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Abstract 

Integrating autonomous agents within service management and service desk systems requires defining 

an appropriate operational model, context, scope, and specification. Autonomous agents are self-

contained LLM AI applications fulfilling tasks and roles without user intervention. Generative AI 

frameworks and pipelines are models that describe the operational and interaction stages needed to fulfil 

predefined tasks using AI technologies. Each stage performs a well-defined operation that contributes 

to a complete process, enabling service integration and/or support. Environment-specific or domain 

knowledge provides the agent with the necessary context and enables support or service desk workflow 

decision-making. Conversational user experience design defines the standard of user interaction with 

the AI agent. 

The proposed design explicitly maps the interaction and process stages within a generative AI pipeline. 

Service operation requirements inform the specific design scope, defining the basis for monitoring, 

maintenance, and reassessment of an LLMAI model used in an agent context. Framework performance 

and validation track essential operational characteristics and metrics required for modulating the service 

integration. The design has immediate application in customer service platforms and Cloud service 

marketplaces, where such models integrate autonomously with existing service portfolio offerings. The 

broader use case integrates LLMAI agents with service desk solutions used by organizations, enhancing 

the service desk environment, stimulating knowledge contributions, and enriching knowledge 

repositories. 

 

Keywords :Autonomous LLM Agents,Generative AI Pipelines,Customer Service 

Automation,Intelligent Knowledge Workflows,AI Agent Framework Design,Large Language Model 

Orchestration,Conversational AI Systems,Enterprise Knowledge Management,Multi-Agent AI 

Architecture,Workflow Optimization with GenAI. 

 

1. Introduction 

While generative AI technologies have tremendous potential to improve customer service management, 

they are rarely integrated into service platforms like those offered by Zendesk or Salesforce Service 

Cloud. To address this limitation, a computed autonomous framework is designed that operates within 

or in close adjacency to such platforms. Separately, agent-based frameworks that autonomously execute 

users' intent using Generative AI Pipelines are investigated. These pipelines are instantiated as a 

sequence of pipeline stages and subsequent orchestration. 

While Generative AI Pipelines operate by executing users' expressed intent, Generative AI Pipelines 

for Autonomous Agents provide the additional capability to use intents inferred from monitored context 

for autonomously invoking Delta-based Languagemodel Generative AI Pipelines. Generative AI 

Pipelines for Autonomous Agents require extensions that support the orchestration of multi-agent-based 

Autonomy Computing Pipelines. A complementary execution platform for Service Agent pipelines 

instantiated from Generative AI Pipelines for Autonomous Agents is provided by customer service 

platforms like those offered by Zendesk or Salesforce Service Cloud. Pipelines for generative tasks 

enable the division of these capabilities into orchestrated stages, enhancing quality, reliability, and 

operational efficiencies, with stage-specific monitoring facilitating quality assessment and problem 

identification. 
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Table 1: Autonomous LLM Agent Framework Components 

 

Component Description Functional Role Business Impact 

LLM Agent Core 
Central autonomous 

reasoning engine 

Executes intelligent 

tasks 

Reduces manual 

workload 

GenAI Pipeline 
Multi-stage 

orchestration workflow 

Handles sequential 

processing 

Improves operational 

efficiency 

Knowledge Repository 
Structured enterprise 

knowledge base 

Supports retrieval and 

reasoning 

Enhances response 

accuracy 

Conversational UX 

Layer 

User interaction 

interface 

Enables natural 

communication 

Improves customer 

satisfaction 

Orchestration Engine 
Coordinates pipeline 

stages 

Controls execution 

flow 
Ensures scalability 

Monitoring & 

Evaluation Module 

Tracks metrics and 

quality 
Measures performance 

Enables continuous 

optimization 

1.1. Integration with Customer Service Platforms 

With the rising number of autonomous LLM agents, frameworks for their design and implementation 

are necessary. This framework focuses on integration with customer service systems, knowledge 

management, user experience design, and evaluation metrics for autonomous LLM agents. The 

architecture is based on pipeline models used for generative AI tasks, where capabilities are divided 

into temporally and semantically relevant stages with information sharing implemented via a common 

data store. The pipeline stages are orchestrated by a custom agent, with slack channels incorporated for 

additional workflow capabilities.  Integration with natural language models allows rapid improvement 

of pipelines through shared or acquired context enabling on-demand application customisation to 

specific use cases. 

