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ABSTRACT: A multi-agent approach supports more complex, realistic, and timely interaction scenarios for both 

customers and companies. Instead of developing monolithic dialogue systems that can support requests from any 

customer, multi-agent systems permit dedicated agents for specific tasks, offering richer content and handling more 

intricate interactions. Dialogue systems based on either hierarchical or federated multi-agent architectures are reviewed, 

and these two patterns are explored as foundations for customer experience management platforms in which multiple 

agents can automate a variety of customer interaction scenarios. 

 

A multi-agent approach supports more complex, realistic, and timely interaction scenarios for both customers and 

companies. Instead of developing monolithic dialogue systems that can support requests from any customer, multi-

agent systems permit dedicated agents for specific tasks, offering richer content and handling more intricate 

interactions. Dialogue systems based on either hierarchical or federated multi-agent architectures are reviewed, and 

these two patterns are explored as foundations for customer experience management platforms in which multiple agents 

can automate a variety of customer interaction scenarios. 
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I. INTRODUCTION 

 

Automated navigating and managing various online and electronic customer service channels (e.g. contact centers, 

forums, social networks, web chat) require a large and growing amount of user data to be successfully addressed. 

Consequently, Multi-Agent (MA) Architectures can be deployed to handle the immense amount of information 

originating from and directed towards customers in a timely manner. MA Architectures can support the various 

interactions, manage their complexity, ease the division of labor among the involved agents, and maintain the quality of 

service requested by customers. 

 

Beyond handling volume, MA Architectures enable new forms of automating services that are difficult to reach with 

isolated agents. The Mobility within the networks of the humans and artificial agents makes it possible for user 

information to be shared with others, for cooperative strategies to be established among agents to mitigate risks and 

optimize responses and for negotiations of joint responses or service clusters among a multitude of players, including 

users and companies. These capabilities of negotiations, cooperation, and supply of justification through explanations 

constitute the foundation of MA Systems. However, a better approach is to model Customer Experience Management 

(CEM) as a service ecosystem supported by the coordination among agents based on Multi-Agent Systems properties, 

thereby benefiting from new and consolidated forms of Adaptive Customer Experience Management Systems Support. 

 

1.1. Overview of Multi-Agent Systems in Enhancing Customer Interactions 

Diverse multi-agent systems have been proposed to enhance customer interaction and optimize Automated Customer 

Experience Management (ACXM) processes. The advance of artificial intelligence (AI) and customer experience 

automation technologies can improve ACXM interactions. It is argued that ACXM interactions, as part of a business, 

can be better represented as multi-agent systems (in particular, as customer–business ecosystems) that enable the 
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separate modeling of customers and their interactions with the business in a way that minimizes the structural 

complexity of their representation. 

 

 
 

Fig 1: Multi-Agent Ecosystems in Automated Customer Experience Management (ACXM): A Decoupled 

Modeling Framework for Enhanced Coordination and Intent-Driven Interaction 

 

Multi-agent systems allow the representation of customers as agents with needs, preferences, and intentions that 

influence how they interact with businesses. With respect to Automated Customer Experience Management, businesses 

can be seen as multi-agent systems in which different areas of the company or different parts of a service are 

represented as agents with their own area of competence and knowledge, allowing relationships within the business and 

the adoption of coordination, cooperation, and negotiation mechanisms to provide a good customer experience. 

Automated Customer Experience Management platforms based on these principles have the potential to improve and 

expand customer interaction processes and offer a better customer experience. 

 

II. FOUNDATIONS OF MULTI-AGENT SYSTEMS IN CUSTOMER EXPERIENCE 

 

The foundations of Multi-Agent System (MAS) architectures for automated Customer Experience Management (CEM) 

are examined, focusing on the roles of agents, the relationships between them, and the techniques and methods 

supporting data acquisition, data processing, learning, and adaptation in these systems. 

 

1. Agent Roles and Responsibilities 

Various aspects of customer interaction with a business can be automated using agents. For simplified interactions, a 

single agent can serve as a representative of the business. More complex interactions can benefit from hierarchically 

organized agents performing different roles, such as a chief executive agent responsible for managing the business's 

reputation and brand and other specialized sub-agents capable of answering questions. In cases of more complex 

queries that require consulting real humans, the CEM architecture can include an underlying company-wide system that 

contains the companies' history, policies, and other relevant information. For even more complicated and sensitive 

cases requiring both business and customer side approvals, a negotiation agent can consult both parties. For a more 
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advanced version, the sub-agents along with their services can reside in a semi-distributed system that absorbs data 

from these CEM engagements to further enhance the business's impersonation. 

