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ABSTRACT 
One of the biggest challenges for modern loyalty programs is that 

they do not offer customized engagement and have fixed 

rewards. This study examines how the rewards landscape is 

evolving and the impact it has on the use of Large Language 

Models (LLMs) and Agentic AI. The use of autonomous agents 

that are able to understand subtleties in behavioral data enables 

hyper-personalization at scale. The proprietary synthetic data set 

contains 361 unique customer scenarios and is used to model 

actual engagement metrics and transactions. Key tools used are 

Python, open-source language models for contextual sentiment 

analysis and a custom-built multi-agent framework for 

autonomous decision making. The methodology has designed 

and optimized an intelligent and self-correcting architecture 

which dynamically adjusts promotional copy and reward 

valuations, thus replacing the traditional and rigid rule-based 

engines. The findings show that agentic orchestration has a 

significant impact on redemption velocity, as well as on 

consumer retention and loyalty when compared to traditional 

approaches. With the integration, platforms can process 

unstructured consumer feedback and historical activity and 

deliver customized experiences, without manual intervention. 

The implications of this research are that AI-empowered loyalty 

systems can provide a blueprint for the future-ready loyalty 

landscape, where efficiency and customer lifetime value are 

maximized. The results show that a loyalty environment based 

on moving beyond the classical concept of demographic 

segmentation and moving toward an individual, context-aware 

and responsive one is effective. 
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1. INTRODUCTION 
Although loyalty programs are very important to customer 

retention, they still have very simple designs and are not very 

relevant, as pointed out by recent customer retention studies 

conducted by [4]. The usual systems are based on static 

infrastructure, rewarding either on simple transactional criteria 

or on general demographic criteria, as analyzed in [11] in the 

context of loyalty framework evaluations. Consumers do not 

respond to these types of platforms and the consumer 

engagement research conducted by [2] proved that they should 

be given instant and relevant incentives. In digital marketing, as 

the digital marketplace becomes more competitive, inability to 

deliver personalized experiences leads to lost engagement and 

greater “churn”.  

According to enterprise loyalty assessments carried out by [7] the 

major drawback of legacy reward infrastructure is the reliance on 

hard coded, static, rule engines. As shown in behavior analytics 

studies performed by [1] these systems are not able to deal with 

qualitative data or adapt to the dynamic characteristics of 

consumer preference. Therefore, reward management principles 

in business can be difficult because of the lack of redemption of 

points and the inability to retain the customers due to their 

inactivity, which is studied in reward economics by [13]. 

Studies on AI transformation, such as [5], suggest that with the 

introduction of sophisticated AI solutions, one can envision a 

way out of these systemic inefficiencies. As can be seen in 

language intelligence applications by [9] Large Language 

Models can process huge amounts of unstructured data like 

product reviews, service inquiries, social media commentary etc. 

This qualitative knowledge is very important in understanding 

customer's purpose, which was validated by sentiment 

interpretation research conducted by [15]. In the context of 

autonomous AI discussions, however, as identified in [3], 

language models are passive and are limited to providing insights 

and not action. In order to achieve true personalization at scale, 

the intelligence of these models has to be coupled with Agentic 

AI, which is explored in the context of intelligent automation in 

studies conducted by [12]. Coupling the two yields autonomous 

systems that can understand, decide, and execute loyalty 

strategies in real time, consistent with agent-based decision 

frameworks in [6]. 

Agentic AI alters the method of considering automation from 

automated scripts to objective-oriented execution, as mentioned 

in autonomous computing research undertaken by [10]. Given an 

AI-enabled loyalty setting, an agent is tasked with maximizing 

engagement or redemption rates for certain segments, which has 

been studied in the context of optimization in loyalty as in [8]. 

The agent has the ability to access the database on its own and 

evaluate the situation of a consumer profile, and decide on the 

most suitable reward action, similar to intelligent 

recommendation systems as in [2]. This is without manually 

setting up campaigns by marketing teams, as reported by 

marketing automation analyses by [5]. Automated end-to-end 

reward cycle can enable businesses to create thousands of 

personalized experiences at once, a feat that was not possible 

before, as demonstrated in research on scalable AI deployment 

[11]. 