Customer service is a knowledge-intensive area, requiring consistent and accurate handling of multiple 

repetitive queries. When properly integrated, autonomous LLM agents can augment and thus reduce 

the workload of support personnel, especially when provided with the ability to conduct and engage in 

task-oriented conversations with both customers and other LLMs.  

 

Multi-Agent Orchestration Architecture 

 

 
 

2. Theoretical Foundations and Context 

Four lines of text lined up in two layers vertically . moody wood background. Four lines of text lined 

up in two layers vertically . moody wood background. Four lines of text lined up in two layers vertically 
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Four lines of text lined up in two layers vertically . moody wood background. Four lines of text lined 
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. moody wood background. The proposed design framework builds on two emerging trends in customer 

service management and knowledge-work augmentations: 1) Integration with customer service 
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platforms that incorporate LLM chatbots and LLM help desks, capable of autonomously conversing 

with suppliers and customers, and 2) Generative AI pipelines that incorporate large language models, 

enabling people or AI chatbots to pass on complex, open-ended, knowledge-intensive, or cognitive tasks 

to large language models to gain completion. 

 

 
 

Table 2: Pipeline Stages in Autonomous LLM Framework 

 

Pipeline Stage Purpose Key Technologies Expected Output 

Planning Stage 
Defines tasks and 

execution strategy 

Chain-of-Thought 

Prompting 

Structured execution 

plan 

Many-shot 

Prompting 

Generates contextual 

outputs 
Prompt Engineering Multi-step responses 

Validation Stage 
Evaluates generated 

content 
Feedback Loops 

Quality-controlled 

output 

Knowledge 

Retrieval 

Retrieves semantic 

information 

RAG, Vector 

Databases 
Relevant knowledge 

Service Execution 
Executes workflow 

actions 
APIs and SDKs 

Automated service 

completion 

2.1. Generative AI and Autonomous Agents 

The emergence of Generative AI has stimulated the development of autonomous agents that leverage 

Large Language Models (LLMs) to generate new content. These agents can be classified as goal-

oriented task performers or as interactive systems capable of having conversations with users. Examples 

include AutoGPT, AgentGPT, and PseudoGPT, which implement robots for goal-oriented tasks based 

on the Agent framework but require configuration of a sequence of actions prior to execution. In 

contrast, ChatGPT is currently the most prominent conversational LLM agent, with its commercial 

deployment at ChatGPT.com and its integration into Microsoft products receiving considerable 

attention. These agents support querying of web pages in a conversational manner but are sensitive to 

prompt formulation and at risk of hallucination. 

In Customer Service Management (CSM), an LLM Agent interacts with users and connects with service 

management or contact center systems. It accepts requests from end users in natural language, 

automatically generates formulations suitable for backend systems in the relevant API/SDK format, 

submits the unprocessed request for execution, and subsequently delivers the results in conversational 

form. In Knowledge Workflows (KWs), a Generative AI Pipeline runs entirely in the background and 

was created for an internal use case in a KWM context where a Community Knowledge Agent supports 
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knowledge evolution, suggesting new knowledge packages for consideration based on documents 

indexed into a company-wide content repository. KWM Pipelines are indirectly prompted based on the 

current state and a progression within an Ontology Network (ONP), automating forward travel in the 

ONP and delivering content packages that could be relevant to the progression. 

 

 
 

Conversational UX Interaction Model 

 

 
 

3. Framework Design for Autonomous LLM Agents 

Autonomous large language model (LLM) agents are defined here as self-acting agents that infer both 

questions and answers in a non-interactive manner. The framework comprises LLM pipelines, defining 

the workflow and interaction of the main components during execution. Three factors affect LLM 

pipelines: external communication with users, LLM behavior as service provider or consumer, and the 

degree of pipeline execution automation. These factors are realised through five stages: Knowledge 

Management and Retrieval, User Experience and Interaction Design, Conversational UX for Service 

Agents, and Performance Metrics for LLM Agents. 

A pipeline is designated for each stage, delimiting the technical processes required to support the 

functional design of autonomous LLM agents. Stage-specific components communicate via application 

programming interfaces (APIs), allowing pipelines to be grouped, escaped, or fully abstracted over the 

execution domain. Atomic components, like knowledge repositories or UX templates, are combined 

and orchestrated to build more complex services, such as an inbound cloud function responding to user 

queries or an outbound cloud function generated to respond to incoming messages in business contexts. 