 

2. Coordination, Negotiation, and Cooperation Mechanisms 

Coordination, negotiation, and cooperation techniques and mechanisms support deeper inter-agent relationships. MAS 

employing these techniques have been successfully applied in various domains, covering trade, commerce, customer 

service, autonomous driving, and climate change adaptation, among others. However, their application in CEM systems 

connecting companies and their customers remains limited. 

 

2.1. Agent roles and responsibilities 

Multi-agent systems represent the next generation of customer experience (CX) automation platforms by fostering 

human-consumer interaction via digital agents that skillfully replicate marketing, sales, and service specialist activities, 

allowing organizations to build and nurture personal connections at scale. In a multi-agent architecture, these roles are 

assumed by a multitude of specialized software agents capable of providing distinct personal, empathetic, trustful, and 

reliable human- and customer-like interactions; placing traditional transaction processing at their periphery within 

specialized micro-services; and mimicking the local ambiance of human interactions within available CX channels. 

 

The sum of the individual agent roles therefore not only meets or exceeds humanlike interaction quality but also 

achieves it with much higher cadence than human specialists could possibly muster. Beyond enhancing and scaling 

consumer-data-driven human-empirical work, these systems could also tackle novel pick-missing service/data, 

empathy/service-hub, service-hub-service-breakingly communication, and compute-intensive customer-experience-

centered data- and computer-lifespan service-delivery-truth-execution-accuracy-reduction tasks. True to the notion that 

"you get what you measure," salient attributes of customer-experience-delivering agents allow the association of proper 

customer-experience Funded Information Auto dag-structure Grand Design Hall-On or Off and metrics to their 

realization. 

 

 
 

Equation 1) Negotiation & cooperation in multi-agent CEM: utility formulation → two-phase negotiation math 

Step 1: Define each agent’s utility 

Let there be 𝑛 agents and an agreement (decision) vector 𝑥 (e.g., refund amount, replacement option, delivery time, 

escalation choice). 

Each agent 𝑖 has utility: 𝑈𝑖(𝑥) ∈ ℝ 

and constraints (policy/feasibility): 
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 𝑥 ∈ 𝒳𝑖  
A feasible agreement must satisfy all: 𝑥 ∈ ⋂𝑛𝑖=1𝒳𝑖 
Step 2: “Largest possible utility” becomes an optimization under conflict 

Because utilities may conflict, a standard multi-agent compromise is to maximize social welfare 𝑊(𝑥). Common 

choices: 

(a) Weighted sum (company policy can encode weights): max𝑥∈∩𝑖𝒳𝑖 𝑊(𝑥) = ∑𝑤𝑖𝑛
𝑖=1 𝑈𝑖(𝑥) 

(b) Nash bargaining (fairness-oriented; fits “fair result” idea in cooperation): 

Let 𝑑𝑖 be disagreement utility (what agent 𝑖 gets if no deal). Then: max𝑥∈∩𝑖𝒳𝑖∏(𝑈𝑖(𝑥) − 𝑑𝑖)𝑛
𝑖=1  

Take logs to make it easier: max𝑥 ∑log𝑛
𝑖=1 (𝑈𝑖(𝑥) − 𝑑𝑖) 

 

2.2. Coordination, negotiation, and cooperation mechanisms 

Various coordination, negotiation, and cooperation mechanisms have been proposed to enable agents in a multi-agent 

system to act together toward a common objective, even if each agent has an individual objective. A negotiation helps 

agents reach an agreement such that each one can obtain the largest possible utility value, given the constraints posed 

by the interests of the other agents. Since coordinated negotiations have rather high complexity, often, a two-phase 

approach is followed. The first phase arrives at a rough negotiation proposal. Since this solution is usually not optimal 

for all agents, the second phase realizes it by adapting the agents’ proposals according to each one’s local policy. 

Negotiation protocols allow the formulation of qualitative models, enabling knowledge acquisition for different 

domains. Moreover, a multi-negotiator system combining reactivity and proactivity improves flexibility and 

adaptability for emergent behaviors. 

