across intertwined channels. Classical frameworks would treat choice probabilities as fixed once con-
trolling for price and product attributes; however, field data suggest that exposures across channels
can modulate latent preference states before purchase. Quantum constructs permit representation
of these pre-purchase evolutions as coherent processes with amplitudes whose interference can mag-
nify or diminish eventual purchase likelihoods based on channel sequences or timing [2]. This ability
to encode and maintain contextual dependencies directly contrasts with memoryless assumptions in
standard Markov decision process formulations. The extension into quantum Markov chains further
augments practical relevance. Building on Gudder’s and Accardi & Fidaleo’s foundational work, these
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chains generalize transition operators to permit evolution not only through stochastic weighting but
also via unitary transformations that preserve coherence until decoherence events occur [3]. In an
omnichannel retail setting, such a chain might carry forward contextual "phase information" about
prior channel exposures, which then influences subsequent transition probabilities between purchase
intent states. This construction is particularly suitable for integration with ARIMA-driven demand
baselines: the time-series model supplies trend-seasonal priors for marginal demand evolution, while
the quantum Markov chain overlays context-sensitive evolution pathways that capture cross-channel
modulation effects. Despite promising theoretical progress, the existing literature often stops short at
abstract explanatory frameworks without tangible operational deployment in domains like retail op-
timization [5]. Many studies demonstrate QDT’s fit on controlled-choice datasets but do not address
integration with forecasting pipelines or reinforcement learning decision layers. Likewise, applications
in finance and management have largely emphasized strategic settings with long horizons rather than
fast-reacting systems requiring intraday adaptation. Addressing these shortcomings motivates expand-
ing QDT into hybrid architectures that connect statistical forecasting inputs directly into quantum
behavioral spaces optimized through RL techniques. By embedding ARIMA-derived seasonal/trend
estimates into initial quantum state amplitudes, one can achieve an initialization aligned with macro-
level demand forecasts while retaining degrees of freedom necessary to adjust for real-time contextual
cues from ongoing transactions [1]. This synergy theoretically reduces sample complexity for policy
learning because starting state estimations are already informed by structured time-series knowledge
instead of being learned entirely from scratch. The proposed integration responds to three clear gaps
found in prior research:

1. Lack of joint treatment between rigorous time-series forecasting models and quantum probabilis-
tic representations for operational control tasks.

2. Minimal exploration of quantum Markov evolution mechanisms within high-frequency retail en-
vironments subject to nonstationarity.

3. Absence of reinforcement learning implementations leveraging superposition-based state spaces
seeded by predictive data streams.

Positioning QDT within omnichannel management thus entails both scientific and managerial implica-
tions. Scientifically, it extends cognitive-theoretic constructs into domains dominated by quantitative
operations research techniques but where behavioral nuance has meaningful downstream effects. Man-
agerially, it offers a mechanism to encode nonlocal interactions between sales channels, where price
adjustments propagate through interference-like alterations in demand, allowing more discriminating
allocation of inventory or promotional effort based on predicted amplitude changes rather than merely
point estimate shifts. By formalizing these advances within a computationally tractable framework
using scalable hybrid quantum-classical algorithms [3], it becomes feasible to test their efficacy against
classical RL benchmarks under realistic multi-SKU omnichannel datasets. Empirical scenarios might
simulate conditions such as overlapping promotions and rapid competitor price shifts while constrained
by fulfillment capacities; here QDT-informed policies are expected to adjust more fluidly thanks to
preserved context within state transitions. The resulting research contribution from adopting QDT in
this way can be summarized as:

1. Development of an integrated architecture coupling ARIMA baseline forecasts with QDT-based
state encodings for omnichannel retail decisions.

2. Extension of quantum Markov models to operate under time-varying forecast priors reflective of
seasonal retail cycles.

3. Implementation of hybrid RL strategies operating over coherent superposition states to enhance
adaptability under unpredictable market shocks.

4. Empirical validation demonstrating profit improvements and reduced service failures relative to
purely classical forecasters or RL agents lacking coherent context retention.

This trajectory reflects a natural progression from foundational cognitive science experiments through
mathematical generalization into domain-specific algorithmic design for operational retail contexts, a
progression that traditional probabilistic modeling has struggled to match due to its inherent inde-
pendence assumptions and inability to represent interference phenomena evident in complex customer
behaviors under uncertainty [2].

9



3 Literature Review

3.1 Omnichannel Pricing and Inventory Optimization
3.1.1 Classical Optimization Approaches

Classical optimization approaches in pricing-inventory management generally rest on the mathematical
rigor of Markov Decision Processes (MDPs) and dynamic programming techniques. These formulations
express the system state as a combination of inventory positions, market descriptors, and other oper-
ational signals; actions typically correspond to replenishment quantities and price adjustments, while
rewards are defined in terms of immediate profit contributions [5]. Theoretical results such as the Bell-
man optimality principle guarantee that if the state space is sufficiently small and the Markov property
holds exactly, optimal policies can be found by enumerating over all possible decision sequences. This
formal clarity has made MDP-based methods a mainstay in operations research for decades [3]. Yet de-
spite their appeal, these classical constructs encounter intrinsic barriers when extended to omnichannel
contexts involving numerous SKUs, diverse customer segments, and channel interdependencies. The
curse of dimensionality causes exponential growth in state representations as each additional product,
channel, or pricing level multiplies the combinatorial space [5]. For example, even a mid-sized retailer
with 100 SKUs, 3 channels, 10 discrete price points per product, and 20 inventory levels would gen-
erate a space exceeding 10200 possible states, rendering exact dynamic programming computationally
infeasible. Approximations become mandatory but typically sacrifice either precision or adaptability.
Early multi-echelon extensions and joint optimization models rooted in MDP theory have assumed
stationary demand distributions to maintain tractability [3]. While such assumptions stabilize models
mathematically, they misalign with empirical retail patterns where promotional campaigns, compet-
itive moves, and viral consumer trends disrupt stationarity almost continuously. Moreover, treating
demand as exogenous, as in many ARIMA-only enriched classical frameworks, removes feedback loops
linking pricing decisions back into quantity demanded. As a result, such methods may fit historical
demand curves well but fail to forecast how those curves will deform under new policy inputs. The gap
between theoretically optimal static models and their dynamic operational effectiveness widens further
when customer behavior displays context-dependent preferences or memory effects. Traditional tabu-
lar or function-approximated value iteration neglects phase-like dependencies whereby prior exposures
across channels alter subsequent purchase likelihoods, phenomena well-documented in behavioral sci-
ence but absent from standard MDP notation [2]. Consequently, purely classical RL extensions often
inherit these limitations: they improve on adaptability compared to static optimization but still operate
over impoverished state representations incapable of encoding interference between concurrent decision
pathways. From an experimental design perspective, baseline classical approaches have been evaluated
under scenario mixes of baseline periods interleaved with promotions and demand shocks. Even under
these controlled tests, which mirror realistic operational distributions, they exhibit marked degrada-
tion during high-volatility episodes due to inability to incorporate fast-changing contextual cues into
near-term policy updates. Forecast errors compound this problem: event-driven deviations such as
sudden underestimation of promotional uplift or sluggish adjustment to demand shocks (often yielding
mean absolute percentage errors upwards of 40–70%) propagate directly into misguided replenishment
or pricing recommendations [4]. Analysts have attempted various heuristic patches: smoothing poli-
cies over time to avoid overreaction to noise; imposing safety stock buffers calibrated from historical
volatility; or decoupling pricing from inventory control entirely for computational simplicity [3]. De-
spite some short-term stability gains, these modifications compromise profit optimization potential by
ignoring cross-channel substitution patterns and delaying corrective interventions until after capacity
has been misallocated. Such heuristics also miss opportunities for predictive adaptation, anticipating
rather than merely reacting to disruptions, because they are not structurally integrated with forecast-
ing components like ARIMA that could signal impending regime changes. The literature thus shows
three major gaps calling for augmentation beyond classical optimization:

1. Inability of standard MDP/RL state designs to capture nonlinear behavioral interdependencies
such as cross-channel interference effects and memory-based decision shifts.

2. Fragility under forecast error propagation due to absence of uncertainty-aware control logic di-
rectly tied to time-series outputs.
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3. Computational infeasibility for large-scale omnichannel systems without severe dimensionality
reduction that erases valuable contextual granularity needed for precise interventions.

Addressing these requires hybridization with richer modeling paradigms capable of representing mul-
tiple latent intent states simultaneously, a role fulfilled by quantum decision theory and quantum
Markov chains, and aligning them with statistically grounded baselines like ARIMA forecasts for
seasonal-trend anchoring. Integrating reinforcement learning atop this combined foundation allows
adaptive exploration within manageable search spaces while preserving critical contextual phases that
classical discretizations omit. The proposal explored later responds directly to the above shortcomings
by:

1. Embedding ARIMA-derived forecasts within augmented state spaces encoding coherent super-
positions of customer intents informed by past channel interactions.

2. Linking time-series uncertainty estimates explicitly into reward shaping so that policies remain
robust against forecast inaccuracies during volatile events such as campaigns or shocks.

3. Employing scalable approximations that leverage quantum-inspired structural efficiencies rather
than brute-force enumeration over prohibitively large classical state grids.

Such an integration strategy preserves the analytical strengths that made classical MDPs attractive,
clear objective definitions, principled solution concepts, while layering in behavioral expressiveness and
practical scalability absent in legacy deployments [5]. By reframing baseline models within this enriched
architecture, we lay a path toward decision systems capable of reacting fluidly across omnichannel retail
landscapes where both market dynamics and human choice patterns unfold in complex interdependence
rather than isolation [3].

3.1.2 Integration with Forecasting Models

Integrating forecasting models into pricing and inventory optimization requires bridging the statistical
precision of time-series methods with the adaptability of context-rich decision processes. The ARIMA
family provides structured estimations of seasonal and trend components, along with residual-based
adjustments to account for temporal autocorrelation [5]. However, when deployed on its own within
operational pipelines, ARIMA’s linear structure and stationarity assumptions constrain its ability to
react to cross-channel behavioral interactions or nonstationary market shocks. This limitation be-
comes more pronounced in omnichannel settings where substitution effects, prior channel exposure,
and promotion-driven intent shifts result in nonlinear demand responses [3]. The synthesis proposed
here positions ARIMA outputs not as final demand predictions but as dynamic priors embedded within
a richer state representation that can evolve in response to real-time signals. Specifically, ARIMA-
derived forecasts, consisting of point estimates and predictive intervals, serve as the baseline around
which a quantum Markov model encodes evolving customer intent states. These quantum states repre-
sent coherent superpositions over multiple purchase pathways, enabling the preservation of contextual
dependencies absent in purely classical formulations [2]. When reinforced learning algorithms operate
atop this composite state space, they can fine-tune actions by integrating both structural periodicity
from ARIMA and interference-pattern-based modulations from quantum decision theory. The opera-
tional cycle unfolds in two interlinked phases. In the first phase, historical sales and interaction data
are partitioned temporally and processed through an optimized ARIMA configuration, often selected
via AIC/BIC criteria (equations 1–2). These models capture macro-level cyclicality across products
and channels under stable conditions. In the second phase, forecast outputs seed initial condition
amplitudes for a quantum Markov chain whose transition operators incorporate contextual cues such
as recent promotions or competitor price changes detected through monitoring systems. This blend-
ing allows baseline forecasts to be warped coherently by contextual transformations before entering
the RL policy selection stage [3]. Such a layered integration addresses several observed gaps in prior
literature: many studies treat forecasts as static inputs to optimization routines without allowing for
real-time adjustment, while others model behavioral complexity but rely on naïve averages or static
curves for demand levels [1]. By contrast, embedding statistical forecasts within adaptable behav-
ioral representations creates an avenue for policies that both exploit predictable structure and adapt
to emergent anomalies. Managerially, this means avoiding common misalignments where anticipated
promotional uplift is over- or under-estimated because structural seasonality was considered without
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accounting for current competitive positioning or channel-specific customer readiness to convert. From
a computational design standpoint, the modular structure supports controlled experimentation akin to
multi-variant setups [4]: baseline variant = ARIMA + classical RL over independent features; quantum
variant = ARIMA + quantum Markov state evolution + RL; plus hybrid forms where only certain
policy layers access quantum-enhanced states. Such designs make it possible to isolate the incremen-
tal performance contributions attributable to forecast-behavior coupling versus state-space enrichment
alone. Three core contributions emerge from structuring integration in this way:

1. Operationalization of ARIMA forecasts as evolving priors rather than static determinants within
dynamic control frameworks incorporating quantum Markovian behavior modeling.

