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Abstract- The latest developments in foundation models 

on the large scale have made it possible to have 

autonomous computational agents that can reason, plan, 

use tools, and execute tasks in an iterative manner. These 

Generative Artificial Intelligence (GenAI) agents are 

reimagining enterprise automation by not being limited 

to rule-based system automation but creating adaptive, 

cognitive automation. In this paper, a detailed GenAI-

based Agent Frameworks are suggested which will 

automate sophisticated multi-step activities in the 

enterprise that used to be involved in human judgment, 

contextual reasoning, and dynamic decision making. The 

architecture proposed incorporates prompt driven agent 

cognition, hierarchical planning structures, structured 

long term memory, constraints in accordance with 

policies, tool and action execution layers, and self-

verification by the provision of iterative refinement 

loops. 

The multi agent coordination model is presented to allow 

task breakdown, concurrent execution, dependency 

solving and recovery of failures in the large-scale 

workflow of an enterprise. Formal algorithms of agent 

planning, retrieval of memory, coordination and 

verification are provided. The overall performance 

benchmarking of the representative enterprise 

automation activities such as IT activities, business 

process automation, customer services, and data analysis 

show considerable reduction in the time spent on the task 

completion, implementation consistency, and accuracy 

compared to the traditional scripted automation and 

rule-of-thumb systems. Other essential enterprise design 

factors considered in the study include safety, reliability, 

controllability, transparency and auditability. Lastly, 

directions in future research are described, such as self-

learning agents, interoperability standards of agents 

across vendors, reinforcement-based optimization, and 

standard evaluation benchmarks. The results place 

GenAI agents as the base towards intelligent automation 

of enterprises in the future. 
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I. INTRODUCTION 

 

The history of enterprise automation has developed in 

several generations starting with rudimentary scripting 

and macros, then moving on to rule-based workflow 

engines, robotic process automation (RPA), and 

intelligent business process management systems 

(iBPMS). Although these technologies have brought 

significant efficiency benefits, they are still essentially 

limited by determinism, brittle nature and limited 

context reasoning. 

The environment of modern enterprises is becoming 

more dynamic and complex with exceptionally 

accelerating pace of changes in business rules, 

distributed and heterogeneous sources of data, cross-

functional and interdependent workflow, mass of 

unstructured inputs (emails, documents, chats and 

service tickets) and ever-changing units of operation. 

The complexity of this level of automation is beyond 

the capability of traditional automation systems which 

are limited to clearly specified rules, exception 

handling and fixed paths of control, requiring them to 

be expensive to scale and crack under change. The 

recent development of large-scale foundation models, 

most notably large language models (LLMs) has made 

a paradigm shift in that they enable automation 

systems to develop emergent behaviors, including 

contextual reasoning, chain-of-thought planning, 

natural language comprehension, tool invocation 

(when used dynamically), and few-shot 

generalization. Enterprises can move beyond a non-

dynamic, rule-based automation and can instead have 

intelligent systems that are able to reason about 

situations, plan multi-step processes, perform tasks 

using tools, and evolve over time in the face of new 

situations with minimal human intervention when 

these capabilities are encapsulated within autonomous 

agents. The paper examines the systematization of 

GenAI agents to be used in enterprise automation 
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without emphasizing ad-hoc and prompt use but on 

architectural rigor, control, safety, and performance. 

 

II. RELATED WORK 

 

2.1 Automation as a rule-based and scripted 

automation. 

The traditional layer of enterprise automation is made 

up of rule-based systems and scripted workflows 

which provide deterministic behaviour and a high 

level of auditability although they show serious 

deficiencies when established in a complex and 

dynamic business environment. The cost of these 

systems as process complexity increases grows 

exponentially, with new conditional branches 

becoming uncontrollable as every new exception or 

variation occurs. Their very strict structure leads to 

poor flexibility, and it has to be redesigned manually 

each time there is any change in business logic, data 

formats, or business operation situations. In turn, these 

increases the maintenance expenses steeply with time, 

because even small process changes require 

comprehensive updates, testing, and redeployment; 

thus, such solutions are ineffective and cannot be 

sustained in large, dynamically changing, enterprise 

automation. RPA systems, including UiPath and 

Automation Anywhere, automate interactions on the 

UI, but are easily torn apart by interface or process 

modifications. 

 

2.2 Automation of Intelligent Processes. 

Machine learning models are applied in intelligent 

automation, which automates workflows used in 

classification, prediction, and anomaly detection. 

Nevertheless, these systems still rely on pre-defined 

orchestration logic and do not have holistic reasoning. 

