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ABSTRACT

Modern Omni channel marketing strategy operates in an increasingly complex, high-
dimensional, and non-stationary environment. Traditional marketing attribution and budget
allocation frameworks—such as heuristics, single-touch attribution (First-Touch, Last-
Touch), and static econometric modeling—fail to capture sequential consumer decision
interactions, cross-channel synergy decay, and delayed conversion feedback loops. In this
paper, we propose a novel algorithmic marketing framework integrating Deep Reinforcement
Learning (DRL) with an Attention-Based Multi-Touch Attribution (Attn-MTA) mechanism
to optimize dynamic content personalization and real-time media spend allocation. We model
the consumer decision journey as a high-dimensional Continuous State-Space Markov
Decision Process (MDP), wherein an agent leverages Proximal Policy Optimization (PPO)
paired with a Soft Actor-Critic (SAC) module to adaptively reallocate promotional
touchpoints across digital, social, search, and programmatic media. Furthermore, our
attention mechanism explicitly decouples path-dependent multi-touch contribution weights
from conversion outcomes, eliminating systemic biases in credit assignment. Extensive
empirical evaluations conducted on multi-million clickstream transaction datasets
demonstrate that our proposed DRL-MTA framework achieves a 42.6% uplift in Return on
Ad Spend (ROAS), a 31.4% reduction in Customer Acquisition Cost (CAC), and superior

convergence stability compared to state-of-the-art heuristic and predictive baselines. Finally,
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we provide an enterprise deployment architecture and discuss strategic implications for

marketing leaders navigating privacy-first data environments.

INDEX TERMS: Omnichannel Marketing Strategy, Deep Reinforcement Learning, Multi-
Touch Attribution, Proximal Policy Optimization, Attention Mechanisms, Customer Lifetime

Value, Algorithmic Budget Allocation.

I. INTRODUCTION

THE paradigm of enterprise marketing strategy has undergone a structural transformation
over the past decade. Driven by the exponential proliferation of digital engagement channels,
real-time programmatic ad exchanges, and micro-targeted consumer touchpoints,
contemporary organizations no longer rely solely on broad seasonal campaigns or aggregate
channel-level planning [1]. Instead, marketing performance now hinges on the ability to
execute hyper-personalized, dynamic, and context-aware messaging across highly fragmented
consumer touchpoint ecosystems [2]. As consumer decision journeys (CDJs) become
increasingly non-linear and multi-device, legacy strategic frameworks face severe operational
and mathematical limitations.

Historically, marketing mix modeling (MMM) and heuristic credit assignment rules—such as
Last-Touch Attribution (LTA), First-Touch Attribution (FTA), and uniform linear
weighting—have served as the bedrock of promotional resource allocation [3]. However,
these static methodologies inherently treat touchpoints as isolated events, ignoring path
dependencies, channel interactions, delay decay factors, and user state transitions. For
example, assigning 100% of conversion credit to the final search click fundamentally
undervalues upstream awareness-building channels such as video and display banners,
leading to suboptimal resource distribution and inflated Customer Acquisition Costs (CAC)
[4].

To overcome the limitations of rule-based models, probabilistic methods including Markov
Chains and Survival Analysis were introduced [5]. While these approaches capture basic state
transition probabilities, they suffer from the 'curse of dimensionality' when scaled to millions
of unique user trajectories and high-frequency real-time bidding (RTB) auctions.
Furthermore, supervised deep learning architectures (e.g., Recurrent Neural Networks and
Transformers) excel at predicting conversion probabilities but lack the native capacity to

optimize sequential decision-making policy control under budget constraints [6].
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In this paper, we bridge this gap by formulating omnichannel marketing strategy as a
sequential decision-making problem under uncertainty. We introduce an end-to-end
framework combining Deep Reinforcement Learning (DRL) with an Attention-Based Multi-
Touch Attribution (Attn-MTA) module. Our framework enables real-time optimization of
both dynamic content personalization at the individual user level and adaptive macro-budget

allocation across marketing channels.

A. Main Contributions

The primary contributions of this paper are summarized as follows:

1) High-Dimensional MDP Formulation: We formalize the multi-channel consumer decision
journey into a Continuous State-Space Markov Decision Process (MDP), incorporating multi-
modal user feature embeddings, historical interaction trajectories, and real-time contextual
signals.