 

Cooperation allows agents to use a group resource, facilities, or services that could not be accessed by any of them 

alone. In this way, the group utility increases and at least one of the agents benefits from its utilization. Cooperation can 

also be viewed as a new kind of negotiation. The difference is that, instead of trying to reach the most favorable deal, 

the agents are encouraged to cooperate and achieve a fair result for everyone. Nevertheless, in practice, cooperation is 

most often performed among friends, which is not the case for negotiation. For example, multi-agent systems may use 

cooperation to learn the important domain relations with few examples, adopt simple models for components with 

similar behavior, or improve the recognition rates in image analysis. 

 

III. ARCHITECTURAL PATTERNS FOR AUTOMATED CUSTOMER EXPERIENCE MANAGEMENT 

 

Multi-agent systems form important foundations for automated platforms that facilitate customer experience 

management through automated interactions with external customers and vendors. A wide variety of customer 

experience automation concepts exist, including hierarchical, federated, and decentralized multi-agent environments, as 

well as service-specific systems that concentrate on single-faceted areas of the challenge-supporting task. Automated 

customer experience platforms can include distinct customer experience roles, affect customer experience in defined 

ways, and imitate the work of established organizations over time. 

 

Hierarchical multi-agent architectures support customer experience management and are defined by distinct roles 

pertaining to high-level decision making and customer interface, while federated and decentralized systems concentrate 

on the interaction and supporting roles, which can be highly distributed. Hierarchical systems include a customer-facing 

agent that imitates a human personality and a second agent at a higher level that decides the appropriate form of 

response and conducts equivalence testing to identify useful areas of memory in the imitation agent.速 Management 

and non-customer-facing service suppliers can be replicated through agent role assignment. 
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Equation 2) Hierarchical vs federated architectures: routing math and workload decomposition 

2.1 Hierarchical routing as a probabilistic dispatcher 

Let a customer message be 𝑚. A main agent chooses which specialist agent 𝑎 ∈ {1, … , 𝐾} handles it. 

Define an intent classifier that outputs: 𝑝(𝑎 ∣ 𝑚) = exp(𝑠𝑎(𝑚))∑ exp𝐾𝑗=1 (𝑠𝑗(𝑚)) 

(softmax over scores 𝑠𝑎). 

Decision rule: 𝑎∗ = argmax𝑎 𝑝(𝑎 ∣ 𝑚) 
Expected handling time (illustrative but standard queueing logic): 𝔼[𝑇] = 𝔼[𝑇route] +∑𝑝𝐾

𝑎=1 (𝑎 ∣ 𝑚) 𝔼[𝑇𝑎] 
 

2.2 Federated/distributed ecosystem as multi-party collaboration 

A common math abstraction: 

• Each organization 𝑘 trains locally on its dataset 𝐷𝑘 

• They share model updates (not raw data) (federated learning) 

 

3.1. Hierarchical multi-agent architectures 

Hierarchical multi-agent architectures separate the interactions of agents that are aware of other agents from those that 

are not. The latter act essentially as self-interested rational agents, while the former can assume a benevolent or a 

neutral stance towards the others. Two complementary types of settings are described: the first applies primarily to B2C 

(business-to-customer) scenarios where a company needs to interact with many customers offering them different 

products or services and the second is appropriate for both B2C and B2B transactions where an organization acts as 

part of a supply or production chain.  

 

 
 

Fig 2: Optimizing Multi-Tier Value Chains: A Hierarchical Multi-Agent Framework for Harmonizing 

Benevolent Coordination and Self-Interested Rationality 
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The first type is appropriate when a hierarchical architecture is used to support a company whose goal is to optimize 

customer experience on a large scale. A main agent is in charge of the overall organization of all customers that are 

interacting with the company. This agent serves as an intermediary offering its services in response to requests coming 

from customers on a variety of platforms (e.g., voice, text, apps). Customer experience is enhanced by using other 

specialized dedicated agents communicating with the main one to address specific customer requests, fully or partially. 