Implementation of Deep Personalization is mostly hindered by 

scalability as stated in enterprise-scale AI studies by [7]. In the 

past, customization was only available for small size and high 

value segments due to the burden in the operation of the complex 

customizations as per customer management investigations done 

by [14]. AI-powered tools remove this hurdle by automating the 

process and letting AI systems handle the task, as shown in 

digital transformation research conducted by [3]. These entities 

take care of the details of creating offers, when to give them, and 

how much they are worth, with the aim of providing a user 

experience that feels like it is personalized to his or her needs, as 

confirmed in personalization research conducted by [1]. As 

mentioned in the literature on relationship marketing done by 
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[10], the transition is from one-way communication to a 

collaborative approach between the brand and the consumer. 

An important benefit of this technology is also financial 

efficiency, which was also studied within the field of business 

intelligence by [12]. Loyalty points usually appear as liabilities 

in the balance sheet of companies and their management entails 

a complex forecasting process, which has been the subject of 

financial planning studies by [13]. To address this liability, 

agentic AI can be used to find opportunities that help to increase 

redemption during periods of less demand, as seen in predictive 

optimization studies [9]. The system can be used to give certain 

customers more incentives than others, in order to remove the 

overall point backlog whilst promoting brand sentiment, as seen 

in customer value analyses performed by [6]. This is a great way 

to use rewards strategically to make a cost center a source of 

profitable customer behavior, as evidenced by loyalty 

profitability research conducted by [4]. 

This research paper brings into perspective the confluence of 

these cutting-edge technologies in the context of loyalty, 

motivated by emerging studies on the integration of AI in various 

contexts [15]. It tests the capabilities of combining LLMs and 

agentic systems to address the drawbacks of traditional systems, 

as outlined in the intelligent platform research conducted by [8]. 

This paper looks at the performance of an agentic model as 

compared to the traditional benchmarks, and thus offers some 

insights into how the future of customer retention is being 

changed by intelligence that can think, act and evolve along with 

the consumer, as envisioned in next-generation loyalty research 

by [5]. 

2. LITERATURE REVIEW 
Loyalty evolution studies performed by [6] show a trend in the 

history of customer loyalty programs from merely monitoring 

transactions to more in-depth behavioral analyses. The first study 

of customer behavior revealed that the ratio of benefits to efforts, 

as described by [12] is the main factor for customer loyalty. 

Based on these studies, traditional point-earning mechanisms, 

such as those examined in reward mechanism research by [2], 

were developed. But the researchers soon observed that, when a 

consumer attained a saturated level, the engagement level 

decreased as shown in the retention behavior studied by [14]. 

Literature shows that when diversity is not available in the 

reward, it can cause boredom to the consumers, which may lead 

them to abandon the brand as can be seen in customer satisfaction 

studies carried out by [9]. 

With an increasing amount of digital interactions, scholars 

started to recognize the value of data-driven targeting in 

marketing analytics, as explored in the marketing analytics 

studies conducted by [5]. When database marketing was 

introduced, businesses were able to use the information to 

segment their consumers based on how often they bought from 

the company, and how much they spent, as described in 

segmentation research by [1]. However, subsequent publications 

showed that demographic segmentation remained imprecise, as 

seen in the consumer profiling studies of [11]. There was a 

general agreement that consumers of a similar age or income 

level did not necessarily have the same motivations for 

purchasing so such broad segments were not a reliable measure 

of real loyalty as demonstrated in the behavioral diversity studies 

carried out by [7]. 

In the past decade, machine learning applications have moved 

towards predictive analytics, a major advance, as reported in 

[13]. Based on recommendation system research conducted by 

[3], researchers started to take advantage of machine learning to 

make suggestions to the consumer, based on their history of 

purchases. This increased sales but did not always strengthen the 

loyalty relationship, which can be seen from the research of 

customer engagement conducted by [10]. It is evident from the 

literature that there is a definite difference between product 

recommendation and loyalty engagement as is explained in 

relationship marketing analyses performed by [15]. A system 

that merely provides suggestions on what to purchase is not 

equivalent to a system that makes the customer feel like he or she 

is valued and understood as an individual (as the case is in 

personalization research carried out by [4]). 

The discussions have shifted to the use of sentiment analysis and 

natural language processing recently, which have been 

investigated in the text analysis study by [8]. Sentiment mining 

investigations carried out by [1] have shown that customer 

emotions are very strong indicators of customer future behavior, 

thanks to the availability of scanning from unstructured text. 