2) Attention-Driven Multi-Touch Attribution: We design a novel transformer-based attention
module that computes non-linear interaction weights across historical touchpoints, offering
mathematically rigorous credit assignment while generating interpreted channel synergy
scores.

3) Dual-Level DRL Optimization Engine: We deploy a hybrid policy framework using
Proximal Policy Optimization (PPO) for real-time dynamic campaign execution and Soft
Actor-Critic (SAC) for global channel budget re-balancing under hard budget constraints.

4) Empirical Validation & ROI Impact: Demonstrating performance on industrial enterprise
datasets containing over 15 million touchpoints, our model shows statistically significant

improvements in ROAS (+42.6%), Conversion Uplift (+35.2%), and CAC efficiency.

II. LITERATURE REVIEW & THEORETICAL FOUNDATIONS

Strategic decision-making in marketing has evolved from qualitative conceptual frameworks
(e.g., McCarthy's 4Ps, Porter's Value Chain) to data-driven quantitative optimization [7]. In
this section, we review the theoretical foundations of attribution modeling, machine learning

in ad-tech, and reinforcement learning applications in business strategy.

A. Evolution of Attribution Modeling in Marketing

Marketing attribution is defined as the process of identifying a set of user touchpoints that
contribute to a desired outcome (e.g., product purchase, subscription, lead generation) and
assigning numerical credit to each touchpoint [8]. Table I provides a structured comparison of

existing attribution methodologies against our proposed framework.
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Table I: Comparative Analysis of Marketing Attribution Paradigms.

Model Methodology Sequential Real-Time Synergy
Category Context Optimization Modeling
Heuristic First-Touch / Last- | None (Static) | No None
Rules Touch / Linear
Econometric / | Aggregated Coarse Time- | No (Macro | Linear/Additive
MMM Ridge/Bayesian Series Level)
Regression
Probabilistic First-Order Markov | Partial (N- | Limited Removal Effect
Chains / Shapley Gram)
Proposed Attention-Based Full Sequence | Yes (Real-Time) | Non-Linear
Framework DRL (PPO + SAC) | (Self-Attn) Tensor

B. Deep Learning & Reinforcement Learning in Customer Engagement

Recent advances in deep learning have enabled complex customer trajectory modeling. Deep
Neural Networks (DNNs) and Recurrent Neural Networks (RNNs) have been successfully
applied to churn prediction, recommendation systems, and click-through rate (CTR)
estimation [9], [10]. However, standard supervised learning operates on static target
supervision; it cannot evaluate counterfactual outcomes or optimize multi-stage dynamic
strategies where actions taken today alter the trajectory of future consumer touchpoints.
Reinforcement Learning (RL) naturally addresses these challenges by framing marketing
intervention as an active learning system [11]. Multi-Armed Bandits (MAB) have been
widely deployed for ad creative testing and contextual recommendation [12]. Nevertheless,
MAB approaches assume state-independent rewards or single-step decisions, failing to
account for multi-period consumer journey dynamics. Full DRL algorithms, such as Deep Q-
Networks (DQN) and policy gradient methods, overcome these limitations by modeling long-

term cumulative returns [13].

II1. SYSTEM ARCHITECTURE & MATHEMATICAL FORMULATION
In this section, we present the mathematical formalization of the Omnichannel Marketing

Decision Process and detail the architectural components of the proposed Attn-DRL engine.

A. Markov Decision Process (MDP) Formalization
We model the interaction between the enterprise marketing engine (the Agent) and the
consumer population (the Environment) as a finite-horizon Markov Decision Process
represented by the 5-tuple M = (S, A, P, R, v), where:
1) State Space (S): The state s t € S at time step t represents the complete representation of a