 

 Component Illustrative Weight (%) 

4 Learning & Adaptation 18 

3 Privacy & Compliance 15 

1 Task-Specific Agents 12 

5 Evaluation & Monitoring 10 

6 Integration / Channels 7 

 

3.2. Federated and distributed agent ecosystems 

A federated or distributed ecosystem of agents may be particularly valuable in the design of complex solutions across 

multiple customer journey processes covering customer experience management, marketing automation, sales 

automation, support, or product recommendations. Agents from different organizations collaborating for mutual benefit 

and a better customer experience must be organized to govern data sharing, joint learning, knowledge exchange, and 

the complexity of the ecosystem. Any federated system composed of multiple parties can be modeled as a multi-agent 

system involving collaboration, negotiation, and coordination. In distributed artificial intelligence, environment 

composition considers each device as an agent that can have its behavior logically analyzed in the decision-making 

process. 

 

Examples of automated customer experience management solutions across multiple customer journeys include 

personalized advertising, predictive customer churn analysis, and external product recommendations. The data and 

partnerships required to enable these advanced capabilities often exceed the capacity and capability of individual 

organizations. For instance, a retailer may want to predict customer churn but lack information about customers' 

expenditures on competitors' websites and the products that attract them. A partnership between multiple retailers can 

mitigate privacy concerns, as customers are recommended products from competing retailers that are considered 

relevant only in the context of the partnership. 

 

IV. DATA, PRIVACY, AND COMPLIANCE CONSIDERATIONS 

 

Ensuring data compliance governs the design of systems collecting personal and sensitive information. GDPR is the 

most popular legislation governing data privacy and establishes rules for the collection and processing of personal data 

of people within the European Union (EU) and the European Economic Area (EEA). Its implications for automated 

customer experience management systems with multi-agent features mainly concern data governance in data-centric 

multi-agent scenarios and systems that enable agents to share their personal information securely with human 

counterparts. 

 

In data-centric scenarios involving multiple systems, a central authority is responsible for managing customer 

information in a structured and unified way. The issue in this case is not just about data privacy but also related to data 

availability and data protection from non-authorized accesses and leakages since this information can be treated and 

exploited for various other profitable purposes other than the ones for which they were collected or shared. In this 

regard, the lack of an agent that acts as the customer’s representative during their navigation indicates a gap in the data 

governance. The creation of a customer’s agent that holds the user’s preferences, profiles, and sensitive information can 

bring significant advantages regarding safety and efficiency. The central agent managing these data stores can, 

therefore, use its predictive capabilities to suggest updates to the customer agent that the customer will approve, given 

their positive reinforcement by the customer’s buy-and-dont-buy decisions. 

 

4.1. Data governance in multi-agent environments 

The capability and behaviour of each agent are driven, primarily, by knowledge through provided machine-learned 

models, whether supervised, unsupervised, or reinforcement algorithms. Data governance in a multi-agent platform 

therefore involves setting up the collection and management of training data for individual agent policies. Challenges 

abound when dealing with private data that may be made available to only specific agents based on user consent, or that 

http://www.ijrai.com/
mailto:editor@ijrai.com


  International Journal of Research and Applied Innovations (IJRAI) 

                        | ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Journal | 

|| Volume 7, Issue 6, November–December 2024|| 

DOI:10.15662/IJRAI.2024.0706038 

IJRAI©2024                                                           |     An ISO 9001:2008 Certified Journal   |                                                  11935 

    

 

does not belong to the organization and so cannot be used directly for training. A potential solution in this context is the 

use of federated learning to share the outcome of a local training round without sharing the actual training data. Once a 

trained policy is established on each agent, it may be used throughout the interaction. 

 

In the learning scenario, federated learning may be extended in a new direction via differential privacy, allowing a 

knowledge transfer without exposing potentially identifiable information in the resulting model. This technique enables 

multicompany interaction to improve agent policies while preserving customer privacy. Multi-agent architectures using 

differential privacy may also support incremental learning in such a way that agents with the same type provide 

knowledge to a new unit seeing interactions for the first time. 