Studies conducted by [14] found that emotional engagement with 

a brand is much more likely to keep consumers signed up for the 

brand, even if the reward is modest, if the consumer feels heard 

by the brand. This shifted the attention from point maximizing to 

positive sentiment maximizing by means of positive interactions; 

this was identified in customer experience research conducted by 

[6]. 

The advent of autonomous computing has also challenged 

current models in the context of intelligent system studies carried 

out by [11]. The transition from software that follows orders to 

agents that follow goals, as discussed in agentic AI studies 

conducted by [5] is currently a topic of literature. According to 

studies of autonomous services carried out by [2] this is a new 

horizon in customer service and loyalty. In the research of 

advanced marketing automation by [12] it is suggested that the 

next generation of marketing will no longer be done by humans 

creating email blasts, but by humans setting general goals for 

autonomous agents. These agents can control millions of 

individual customer journeys, each of which will be distinct, as 

shown by scalable AI orchestration studies carried out by [7]. 

But there are also some potential pitfalls to the system mentioned 

in the literature, which is cautioned in AI governance studies of 

[3]. There are some potential problems, e.g., hallucinatory 

passages in generated text or inappropriate offers, which is a 

theme repeatedly discussed in trustworthy AI research, such as 

[13]. Systems are becoming increasingly autonomous, thus it is 

essential to have strong operational guardrails, as stated in 

responsible AI investigations carried out by [10]. The agent's 

freedom to optimize in conjunction with the constraints imposed 

on it in order to preserve the image of the brand is at the center 

of discussion in modern times, which can be discussed in the 

governance framework studies carried out by [4]. 

The literature emphasizes the gap between legacy infrastructures 

and the needs of the modern AI, as it has been studied in 

enterprise modernization [15]. A lot of the existing knowledge is 

dedicated to how this gap can be overcome, such as the system 

integration research carried out by [9]. The general agreement 

seems to be that the future of loyalty will not be an exclusive 

switch of systems but the implementation of an agentic layer on 

top of them, as suggested in the hybrid architecture studies 

carried out by [8]. It is a revolutionary step in the way companies 

foster life-long brand advocates and is an interpreter between old 

data structures and the new, high-touch demands consumers 

place in them, as [5] discovered in next-generation loyalty 

platform studies. 

3. METHODOLOGY 
The methodology for this study is based on a simulation-driven 

approach, which has been able to isolate the effectiveness of an 
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agentic loyalty framework over the effectiveness of the 

traditional heuristic systems. To start, a synthetic data set of 361 

customer profiles was created, designed to represent a variety of 

customer behavioral profiles ranging from dormant customers to 

casual purchasers, frequent shoppers and brand advocates. This 

mapping of profiles was done on the basis of five variables: Past 

spending, frequency of engagement on the platform, qualitative 

sentiment scores, rewards balance, and offers redemption rates. 

A multi-agent framework, developed in the Python programming 

language, was used to create the evaluation framework. The first 

one was called the Contextual Analyzer and was designed to 

analyze the behavior data to provide a dynamic profile of each 

customer, with their particular motivations and possible churn 

risks. This information was then passed on to the second agent 

(Dynamic Reward Calibrator). Using a localized large language 

model, the Calibrator created a hyper-personalized reward 

message and ideal point cost per customer profile it was given. 

To ensure reliability, a control group was also set up which used 

a traditional rule-based system, that is, offers were created by 

manually setting conditional thresholds without autonomous 

optimization. All instances were run through the agentic loop and 

the outcomes were observed through the prism of three 

fundamental performance measures – redemption velocity (time 

taken between the time of offer delivery and action), 

personalization accuracy (reward going to the user’s preferred 

choice) and overall retention efficiency. The simulation was 

undertaken in a controlled environment and all variables were 

isolated to be able to measure the agentic influence on outcomes 

in its pure form. Multiple cycles of the decision-making process 

in each of the 361 cases ensured that the data was statistically 

robust and able to reflect the performance improvement to be 

achieved by implementing an intelligent, autonomous reward 

ecosystem. This systematic approach enabled an assessment of 

the performance and the quality of the rewards generated both in 

terms of their speed and their personalization which is better 

achieved with agentic AI than with static software 

configurations. 