 

2.3 Planning and Multi-Agents Systems AI. 

Classical AI planning systems (STRIPS, PDDL) can 

be used to execute tasks related to goals, but they need 

formal domain modelling. Research has been 

conducted on multi-agent systems with regard to 

coordination and negotiation, with a tendency to 

assume restricted domains and agent behaviours that 

are developed by hand. 

 

2.4 Large Language Models and Agents. 

Recent studies have shown agents based on LLM, 

which can use tools, reason and reflect. Nonetheless, 

most of the implementations have been experimental 

without enterprise level assurances of reliability, 

safety, observability, and governance. 

 

Table 1: Comparison of Traditional Automation, Intelligent Automation, and GenAI Agent-Based Systems 

Approach Core Technology Strengths Limitations Enterprise Suitability 

Rule-Based 

Automation 

Handcrafted rules, 

decision trees 

Deterministic behaviour, high 

auditability, predictable 

outcomes 

Exponential rule explosion, low 

adaptability, brittle exception 

handling, high maintenance cost 

Suitable only for static, 

well-defined processes 

Scripted 

Workflows 

Procedural scripts, 

macros 

Simple to implement, low 

initial cost 

Hard-coded logic, limited 

scalability, poor handling of 

unstructured data 

Small-scale or short-

lived automation 

Robotic Process 

Automation 

(RPA) 

UI automation, 

event triggers 

Fast deployment, non-invasive 

integration 

Fragile to UI changes, limited 

reasoning, poor scalability 

Tactical automation of 

repetitive tasks 

Intelligent 

Automation 

ML models + 

workflows 

Improved decision support, 

data-driven predictions 

Still rule-dependent orchestration, 

limited reasoning 

Medium-complexity 

processes 

AI Planning 

Systems 

Symbolic 

planners (PDDL, 

STRIPS) 

Goal-oriented execution, 

formal correctness 

Requires exhaustive domain 

modeling, limited real-world 

flexibility 

Narrow, well-modeled 

domains 

GenAI Agent-

Based 

Automation 

LLMs, tool-using 

agents, memory 

Contextual reasoning, 

adaptability, natural language 

interaction, multi-step planning 

Requires strong governance, 

safety controls, evaluation 

standards 

Highly suitable for 

complex, dynamic 

enterprise workflows 
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This paper bridges that gap by proposing a production-

oriented GenAI Agent Framework tailored for 

enterprise environments. 

 

III. PROPOSED METHODOLOGY: GENAI 

AGENT FRAMEWORK 

 

3.1 Architectural Overview 

The proposed framework consists of six primary 

layers: 

1. Agent Cognition Layer 

2. Planning and Task Decomposition Layer 

3. Structured Memory Layer 

4. Policy and Constraint Engine 

5. Tool and Action Execution Layer 

6. Verification and Feedback Loop 

 

 
Figure 1: Proposed Architecture 

 

3.2 Agent Cognition Layer 

At the core of each agent lies a foundation model 

responsible for reasoning and decision-making. The 

agent receives a task description 𝑇and contextual state 

𝑆, producing an action plan 𝑃: 

𝑃 = 𝑓LLM(𝑇, 𝑆,𝑀) 

Where: 

• 𝑀represents retrieved memory 

• 𝑓LLMis the generative reasoning function 

Complex enterprise tasks are decomposed into sub-

tasks using hierarchical planning. 

𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑛} 

 

The sub-task created in the process of task 

decomposition is contextualized by well-organized 

metadata that would inform the implementation and 

integration of the sub-task into the overall workflow. 

This metadata contains well defined preconditions that 

need to be met before the execution can be started, 

explicit dependencies that state how the task should be 

executed and how it should synchronize with other 

sub-tasks, a list of tools or system interfaces that are 

required to execute the task and finally well-defined 

success criteria that are used to measure whether or not 

the task has been completed. These metadata attributes 

allow accurate planning, dependency resolution, 

automated validation and consistent orchestration of 

complex multi-step enterprise business process. 