 

Mathematical Formulas: 

1. Autonomous Agent Execution 

𝐴𝑒𝑥𝑒𝑐 = 𝑃 + 𝑂 + 𝐾 

Where: 

• 𝐴𝑒𝑥𝑒𝑐= Agent execution capability  

• 𝑃= Planning  
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• 𝑂= Orchestration  

• 𝐾= Knowledge retrieval  

 

2. Pipeline Efficiency Model 

𝐸𝑝 =
𝑄𝑜
𝑇𝑝

 

Where: 

• 𝐸𝑝= Pipeline efficiency  

• 𝑄𝑜= Quality of output  

• 𝑇𝑝= Processing time  

 

3. Knowledge Retrieval Accuracy 

𝐾𝑎 =
𝑅𝑐
𝑅𝑡

 

Where: 

• 𝐾𝑎= Knowledge accuracy  

• 𝑅𝑐= Correct retrievals  

• 𝑅𝑡= Total retrievals  

 

4. Conversational Response Quality 

𝐶𝑞 = 𝛼𝑈 + 𝛽𝐴 + 𝛾𝐶 

Where: 

• 𝑈= User satisfaction  

• 𝐴= Accuracy  

• 𝐶= Context relevance  

• 𝛼, 𝛽, 𝛾= Weight factors  

 

5. Multi-Agent Coordination 

𝑀𝑐 =∑𝐴𝑖

𝑛

𝑖=1

× 𝑆𝑖 

Where: 

• 𝑀𝑐= Coordination score  

• 𝐴𝑖= Individual agent capability  

• 𝑆𝑖= Shared semantic contribution  

 

6. Retrieval-Augmented Generation 

𝑅𝐴𝐺 = 𝐿𝐿𝑀(𝑄 + 𝐷𝑟) 
Where: 

• 𝑄= User query  

• 𝐷𝑟= Retrieved documents  

• 𝐿𝐿𝑀= Language model generation  

 

7. Workflow Automation Score 

𝑊𝑎 =
𝑇𝑚 − 𝑇𝑎
𝑇𝑚

 

Where: 

• 𝑊𝑎= Automation improvement  

• 𝑇𝑚= Manual task time  

• 𝑇𝑎= Automated task time  

 

8. Agent Performance Metric 
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𝑃𝑚 =
𝐴𝑐 + 𝑈𝑥 + 𝑅𝑠

3
 

Where: 

• 𝐴𝑐= Accuracy score  

• 𝑈𝑥= UX score  

• 𝑅𝑠= Response success rate  

 

9. Semantic Similarity Function 

𝑆(𝑥, 𝑦) =
𝑥 ⋅ 𝑦

∣∣ 𝑥 ∣∣   ∣∣ 𝑦 ∣∣
 

 

Used for vector-based semantic retrieval in knowledge workflows.  

 

10. LLM Orchestration Throughput 

𝑇𝑜 =
𝑁𝑟
𝐿𝑡

 

Where: 

• 𝑇𝑜= Throughput  

• 𝑁𝑟= Number of requests  

• 𝐿𝑡= Latency time 

 

3.1. Pipeline Stages and Orchestration 

Successful agent execution requires effective orchestration of the generative AI pipeline that produces 

different types of output. Dialogue acts can be classified as planning, many-shot prompting, single-shot 

prompting, generative feedback, and knowledge management. Pipeline stages are defined to map these 

dialogue acts to pipeline execution in a manner that logically follows the flow of information through 

the agents. 

The first execution stage occurs at the level of agent planning. The planning dialogue act specifies what 

needs to be done, how to do it, and under what conditions. At the planning stage, dialogue planned at a 

high level can be compared to service agents currently used as wrappers around RAG. The next stage 

consists of many-shot prompting, where chain-of-thought prompting is used to produce the next chunk 

of output. After each chunk is produced, it is evaluated for appropriateness both in isolation and in the 

context of the overall output. If the chunk passes both evaluations, it is passed to the user. If the chunk 

is deemed inappropriate, corrective feedback is applied before proceeding to the next chunk. This 

process continues until the complete output has been produced. Once the complete output is validated, 

the next major stage may begin, which is typically the execution of user-provided instructions. 