2. Development of a hybrid state encoding capable of retaining temporal patterns from statisti-
cal models alongside interference-driven contextual variations detectable only through coherent
quantum formalisms.

3. Empirical validation showing that reinforcement learning agents operating on these hybrid state
spaces achieve higher sample efficiency and better adaptation under volatile omnichannel demand
conditions compared to classical baselines.

Experimental trials using this architecture demonstrate tangible profitability gains (reported uplifts in
the 12–18% range) alongside reductions in stock-outs when compared against setups omitting either
ARIMA priors or quantum-enhanced behavioral layers [3]. Performance improvements arise partly
from error containment: forecast uncertainties are injected directly into reward functions or explo-
ration strategies so that policies remain robust when point estimates deviate sharply due to shocks.
By doing so, the model mitigates forecast error propagation rather than merely reacting once mis-
alignment materializes. A specific example highlights how these elements work together: consider
an apparel SKU with strong seasonality peaking every December. Traditional ARIMA successfully
predicts a November build-up but fails to anticipate that an aggressive cross-channel discount by a
competitor in mid-November will cannibalize early demand. In the integrated framework, baseline
forecasts from ARIMA set high initial amplitudes for peak-period purchase states; however, upon
detection of competitive pricing changes through real-time feeds, the quantum Markov process alters
phase relationships between early- and late-purchase states, reducing projected near-term conversion
probabilities while increasing later ones. An RL agent then exploits this adjusted demand timing
by delaying markdowns until after competitor promotions end, optimizing both margin retention and
coverage rates. The theoretical underpinning resides in recognizing that forecast-model integration
is not merely data fusion but state-space initialization under structured uncertainty. ARIMA sup-
plies rigorously estimated structural priors; quantum decision/Markov layers enable context-sensitive
deformation of those priors without erasing learned periodicity; reinforcement learning exploits this
enriched environment to optimize sequential actions over high-dimensional product-channel combina-
tions. Ultimately such integration reframes forecasting from an isolated analytical exercise into a living
component of an adaptive retail control system. Rather than generating "final" numbers pushed down-
stream unchanged, forecasts become active participants in shaping evolving belief states about market
conditions, a perspective necessary for meaningful improvement over classical MDP/RL paradigms lim-
ited by static or memoryless views [2]. The adaptability emerging from this combined approach aligns
closely with managerial needs for rapid decision recalibration during promotions, product launches,
or disruption events while maintaining grounding in historical trend structure supplied by established
time-series econometrics.

3.2 Quantum Computing in Operations Research
3.2.1 Quantum Markov Chains

Quantum Markov chains represent a generalization of classical Markov processes wherein the system
state evolves over a complex Hilbert space, allowing coherent superposition of multiple possible states
and introducing interference effects into transition dynamics [3]. Unlike their classical counterparts,
which rely on transition probability matrices operating over discrete and memoryless states, quantum
Markov chains employ operators that can be unitary or completely positive trace-preserving maps. This
distinction means that evolution between customer intent states is not merely probabilistic but can
preserve phase information related to prior exposures and contextual stimuli, delaying “collapse” until
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an observation or decision point is reached [2]. In the context of omnichannel retail operations, these
features align closely with the need to track how latent purchase intentions evolve across channels before
manifesting as concrete transactions. For example, a customer browsing online may simultaneously be
in a state corresponding to purchase intent via in-store checkout and one linked to continued online
engagement. Classical models would require choosing one state at each step, effectively discarding
information about the unchosen pathway; quantum Markov chains maintain both possibilities within
the same coherent state vector until resolution, enabling richer downstream optimization strategies
[3]. Formally, let |ψt⟩ denote the quantum state at time t, representing the distribution over possible
customer intents in amplitude form. The evolution from |ψt⟩ to |ψt+1⟩ may proceed via

|ψt+1⟩ = Ut |ψt⟩ (3)

where Ut is a unitary operator incorporating contextual transformation from factors such as promo-
tional activity or competitor pricing shifts. Decoherence events, such as a channel visit culminating
in an actual transaction, are modeled with non-unitary operators that project onto classical outcomes
while preserving statistically significant residuals for forecasting subsequent behavior [2]. When inte-
grated with ARIMA outputs, these quantum transitions allow baseline seasonal-trend forecasts to act
as priors on marginal demand trajectories while amplifying or attenuating certain pathways based on
current operational signals. ARIMA captures macro-level periodicity; quantum Markov chains embed
micro-level contextual linkages that influence how customers navigate between channels before purchase
completion [3]. This integration ensures forecasts are not static constraints but dynamic inputs shaped
by evolving market conditions reflected in amplitude-phase transformations. One clear strength of this
approach lies in its capacity to encode non-classical correlations between channel activities. Classi-
cal MDP formulations assume independence unless explicitly coupled through transition probabilities;
however, omnichannel data often reveals synchronized shifts, like simultaneous decline in store traffic
and surge in app engagement following targeted digital promotions, that are better represented via
amplitude interference terms than probabilistic independence adjustments [2]. Quantum superposition
inherently accommodates such coupling without combinatorial explosion of state enumeration. From
a reinforcement learning perspective, operating over a quantum Markov chain allows policy optimiza-
tion algorithms to explore and exploit states that represent blended potential outcomes rather than
discrete outcomes alone. This can improve sample efficiency by guiding exploration toward coherent
regions of the state space where historically observed transitions yield strong profit or service level
improvements under volatility [3]. Moreover, since forecast uncertainty from ARIMA can be injected
into initial amplitudes, as opposed to only affecting reward shaping, the RL agent begins each episode
with a distribution reflecting both historical seasonality patterns and current contextual deviations.
The literature highlights persistent gaps that this formulation addresses: traditional use of forecasts as
deterministic inputs leaves no mechanism for preserving uncertainty-driven variability; classical rep-
resentations strip away interference patterns central to context-sensitive effects; and nonstationarity
remains hard to model without cumbersome recomputation of entire transition matrices when shocks
occur [5]. Quantum Markov chains mitigate these issues through operator-based adaptation capable
of continuous reparameterization without full structural overhaul. Concretely, contributions enabled
by using quantum Markov chains within our framework include:

1. Continuous retention of contextual phase information from prior channel interactions until reso-
lution events occur, enhancing behavioral realism in modeling customer trajectories.

2. Integration of ARIMA seasonal-trend forecasts as dynamically adjustable priors within ampli-
tude evolution operators, preserving macro-level structure while allowing micro-level contextual
modulation.

3. Reduction of computational burdens associated with explicit enumeration of all possible channel-
intent combinations via coherent superposition representation rather than exhaustive discrete
mapping.

4. Enhanced adaptability under demand shocks thanks to operator-based evolution mechanisms
that reconfigure transition amplitudes rapidly when exogenous changes are detected.

Operationally, implementing such a chain involves calibrating operators against historical interaction
data segmented by context (promotion periods, competitive actions) and tuning decoherence thresholds
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to match observed latency between exposure and purchase events [2]. In trials reported in related
work, combining this setup with RL optimizers produced measurable improvements in profit margins
(on the order of 12–18%), reduced stock-out rates, and maintained service levels even during high-
volatility intervals compared to purely classical control architectures [3]. These gains emerge because
policies no longer treat forecasts as static guides but evolve them continuously through state space
transformations sensitive to current operational reality. Managerially, adopting quantum Markov
chains offers clearer interpretability than it might first appear: amplitudes can be decomposed into
components attributable to forecasted demand structures versus real-time contextual adjustments,
providing actionable insight into why recommended price or inventory actions diverge from long-
term averages. Such transparency facilitates executive buy-in by grounding decisions in quantifiable
influences traced through evolution operators rather than opaque machine learning weight vectors
alone [2]. Thus, within an integrated architecture uniting ARIMA forecasting discipline, quantum
decision-theoretic state encoding, and RL-based control logic, quantum Markov chains serve as the
connective tissue translating statistical foresight into context-responsive policy environments capable
of navigating omnichannel retail dynamics more effectively than any single methodological component
could achieve independently [3].

3.3 Gaps and Opportunities
3.3.1 Need for Integrated Frameworks

The preceding discussion highlights recurring shortcomings when classical optimization and forecast-
ing models are deployed in complex omnichannel environments. Relying exclusively on static demand
models or classical RL formulations leads to structural blind spots, especially when customer behavior
is influenced by context-dependent factors such as cross-channel interference, promotions, and memory
effects from prior experiences [3]. These limitations are compounded by the fact that ARIMA-based
forecasts, while statistically competent in capturing seasonality and trends, inherently filter out non-
linear behavioral feedback loops and probabilistic phase relationships that arise across channels [1].
In this light, an integrated framework combining predictive accuracy with context-sensitive state evo-
lution is not an optional enhancement, it appears necessary for operational efficacy. An integrated
architecture should be constructed with a layered composition enabling each methodological element
to complement the others. Forecasting outputs from ARIMA provide structured priors on macro de-
mand cycles, which can be used to initialize high-dimensional state spaces in a quantum Markov model
[2]. This quantum formulation retains superpositions over multiple potential customer intents until
resolved by interaction events, thereby encoding interference patterns absent from purely probabilis-
tic treatments. Reinforcement learning algorithms can then optimize sequential decisions over this
enriched state space, combining the steady anchor of temporal forecasts with dynamically adaptive
behavioral representations [3]. The case for integration rests on several specific gaps observed in lit-
erature and practice: classical methods rarely embed forecast uncertainty into their policy generation
mechanisms; statistical models are typically disconnected from behavioral encodings; and attempts at
modeling contextual dependencies in retail operations often stop short of linking them to real-time
operational control [5]. Without bridging these separations, managers face an environment where fore-
casts guide resource allocation only at an aggregate level while control policies react myopically to
immediate states. The proposed synthesis is designed to fill these voids through:

1. Embedding ARIMA-derived predictions within quantum Markov chain architectures so that
forecasted seasonal-trend structures remain intact while being subject to coherent modulation
from contextual signals in real time.

2. Leveraging reinforcement learning atop enriched state spaces to achieve policy convergence under
fewer samples compared to learning demand dynamics without structured priors.

3. Encoding behavioral phenomena such as preference interference and memory effects within state
definitions instead of treating them as exogenous noise or averaging them out.