 

Algorithm 1: Hierarchical Task Planning 

Input: Task T 

Output: Task Graph G 

1. Parse task objectives 𝑂and constraints 𝐶 

2. Decompose 𝑇 → 𝒮 

3. Derive dependency relations 𝐸 

4. Construct DAG 𝐺 = (𝑉, 𝐸) 

5. Compute priority 𝜋(𝑡𝑖)for all 𝑡𝑖 ∈ 𝑉 

6. Produce a topologically sorted execution plan 

7. Return task graph 𝐺 

The agent performs task decomposition by mapping 

the high-level task 𝑇into a finite set of subtasks: 

𝒮 = {𝑡1, 𝑡2, … , 𝑡𝑛} 

Each subtask 𝑡𝑖is defined as a tuple: 

𝑡𝑖 = ⟨𝑔𝑖 , 𝑃𝑖 , 𝐴𝑖 , Φ𝑖⟩ 

where: 

𝑔𝑖is the local goal 

𝑃𝑖is the set of preconditions 

𝐴𝑖is the set of executable actions or tools 
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Φ𝑖is the success predicate 

Dependency Graph Construction 

Task dependencies are modelled as a Directed Acyclic 

Graph (DAG): 

 

𝐺 = (𝑉, 𝐸) 

where: 

𝑉 = 𝒮 

𝐸 = {(𝑡𝑖, 𝑡𝑗) ∣ 𝑡𝑖 ≺ 𝑡𝑗}indicates that 𝑡𝑖must complete 

before 𝑡𝑗 

The absence of cycles ensures deadlock-free 

execution: 

∀𝑡𝑖 ∈ 𝑉,  ∄  path(𝑡𝑖 → 𝑡𝑖) 

Task Priority Function 

Each subtask is assigned a priority score: 

𝜋(𝑡𝑖) = 𝛼 ⋅ Criticality(𝑡𝑖) + 𝛽

⋅ DependencyDepth(𝑡𝑖) + 𝛾

⋅ Risk(𝑡𝑖) 

 

where 𝛼, 𝛽, 𝛾are tunable weights. 

3.3 Structured Memory Model 

Memory enables continuity, learning, and context 

persistence. 

Table 2: Description of Memory Models 

Memory Type Description 

Short-term Current conversation and state 

Long-term Historical interactions 

Episodic Past task executions 

Semantic Domain and policy knowledge 

 

Memory retrieval is formulated as: 

𝑀𝑟 = arg⁡max⁡
𝑚∈𝑀

sim(𝑞,𝑚) 

 

Where similarity is computed using embedding-based 

cosine similarity. 

 

3.4 Policy and Constraint Engine 

To ensure enterprise alignment, all agent actions are 

validated against explicit policies: 

𝐴𝑣𝑎𝑙𝑖𝑑 = 𝐴 ∩ 𝑃𝑝𝑜𝑙𝑖𝑐𝑦  

Constraints include Role-based access control, 

Regulatory compliance, Security policies, Ethical 

safeguards. 

 

3.5 Tool and Action Execution Layer 

The agentic architecture is based on the Tool and 

Action Execution Layer. This layer allows intelligent 

agents to communicate directly with enterprise 

systems transforming high-level decisions and plans 

into real-world actions. Even though higher layers are 

concerned with reasoning, planning, and verification, 

the lower layer is concerned with execution, 

integration, and system-level interaction. At this tier, 

the agents do not simply generate text or 

recommendations, but rather call on external tools, 

APIs, databases and automation platforms to execute 

quantifiable actions inside the enterprise settings. 

Role of the Tool and Action Execution Layer 

 

The primary responsibilities of this layer include: 

• Translating agent decisions into executable 

commands 

• Interfacing with heterogeneous enterprise systems 

• Handling authentication, permissions, and API 

constraints 

• Collecting execution feedback and status 

information 

• Ensuring reliable and secure system interactions 

This layer enables agents to function as digital 

workers, capable of performing tasks traditionally 

handled by human operators. 

 

3.5.1 Categories of Enterprise Tools 

Agents typically interact with a diverse ecosystem of 

tools, which can be classified into the following 

categories: 

Table 3: Tool categories and their example 

Tool Type Representative Examples 

IT Operations 
Monitoring APIs, cloud 

management tools 

Business 

Systems 
CRM, ERP platforms 

Data Systems SQL databases, BI tools 

Communication Email systems, chat platforms 

Each category serves a distinct operational purpose, 

enabling agents to function across technical, business, 

data, and collaboration domains. 

 

3.5.2 IT Operations Tools 

IT Operations tools allow agents to monitor, manage, 

and remediate infrastructure and application-level 

issues. 

Examples include: 

• Infrastructure monitoring APIs (CPU usage, 

latency, error rates) 
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• Cloud service management interfaces 

• Incident management systems 

Through these tools, agents can continuously observe 

system health, detect anomalies or threshold violations 

and trigger automated remediation actions. For 

example, an agent may identify increased server 

latency through a monitoring API and automatically 

scale cloud resources or create a service ticket. 

 

3.5.3 Business System Tools 

Business tools include enterprise platforms that 

support organizational workflows and decision-

making. 