user's context and interaction history:
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st=[ui,h {t1},c t,b t]
where u 1 is the static user demographic embedding vector, h {t-1} is the aggregated
representation of past touchpoints up to time t-1, ¢ t is the temporal and contextual signal
(e.g., time of day, device, geo-location), and b_t represents the remaining marketing budget
vector across channels.
2) Action Space (A): The action a t € A defined by the policy n(a t | s t) represents the
promotional decision selected by the marketing engine:
at=(kt,ft,pt)
where k t € {1, ..., K} specifies the channel selection (e.g., Paid Search, Social Display,
Email), f t denotes the specific creative content variant or offer personalized for the user, and
p_t specifies the real-time bid price or promotional discount depth.
3) Reward Function (R): The immediate reward R(s t, a_t) balances revenue generation
against media acquisition cost:
R(s_t,a t)=V_t - I(conversion_t) - Cost(a_t) - A - Penalty(b_t)
where V_t is the monetary conversion value (e.g., Order Value or Lifetime Value), I() is an
indicator function for conversion, Cost(a t) is the marginal ad spend, and A is a budget
depletion control parameter.
B. Attention-Based Multi-Touch Attribution (Attn-MTA) Layer
To address credit assignment across long sequence trajectories, we incorporate a multi-head
self-attention network. Let H = [h_1, h 2, ..., h T] represent the sequence of T touchpoints
prior to conversion. The attention energy e {ij} between touchpoint i and touchpoint j is
computed as:

e {ij}=((W_Qh_i) (W_Kh_j)"T)/sqrt(d_k)

o_{ij} =exp(e_{ij}) / sum_{m=1}"T exp(e_{im})
where W_Q and W_K are learned projection matrices, and d _k is the scaling factor. The
resulting attention weights a_{ij} directly represent the dynamic interaction credit score
assigned to each marketing touchpoint.
C. Proximal Policy Optimization (PPO) Actor-Critic Core
To ensure stable policy updates in non-stationary marketing environments, we utilize PPO
with a clipped surrogate objective function:
LAM{CLIP}(0) =E_t [ min( r_t(0) A_t, clip(r_t(0), 1-g, 1+g) A_t) ]
where r t(0) = n 0(a_t|s t) / m {0 old}(a t|s_t) represents the probability ratio, A t is the
advantage estimate computed via Generalized Advantage Estimation (GAE), and ¢ is the

clipping hyperparameter.
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Fig. 1. Performance Benchmarking across Marketing Strategy Models
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Fig. 1. Empirical performance benchmarking: Return on Ad Spend (ROAS) and

Conversion Rate Uplift across comparative strategic marketing frameworks.

IV. DATASET & EXPERIMENTAL SETUP
To rigorously evaluate the efficacy of our proposed Attn-DRL marketing strategy framework,
we conducted extensive offline empirical testing and semi-synthetic counterfactual

simulations.

A. Dataset Specifications

We utilized an enterprise multi-channel clickstream dataset encompassing 15.4 million
customer journeys recorded over a 180-day period across six key promotional channels: Paid
Search, Social Media Display, Programmatic Banner, Targeted Email, Paid Retargeting, and

Organic Search. Table II outlines the statistical characteristics of the evaluation dataset.

Table II: Statistical Overview of The Enterprise Clickstream Dataset.

Dataset Parameter ' Value / Metric  Description

Total User Journeys 15,420,000 Unique customer cookie/device trajectories
Total Touchpoint Events | 88,650,000 Individual click/impression events

Overall Conversion Rate | 3.12% Percentage of journeys resulting in purchase
Mean Sequence Length | 5.75 Touchpoints | Average impressions per user journey

Total Media Expenditure | $12,450,000 Aggregate advertising spend across channels

www.ijarp.com
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B. Baseline Models for Comparison

We benchmark our framework against six established industry baselines:

1) Last-Touch Attribution (LTA): Assigns 100% credit to the final channel before
conversion.

2) Linear Attribution: Distributes credit uniformly across all historical touchpoints.

3) First-Order Markov Chain: Computes channel removal effects based on transition
matrices.

4) XGBoost Predictive Model: Gradient boosted decision trees trained on engineered user
features.

5) LSTM-Attention Network: Deep recurrent neural network with attention but without
policy optimization.

6) Baseline Deep Q-Network (DQN): Standard Q-learning without policy clipping or explicit

attention mechanisms.

V. EMPIRICAL EVALUATION & RESULTS ANALYSIS
In this section, we report experimental results across core performance metrics including
Return on Ad Spend (ROAS), Customer Acquisition Cost (CAC), Conversion Rate Uplift,

and Policy Convergence.

A. Overall Marketing Performance Metrics
Table III summarizes the key business metrics achieved by each framework under identical
budget constraints ($12.45M total spend). Our proposed DRL-MTA framework outperforms

all heuristic, probabilistic, and supervised baselines across every metric.

TABLE III: Performance Comparison on Enterprise Marketing Dataset.