4. Incorporating forecast uncertainty directly into decision-making logic, impacting both reward
shaping and exploratory trajectories, to mitigate propagation of error during volatile demand
episodes.
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Consider a concrete illustration: a traditional SKU-level replenishment model using mean weekly
ARIMA forecasts may trigger stock movement early before a peak season based purely on historical
cyclicality. In an integrated framework, the initial forecast amplitudes seeded into the quantum Markov
process would reflect that same cyclical expectation but also incorporate evolving micro-context data,
such as reduced conversion probabilities amid unexpected competitor promotions detected via moni-
toring systems. The RL agent trained over this hybridized space would adjust allocation dynamically,
potentially delaying shipment and preserving capacity for anticipated post-promotion surges rather
than committing resources prematurely. Empirical work supports this approach. Reported studies
combining quantum-enhanced RL with statistical forecasting show measurable uplifts in profitability
(12–18%), reduced stock-outs, and improved service levels compared against control setups lacking
either component [3]. In many cases these gains derive from improved responsiveness during de-
mand shocks, the coherent state representation allows immediate recalibration without retraining the
entire forecast model or recomputing excessively large transition matrices [2]. The modular nature
of integration further enables controlled A/B experimentation: varying inclusion of ARIMA priors
versus purely learned baselines clarifies where incremental value is realized, simplifying managerial
evaluation of adoption costs versus benefits [4]. From a theoretical standpoint, such an integrated
paradigm draws together previously disjoint methodological streams: econometric time-series analysis
for accurate baseline estimation; cognitive-inspired quantum probability structures for rich behav-
ioral representation; and machine learning control logic capable of exploiting both prior structure and
emergent cues adaptively. This convergence responds directly to calls within operations research for
more realistic large-scale retail models able to manage high-dimensionality without erasing interde-
pendence between channels [5]. Managerial implications become tangible when framed as operational
levers. Pricing strategies can shift from uniform markdown programs toward selectively targeted in-
terventions supported by forecasts adjusted for interference effects. Inventory management transforms
from static safety-stock rules into dynamic rebalancing informed by continually updated latent intent
distributions across touchpoints. Importantly, transparency afforded by decomposing amplitude contri-
butions, into those originating from time-series elements versus those shaped by contextual operators,
offers decision-makers interpretable rationales for recommended actions [2]. Such clarity is essential
given organizational constraints around justifying algorithmic interventions under market conditions
that evolve faster than procurement cycles. Looking ahead, future work should explore computational
efficiency techniques tailored specifically for quantum-classical hybrids operating at scale, ensuring
deployability within existing infrastructure while maintaining theoretical benefits described above [3].
Enhanced operator calibration methods will be needed to fine-tune coherence preservation against
rapid decoherence events typical in retail contexts (e.g., flash sales). Additionally, integrating richer
external datasets, competitor feeds, social media sentiment indices, into phase adjustment mechanisms
inside the quantum Markov component could further sharpen adaptability under informational asym-
metry conditions common in competitive markets [1]. By pursuing these directions alongside ongoing
empirical validations, it should be possible to strengthen both the scientific understanding and practi-
cal utility of integrated frameworks able to solve the deeply interconnected pricing-inventory problems
faced by omnichannel retailers today.

4 Problem Formulation

4.1 System Architecture
4.1.1 Multi-Channel and Multi-SKU Configuration

In operational terms, a multi-channel and multi-SKU setup defines a decision space whose dimension-
ality grows rapidly with each additional product, sales platform, and applicable fulfillment mode. A
typical retailer may operate online storefronts, physical outlets, mobile applications, and partner mar-
ketplaces concurrently, offering hundreds or thousands of SKUs. Each SKU can have distinct demand
patterns per channel, while also interacting with other products through substitution and complemen-
tarity effects shaped by promotions or relative pricing [3]. Furthermore, channel-specific inventory
pools are often physically separated yet partially linked via cross-channel fulfillment mechanisms such
as ship-from-store or buy-online-pick-up-in-store (BOPIS), introducing asymmetric transfer costs and
lead times into allocation decisions. This structural coupling means that allocations in one channel
directly impact availability in others, an effect that classical models tend to underrepresent due to
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simplifying independence assumptions [2]. The dynamic nature of omnichannel markets complicates
configuration further. Seasonality-driven volume swings superimpose on short-term shocks from com-
petitor actions or viral trends. For example, an SKU might show steady growth in app-based orders
approaching a holiday season; however, a sudden price cut by a competitor could dampen this momen-
tum in the app while simultaneously boosting in-store traffic for the same product category. Modeling
such multi-SKU interaction across channels requires state representations capable of handling both
baseline temporal regularities and rapid contextual deviations [5]. ARIMA forecasting contributes the
former by estimating seasonal-trend baselines for each SKU-channel pair, yet its linear nature and
lack of contextual phase information limit adaptability under volatile cross-channel shifts [3]. Quan-
tum Markov chains within this configuration enable concurrent representation of multiple purchasing
intents per SKU across channels as coherent superpositions. This is beneficial because customers en-
gaging with several channels might exhibit unresolved purchase pathways until specific stimuli, such
as price changes or stock indications, force resolution [2]. Maintaining these unresolved states in am-
plitude form prolongs tactical optionality for policy optimization: allocation and pricing adjustments
can target the most promising pathways without prematurely collapsing them into fixed probabilities.
When integrated with ARIMA outputs acting as macro-level priors for |ψt⟩ in equation 3, this yields
initial state amplitudes grounded in forecast structure but ready to be warped by real-time contextual
operators reflecting promotions or supply chain constraints. From an architectural perspective, SKUs
are mapped into vectors of channel-specific state elements. Each element couples three components: (i)
current inventory level for that SKU-channel pool; (ii) price relative to substitute offerings within the
same fulfillment mode; and (iii) context-adjusted demand probability derived from overlaying ARIMA
forecasts with quantum-modulated intent amplitudes [3]. Shared inventory constraints emerge natu-
rally when transitions between these state elements are permitted via non-unitary operators represent-
ing cross-channel transfers. Capacity limits, such as warehouse throughput ceilings or delivery fleet
constraints, become hard constraints embedded within allowable operator transformations [5]. The
computational burden of operating over such large spaces is alleviated through the coherence property
of quantum representations: rather than enumerating every possible configuration separately, blended
amplitude states can encode multiple possibilities compactly [2]. Reinforcement learning layers then
explore action trajectories, pricing adjustments, replenishment orders, inter-channel transfers, over
this compressed but information-rich state space. Forecast uncertainty is incorporated not only in
reward shaping but also directly into amplitude magnitudes, enabling agents to weight exploration
toward high-variance configurations where adaptive resource allocation could yield outsized returns.
One persistent gap in prior literature is that multi-SKU modeling often either aggregates demand at
category level to simplify computation (losing SKU-level precision) or isolates products entirely (ignor-
ing cross-effects). In this framework, interactions between SKUs manifest through interference terms
in the joint quantum state vector: promotional uptake in one product’s state space can constructively
or destructively interfere with another’s depending on substitution patterns observed historically [3].
This interference-aware linkage preserves category-level correlations without resorting to coarse ag-
gregation. Operational data structures must support fine-grained partitioning by channel-SKU-time
slice so that ARIMA models can be trained per segment using historical lags optimized via AIC/BIC
selection (1, 2). These forecasts generate marginal demand trajectories Dsku,ch(t) with confidence
bounds; their incorporation into quantum initial states ensures baseline seasonality consistency across
successive decision epochs. Context transformations Ut then modulate these according to live feeds on
competitor pricing or observed conversion rate anomalies. Managerially relevant advantages emerge
from representing multi-channel/multi-SKU interactions this way:

1. High-dimensional cross-product/channel state encoding retains both statistical trends and be-
havioral context through ARIMA-seeded quantum states.

2. Interdependencies between SKUs via substitution/complementarity are preserved through inter-
ference terms rather than erased by aggregation.

3. Computational scalability is supported despite exponential nominal complexity by leveraging
coherent amplitude representations instead of full combinatorial expansion.

4. Forecast uncertainty influences both expected return estimates and exploration prioritization
during RL training/testing cycles.
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Consider a situation where two popular electronics SKUs share overlapping online customer segments
but fulfill via separate store networks as well. A clearance sale on SKU A online could cannibalize
demand for SKU B unless prices are adjusted promptly across intersecting channels. The integrated
design detects impending cannibalization because phase relations between quantum amplitudes rep-
resenting joint interest states change sharply following the promotional event feed-in to Ut. The RL
controller then adapts pricing on SKU B specifically for the affected channels while monitoring in-
ventory pools for transfer opportunities, potentially moving excess stock to regions where interference
effects predict latent offsetting demand. Such granular control is difficult under classical configura-
tions lacking real-time interplay between statistical forecasts and adaptive behavioral encodings [2].
By embedding these capabilities directly into the system architecture for multi-channel and multi-SKU
scenarios, the framework supports decision-making processes that remain aligned with both histori-
cal demand structure and fast-changing market contexts while mitigating limitations seen in strictly
classical planning pipelines [3].

4.1.2 Operational Constraints

Operational constraints define the practical boundaries within which the multi-channel, multi-SKU
architecture from Section 4.1.1 must execute pricing and inventory decisions. These constraints orig-
inate from physical, contractual, and strategic limits inherent to omnichannel retailing and cannot
be ignored without risking infeasibility or service degradation in implemented policies. In contrast to
purely theoretical optimization settings where such bounds may be relaxed for tractability, here they
must be incorporated directly into both the state-space representation and the control logic of the
integrated ARIMA–quantum–RL framework [5]. One of the most fundamental operational constraints
is inventory capacity per channel. Each fulfillment pool, be it an individual store’s stockroom, a cen-
tral distribution center, or online warehouse, has strict upper bounds determined by physical storage
space, regulatory safety conditions, and replenishment schedules [3]. These caps interact with lead
times, making it non-trivial to overstock opportunistically for anticipated promotions without creating
excessive holding costs or congestion that can slow throughput. Similarly, transfer capabilities between
channels (for example ship-from-store transfers to fulfill online orders) are limited by transportation
fleet size and routing efficiency [2]. This becomes a binding constraint during demand shocks when
dynamic reallocation might otherwise mitigate stock-outs. Another major constraint category involves
service level agreements (SLAs). Retailers often commit to maximum delivery times or in-stock guar-
antees based on customer expectations and competitive positioning [1]. Violating these SLAs can erode
brand trust and trigger penalties. From a control perspective, this caps feasible decision sets: certain
aggressive markdown strategies aimed at stimulating demand could backfire if resulting order volumes
exceed fulfillment capacity within SLA windows. The RL policy layer operating over quantum Markov
states must therefore receive explicit penalization signals tied to projected SLA breaches so that actions
remain viable within contractual boundaries. Pricing flexibility itself is constrained by internal rules
and external regulations. Some retail chains operate under centrally mandated price bands for brand
consistency; others must comply with local laws restricting promotional depth or frequency [5]. This
means that even if interference terms in quantum amplitudes predict high conversion probabilities at
extreme markdowns for specific channels, such adjustments may be infeasible. Embedding these price
boundaries directly into operator design ensures that contextual transformations Ut respect allowed
ranges before policies are evaluated by the RL agent [3]. Capacity limits on processing real-time data
feeds also impose technical constraints. Omnichannel operations rely on integrating live sales reports,
competitor pricing scrapes, and supply chain signals into state updates; however, computational infras-
tructure has finite throughput. Overly granular ARIMA retraining across thousands of SKU–channel
pairs could overload analytics platforms even before feeding outputs into quantum state initializations
[1]. In practice this necessitates batching updates or prioritizing SKUs/channels with highest fore-
cast variance for rapid recalibration while leaving more stable flows on coarser refresh cycles. From a
theoretical framing standpoint, classical MDPs tend either to ignore many such constraints or treat
them as static bounds detached from dynamic transitions; this leads to misaligned policy outputs un-
der true operational realities [2]. The integrated architecture here incorporates constraints as part of
both quantum evolution operators (limiting transition pathways) and RL reward shaping (penalizing
constraint violations), thereby keeping feasible action spaces aligned with forecast-informed behavioral
dynamics. The literature shows distinct gaps in constraint-aware modeling:
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1. Forecast generators like ARIMA are rarely linked directly to constraint estimation modules; thus
time-sensitive capacity or SLA considerations do not feed back into forecasting adjustments [1].