 

Equation 3) Federated learning: objective → FedAvg update (step-by-step) 

Step 1: Global objective over distributed datasets 

Let model parameters be 𝑤. Each client 𝑘 has loss: 𝐹𝑘(𝑤) = 1|𝐷𝑘| ∑ ℓ(𝑥,𝑦)∈𝐷𝑘 (𝑤; 𝑥, 𝑦) 
Global objective: min𝑤 𝐹(𝑤) = ∑|𝐷𝑘|𝑁𝐾

𝑘=1 𝐹𝑘(𝑤) where 𝑁 =∑|𝐷𝑘|𝑘  

Step 2: Local training step (client-side SGD) 

Client 𝑘 starts from global 𝑤𝑡 , does 𝐸 local steps: 𝑤𝑡+1(𝑘) = 𝑤𝑡 − 𝜂∑∇𝐸
𝑒=1 𝐹𝑘(𝑤) 

(more precisely: iterative SGD batches; this is the compact form) 

Step 3: Server aggregation (FedAvg) 

Server computes weighted average: 𝑤𝑡+1 = ∑|𝐷𝑘|𝑁𝐾
𝑘=1 𝑤𝑡+1(𝑘)
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4.2. Privacy-preserving techniques and differential privacy 

One of the requirements that will have to be considered at the time of developing any data governance platform in the 

context of a multi-agent ecosystem is to be able to guarantee the privacy-preserving condition, considered as a form of 

publication privacy. Based on the fundamental principle that users need to have a good level of privacy towards the 

third parties that can potentially receive or see their data flow, the solutions to such condition can be regrouped into two 

main categories: i) non-interactive privacy-preserving techniques; ii) interactive privacy-preserving techniques. The 

non-interactive techniques such as data anonymization (as for example k-anonymity) can be used to ensure that the data 

flow cannot be identified even if they are directly related to external and hostile agent environments. Interactive 

privacy-preserving techniques, applied for example if the data flow has to released to other agents within the 

ecosystem, require some level of interactivity between the data provider and the receiver. 

 

Differential privacy defines a new standard for the concept of data privacy by offering provable guarantees such that 

any data release by a trusted party does not disturb the market for private information of any of the individuals in the 

data set. The idea is that the presence or absence of any individual record in the dataset should not essentially affect the 

output of any analysis on the dataset, preventing sensitive information from leaking through the aggregate results. In 

such a scenario, two individuals are said to be neighbouring if they differ in just one record. Then, a statistical query Q 

obeys -differential privacy if the following condition holds for all neighbouring datasets D and D’:  Pr [Q(D) = 1] ≤ e × 
Pr[Q(D’) = 1] and Pr [Q(D) = k] ≤ e × Pr[Q(D’) = k], for any other two data providers where k represents other 

possible values of the statistical query. 

 

Architecture Scalability (1-5) Personalization (1-5) Data Privacy Posture (1-5) 

Monolithic Agent 2 3 2 

Hierarchical MAS 4 4 3 

Federated/Distributed MAS 5 5 5 

 

V. LEARNING AND ADAPTATION IN MULTI-AGENT SYSTEMS 

 

Learning and adaptation mechanisms tailor agent actions to specific customer needs and move cumulative business 

performance closer to the goals defined by the customer relations management strategy. Research and development in 

multi-agent systems can provide two types of adaptive learning: reinforcement learning techniques support policy 

definition for individual agents, while federated learning or similar incremental knowledge-sharing paradigms allow the 

combination of knowledge from different distributed, heterogeneous reinforcement learners. Reinforcement learning 

techniques for customer interaction management are designed to allow agents to learn their behaviour from learning-

by-doing trials and goal-oriented task accomplishment, where the success or failure of each performed action impacts 

reward — for instance, customer satisfaction levels — and updates the agent’s policy. 

 

Using the aforementioned concepts, different models for the non-collaborative and collaborative use of reinforcement 

learning by customer experience management agents can be proposed. In such models, multiple agents perform 

customer experience management tasks related to the same service provider, customer, or market. A federated process 

can be set up to enable the sharing of knowledge acquired by the customer experience management agents for 

improving customer objective satisfaction prediction. In the non-collaborative approach the agents learn independently, 

and the knowledge they acquire from different service providers, customers, or markets can be used by a federated 

framework to build an incremental sharing system for customer experience management knowledge. It would help 

provide good input to all agents, even when the data for the customer experience management tasks of some agents are 

sparse or when they are facing concept drifts. 
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Equation 4) Differential privacy: from “neighboring datasets” → probability ratio bound  
Step 1: Neighboring datasets 

Two datasets 𝐷 and 𝐷′ are neighbors if they differ by one individual record. 

Step 2: Randomized query/algorithm 𝑸(⋅) 𝑄 is randomized, so outputs are random variables. 