 

Table 3: Knowledge Management Features 

 

Feature Description Benefit 

Ontologies Defines domain relationships 
Improves semantic 

understanding 

Taxonomies Hierarchical classification system 
Enhances information 

organization 

Vector Embeddings Converts text into vector space Enables similarity search 

Semantic Layer 
Context-aware retrieval 

mechanism 

Provides accurate 

recommendations 

Retrieval-Augmented 

Generation 

Combines retrieval with LLM 

reasoning 
Improves factual responses 
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Feature Description Benefit 

Knowledge Pipelines Structured knowledge workflows Supports scalable automation 

 

4. Knowledge Management and Retrieval 

Current-generation large language model (LLM) agents lack tension to arrange information for efficient 

retrieval, given that they do not have formal memory but rely instead on statistical gravitation. 

Expanding on Zhang and Chen's work, knowledge management and retrieval technologies can address 

this limitation by providing a mixture of supervised and unsupervised tuning pipelines producing 

discrete resources invoked by the agent when needed and executed by suitable generative pipelines. 

Such techniques create an optimized balance among interpretability, explainability, and controllability, 

while also allowing human oversight. They enable the content bank to prepare resumes, emails, 

presentations, and meetings upon reviewing resources and adding semantic layers. 

 
 

Knowledge Workflow Agent 

 
 

4.1. Ontologies, Taxonomies, and Semantic Representation 

Enhancements in knowledge management include an ontology and associated taxonomies that define 

core concepts and data structures. The ontology relates a set of concepts to one another, specifies their 

properties, and defines the rules governing the relationships between them. Each concept can be further 

defined into sub-concepts. Taxonomies classify a concept into a hierarchy of sub-concepts. Together, 

they can define a semantic space in which an LLM can navigate and execute searches accurately and 

precisely. If a query provided by the user does not match any of the concepts defined by the ontology, 

the ontology fills the gap by suggesting other concepts that the user can consider for their queries. Such 

suggestions open new paths for the user to explore the semantic space. 

Within the broader knowledge management context, information retrieval is enabled with a semantic 

layer. The layer searches the information on a knowledge base for the user in a way that is coherent 

with the model of the domain and prescriptively relevant for the user’s stage in the conversation process. 

The conversational agent acts as a cognitive assistant for the user and augments the user’s mental 

process with retrieval-enhanced generation. User queries for information elicitate a list of potentially 

relevant documents from the knowledge base: the assistant selects one of the documents, generates a 

query and a summary for an LLM, uses the language model to execute the query, and presents the 
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retrieved information back to the user. Such seamless integration enhances the user experience while 

keeping them in the flow of dialogue. 

 
Table 4: Conversational UX Design Characteristics 

 

UX Element Customer-Facing Agents Service Agents 

Communication Style Informal and conversational Structured and task-oriented 

Interaction Goal Seamless customer experience Efficient service execution 

Context Usage Minimal required context Extensive contextual reasoning 

Knowledge Dependency FAQ and support data Multi-source enterprise knowledge 

Output Format Natural conversation Workflow/script-driven response 

Personalization High emotional engagement Process optimization focus 

5. User Experience and Interaction Design 

Generative AI has advanced to a stage where users can create services that deliver value to consumers. 

The focus has shifted from designing new services to designing nice user experiences so that the 

intended value is delivered to the user. The emphasis is now on how a user interacts with a generative 

AI service to achieve the best value. 

 

Customer Service Agent Flow 

 
 

5.1. Conversational UX for Service Agents 
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The conversation-experience design needed by service agents differs from that established for customer 

interfacing. For customers, an experience resembling natural chat between humans is important, 

providing a minimal friction experience and allowing for the use of informal language. Agent 

conversational design, however, centers around enabling effective task processing. Responses may 

involve deeper emotional responses, drawing on greater life experience and exposure to more training 

data, but they remain fundamentally descriptions of structured, repeatable processes. 

LLM-based agents utilize extensive context and leverage external knowledge bases, repositories, 

databases, and heuristics to solve requests. Agent conversational UX must therefore support complete 

processing of service requests. The complete description of a service request—the question, associated 

context, and information stored in the agent’s knowledge base—acts as a comprehensive input to the 

LLM, allowing the generation of a full response describing every stage of the response-handling 

process. Responses may resemble scripts for a human agent, detailing what the agent would do and say 

to solve the request if it matched its area of expertise. Visualiza-tion may therefore take two forms: a 

full conversational trod or a script outlining every step required to solve the request. The appropriate 

mode depends on user preference and service attributes, such as service-criticality levels. 