2. Behavioral models, even advanced forms like QDT, are often developed without embedding hard
capacity or legal bounds into their state transitions [3].

3. Classical RL controllers learn within unconstrained simulated environments until retroactively
clipped for feasibility during deployment; this risks converging toward policies unusable in prac-
tice [5].

Addressing these gaps motivates contributions along the following lines:

1. Constraint encoding within quantum Markov transition operators so that amplitude evolution
respects inventory capacities, transfer limits, SLA thresholds, and price bands natively.

2. Direct injection of forecast uncertainty from ARIMA into constraint compliance projections,
identifying where volatility may push operations beyond safe margins before policy enactment.

3. Adaptive RL exploration that prioritizes feasible high-variance states over infeasible high-reward
ones, increasing convergence rates without generating unusable recommendations.

Consider an illustrative scenario: A pre-holiday ARIMA forecast predicts a sharp increase in online
orders for a particular SKU with high interference-linked cross-demand in stores due to shared mar-
keting campaigns. Without constraint awareness, a naive RL agent might schedule deep channel-wide
markdowns to accelerate sell-through, only to overload last-mile delivery capacity mid-season and
breach expressed 48-hour delivery SLAs. In our framework, SLA parameters feed directly into pro-
jected delivery event likelihoods under given amplitude-phase configurations; if calculated risk exceeds
permitted thresholds, Ut transformation dampens conversion amplitudes in channels most affected by
fulfillment stress before RL policy evaluation occurs [2]. As a result, optimization balances revenue
goals against operational feasibility dynamically rather than imposing blunt post hoc restrictions. Man-
agerial implications of explicit constraint integration are substantial: decision-makers gain confidence
that recommended pricing/inventory actions will not inadvertently violate operational commitments;
resource allocation strategies emerge from coherent trade-off analysis between demand uplift and ca-
pacity strain; and long-term competitive positioning benefits from avoiding service quality erosion
during peak periods despite aggressive revenue pursuits [3]. By building these practical boundaries
into every stage, from ARIMA initialization through quantum state modulation to RL execution, the
architecture achieves realism without surrendering adaptability under uncertainty.

4.2 State and Action Space Definitions
4.2.1 State Variables

State variables in this integrated ARIMA–quantum–reinforcement learning architecture function as
the informational substrate on which all pricing and inventory decisions are conditioned. They must
encode both the measurable operational environment and the latent behavioral dimensions that influ-
ence customer demand across channels. This dual role arises because, as discussed in Section 4.1.1,
omnichannel systems exhibit both deterministic structural constraints (inventory levels, price points,
fulfillment capacity) and stochastic, context-sensitive fluctuations (competitive reactions, promotion
spillovers, consumer memory effects) [3]. A well-constructed state specification balances coverage of
these elements with computational tractability. At the core of each state definition lies the channel-SKU
inventory position. For every SKU i and channel c, an inventory measure Ii,c captures current on-hand
quantities. This stock vector is complemented by variables representing replenishment lead times and
pending inbound shipments, parameters that condition future availability regardless of current levels
[5]. Pricing is represented through both nominal price Pi,c and relative price indices comparing offers
within the same category or against substitutes available in other channels. These indices contextualize
a given price point in competitive space rather than treating it as an isolated scalar. Baseline demand
forecasts from ARIMA models provide critical temporal structure for each SKU-channel combination
[2]. These forecasts yield not only point estimates D̂i,c(t) but also prediction intervals (D̂−

i,c(t), D̂
+
i,c(t))

reflecting forecast uncertainty. In this framework, such outputs do not remain static annotations; they
are used to initialize quantum state amplitudes for latent customer intent states. Forecast mean values
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influence amplitude magnitudes, while forecast variance informs spread across alternative potential
pathways in the superposition [1]. This seeding step ensures that historical seasonality and trend in-
formation directly shapes the initial behavioral landscape considered by control policies. The quantum
Markov chain representation then enriches the state description by incorporating phase terms that pre-
serve contextual information from recent interactions [3]. For example, if a customer segment recently
engaged with promotional content on multiple channels without purchasing, their latent decision state
remains in a coherent superposition of possible purchase modes until decoherence events, such as en-
countering an out-of-stock message, collapse it. The phase component in the state vector encodes
whether these pathways will reinforce or interfere under subsequent stimuli. Classical variables alone
cannot represent this dynamic; without encoding interference patterns, nuanced cross-channel effects
would be lost. Operational context variables round out the state specification. These include SLA
adherence indicators (e.g., probability of meeting delivery promises given current backlog), capacity
utilization rates for key logistics nodes, promotional cycle stage flags, and external signals such as
competitor pricing changes detected via monitoring feeds [2]. Inclusion of these elements is essential
because they can shift feasible action spaces abruptly; an otherwise attractive markdown indicated by
demand projections may be rendered infeasible when fulfillment centers approach throughput limits.
In addition, cross-SKU interaction terms are embedded implicitly through interference effects in joint
quantum states. Demand lift or cannibalization observed historically between SKUs sharing customer
segments modifies relative amplitude weights between those products’ latent purchase states [3]. This
permits a compact representation of interdependencies without fully enumerating combinatorial SKU-
pair features, a necessity given exponential growth of classical representations. From a reinforcement
learning perspective, compiling all these components into a single unified state vector enables policy
networks to condition decisions on a rich tapestry of information rather than shallow feature sets typ-
ical of classical MDP formulations [5]. Forecast uncertainty from ARIMA outputs can be leveraged
during exploration; high-variance states invite cautious probing or hedging actions rather than aggres-
sive pricing shifts that could exacerbate misalignment under error propagation [4]. Three distinctive
contributions emerge from defining state variables in this multi-layered manner:

1. Seamless embedding of ARIMA-derived forecasts and uncertainties into quantum amplitude ini-
tialization so that macro-level temporal structures inform micro-level behavioral evolution.

2. Preservation of contextual dependencies, through coherent phase encoding, that reflect cross-
channel exposure history and interaction effects between concurrent purchase pathways.

3. Explicit integration of operational feasibility indicators (capacity, SLA risk, price band limits) di-
rectly into state representation to guide RL policy selection away from infeasible yet superficially
profitable strategies.

A notable literature gap is the absence of frameworks where statistical forecast variables are actively
coupled with advanced behavioral formalisms within the same decision-state definition [1]. Prior ap-
proaches often append forecasts as passive predictors without allowing them to reshape underlying
behavioral representations. In contrast, here they actively sculpt initial conditions for a quantum
Markov evolution driven by contextually responsive operators. To illustrate concretely: consider an
apparel SKU with a base ARIMA forecast predicting strong online demand mid-season. If live com-
petitor scraping indicates imminent deep discounts elsewhere, this manifests as a contextual operator
modifying phase relations between online and offline latent purchase states, altering overall interference
patterns before any sales data registers the shift. The RL agent observing adjusted amplitudes may
opt for conservative early pricing online while preemptively bolstering store promotions to capture
redirected traffic, a maneuver impossible if both baseline forecast and context remained uncoupled
within separate modeling silos. By structuring state variables to bridge statistical forecasts with co-
herent quantum behavioral encodings under real operational constraints, this architecture ensures that
decision-making operates over an information space capable of representing both predictable cyclicality
and emergent nonstationary disturbances in omnichannel retail dynamics [3]. Such completeness in
state specification lays the foundation for downstream control layers to produce strategies that are not
just theoretically optimal under simplified assumptions but practically robust when deployed amidst
volatile market realities.
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4.3 Optimization Objectives
4.3.1 Profit Maximization

Maximizing profit in the integrated ARIMA–quantum–reinforcement learning framework necessarily
involves balancing immediate revenue generation against longer-term operational stability, while main-
taining feasible policies under the constraints discussed previously. Profit here is not considered solely
as instantaneous margin on unit sales but as a cumulative outcome influenced by service level adher-
ence, inventory efficiency, and adaptability to demand fluctuations [3]. The integration of forecasting
and quantum decision representations provides the means to move beyond local optima typical of static
or purely classical MDP/RL approaches, which fail to account for context-sensitive dynamics linking
pricing actions, inventory states, and customer behavior. In this architecture, ARIMA forecasts act as
structured priors capturing seasonality and trend information for each SKU–channel pair [5]. These
priors seed amplitude magnitudes in quantum Markov states representing latent purchase intentions
across channels. The amplitude-phase formulation allows interference terms to alter effective demand
probabilities according to current context, such as competitor price drops or active promotions, be-
fore these feed into RL policy evaluation [2]. Profit maximization emerges from selecting actions that
exploit both these contextual adjustments and statistical structures without violating operational con-
straints. For example, markdown decisions can be adapted mid-cycle when phase relations suggest
decreased conversion probability in one channel but potential spillover demand in another due to sub-
stitution effects. Classical optimization often assumes forecast outputs are static deterministic inputs.
In reality, forecast uncertainty from ARIMA point estimates (D̂−, D̂+) affects risk-adjusted expected
returns; ignoring variance leads to overcommitment during volatile periods [4]. Embedding predictive
intervals into initial quantum amplitudes creates probabilistic breadth in the state space that bet-
ter captures realistic demand possibility distributions. This directly influences profit optimization by
allowing RL agents to weigh strategies not purely on mean return but on variance-adjusted reward
functions sensitive to downside risk under capacity limits. It offsets common failure modes such as over-
stocking low-performing channels during positive forecast anomalies or under-reacting to early signs
of promotion-driven spikes. Given the high dimensionality of multi-channel/multi-SKU environments
described earlier, profit-driven policies must also capitalize on computational efficiencies inherent in
quantum representation: superposition states store blended intent pathways without full enumera-
tion, enabling exploration across a compressed yet expressive action–state landscape. This allows RL
optimizers to identify profitable niches, like selective cross-channel transfers or dynamic repricing, in
fewer environment interactions than classical counterparts. By design, these niches preserve margin
by channel-targeted interventions rather than large-scale uniform markdowns which erode profitability
when applied indiscriminately. Empirically observed gains from this integration include 12–18% mar-
gin uplifts over baseline strategies lacking either the ARIMA prior or the quantum behavioral layer [3].
These improvements are amplified under demand shock scenarios where forecast residual errors spike:
because uncertainty is built into the initial state amplitudes, RL agents dynamically recalibrate actions
reflecting real-time phase shifts rather than adhering rigidly to outdated predictions. This adaptability
translates into more accurate timing of promotions and inventory rebalancing, critical levers for profit
preservation when faced with ephemeral market opportunities. The literature reveals gaps directly
addressed here: static forecasts divorced from behavioral models ignore cross-channel interference ef-
fects; classical MDP/RL fails to integrate structured temporal priors without exponential blow-up of
state complexity; and most existing omnichannel optimization neglects injecting forecast uncertainty
into decision logic [1]. Closing these gaps through linked forecasting-behavioral-control layers enables
profit-focused strategies capable of adjusting before degradation occurs, not merely reacting afterward.
Within this integrated approach, the profit maximization objective can be summarized through the
following contributions:

1. Embedding ARIMA-derived seasonal/trend forecasts and their uncertainties into quantum Markov
amplitude initialization so that both macro-level temporal patterns and micro-level contextual
variations jointly inform action selection.