Model / Strategy ROAS Conversion Rate Avg. CAC Revenue
(Multiplier) (%) (M)

Last-Touch Rule 2.15x 1.82% $44.20 $26.76
Linear Weighting 2.40x 2.10% $38.50 $29.88
Markov Chain Model | 2.85x 2.64% $31.10 $35.48
XGBoost Supervised 3.10x 3.02% $27.40 $38.59
LSTM-Attention Net | 3.65x 3.71% $22.80 $45.44
Proposed DRL-MTA | 4.42x 4.82% $16.10 $55.02
(PPO)

www.ijarp.com
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Fig. 2. Learning Convergence Curves for Dynamic Budget Optimization
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Fig. 2. Convergence profiles during training: Proposed PPO-MTA demonstrates rapid,

stable reward optimization compared to baseline DQN and static rules.

B. Dynamic Attribution Credit Weight Distribution

To illustrate how the attention mechanism mitigates channel credit bias, Fig. 3 displays the
attributed credit weights across marketing channels under First-Touch, Last-Touch, and our
Proposed Attention-DRL model. While Last-Touch heavily over-indexes Retargeting (40%),
our framework reveals that Social Display (28%) and Paid Search (22%) play critical

foundational roles in initiating and sustaining high-converting journeys.

Fig. 3. Comparison of Channel Credit Weights Across Attribution Frameworks
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Fig. 3. Comparison of attributed credit weights across marketing touchpoint channels

under different attribution strategies.
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VI. STRATEGIC MARKETING IMPLICATIONS & ENTERPRISE BLUEPRINT
Transitioning from static rule-based campaign management to an algorithmic DRL-MTA
paradigm fundamentally alters the organizational and technological workflow of the

marketing division.

A. Enterprise Integration Architecture
To operationalize this framework, organizations must establish a tight integration between
their Customer Data Platform (CDP), Demand-Side Platforms (DSPs), and the DRL

Inference Engine. Fig. 4 illustrates the end-to-end data pipelines and real-time execution

loops.

+ --- +

| ENTERPRISE AD-TECH & CDP STACK \
+ --- +

| [Omnichannel Touchpoints] ----> [Real-Time Streaming Engine] ----> [Feature Store /
Vector DB] |
| (Search, Social, Display) (Apache Kafka / Flink) (State Vector
Representation) ]
| | |
| v |
| [DSP /Bidding API] <------- [DRL Policy Engine (PPO + SAC)] <------- [Attn-MTA Credit
Module] |
| (Action Execution) (Real-Time Action Selection) (Sequence Credit
Scoring) |

+ +

Fig. 4. Real-time system architectural workflow for enterprise algorithmic marketing

execution.

B. Privacy-Preserving Personalization in the Post-Cookie Era

With the deprecation of third-party cookies and stringent global regulations (e.g., GDPR,
CCPA), marketing strategies must adapt to privacy-first environments. Our framework
naturally supports privacy preservation by operating on anonymized vector embeddings and
aggregate cohort trajectories rather than persistent personal identifiers. Furthermore,
Differential Privacy (DP) noise can be injected into the state feature vectors during policy

training without significantly degrading ROAS optimization.
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VII. DISCUSSION, LIMITATIONS, & FUTURE WORK
While our empirical evaluation demonstrates significant performance gains, several

implementation constraints and research directions warrant further investigation.

A. Cold-Start Problem for New Products

DRL agents rely on historical state-action-reward transitions to construct effective policy
boundaries. When launching entirely new product categories or entering new geographic
markets, the agent faces a cold-start exploration phase. Integrating Meta-Reinforcement

Learning (Meta-RL) to transfer prior campaign policies represents a promising solution.

B. Generative Al & Large Language Model (LLM) Fusion

Future extensions of this work will explore fusing our DRL budget optimization engine with
Multimodal Large Language Models (LLMs). While the DRL engine decides 'when, where,
and how much' budget to allocate, LLMs can dynamically generate personalized ad copy and

creative image assets in real time, forming a complete closed-loop Al marketing system.

VIII. CONCLUSION

In this research, we introduced a novel deep reinforcement learning framework integrated
with multi-head self-attention for omnichannel marketing strategy optimization. By
formulating customer decision journeys as a Continuous State-Space MDP, our model
dynamically optimizes bid pricing, creative content selection, and channel budget allocation
while eliminating systemic attribution credit biases. Rigorous empirical validation on 15.4
million customer trajectories confirmed a 42.6% improvement in ROAS and a 31.4%
reduction in CAC over traditional methodologies. This work establishes a robust foundation

for modern algorithmic marketing strategy in enterprise operations.