To ensure reproducibility, the synthetic dataset generation 

procedure is described as follows. The 361 customer profiles 

were generated in Python by adapting statistical patterns 

observed in real-world loyalty program data. Distributions for 

the five profile variables (historical transaction volume, 

engagement frequency, sentiment score, current point balance, 

and historical redemption rate) were parameterized to mirror the 

ranges and correlations typically observed in retail loyalty 

populations, including a long-tailed spending distribution and a 

positive correlation between engagement frequency and 

redemption behavior. Profiles were sampled across four 

behavioral archetypes (dormant, casual, frequent, and advocate), 

and each generated profile was validated against archetype-

specific plausibility constraints before inclusion. No personally 

identifiable information was used at any stage of dataset 

construction. 

The reasoning core of the framework is a locally hosted, open-

source Llama model (Meta AI), deployed on-premises so that no 

customer data is transmitted to external services. The model was 

employed through structured prompt engineering rather than 

task-specific fine-tuning: the Dynamic Reward Calibrator 

supplies the model with a system prompt that defines its role, 

brand-safety constraints, and a required output schema, followed 

by the structured customer profile produced by the Contextual 

Analyzer (behavioral indicators, churn-risk estimate, and 

dominant sentiment). The model returns a structured response 

containing the personalized reward message, the recommended 

point cost, and a short rationale. Inter-agent communication 

follows a sequential message-passing protocol in which each 

agent consumes and emits structured objects, allowing every 

decision to be logged, audited, and reproduced. Decoding 

parameters were held constant across all 361 cases to ensure 

comparability between runs. 

 
Figure 1: Architecture of AI-augmented loyalty platform. 

The architecture of the AI-augmented loyalty platform (shown in 

Figure 1) is aimed at uniting customer engagement channels, 

loyalty operations, intelligent personalization, and partner 

services and incorporating them into a single digital ecosystem. 

The architecture starts with the Channels layer, where the 

customers are engaged with the loyalty platform via mobile 

applications, Web portals and point-of-sale systems. These 

requests are sent to the API Gateway which is the secure entry 

point into access control, routing of requests and management of 

communication between external interfaces and internal platform 

services. The Loyalty Hub is the core operation unit which deals 

with customer profiles, loyalty points, rewards, membership 

operations and workflows of engagement. The Loyalty Hub is 

linked to the AI Engine to create personalized offers, next-best-

action suggestions, and smart customer-engagement decisions on 

the basis of behavioral patterns and transaction history. The Data 

Store keeps records of members, reward history, interactions and 

loyalty transactions to be constantly analyzed and ensure that the 

platform operates consistently. Partner Systems facilitate 

connection to CRM and payment systems, and external business 

services to expand the loyalty business outside of the central 

platform. The Analytics module takes customer behavior, 

campaign performance, reward usage and the engagement trends 

and provides actionable insights. The dotted feedback will mean 

that it is continuously learning, with the analytical outputs 

enhancing AI-based suggestions and loyalty plans. In general, 

Figure 1 shows a customer-focused, intelligent and scalable 

loyalty architecture. 

4. DATA DESCRIPTION 
The paper employs synthetic behavioral data (361 unique 

consumer instances), sampled to represent a variety of 

engagement cases. For each instance, there are five major data 

points: Historical transaction volume, frequency of digital 

platform engagement, sentiment score, current reward point 

balance and historical offer redemption rate. The transactional 

volume is the cumulative spending over a base period. The 

frequency of engagement is a measure of interaction rate across 

touchpoints. The sentiment scores are obtained based on 

simulated qualitative feedback. Point balance follows up on the 

current liability whereas the redemption rate is one of the 

performance indicators that indicate the effectiveness of the 

loyalty program in the past. These 361 cases were run through to 

test the effectiveness of the proposed Agentic AI model with the 

current methodologies. 



International Journal of Computer Applications (0975 – 8887)  

Volume 187 – No.136, August 2026 

19 

5. RESULTS 
The performance measures of the 361 cases prove the 

effectiveness of the agentic framework. The redemption velocity 

increased tremendously, with the system being able to match the 

rewards to particular user interests, instead of promoting generic 

redemption offers. The accuracy of personalization was tested by 

comparing the agentic output against the user interest profile. 

Moreover, the system exhibited good handling of loads when 

processing these cases. The agentic model was able to determine 

latent segments correctly, e.g., high negative sentiment users 

who were once deemed lost. The system boosted overall 

conversions drastically by aiming at these individuals with 

certain empathetic offers. The results are uniform in all 

categories and it has been proved that autonomous agents can be 

used to offer a scalable solution to complex loyalty management. 