2. Exploiting superposition-based state compression to allow exploration over profitable action path-
ways that would be computationally inaccessible in enumerated classical state grids.

3. Incorporating forecast variance into reward shaping for RL agents to prioritize high-return strate-
gies with controlled exposure to downside risk, especially critical under volatile demand condi-
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tions.

4. Maintaining adherence to operational constraints (inventory capacity, SLA compliance, pricing
bounds) within profit-driven optimization loops via contextual modulation operators that respect
feasibility before policy evaluation.

Consider an operational example: A set of SKUs shows synchronized mid-season peaks based on
ARIMA predictions. A sudden competitor promotion depresses purchase intent for two SKUs online
but increases likelihood for store-based purchases due to complementary product bundles detected
through live feeds. Classical systems relying solely on predicted peaks might still channel inventory
toward online fulfillment centers at deep discounts. In contrast, the integrated framework alters phase
relations between online/offline latent states dynamically; projected offline conversions rise while on-
line falloffs are dampened within state evolution before RL action selection. The resulting policy
reallocates stock towards stores while moderating online discounts, capturing margin in rising chan-
nels and preventing erosion where demand has waned. Managerially, these dynamics clarify why profit
maximization demands coupling predictive analytics with adaptive behavioral modeling rather than
treating them as isolated modules. Decision-makers can trace revenue shifts back through decomposed
amplitude contributions, quantifying how much uplift derives from seasonal forecasts versus context-
induced phase adjustments, ensuring accountability alongside improved performance [2]. From an
implementation perspective, ensuring sustained profit improvement will require periodic recalibration
of ARIMA parameters (via AIC/BIC selection) and update of quantum operator definitions Ut as
new contextual patterns emerge within the market data streams. Future extensions may leverage
enriched exogenous feeds (social sentiment indexes or competitor supply chain indicators) directly
within operator modulation logic, expanding sensitivity to early-market signals that presage profitable
interventions without waiting for post-event sales evidence. By integrating temporally grounded fore-
casts with context-sensitive quantum decision frameworks inside constraint-aware RL control loops,
this architecture presents a direct methodological advance over static or purely classical strategies in
converting omnichannel complexity into sustainable profit outcomes across diverse retail scenarios [3].

5 Forecasting Layer

5.1 ARIMA Modeling Process
5.1.1 Model Selection Criteria

Selecting ARIMA model parameters for integration into the forecasting layer demands an approach
that recognizes both statistical rigor and operational relevance. The process begins with determining
the differencing order d to ensure stationarity, typically via the Augmented Dickey–Fuller test, with
permissible values often limited to {0, 1, 2} depending on product seasonality and volatility charac-
teristics [3]. Although first-order differencing suffices in many SKU-level series, higher orders may be
necessary where pronounced seasonal trends manifest in residual diagnostics. Once d is fixed, candidate
pairs (p, q) are explored within bounded search grids, commonly p, q ∈ {0, 1, . . . , 5} or narrower ranges
like {0, . . . , 3} for computational efficiency. The statistical optimization of these candidate specifica-
tions employs information criteria designed to penalize unnecessary complexity while safeguarding fit
quality. The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) govern
this selection through:

AIC = −2 logL+ 2k (4)
BIC = −2 logL+ k log n (5)

where L denotes the maximized likelihood for the model under consideration, k = p + q + 1 counts
estimated parameters, and n denotes sample size. These measures are not interchangeable in effect:
AIC’s penalty is linear in k, encouraging slightly more complex models when small improvements in
likelihood are achieved; BIC’s penalty scales with log n, imposing greater restraint as dataset size grows,
particularly relevant in omnichannel contexts where high-frequency data streams yield large n values.
From a quantitative standpoint, BIC tends to prefer simpler ARIMA configurations in large datasets,
a feature that aligns well with downstream computational requirements when embedding forecasts

21



into quantum Markov chains, but there is a trade-off. Stripping away autoregressive or moving-
average terms too aggressively risks underfitting periods of irregular short-term fluctuation which
can materially impact real-time pricing and replenishment decisions [1]. The integrated framework
addresses this trade-off by situating information-criterion selection within a broader operational filter:
candidate configurations surviving AIC/BIC ranking are examined against empirical error profiles in
high-volatility intervals identified from historical promotion or shock event datasets. Models showing
resilience, stable prediction intervals despite aberrant conditions, are prioritized since their outputs
will serve as priors for contextually adjusted states in Ut. This operational overlay responds directly
to a gap observed in literature: most ARIMA selection pipelines terminate at statistical minimization
of AIC/BIC without assessing how well the chosen model harmonizes with subsequent behavioral
modeling layers such as quantum decision theory or reinforcement learning controllers [3]. In our
framework, parameter selection is evaluated not just on forecast accuracy but also on compatibility
with the quantum state initialization process described earlier. For example, wide predictive interval
outputs from certain (p, d, q) structures can enrich amplitude dispersion when uncertainty must be
preserved for RL exploration, thus models with marginally higher AIC/BIC may still be preferred
because they better encode uncertainty needed for adaptive policies under nonstationary demand
conditions [2]. The formal procedure follows several stages:

1. Execution of stationarity testing and differencing until residuals pass white-noise diagnostics at
desired significance thresholds (often p < 0.01, d > 0.5 threshold tests guiding adjustments) [5].

2. Grid-based enumeration of (p, q) tuples within defined bounds; computation of log-likelihoods
and application of equations 4–5 across all candidates.

3. Ranking of candidates by composite score combining criterion values with residual stability
metrics over historically high-volatility subperiods.

4. Selection filtering based on compatibility with downstream quantum Markov amplitude initial-
ization, models producing usable prediction intervals for uncertainty-aware behavioral transfor-
mations retain priority even if not globally optimal by pure AIC/BIC rank.

Embedding these optimized ARIMA forecasts into the integrated architecture confers several contri-
butions relevant to both scientific advancement and managerial application:

1. Establishment of a dual-filter model selection method that couples standard information criteria
with operational volatility performance assessments tailored for omnichannel retail dynamics.

2. Preservation of forecast uncertainty as an active design variable influencing amplitude weighting
within quantum decision-theoretic state spaces rather than treating variance as disposable noise.

3. Alignment of statistical parsimony with computational efficiency in reinforcement learning layers,
favoring ARIMA outputs whose simplicity eases integration without eroding adaptive capacity
under contextual modulation operators.

4. Extension of ARIMA evaluation beyond static fit metrics toward dynamic compatibility checks
ensuring profitable responsiveness during promotions and demand shocks.

A practical example underscores the interplay between these elements: suppose two candidate ARIMA
models for a flagship SKU-channel stream achieve comparable RMSE under standard evaluation; one
exhibits tighter confidence bounds under stable conditions but overly narrow predictions during known
promotion weeks, whereas the other maintains wider bands throughout. While BIC might favor the
tighter-bound model due to lower complexity count k, our integrated filter chooses the wider-band
variant because its interval breadth enhances phase dispersion in initial quantum amplitudes, allow-
ing RL controllers to allocate exploratory pricing strategies more effectively during peak volatility
windows [3]. This ensures that technically “inferior” statistical choices do not undermine operational
adaptability once embedded into multi-layer decision processes. By structuring model selection cri-
teria this way, anchored initially by rigorous application of AIC/BIC yet augmented by operational
compatibility screening, the forecasting layer moves beyond isolated statistical optimization toward
serving as a foundational stage for richer context-aware control systems. This closes critical gaps be-
tween econometric accuracy and behavioral adaptability in omnichannel retail analytics [1], ensuring
forecasts not only meet academic standards but also deliver practical value when synchronized with
quantum-enhanced reinforcement learning across complex, interdependent sales channels.
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5.1.2 Forecast Accuracy Metrics

Assessing forecast accuracy within the integrated ARIMA–quantum–reinforcement learning framework
requires metrics that capture more than static point estimate performance. Standard mean absolute
percentage error (MAPE) and root mean squared error (RMSE) remain relevant in quantifying de-
viation between predicted and observed demand, yet their interpretation shifts when forecasts are
subsequently embedded into dynamic quantum Markov state evolutions. In this setting, accuracy
measures must account for predictive stability under different temporal regimes, stable periods dom-
inated by seasonality and high-volatility intervals marked by promotions or competitor shocks, and
evaluate their downstream impact on policy quality. Baseline MAPE values from ARIMA forecasts
for multi-SKU, multi-channel datasets often lie near 11.2% in stable intervals, increasing to 18–22%
during promotional spikes [3]. RMSE similarly averages around 15.7 units for high-volume online flows
but can double under demand shocks. From a purely statistical standpoint, such degradation sug-
gests limits in capturing abrupt regime shifts through linear autoregressive structures alone; however,
within our architecture these elevated residuals also serve as signals to broaden amplitude dispersion
in quantum state initialization, preserving flexibility for RL exploration rather than forcing premature
convergence toward narrow demand scenarios [2]. Thus, forecast accuracy metrics must be linked not
only to initial fit quality but to their role in seeding uncertainty-aware behavioral representations. A
complete evaluation layer incorporates operational relevance alongside statistical precision. Fill rate,
the proportion of actual demand met directly from available inventory, is a key service metric closely
tied to forecast utilization. Forecast bias in overestimating near-term demand can depress fill rates
if stock is misallocated toward channels without sufficient actual uptake; conversely, underestimation
increases stock-out frequency and lost sales. In trials with integrated ARIMA–quantum setups, aver-
age fill rates reached 94.2%, compared to lower baselines under classical forecast-only control systems
[1], demonstrating that even imperfect forecasts can yield high service levels when embedded into
contextually adaptive policies. Forecast evaluation thus proceeds at two interconnected layers: first,
statistical evaluation of raw ARIMA outputs via MAPE/RMSE across partitioned historical segments;
second, operational assessment capturing how those forecasts influence downstream key performance
indicators once processed through quantum Markov evolution operators and RL decision cycles. A
candidate forecast model might slightly outperform on RMSE yet cause poorer inventory turnover or
profit margins if its uncertainty structure fails to trigger appropriate exploratory actions under volatile
conditions. This dual-layer evaluation closes a gap evident in literature where forecasting and opera-
tional metrics are seldom analyzed in tandem [3]. To formalize the connection between forecast error
and operational impact, an augmented metric framework can be defined:

Fadj = α · MAPE + β · (1− FillRate) + γ · (1− Π

Πref

) (6)

where Π denotes realized profit from decisions seeded by the forecast in question, Πref is the profit
under a reference model (e.g., best historically observed), and α, β, γ weight importance of pure
forecast accuracy, service level impact, and profit realization respectively. This composite score pe-
nalizes statistically accurate but operationally counterproductive models while rewarding ones that
integrate effectively despite modest raw fit scores. Empirical analysis demonstrates that models with
wider predictive intervals may have slightly higher MAPE but achieve better composite scores Fadj

due to improved adaptability within quantum-enhanced RL policies during volatile episodes [2]. This
supports the methodological choice from Section 5.1.1 of selecting ARIMA configurations based not
solely on global minima in AIC/BIC but also on volatility-resilience profiles aligned with contextual
modulation needs. Moreover, forecast accuracy assessment must segment results by channel volume
profiles because statistical degradation shows dependency on data density. High-traffic online channels
exhibit lower baseline MAPE due to richer historical samples enabling precise parameter estimation;
low-traffic or newly launched channels present inherently higher errors regardless of model complex-
ity, an effect classical frameworks frequently ignore or attempt to flatten via aggregation [3]. Within
our architecture, channel-specific error distributions inform amplitude weighting selectively: tighter
bounds for stable channels reduce unnecessary exploration costs; looser bounds for volatile or sparse-
data channels encourage broader policy search until sufficient interactions allow refinement. From a
managerial perspective, these nuanced accuracy considerations alter how error tolerances are inter-
preted. Rather than viewing increased MAPE during promotions as pure model failure, it becomes an
operational cue for adapting decision aggressiveness across affected SKUs/channels and reallocating
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capacity preemptively to buffer anticipated variability in realized demand [1]. The interplay between
statistical degradation and improved adaptability reframes accuracy metrics as active design inputs
rather than passive diagnostic outputs, closing another literature gap where forecast evaluation is dis-
connected from decision process calibration. Three core contributions emerge from rethinking accuracy
metrics this way:

1. Establishment of dual-layer evaluation linking statistical measures (MAPE/RMSE) with oper-
ational KPIs (fill rate, realized profit) to judge forecast utility within adaptive control systems
integrating quantum decision elements.

2. Introduction of composite scoring (6) weighting fit quality against real-world outcomes to avoid
misleading selection of statistically optimal yet behaviorally misaligned forecasts.

3. Dynamic adjustment of channel-specific forecast uncertainty representation within quantum state
initialization according to volume-dependent error profiles, enhancing targeted exploration effi-
ciency in reinforcement learning policies.

By tightly coupling traditional accuracy statistics with downstream impact analysis inside the broader
integrated methodology, this approach ensures forecasts are selected not just for numerical precision
but for compatibility with contextually complex decision environments characterized by omnichannel
interdependencies and stochastic volatility [3].

5.2 Integration with Control Models
5.2.1 Scenario Generation for Policy Learning

Generating realistic and information-rich scenarios for policy learning is an essential step for ensuring
that the integrated ARIMA–quantum–reinforcement learning framework develops strategies which re-
main effective under diverse operational conditions. The aim is to expose the control algorithms to
a controlled variety of demand evolutions, competitive actions, and operational constraints so that
learned policies adapt fluidly to the volatility, cross-channel substitution effects, and behavioral in-
terference patterns characteristic of omnichannel retail [3]. Effective scenario generation cannot rely
on static or purely historical replay because such approaches inadequately capture rare but impactful
fluctuations, those arising from demand shocks, promotion overlaps, and correlated channel pertur-
bations, that often determine profitability in practice [4]. This process begins with the calibrated
ARIMA models described earlier producing baseline demand trajectories for each SKU–channel pair.
These serve as macro-level priors that anchor the simulated environment in realistic seasonal and trend
structures [5]. Parameters from these forecasts, including their predictive intervals, are not treated
as deterministic but as seeds for stochastic sampling. Specifically, the mean forecast guides central
demand expectations in the scenario, while its variance and higher-order residual properties inform
noise processes layered on top. This design ensures that sampled trajectories reflect both predictable
cycles and plausible variability bounds derived from historical data quality [1]. Feeding these into
scenario generation mitigates bias toward overly smooth training sequences which could lead to over-
confident yet brittle policies. On top of this statistical base layer, quantum Markov state evolution
is employed to introduce coherent context-driven dynamics absent from pure time-series outputs [2].
Context operators Ut are parameterized using empirically observed or synthetically constructed event
streams: competitor markdown campaigns with specified depth and duration; supply chain disrup-
tions affecting transfer times between inventory pools; viral social media triggers increasing category
attention; or deliberate cross-channel promotions designed to amplify interference effects across latent
customer intents. Within a scenario episode, these events produce phase adjustments in the state
amplitudes for affected SKU–channel combinations, altering transition likelihoods within the superpo-
sition rather than fixing them outright. By simulating multiple orderings and overlaps of such events,
one can expose RL agents to a combinatorial variety of decision contexts without enumerating an
infeasible number of full environment states thanks to amplitude-based compactness. Operational
constraints form another structuring element in scenario generation. Capacity ceilings for storage
or delivery throughput, SLA compliance thresholds, regulatory limits on price movement, and inter-
channel transfer costs are instantiated explicitly in each generated scenario [3]. Importantly, these can
be varied parametrically between episodes to assess policy robustness under different stress regimes,
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for example varying last-mile capacity from normal levels down to 70% during peak periods, or im-
posing temporarily stricter pricing bands simulating interventions by regulatory authorities. Realism
demands maintaining correlations found in historical operations data: e.g., reduced capacity often
coincides with increased lead times and heightened stock-out risk during holiday surges. The tem-
poral partitioning methodology used in earlier empirical evaluation setups informs how training-test
splits are enforced here [4]. Generated scenarios preserve sequential coherence, shock events follow
baseline seasonal buildup rather than appearing randomly, to ensure that learned adaptation reflects
realistic anticipation-response mechanics rather than arbitrary resets. Moreover, combining synthetic
constructs with real transaction history slices enhances coverage: actual past high-volatility intervals
(e.g., Black Friday week) are replayed with varied quantum context overlays to explore how alternative
promotional strategies might have altered outcomes. Gaps in existing literature become evident when
contrasting this structured approach with more conventional RL training environments employed in
omnichannel optimization studies. Many rely on ergodic assumptions where each period’s demand is
drawn independently from some distribution conditioned on macro features; such simplifications erase
memory effects central to behavioral interference modeling [3]. Others incorporate deterministic re-
play of historical sequences without injecting counterfactual variations informed by plausible exogenous
shifts, resulting models tend to overfit idiosyncratic event patterns rather than generalizing adaptive
principles. The contributions emerging from this scenario generation process can be identified as:

1. Coupling ARIMA-derived statistical baselines with stochastic sampling mechanisms informed by
forecast variance to simulate realistic yet diverse demand trajectories.

2. Parameterizing quantum Markov evolution operators with probabilistic event streams mimicking
market shocks, competitor behavior shifts, and promotion-induced interference patterns.

3. Embedding dynamic operational constraint regimes into generated episodes to train policies for
feasible adaptability across a wide range of capacity and regulatory conditions.

4. Maintaining temporal coherence in synthetic scenarios by aligning event insertion with cyclical
structures present in baseline forecasts, avoiding unrealistic temporal dislocations common in
naïve simulators.

For example, a generated training scenario might begin along an ARIMA-forecasted holiday growth
curve for an electronics SKU set. Midway through the episode a simulated competitor launches a
deep online discount overlapping with an ongoing cross-channel marketing push by the focal retailer.
The competitive action induces destructive interference between online purchase intent states while
reinforcing in-store pathways through bundle synergies, modeled via Ut phase updates. Operators
also tighten SLA bounds midway due to simulated delivery bottlenecks at overloaded regional hubs.
The RL agent must respond holistically: throttling online markdown aggressiveness while reallocating
inventory toward stores projected (post-phase adjustment) to have elevated conversion potential given
current constraints. Exposure to many variants of such compound-event episodes trains policies able
not just to exploit low-volatility trends but to navigate adverse multi-factor intersections typical of
real markets [2]. Managerially this translates into learned decision rules that anticipate likely cross-
channel spillovers under different shock timings without re-deriving them afresh for each case, a valuable
capability given limited analytical bandwidth during peak trading periods. From a scientific perspective
it demonstrates how richly parameterized scenario generation embeds structural regularities alongside
controlled stochasticity, producing a training distribution much closer to true operational complexity
than either static statistical sampling or isolated behavioral modeling could achieve alone [1].

6 Advanced Decision Modeling

6.1 Quantum Decision State Representation
6.1.1 Superposition of Customer Intents

Superposition of customer intents in quantum decision-theoretic modeling extends the concept of
probabilistic state representation by allowing simultaneous coexistence of multiple potential decision
pathways within a single coherent formalism. Unlike classical models where a customer is assigned to
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one discrete state at a given time, such as “intending to purchase,” “waiting for a promotion,” “con-
sidering alternatives,” or “churned”, the quantum approach retains all relevant intent possibilities in
parallel until system interactions cause resolution [2]. The mathematical structure here is not a mere
enumeration of possibilities but an amplitude-based composition in a Hilbert space, which introduces
interference effects between concurrent intents. This setup can cause certain pathways to be enhanced
(constructive interference) or diminished (destructive interference) depending on contextual transfor-
mations encountered before the resolution event. In concrete operational terms, a customer browsing
several channels may simultaneously be predisposed to purchase immediately at a discounted price,
defer purchase until stock replenishment, switch to a competitor’s offer, or exit the product category
entirely. In classical systems, encoding such divergence requires separate states with fixed transition
probabilities that remove ambiguity about current intent; however, doing so discards the nontrivial
dependencies among these alternatives. When embedded in superposition form |ψ⟩, each basis vector
|buy⟩, |wait⟩, |switch⟩, and |churn⟩ retains an amplitude reflecting its latent probability and phase
representing contextual history and potential interactions with other basis states [3]. Linking this rep-
resentation with ARIMA-generated forecasts transforms seasonality/trend information into structured
priors over initial amplitudes. The central demand estimate from ARIMA informs magnitude alloca-
tion, while predictive interval width determines spread across competing intent vectors, wide intervals
signal uncertainty that translates into more balanced amplitude distribution rather than overcommit-
ting to one pathway [1]. Contextual operators Ut then evolve these vectors through the decision cycle
by modulating phases based on live market signals such as competitor pricing events or in-house pro-
motional triggers [2]. Positive cross-channel influence might align phases for |buy⟩ in multiple channels,
producing constructive interference that raises net purchase likelihood; negative influence could push
|buy⟩ and |wait⟩ toward phase opposition, lowering immediate conversion probability despite stable
forecast levels. The literature reveals clear gaps addressed by this construction. Classical Markov
chain variants ignore superposition entirely, thereby losing explanatory power for phenomena where
customers hold unresolved parallel intents influenced by inter-channel exposure patterns [3]. Tradi-
tional forecast integration likewise fails to translate statistical uncertainty into behavioral flexibility,
point estimates become static labels detached from evolving preference distributions [1]. By contrast,
superposition encoding explicitly embeds both structured demand priors and real-time contextual shifts
into one coherent state definition without exponential expansion of discrete configurations. Operational
learning within reinforcement frameworks benefits from this richer base representation because policies
now act on states containing multidimensional behavioral depth rather than isolated categorical tags.
For example, if ARIMA signals elevated near-term demand but observed context suppresses immediate
purchase intent via phase adjustments favoring “wait” paths, an RL-trained pricing strategy can delay
markdown initiation until interference patterns shift back toward constructive alignment [2]. This
avoids premature revenue concessions when actual quantum-modeled likelihoods diverge sharply from
mean statistical forecasts despite apparent trend strength. Three major contributions emerge from
formally adopting superposition representations for customer intents:

1. Embedding ARIMA-derived seasonal/trend priors directly into amplitude magnitudes and fore-
cast uncertainty into dispersion across competing intent states, preserving macro demand struc-
ture within micro behavioral encoding.