Step 3: Formal ε-DP definition (event form) 

For any output event 𝑆 (a set of outputs), Pr[𝑄(𝐷) ∈ 𝑆] ≤ 𝑒𝜀Pr[𝑄(𝐷′) ∈ 𝑆] 
The paper shows this idea using example outcomes like 𝑄(𝐷) = 1 and 𝑄(𝐷) = 𝑘. 

Step 4: Convert to “privacy loss” (log likelihood ratio) 

Define privacy loss random variable: 𝐿(𝑜) = log Pr[𝑄(𝐷) = 𝑜]Pr[𝑄(𝐷′) = 𝑜] 
Then ε-DP implies: 𝐿(𝑜) ≤ 𝜀 for all outputs 𝑜 

because: Pr[𝑄(𝐷) = 𝑜] ≤ 𝑒𝜀Pr[𝑄(𝐷′) = 𝑜] ⇔ log Pr[𝑄(𝐷) = 𝑜]Pr[𝑄(𝐷′) = 𝑜] ≤ 𝜀 

 

5.1. Reinforcement learning for agent policies 

The Autonomous Agent Architecture for Automated Communications with Intelligent Users and Machines (IAACU) 

utilizes reinforcement learning for dialogue policy management, creating a dedicated learning schedule for each agent 

based on usage frequency. User interactions are modeled as a Markov decision process, with agent Learn parameters 

supporting different reward assignment strategies and enabling collaboration between learning agents. Feedback and 

reinforcement from the environment bolster learning support. The learning signal mechanism uses the Conversational 

Success Feedback Rating Method from Oxford University, addressing the challenges involved in learning dialogue 

management. The approach builds a user-prompted multi-agent system with built-in dialogue-specified reinforcement 

learning, tested through an online game-based interface that simulates real agent-user interaction. Learning agent skills 

for effect and satisfaction models mitigates data scarcity in reinforcement learning. 
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For training behind-the-scenes agents employing Hall's personally involved facilitation model of interpersonal 

interaction, Hall's eight aspects of pragmatic distance support labelled data generation. The trained controlling agent 

examines the feasibility of simulated session recreation. Training of Hall's person-appropriate modulation model for 

clearing non-communicative pragmatic doors uses perceiving agents' direct motives to assign positive and null rewards. 

Semantic similarity measure evaluation calculates the perceived and aware strength of peer interaction modes and 

management methods, providing labelled data for agents adopting Hall's modality management model. Reward 

management for dialogue focus alignment among Hall's modulation control agents, support agents, and opening agents 

and for annoyance minimisation among controlling agents guiding behind-the-scenes agents uses feedback received 

during testing. 

 

Automatic evaluation of OpenAI's GPT-3 dialogue model broadens the utility of naturally occurring dialogues Dialog 

classification into human appeal level labels supports the training of adapting agents for Hall's TTLP_F. Multimodal 

dialogue-based community formation facilitates aligned, non-monotonous, and non-annoying agent communication. To 

enhance Hall's adjacency pair background knowledge, a network architecture combining Convolution, Recurrent, and 

Gated Recurrent can automatically extract adjacency pair knowledge and its role from multimodal, naturally occurring 

dialogues. 

 

 
 

Fig 3: Multi-Agent Reinforcement Learning for Pragmatic Dialogue Management: An Integrated IAACU 

Framework Using Hall’s Interpersonal Facilitation Models 
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5.2. Federated learning and incremental knowledge sharing 

The use of reinforcement learning within individual agents is complemented by incremental knowledge sharing and 

federated learning to improve the overall agent ecosystem. The multi-agent approach allows multiple agents to share 

experiences, lessons learned, and new concepts. All of this information can be distributed to other agents so that their 

learning process can be accelerated. 

 

Taking a federated learning perspective adds another dimension. Instead of communicating knowledge either explicitly 

or in the form of data that is shared only between pairs of agents, agents can group together in a larger cluster and 

jointly produce a shared learning model. Each agent retains complete privacy of its internal data even if it is utilized in 

the global model. The federated learning paradigm is highly scalable, since it pushes the training operation on the 

clients and synchronizes them only once in a while to produce the global model. 