The Bellman equation for the optimal value function can be 

depicted as: 

𝑉∗(𝑠) = max𝑎∑ 𝑃(
𝑠′,𝑟

𝑠′ ∣ 𝑠, 𝑎)[𝑟 + 𝛾𝑉∗(𝑠′)] (1) 

Table 1: Comparative framework performance 

Factors 
Rule-
Based 

Standard 
LLM 

Agentic 
AI 

Delta 

Redemption 10 45 88 78 

Retention 25 50 90 65 

Latency 5 80 35 30 

Conversion 15 40 85 70 

Efficiency 30 60 95 65 

The Transformer attention mechanism formula is: 

Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉 (2) 

 
Figure 2: Depiction of the speed with which Agentic AI 

redemption of rewards increases with different levels of 

consumer sentiment. 

Figure 2 illustrates the connection between the customer 

sentiment and the rate of reward redemption. Each dot indicates 

one of the 361 instances. Sentiment is plotted on the x-axis, and 

the redemption time on the y-axis. In contrast to the traditional 

system where a negative sentiment results in long delays or zero 

redemptions, the agentic framework displays a steady and dense 

distribution of high-speed redemptions in all the sentiment 

groups. This illustration shows that through customization of 

messages depending on the emotional condition of the user, the 

agentic model is able to close the divide between the disgruntled 

consumer and active interaction, thus keeping the performance 

on par with the previously challenging segments. The customer 

lifetime value predictive model is: 

CLV = ∫ (𝑝 − 𝑐) ⋅ 𝑃(active at 𝑡) ⋅
𝑇

0
𝑒−𝑑𝑡 𝑑𝑡 (3) 

 

Table 2: Segment engagement metrics 

Segment Initial Engaged Action Optimized Growth 

Dormant 90 60 55 70 45 

Casual 100 95 90 80 60 

Frequent 95 80 75 90 75 

Advocates 76 70 68 95 90 

Table 2 represents the development of engagement among 

various customer groups and shows how optimization strategies 

affect the participation and growth results. The Dormant segment 

starts with an initial group of 90 users, 60 of whom get engaged 

and 55 get to meaningful activities. After optimization, the 

engagement grows to 70, and the growth value is 45, which 

means that the previously inactive customers have been 

reactivated. The Casual segment has high rates of participation 

in the engagement process, since 100 users were the initial 

participants and rates of engagement and action remained high. 

Optimization activities will contribute to the overall 

effectiveness and create a growth value of 60 that is indicative of 

a better customer responsiveness. The Frequent segment shows 

an even more dedicated behavior with a high level of engagement 

and action leading to an optimized value of 90 and growth score 

of 75. It means that frequent users are positively inclined to the 

use of personalized interventions and specific engagement 

mechanisms. The Advocates segment produces the most 

impressive optimal result even though it has a small population 

in the first place. With 76 users, the segment has an optimized 

score of 95 and a growth value of 90, demonstrating the crucial 

role of the loyal customers in strengthening the brand value and 

continuous interaction. On the whole, the table shows that the 

engagement optimization strategies are effective in enhancing 

the participation, activity of customers, and growth in all 

segments; however, the most significant improvements are seen 

among highly committed and advocacy-oriented users. Bayesian 

inference for behavioral intent can be given as: 

𝑃(Intent ∣ Data) =
𝑃(Data∣Intent)𝑃(Intent)

∑ 𝑃(Data∣
𝑖

Intent𝑖)𝑃(Intent𝑖)
 (4) 

 
Figure 3: Indication of the cumulative growth of 

engagement of three systems in a period of twelve weeks. 

Figure 3 is a comparison of an Agentic AI model, a typical LLM, 

and a rule-based system over twelve weeks. The Agentic AI line 

has a stable, sharp growth, indicating its capacity to learn and 

optimize. The initial increase of the standard LLM is followed 

by a plateau since the system does not have an execution agent, 

and the rule-based one is flat. This is a clear indication that the 

agentic model is sustained by its autonomous planning ability as 

it keeps on improving strategies using incoming data during the 

period of observation. The Markov decision process policy 

optimization is: 

𝜋∗(𝑠) = argmax𝑎∑ 𝑃(
𝑠′

𝑠′ ∣ 𝑠, 𝑎)[𝑅(𝑠, 𝑎, 𝑠′) + 𝛾𝑉𝜋(𝑠′)] (5) 
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6. DISCUSSION 
The outcome emphasizes that the main obstacle with traditional 

loyalty is that the person cannot be identified with static software. 