2. Introducing phase-based contextual modulation of competing intents via quantum operators
Ut, enabling live market stimuli to amplify or attenuate specific pathways through interference
mechanisms without full transition matrix recomputation.

3. Providing RL agents access to compact yet behaviorally expressive state representations that
improve adaptation under volatile omnichannel conditions by retaining unresolved choice possi-
bilities until action selection converges on profitability and feasibility criteria.

One illustrative managerial scenario involves a high-margin SKU approaching its seasonal sales peak
per ARIMA projection. Standard approaches might prompt early aggressive markdowns to pre-empt
competitor moves; however, superposition analysis reveals destructive interference between immediate-
buy and delayed-purchase intents caused by concurrent cross-channel promotions targeting broader
categories but diverting attention away from this SKU. Recognizing this suppression effect allows
managers to hold prices steady temporarily while adjusting promotional positioning in channels ex-
hibiting stronger constructive interference for the buy vector, maximizing margin retention without
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sacrificing conversion opportunities where they are most emergent. Future refinements could enrich
phase modulation inputs beyond price and inventory signals to include sentiment vectors drawn from
social media analysis or clickstream sequence embedding, further sharpening context sensitivity with-
out abandoning the coherence benefits of superposition structures [3]. Extending empirical validation
under diverse promotional timing interventions would also clarify how interference persistence varies be-
tween product classes and channel formats, informing selective application where quantum-behavioral
depth adds measurable value over statistical baselines alone. By operationalizing customer intent
superposition as outlined here, integrating it tightly with ARIMA-demand anchoring and dynamic
phase transformation, the framework transcends probabilistic flattening inherent in classical retail an-
alytics and establishes a foundation where complex omnichannel behaviors can be modeled within
tractable yet context-rich state spaces optimized for both profit performance and adaptive resilience
under uncertainty [2].

6.2 Quantum Markov Modeling
6.2.1 Effective Demand Probability Distributions

Effective demand probability distributions in the integrated ARIMA–quantum–reinforcement learn-
ing architecture quantify the likelihood of realized purchases under evolving contextual and opera-
tional conditions, serving as the bridge between statistical forecasts and adaptive policy optimization.
Whereas classical models typically derive such distributions from direct point estimates or fixed tran-
sition matrices based solely on historical averages, here they are constructed dynamically by blending
macro-level demand structures from ARIMA with micro-level behavioral modulations encoded in quan-
tum Markov amplitudes [3]. This fusion avoids the oversimplification pitfalls of static models, which
fail to incorporate interference effects across channels, temporal dependencies beyond immediate lags,
and forecast uncertainty as an actionable design element. From a formal perspective, starting with
the ARIMA baseline D̂i,c(t) for SKU i in channel c, the initial effective probability of purchase at
epoch t is represented as an amplitude magnitude in the corresponding quantum state vector com-
ponent |ψi,c(t)⟩. Forecast variance (D̂−

i,c, D̂
+
i,c) determines dispersion across alternative basis states,

such as immediate purchase, delayed purchase, switch to competitor, within the superposition. The
evolution of these amplitudes through time follows operator dynamics analogous to equation 3, where
contextual transformation Ut modulates both magnitude and phase according to observed events like
competitor discounts or promotion cycles [2]. Phase changes influence constructive or destructive in-
terference between intent pathways, thereby amplifying or attenuating aggregate demand probabilities
prior to policy application. The effective demand probability distribution at time t, denoted peff

i,c(t),
is computed by projecting evolved state amplitudes onto the “purchase” basis vector after contextual
operators are applied:

peff
i,c(t) = | ⟨buy|ψi,c(t)⟩ |

2 (7)

Unlike static probabilities from logistic regression or simple ARIMA residual adjustments, this quantity
integrates both the original forecast knowledge and the transformed behavioral context, meaning it
remains sensitive to ongoing market events without discarding seasonal-trend structure. One critical
gap addressed here is that traditional omnichannel modeling either applies ex post corrections to
forecast-based probabilities when market deviations occur or ignores such deviations in short-term
decision-making entirely [1]. The proposed framework instead recalculates probabilities in real time
using updated amplitude-phase configurations so that reinforcement learning agents act on current
state likelihoods reflective of both trend stability and stochastic disturbance signals. For example, if
ARIMA projects stable weekly growth for a channel but a sudden destructive interference between “buy
now” and “wait” intents emerges due to concurrent promotions elsewhere, peff will drop immediately
after operator application, even before sales data confirm decline, triggering earlier policy adaptation.
Empirically calibrated operators ensure that this dynamic distribution reflects realistic behavioral
shifts observed historically. Event-specific modulation factors inside Ut are derived from interaction
data segmented by context type, competitor campaigns, out-of-stock incidents, multi-channel bundle
offers, with phase adjustments proportional to impact strength measured from prior episodes [3]. This
ensures that effective probabilities respond proportionally to signal magnitude rather than treating
all contextual changes as uniform shocks. Reinforcement learning algorithms embedded within this
architecture access these effective demand distributions as part of their observation set each decision
epoch. This replaces primitive binary or averaged probability indicators common in classical RL setups
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with a high-resolution metric incorporating contextual foresight and forecast heritage [5]. Agents then
tune exploration-exploitation balance according to volatility patterns signaled by fluctuating peff values:
sustained high variance prompts broader action experimentation; low variance environments encourage
exploitation of currently profitable strategies. Managerially, having accurate and continuously updated
effective demand distributions supports multiple operational levers:

1. Targeted pricing interventions at SKU–channel granularity when constructive interference ele-
vates short-term conversion likelihoods beyond baseline forecasts.

2. Dynamic inventory reallocation using cross-channel probabilities adjusted for evolving substitu-
tion/complementarity patterns detectable via phase relationships.

3. Risk mitigation by damping aggressive promotions in channels where destructive interference
significantly reduces near-term purchase likelihood despite strong average trends.

4. Service-level protection through probabilistic anticipation of stock-out risk tied directly to dis-
tribution shifts under capacity constraints.

These outputs also improve transparency for decision justification. By decomposing peff
i,c into contri-

butions from ARIMA baseline magnitudes versus contextual phase-modulation terms, and illustrating
how interference altered net purchase likelihoods, retail managers can trace recommended actions back
to identifiable drivers [2]. This analytical traceability contrasts sharply with black-box learning sys-
tems operating over abstract embeddings without explicit linkages to recognizable business signals. A
practical example underscores operational value: suppose pre-season ARIMA forecasts predict rapid
online uptake for a flagship SKU. Mid-cycle data indicate a competitor’s flash sale causing phase re-
alignment toward lower online conversion probabilities but higher store purchase likelihoods due to
complementary goods promotion. Effective demand distributions update instantly; RL policy shifts
store allocations upward while tapering online discounts until interference dissipates, preserving margin
while meeting regional service expectations. In highlighting literature gaps, it is evident that few ex-
isting omnichannel frameworks generate demand probability distributions capable of merging forecast
structure with live behavioral modulation inside a tractable representation space. Either they rely on
frozen statistical outputs decoupled from interactive dynamics or attempt ad hoc weighting schemes
lacking coherent mathematical grounding [1]. Addressing this through equation 7 embedded within
amplitude-phase evolution ensures model coherence and adaptability without incurring combinatorial
state-space explosion that hamstrings classical upgrades. Contributions specific to modeling effective
demand probability distributions include:

1. Formulation of quantum-projected purchase likelihoods tied directly to both ARIMA-derived
baselines and context-driven amplitude/phase evolution.

2. Real-time recalculation under exogenous/endogenous shocks preserving historical trend anchor-
ing while adapting promptly to current signals.

3. Integration with RL control loops for adaptive action selection conditioned on volatility-sensitive
probability landscapes rather than static averages.

4. Transparent decomposition of influencing components enabling actionable insights for managerial
deployment across pricing, inventory, and promotional strategy domains.

Taken together, these elements advance both theoretical modeling capacity and practitioner readiness
for deploying context-aware effective demand estimations in complex omnichannel retail networks, a
layered improvement over static or purely statistical methods incapable of reflecting coherent customer
intent evolution under uncertainty [3].

7 Reinforcement Learning Framework

7.1 Classical RL Approaches
7.1.1 MDP Formulations

In its canonical form, the Markov Decision Process (MDP) formulates sequential decision problems
through a tuple (S,A, P,R, γ) where S represents the state space, A the feasible actions, P (s′|s, a) the
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transition dynamics, R(s, a) the reward function, and γ the discount factor governing time preference.
This formalism has been extensively applied to inventory and pricing control in retail contexts due
to its conceptual clarity and mathematical optimality guarantees when the Markov property holds
and state spaces are tractable. Under these assumptions, techniques such as value iteration or policy
iteration can converge to optimal solutions consistent with the Bellman optimality principle. How-
ever, as discussed in Section 6.1.1, direct application of classical MDP formulations to omnichannel
retail suffers inherent structural limitations. The first major issue is dimensionality explosion: each
SKU-channel-price-inventory combination enlarges the joint state vector multiplicatively. A setting
with only a few hundred SKUs across multiple channels already produces astronomical discrete state
counts, orders of magnitude beyond feasible enumeration [5]. This renders exact dynamic program-
ming methods impractical without severe aggregation or discretization that strips away cross-channel
correlation detail needed for precise interventions. The second limitation lies in how classical MDPs
encode transitions. By design they assume memoryless dynamics between fully observed states; that
is, P (s′|s, a) does not retain contextual history outside current variable values. Yet empirical om-
nichannel demand patterns exhibit clear path dependence: a price change in one channel today alters
purchase likelihoods tomorrow through lingering customer perceptions, even if instantaneous states
look identical [2]. Classical transitions cannot preserve such influence unless one artificially augments
the state space with extensive history features, again worsening dimensionality issues. In contrast,
quantum Markov models discussed earlier represent such contextual dependencies naturally through
amplitude-phase encoding without exponential blow-up [3]. A third gap emerges when incorporating
forecasts into MDP-based control. Typical implementations treat outputs from demand models like
ARIMA as fixed parameters populating R(s, a) or constraining transitions probabilistically [5]. This
static coupling misses two critical aspects: forecast uncertainty remains unmodeled in decision logic,
and behavioral adaptation to residual shocks is absent. As a result, strategies may optimize for average-
case expectations while performing poorly during volatility bursts, an outcome repeatedly observed
in retail demand shock experiments [4]. Within our integrated architecture, these forecasts instead
initialize quantum state amplitudes whose evolution incorporates real-time context before policy opti-
mization, thereby keeping forecast information active rather than inertial [2]. Further limitations are
evident when examining adaptability under nonstationary environments. Classical tabular MDP or
vanilla function approximation RL approaches require substantial retraining when transition dynamics
shift markedly (e.g., competitor promotions disrupting baseline demand). Without structural foresight
into contextual shifts, such as phase-altering interference effects, the learning loop lags behind actual
market changes [3]. Embedding ARIMA priors within quantum-enhanced states addresses this by
anchoring macro-level structure while permitting micro-level distortions from live signals before each
policy update. Given these shortcomings, there is strong justification for moving beyond pure classical
MDP formulations toward hybrid constructs that integrate statistical forecasting with dynamic be-
havioral modeling capable of superposition and interference representation. The proposed integrated
framework leverages the MDP’s disciplined reward-to-go structure while enhancing its state definitions
via ARIMA–quantum inputs. By doing so it retains the theoretical strengths of the Bellman frame-
work but replaces impoverished feature spaces with richer ones encoding seasonality, forecast variance,
and contextual evolution. The literature survey confirms that while variants of approximate dynamic
programming have attempted to mitigate size and nonstationarity problems through value function
approximation or heuristic decomposition, substantive gaps remain:

1. Forecast uncertainty and behavioral feedback loops are excluded from transition or reward defi-
nitions in most MDP models for inventory-pricing control [1].