 

In domains where agents have similar structures or perform similar actions in similar contexts, the learnt models may 

differ only slightly, i.e., the parameter updates needed to adapt the common model to a particular agent may be small. 

In such cases, it is possible to exploit a low-cost venue to transmit knowledge going beyond the traditional clustering 

approach adopted by federated learning. The efficacy of this facilitation largely depends on the learning objectives 

being pursued. Whenever the agents are required to minimize a global task defined over an extensive dataset, one can 

draw on the paradigm of continual learning to further minimize the communication overhead and enable 

communication even when real performance is not being optimized. 

 

VI. EVALUATION AND VALIDATION METHODOLOGIES 

 

Metrics of Customer Experience Impact 

Given the emphasis on improving customer experience, its associated metrics are natural measures for evaluating the 

architecture design and implementation of multi-agent systems acting on behalf of customers. Proxy metrics for 

customer experience can also be used to evaluate the effectiveness of agent-based systems during their development 

life cycle. These can include emotion classification metrics, intent classification metrics, customer satisfaction scores, 

customer effort scores, as well as customer engagement scores for content generation. However, such metrics often 

require controlled and simulated environments for evaluation, and may not be accessible or measurable until 

deployment into a live customer-facing system. 

 

Simulation and Field Testing 

A multi-agent architecture system for predicting and answering product-related FAQs was implemented, and various 

simulations of the agent operation in the parent ecosystem were conducted to evaluate the system. A federation of ten 

parent agents belonging to parent companies C and D, a content-generating agent residing in parent company C, and a 

feedback-collecting agent for post-interaction response-based learning was tested using a set of ground-truth FAQs 

provided by the common domain knowledge supplier. All results and interactions were preserved, including those that 

did not require an answer (user questions outside the scope of the parent agents). The prediction ability of the parent 

agents on the ground-truth queries and the knowledge discovery of the content-generating agent were the focus of the 

simulations. 

 

Potential real-world customer interactions were also factored into the analysis, as sufficient traffic would lead to actual 

"live" testing of the agent system during a period when a question appeared frequently around a specific product. The 

performance of the implementation could also be evaluated using customer satisfaction metrics in production." 

 

Equation 5) Reinforcement learning for dialogue policy: MDP definition → Bellman equations → Q-learning 

update 

Step 1: Define the MDP 

An MDP is (𝒮,𝒜, 𝑃, 𝑅, 𝛾): 
• 𝑠 ∈ 𝒮: dialogue state (intent, slots, sentiment, history summary) 

• 𝑎 ∈ 𝒜: system action (ask clarifying question, propose solution, escalate, offer refund) 

• 𝑃(𝑠′|𝑠, 𝑎): transition probability 

• 𝑅(𝑠, 𝑎): reward (proxy: satisfaction / success) 

• 𝛾 ∈ [0,1): discount 
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Step 2: Policy and return 

Policy: 𝜋(𝑎|𝑠) 
Return: 𝐺𝑡 = ∑𝛾𝑘∞

𝑘=0 𝑟𝑡+𝑘+1 

Step 3: Value functions 

State-value: 𝑉𝜋(𝑠) = 𝔼𝜋[𝐺𝑡 ∣ 𝑠𝑡 = 𝑠] 
Action-value: 𝑄𝜋(𝑠, 𝑎) = 𝔼𝜋[𝐺𝑡 ∣ 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎] 
Step 4: Bellman expectation equation (core recursion) 𝑉𝜋(𝑠) =∑𝜋𝑎 (𝑎|𝑠) (𝑅(𝑠, 𝑎) + 𝛾∑𝑃𝑠′ (𝑠′|𝑠, 𝑎)𝑉𝜋(𝑠′)) 

Step 5: Q-learning update (common for dialogue RL) 

With experience (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡+1, 𝑠𝑡+1): 𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼 [𝑟𝑡+1 + 𝛾max𝑎′ 𝑄(𝑠𝑡+1, 𝑎′) − 𝑄(𝑠𝑡 , 𝑎𝑡)] 
 

6.1. Metrics for customer experience impact 

A primary objective of agent-based solutions is improving customer experience (CX). Consequently, evaluating their 

impact on CX is of utmost importance. Several novel metrics directly correlate with CX and can be employed to 

evaluate diverse system aspects. Considering the growing importance of emotion-detection techniques in understanding 

CX, studies investigating how CX is influenced by emotion recognition could be leveraged to fulfill this purpose. 