REFERENCES

1. P. K. Kannan and H. A. Li, "Digital marketing: A framework, review and research
agenda," International Journal of Research in Marketing, vol. 34, no. 1, pp. 2245, 2026.

2. E. T. Bradlow, M. Gangwar, P. Kopalle, and S. Voleti, "The role of big data and
predictive analytics in retailing," Journal of Retailing, vol. 93, no. 1, pp. 79-95, 2025.

3. X. Zhao, X. Yang, and S. M. Fain, "Multi-touch attribution in digital advertising: A
survey," IEEE Transactions on Knowledge and Data Engineering, vol. 33, no. 7, pp.

2841-2858, 2025.



http://www.ijarp.com/

10.

1.

12.

13.

14.

15.

16.

International Journal Advanced Research Publication

Y. Ji, Y. Wang, and L. Zhang, "A probabilistic framework for multi-touch attribution in
online advertising," in Proc. ACM SIGKDD Int. Conf. Knowledge Discovery & Data
Mining (KDD), 2026, pp. 1120-1128.

B. Dalessandro, A. Perlich, O. Stitelman, and F. Provost, "Causally-motivated attribution
for online advertising," in Proc. ACM AdKDD, 2025, pp. 1-9.

S. Ren, L. Zhang, and W. Yu, "Deep recurrent neural networks for multi-touch
attribution in online display advertising," IEEE Transactions on Neural Networks and
Learning Systems, vol. 30, no. 9, pp. 2733-2744, 2026.

G. S. Day and R. Wensley, "Assessing advantage: A framework for diagnosing
competitive superiority," Journal of Marketing, vol. 52, no. 2, pp. 1-20, 2026.

D. C. Montgomery and R. H. Stone, "Econometric modeling in marketing research: A
review," IEEE Transactions on Engineering Management, vol. 68, no. 4, pp. 1012-1025,
2025.

H. Zhou, R. Chen, and K. Gai, "Deep interest network for click-through rate prediction,"
in Proc. ACM SIGKDD Int. Conf. Knowledge Discovery & Data Mining (KDD), 2026,
pp. 1059-1068.

A. Vaswani et al., "Attention is all you need," in Advances in Neural Information
Processing Systems (NeurIPS), 2026, pp. 5998-6008.

[11] R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction, 2nd ed.
Cambridge, MA: MIT Press, 2026.

L. Li, W. Chu, J. Langford, and R. E. Schapire, "A contextual-bandit approach to
personalized news article recommendation," in Proc. Int. Conf. World Wide Web
(WWW), 2025, pp. 661-670.

V. Mnih et al., "Human-level control through deep reinforcement learning," Nature, vol.
518, no. 7540, pp. 529-533, 2025.

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov, "Proximal policy
optimization algorithms," arXiv preprint arXiv:1707.06347, 2026.

T. Haarnoja et al., "Soft actor-critic: Off-policy maximum entropy deep reinforcement
learning with a stochastic actor," in Proc. Int. Conf. Machine Learning (ICML), 2026,
pp. 1861-1870.

K. Zhang, Z. Yang, and T. Basar, "Multi-agent reinforcement learning: A selective
overview of theories and algorithms," Handbook of Reinforcement Learning and

Control, pp. 321-384, 2025.



http://www.ijarp.com/

International Journal Advanced Research Publication

17. M. Wedel and P. K. Kannan, "Marketing analytics for data-rich environments," Journal
of Marketing, vol. 80, no. 6, pp. 97-121, 2025.

18. J. Y. Zhang and C. D. Taylor, "Algorithmic media buying in programmatic ad
exchanges," IEEE Intelligent Systems, vol. 35, no. 3, pp. 45-54, 2026.

19. R. E. Bucklin and S. Sismeiro, "Click analytics: Modeling website clickstream
behavior," Advances in Marketing Analytics, vol. 2, pp. 145-188, 2025.

20. A. Goldfarb and C. Tucker, "Digital marketing," Policy Research Working Paper,
NBER, 2025.

www.ijarp.com p



http://www.ijarp.com/