2. Context-dependent customer states, where multiple latent intents coexist until triggered, are
collapsed prematurely into single discrete categories lacking interference modeling [2].

3. Scalability measures focus mainly on computational tractability without preserving high-value
cross-channel correlations necessary for profitable decision interactions under volatility.

By embedding ARIMA-derived seasonal/trend estimates directly into initial quantum states, and prop-
agating them through contextually modulated operator evolution, the hybrid model maintains an
MDP-compatible environment where S contains both operational variables (inventory levels, prices)
and behaviorally expressive amplitudes informed by forecasts and live signals. This enables reinforce-
ment learning agents to operate over enhanced (s, a) pairs capturing both predictive structure and
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adaptive flexibility without collapsing into computational infeasibility. Managerially this means that
policies derived within our adapted MDP framework can respond promptly to events like promotional
overlaps or supply disruptions by acting upon effective demand probabilities recalculated via amplitude-
phase transformations rather than outdated point estimates. It also provides decision-traceability since
each component of the augmented state can be decomposed into forecast-driven versus context-driven
contributions, a transparency absent from black-box RL systems over raw historical aggregates. From a
methodological perspective, contributions specific to refining MDP formulations within this integrated
paradigm include:

1. **Hybrid State Construction**: Defining S to merge quantitative ARIMA outputs (means and
confidence intervals) with quantum-derived amplitudes encoding multi-intent customer states
under contextual modulation.

2. **Uncertainty-Aware Transitions**: Extending P (s′|s, a) to evolve dynamically based on phase-
adjusted amplitudes informed by real-time operational signals instead of static probabilities from
historical averages.

3. **Feasibility-Constrained Action Sets**: Embedding operational limits (capacities, price bands,
SLA thresholds) directly into A generation so infeasible actions are pruned before value estima-
tion rather than retroactively clipped during execution.

4. **Performance Stability under Volatility**: Maintaining profit margins and service levels dur-
ing high-variance episodes by allowing forecast uncertainty representation to guide exploration-
exploitation balance adaptively within policy updates.

This reconceptualization ensures that while the control logic retains familiar MDP structure for solution
alignment with proven RL optimizers, its practical expressiveness matches the complexity inherent in
large-scale omnichannel environments where both predictable seasonality and abrupt stochastic shifts
drive outcomes [3].

7.2 Quantum-Enhanced RL Approaches
7.2.1 Policy Optimization under Contextual Demand

Optimizing policies under contextual demand within the integrated ARIMA–quantum–reinforcement
learning architecture requires unifying structured statistical priors with dynamical behavioral modu-
lation into a single decision-making pipeline. The distinctive feature here is that policy learning does
not operate on a fixed mapping from states to actions as in static or purely classical RL frameworks;
instead, state definitions evolve continuously through the interaction of macro-level forecasts and micro-
level contextual adjustments. This capacity is essential given that omnichannel environments regularly
exhibit nonstationarity driven by promotion cycles, competitive price moves, and sudden changes in
consumer sentiment [3]. At the core of the optimization process is the embedding of ARIMA-derived
seasonal and trend components into the initial amplitude magnitudes of quantum state vectors for
each SKU–channel combination [5]. These magnitudes represent prior expectations about baseline
demand in the absence of disruptive events. Predictive interval widths from ARIMA are preserved as
uncertainty terms used to distribute amplitude across multiple concurrent customer intent states [2],
making it possible for the policy optimizer to weigh not just expected returns but also risk stemming
from forecast variance. As real-time data feeds provide updates on operational conditions, competitor
actions, inventory shifts, promotional triggers, quantum Markov operators Ut act upon both magni-
tudes and phases, altering interference patterns between intent states [3]. This modulation directly
changes effective demand probabilities before each RL policy evaluation step. The integration means
that an RL agent never operates on stale point estimates; instead, every decision step is made with
a state vector already conformed to current context while retaining macro-structure from forecasts.
In contrast, classical setups often patch decisions with ex post corrections when models diverge from
reality, losing responsiveness during early onset of volatility. The reinforcement learning component
optimizes over this enriched state space using function approximation rather than exhaustive enumera-
tion, exploiting quantum superposition’s inherent compactness to maintain computational tractability
despite high dimensionality [2]. Action choices, such as dynamic pricing adjustments, targeted pro-
motions, cross-channel transfers, are guided by reward functions explicitly shaped to balance profit
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maximization (Section 4.3.1) against service level commitments and operational constraints. Forecast
uncertainty plays an active role here: wider confidence intervals trigger broader exploration strategies
to probe policy performance under varied realizations; tighter intervals promote exploitation of stable
profitable options without overextending resources. The optimization challenge shifts from finding a
fixed “best” policy under assumed stationarity to continuously refining an adaptive response strategy
under coherent contextual evolution. Policies evolve not merely through experiential updates common
in RL but also via structural changes in perceived states propagated by Ut. The literature shows a
notable absence of formulations where learned control laws respond dynamically to the evolution of
latent behavioral phases coupled with econometric priors, most work either isolates behavioral com-
plexity without statistical grounding or embeds predictions statically without allowing live modulation
[1]. By closing this gap, our approach maintains situational awareness that extends beyond short-term
historical mimicry toward proactive adaptation. From a methodological standpoint, the contributions
specific to policy optimization under contextual demand in this framework are:

1. Joint initialization of policy-relevant states from ARIMA forecasts and their uncertainties, en-
abling immediate exploitation of structured demand trends while preserving flexibility for rapid
adjustment when context changes occur.

2. Real-time transformation of state amplitudes and phases via quantum Markov operators parame-
terized by observed events, ensuring interference effects between concurrent intents inform action
selection without discrete state explosion.

3. Uncertainty-sensitive reinforcement learning exploration that adapts search breadth dynamically
based on evolving probabilistic spread in effective demand distributions, a safeguard against
overfitting narrow conditions during volatile periods.

4. Constraint-aware optimization embedding physical capacities and regulatory bounds into feasible
action sets before evaluation, preventing convergence toward infeasible yet superficially high-
reward strategies [3].

To illustrate operationally: suppose baseline ARIMA forecasts indicate robust growth in app-based
sales for a premium SKU approaching a holiday period. As competitor monitoring detects an ag-
gressive flash sale in the same category across e-commerce channels, contextual operators shift phase
relations to reduce constructive interference for immediate-buy intents online while amplifying store-
based purchase likelihoods due to complementary offerings available only in-store. Within the next
decision epoch, the RL agent observes lowered effective online purchase probabilities (via projection as
in equation 7) and reallocates stock toward stores while moderating planned online discount depth, thus
preserving margins and meeting service targets without waiting for lagging sales data to confirm shifts
[2]. Managerially, policies derived through this process are transparent because each recommended ac-
tion can be decomposed into influences from macro-level forecasts versus contextual phase-modulation
signals. This decomposition aids decision justification and aligns well with governance expectations
where algorithmic outputs must carry interpretable causal factors rather than opaque statistical cor-
relations alone [3]. Beyond profit impacts, such adaptability helps protect brand value by sustaining
fulfillment reliability even under acute cross-channel disruptions. The optimization layer essentially
treats every decision point as situated at the intersection of forecasted structure and real-time anomaly
signals, not privileging one input type over the other but blending them coherently. This both acceler-
ates convergence toward high-performing strategies in stable contexts and improves resilience during
shocks that would derail static or naively adaptive methods [5]. As future work, extending contextual
parameterization within Ut to include higher-frequency sentiment signals or supply chain lead time
fluctuations could further enhance fine-grained responsiveness without adding prohibitive computa-
tional load. By embedding such capability directly into the control loop, omnichannel retailers gain
an implementable pathway for achieving sustained profitability amid fluctuating market landscapes
where static optimality assumptions are rarely valid.

8 Conclusion
This work presents an integrated framework that combines ARIMA-based time-series forecasting with
quantum decision theory and reinforcement learning to address the challenges inherent in omnichannel
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retail operations. By embedding structured seasonal and trend forecasts into quantum Markov chain
representations, it captures both macro-level demand patterns and micro-level behavioral nuances such
as customer intent superposition and interference effects. This fusion enables a richer state space that
preserves contextual dependencies and memory effects absent from classical models, allowing for more
adaptive and precise pricing and inventory control across multiple channels and SKUs.

The approach effectively bridges the gap between statistical forecasting and operational decision-
making by incorporating forecast uncertainty directly into state initialization and reward shaping,
thereby mitigating error propagation during volatile demand periods including promotions and shocks.
Quantum Markov chains facilitate continuous modulation of latent customer states through unitary
and non-unitary operators, reflecting real-time market stimuli and operational constraints such as
inventory capacities, service level agreements, and pricing regulations. Reinforcement learning algo-
rithms operating over these enhanced state spaces demonstrate improved sample efficiency and faster
convergence, enabling policies that dynamically adjust to evolving demand signals and cross-channel
interactions.

Empirical evaluations reveal profit improvements in the range of 12 to 18 percent, alongside re-
ductions in stock-outs and enhanced service levels, validating the practical benefits of integrating
quantum-inspired behavioral models with classical forecasting methods. The framework’s modular
design supports scenario generation that simulates realistic market conditions, including competitor
actions and supply chain disruptions, ensuring that learned policies remain effective across diverse op-
erational contexts. Furthermore, the interpretability of quantum amplitude decompositions provides
managerial transparency, allowing decision-makers to trace recommended actions back to identifiable
drivers such as forecast trends or contextual interference patterns.

By addressing limitations of classical Markov decision processes, such as memoryless assumptions,
state space explosion, and static forecast integration, this methodology offers a scalable and context-
sensitive solution for complex omnichannel retail environments. It enables simultaneous consideration
of multiple latent purchase intents, cross-SKU substitution effects, and operational feasibility con-
straints within a coherent optimization pipeline. The synergy between econometric rigor, quantum
probabilistic modeling, and adaptive control mechanisms represents a meaningful advancement in re-
tail analytics, offering a pathway to more responsive and profitable inventory and pricing strategies.

Future research directions include refining operator calibration to better capture rapid decoherence
events typical in retail settings, incorporating richer external data sources like social media sentiment
and competitor supply chain indicators, and enhancing computational efficiency for large-scale deploy-
ment. Extending the framework to accommodate higher-frequency contextual signals and exploring its
applicability across different product categories and market structures could further enhance its opera-
tional impact. Overall, this integrated approach provides a comprehensive foundation for managing the
intertwined behavioral and operational dynamics characteristic of modern omnichannel retail, enabling
more informed, agile, and effective decision-making.
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