 

Moreover, research results may be utilized to design experiments that analyze the effect of contemporary trends—such 

as automation, artificial intelligence, or virtual assistants—on customer experience and emotion recognition 

capabilities. Another possibility includes determining how customer sentiment and emotion recognition can be used to 

assess the quality of customer support agents as well as customer support teams. Additional attempts include examining 

the repercussion of customer agent–emotion relations, determining how distinct customers feel towards “literal” and 

“figurative” agents and products represented by these agents, and leveraging knowledge from these studies to derive 

metrics. 
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6.2. Simulation and field testing 

Performance assessment and validation of multi-agent systems (MASs) usually require validation techniques and 

methodologies suitable for the considered environments. In the context of Virtual Customer Support Agents (VCSAs), 

necessary evaluations must ascertain whether applied technologies have positively and significantly altered customer 

experiences. Such evaluations may revolve around whether VCSAs have reduced interaction times, raised customers’ 
moods or perceived service-experience quality, boosted brand loyalty, or contributed to strategic organizational goals. 

To determine their impact on customer experience can be particularly challenging, due to high costs involved in actual 

deployments and experimentations. 

 

Even so, metrics focused on customers’ moods, willingness to recommend products or services, and austerity, as well 

as on other aspects of the service and conversation experience, can be used as evaluation proxies by proceeding initially 

with simulations. Another approach for reducing the need for extensive real-life validation is to employ a phased 

strategy, beginning with a limited-scale deployment field test with an appropriate number of selected real users before 

progressively expanding to a wider audience. 

 

VII. CONCLUSION 

 

Multi-agent systems that function as automated platforms for Customer Experience Management (CEM) can facilitate 

the exchange of information, support, and other resources between organizations and individuals. By enhancing 

delivery of services such as customer-care systems, these platforms help organizations acquire, maintain, and cultivate 

relationships with their customers. An extensive review of existing literature reveals represented aspects of Multi-Agent 

Systems (MAS) that can bear upon automated CEM platforms and highlights significant gaps related to agent roles, 

capabilities, and the use of MAS concepts. 

http://www.ijrai.com/
mailto:editor@ijrai.com


  International Journal of Research and Applied Innovations (IJRAI) 

                        | ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Journal | 

|| Volume 7, Issue 6, November–December 2024|| 

DOI:10.15662/IJRAI.2024.0706038 

IJRAI©2024                                                           |     An ISO 9001:2008 Certified Journal   |                                                  11942 

    

 

 
 

Fig 4: CEM Platform Component Weighting 

 

Research expands on these factors to identify key components of MAS that can assist in building CEM-related services 

and introduces MAS architectural patterns that determine how agents interact. Elements of learning and adaptation are 

also considered, which bear upon how MAS contribute to customer experience and hence upon the overall customer 

experience-indicator impact. Finally, the review addresses data, privacy, and compliance matters; presents evaluation 

methodologies; and outlines directions for future work. The review lays a foundation for a MAS capable of delivering 

customer experience-enhancing services in an automated manner, thereby serving as an architectural platform for 

Automated CEM. 

 

7.1. Final Thoughts and Future Directions 

The detailed exploration of multi-agent architectures for Automated Customer Experience Management (ACXM) 

platforms supports their applicability at scale through adaptive correspondence with agent policies. Multi-Agent 

Systems (MAS) have successfully applied to diverse business domains and customer experience via listening, 

suggesting, fulfilling, and guiding representatives. All ecosystem participants can thus choose and maximise their 

preference-driven outcome. Adaptive MAS-enabled platforms could support individual customer experience 

enhancement and broader adaptive dialogue-based ecosystems across enterprise networks and beyond. 

 

Constructing CSP foundations and an evolving platform remain significant challenges, particularly at the solution-

provider layer. Privacy-enhanced technique integration throughout, including compliance with differential privacy 

principles, must also receive close attention. Agent recommendations for customers and employees, corporate and 

technology participation in respective streams, and broader governing-coherent MAS-enabled ecosystem engagement 

present further ACXM ecosystem opportunities. A foundation that embraces these principles engenders ongoing 

refinement across the entire customer journey and operates embedded within MAS-enabled ecosystems of dialogue- 

and complement-based exchange. 
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