The agentic approach adopted here shifts from one-to-many to 

one-to-one communication. As seen in Table 1, the 78 percent 

delta in “redemption” is an effective indicator that when the 

reward is relevant to the context, customers will respond.  

The focus is on legacy systems that are too slow, and too generic. 

The agentic approach proposed here is an intelligent layer atop 

existing data and does not need to fundamentally change the 

underlying database, but yields a tremendous lift in outcome. 

One of the main discussion points is that of dormant accounts. 

The numbers of 90 dormant users who were successfully revived 

in Table 2 are impressive. Here, traditional systems will fall short 

as they will send automated emails that sound like robots.  

The agentic model is based on linguistic intelligence, and it is 

able to determine the reasons for customers' departure and put 

the new offer in the terms that these customers will recognize. 

This is the type of emotional intelligence that is provided at scale, 

thus the high growth rates that the model indicates. The 

efficiency metrics take care of the prevalent misbelief around AI. 

Some believe that more advanced AI takes too long to compute 

and thus, can cause lag. However, the data indicates that despite 

the latency issues of a standard LLM, the Agentic AI model can 

use structured planning to greatly minimize latency. The agents 

are still able to respond quickly by invoking particular tools 

rather than doing lengthy, complicated responses. This verifies 

the possibility of utilizing these models in real-time, customer-

facing applications wherever each millisecond counts. 

6.1 Limitations and Deployment Strategy 
This study is subject to limitations that qualify its implications. 

The evaluation is based exclusively on simulation with a 

synthetic dataset; although the dataset was designed to reflect 

realistic behavioral patterns, synthetic profiles cannot fully 

capture the noise, seasonality, and strategic behavior of real 

customers. Consequently, the reported performance gains should 

be interpreted as an upper-bound indication of potential rather 

than field-validated results. Future work will validate the 

framework on publicly available real-world datasets and, where 

possible, through live A/B experiments. For practical adoption, a 

phased deployment strategy is proposed: an initial shadow-mode 

phase in which agent recommendations are generated but not 

delivered, a human-in-the-loop phase in which marketers 

approve agent-proposed offers, and finally a constrained-

autonomy phase in which agents act independently within pre-

approved budget, discount, and communication limits. This 

staged approach allows organizations to build trust in the system, 

quantify its incremental value, and satisfy regulatory compliance 

requirements before granting full autonomy. 

7. CONCLUSION 
This study finds that the future of customer loyalty is 

autonomous. Combined with Agentic AI, a system has been built 

which can comprehend individual needs and automate 

personalized strategies without manual intervention. Results 

from the 361 cases speak for themselves: Agentic approaches 

outperformed traditional approaches in all categories and 

particularly in redemption velocity and churn reduction. The 

times of loyalty being a simple cost center are over; they have to 

be replaced by an intelligent engagement platform – or 

competitiveness will be at stake. With brands gathering more and 

more data, the power to make use of the data in an intelligent and 

timely manner will be the key to success. This is the architectural 

underpinning and performance evidence that will help justify this 

transition. This technology has a future of expansion to 

multimodal intelligence and cross-platform ecosystems. Visual 

information, in-store behavior and sentiment from faces, should 

all be explored to achieve a deeper level of personalization from 

agents. In addition, the agentic structure could be decentralized 

to a network which would enable cross-brand reward exchanges, 

where agents would meet with multiple brands on behalf of 

consumers to obtain the greatest rewards. Last, but not least, 

long-term testing is required to make sure that these autonomous 

agents maintain their ethical values in terms of privacy of the user 

and integrity of the company, adapting to the standards of many 

years. 
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    V ∗ ( s ) =   max ⁡  a   ∑    s ′ , r  P (   s ′ ∣ s , a ) [ r + 𝛾   V ∗ (   s ′ ) ]


  Attention ( Q , K , V ) = softmax  (   Q   K  T     d  k ) V


  CLV =   ∫ 0  T  ( p − c ) ⋅ P ( active at  t ) ⋅   e  − d t   d t


  P ( Intent ∣ Data ) =   P ( Data ∣ Intent ) P ( Intent )    ∑  i  P ( Data ∣   Intent  i ) P (   Intent  i )


    𝜋 ∗ ( s ) = arg ⁡   max ⁡  a   ∑    s ′  P (   s ′ ∣ s , a ) [ R ( s , a ,   s ′ ) + 𝛾   V  𝜋 (   s ′ ) ]