 

Table 5: Performance Evaluation Metrics for LLM Agents 

 

Metric Measurement Focus Importance 

Response Accuracy Correctness of generated responses Ensures service reliability 

Conversational Quality Natural dialogue capability Improves user engagement 

Task Completion Rate Successful execution percentage Measures operational success 

Context Retention 
Ability to maintain conversation 

context 
Enhances continuity 

UX Satisfaction Score User interaction quality 
Evaluates customer 

experience 

Knowledge Relevance Precision of retrieved information Improves decision support 

6. Evaluation and Validation Frameworks 

A formal evaluation and validation framework guides the assessment of autonomous agent frameworks 

and their applications within generative Artificial Intelligence (AI) Pipelines. The theoretical foundation 

for the evaluation, including a set of performance metrics, forms a fundamental part of the overall design 

of autonomous Agents based on large Language Models (LLM) within the broader context of 

Generative AI. 

Overall, service management frameworks classify service management applications into four quadrants 

characterising their focus on internal or external customers and targeting operational operations or 

strategic decision- making processes. Service agents designed with conversational user experiences 

focus on returning accurate answers to internal or external customers’ questions and accordingly are 

classified as operational applications for internal or external customers. Performance metrics for 

conversational applications of autonomous LLM Agents must therefore emphasise the accuracy of their 

responses. 
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6.1. Performance Metrics for LLM Agents 

A comprehensive performance evaluation metric specifically focused on autonomous LLM agents 

deployed for knowledge management workflows and customer service is currently lacking. While 

existing performance metrics for LLMs during training, fine-tuning, or testing may, in part, reveal the 

underlying core characteristics of LLMs capable of performing specific tasks, they may not accurately 

benchmark an agent's true capability for LLM-enabled service. Possible success of these service agents 

may encompass various conditions, including the validity of the specified domain knowledge being 

queried; the required depth and breadth of LLM conversational expertise over multiple queries; and the 

overall accuracy, impact, intent, and user experience score of agent responses throughout an entire LLM 

conversation. 

Prior research sheds light on these elements. Although an agent's knowledge management role may be 

locally bounded to a single organization, the information within this locality may communicate with 

and affect a broader audience community when a large number of such agents provide a mass-adoption 

level of insights. The knowledge base can still be detected and affected in aggregate. Beasley and 

Khedkar developed user experience (UX) design heuristics for intelligent conversational agents, with 

empirical evidence providing preliminary support for the use of UX heuristics to evaluate service 

agents. Furthermore, Yurtsever et al. proposed a high-level performance metric to classify LLM agents 

embedded within a contextual dialogue system for multi-modal home environments. Examining these 

perspectives can therefore lay the foundations for more detailed, target-accurate performance evaluation 

for LLM-powered autonomous service agents. 

 

Table 6: Comparison of Autonomous AI Agent Frameworks 

 

Framework Primary Focus Key Capability Limitation 

AutoGPT 
Goal-oriented 

automation 

Autonomous task 

execution 

Requires predefined 

workflows 

AgentGPT Interactive AI tasks Agent orchestration Limited enterprise integration 

ChatGPT Conversational AI Natural interaction Susceptible to hallucinations 

LangChain LLM composability Workflow chaining Complex deployment 
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Framework Primary Focus Key Capability Limitation 

AutoGen 
Multi-agent 

collaboration 
Distributed reasoning High orchestration overhead 

CrewAI 
Multi-agent 

coordination 
Role-based execution 

Requires advanced 

configuration 

 

Knowledge Retrieval Workflow 

 
 

7. Conclusions 

While the proposed design framework is demonstrated using customer service as a primary use case, 

other applications are possible for any situation where decision support and management workflows are 

critical for knowledge work. The overall design framework is composed of an LLM agent pipeline in 

five stages: knowledge management, user experience design, performance evaluation, and pipeline 

management. 

By designing LLM agent pipelines to support orchestrated, cross-stage workflows, products can be built 

to integrate generative AI into customer service management platforms such as Salesforce or Freshdesk. 

A wide range of products can be delivered, from subordinated semantic search and knowledge 

management assistants to completely autonomous service workflow agents, thereby embedding 

generative AI into core customer engagement systems. 
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