Examples include: 

• Customer Relationship Management (CRM) 

systems 

• Enterprise Resource Planning (ERP) platforms 

• Financial and supply-chain management systems 

 

Agents interacting with these systems can: 

• Update customer records 

• Generate invoices or purchase orders 

• Track order status and inventory levels 

This capability enables automation of end-to-end 

business workflows, such as lead management, 

procurement, and reporting, with minimal human 

intervention. 

 

3.5.4 Data Tools 

Data tools provide agents with access to structured and 

semi-structured organizational data. 

Examples include: 

• SQL and NoSQL databases 

• Business Intelligence (BI) platforms 

• Data warehouses and analytics engines 

Through data tools, agents can execute queries to 

retrieve or update records, perform aggregations and 

trend analysis and generate dashboards and analytical 

summaries. This layer allows agents to base decisions 

on real-time enterprise data, improving accuracy and 

responsiveness. 

 

3.5.5 Communication Tools 

Communication tools enable agents to interact with 

human stakeholders and other agents. 

Examples include: 

• Email services 

• Team collaboration platforms (chat systems) 

• Notification and alerting channels 

Using these tools, agents can send automated alerts 

and reports, coordinate tasks across teams and escalate 

issues requiring human approval. This ensures that 

automated processes remain transparent, auditable, 

and collaborative, rather than isolated. 

 

3.6 Verification and Feedback Loop 

Each action result 𝑅is evaluated: 

Success = 𝑔(𝑅, 𝐶) 

 

If failure is detected, agents enter a refinement loop. 

Algorithm 2: Self-Verification Loop 

1. Execute planned action 𝑎 

2. Observe outcome 𝑜 

3. Compute 𝑉(𝑜)and 𝑃𝑠𝑢𝑐𝑐𝑒𝑠𝑠(𝑜) 

4. If 𝑉(𝑜) = 0: 

5. Diagnose failure cause 𝛿 

6. Refine task graph 𝐺 → 𝐺′ 

7. Retry execution 

8. Else: 

9. Commit result and proceed to next task 

 

Let an executed action 𝑎produce an outcome: 

𝑜 = 𝑓(𝑎, 𝑠) 

where 𝑠is the current system state and 𝑓is the 

environment transition function. 

 

3.6.1 Evaluation Function 

The outcome is evaluated using a verification 

function: 

𝑉(𝑜) ∈ {0,1} 

where: 

𝑉(𝑜) = 1indicates success 

𝑉(𝑜) = 0indicates failure 

A probabilistic confidence score is also computed: 

𝑃𝑠𝑢𝑐𝑐𝑒𝑠𝑠(𝑜) = 𝜎(LLM𝑒𝑣𝑎𝑙(𝑜,Φ)) 

 

where 𝜎is a sigmoid function and Φrepresents success 

criteria. 

 

3.6.2 Failure Diagnosis Model 

If verification fails, the system infers a failure cause: 

𝛿 = arg⁡max⁡
𝑐∈𝒞

𝑃(𝑐 ∣ 𝑜, 𝑠) 

where 𝒞is the set of possible failure causes (tool error, 

missing data, policy violation, incorrect reasoning). 

 

Plan Refinement 
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A refined plan 𝐺′is generated by updating either: 

• task parameters 

• tool selection 

• execution order 

Formally: 

𝐺′ = Refine(𝐺, 𝛿) 

The agent iteratively executes until 

convergence: 

∃𝑘 ≤ 𝐾𝑚𝑎𝑥  s.t.  𝑉(𝑜𝑘) = 1 

 

3.7 Multi-Agent Coordination Model 

Multiple agents cooperate using a coordinator agent. 

𝐺 = {𝐴1, 𝐴2, . . . , 𝐴𝑘} 

 

The coordinator handles: 

• Task allocation 

• Dependency resolution 

• Failure recovery 

 

IV. EXPERIMENTAL SETUP AND RESULTS 

 

4.1 Evaluation Tasks 

Enterprise AI agents facilitate a great diversity of types 

of tasks that cover technical, operational, customer-

facing, and analytical tasks in organizations. Incident 

resolution is one of the IT automation activities that 

strive to ensure the system remains reliable through 

constant monitoring of the infrastructure, anomalies, 

remediation efforts, and escalation of unaddressed 

problems to human operators, hence minimize 

downtime and enhance service availability. Business 

transactions Business transactions are activities that 

are automated but require a large amount of data 

extraction like invoice details, reconciliation with 

organizational policies and purchase data, ERP 

systems, and exception alerts, which are used to 

enhance efficiency and precision in financial 

operation. Customer support activities, including 

triaging of incoming support requests, are intended to 

make the support responsive by prioritizing and 

autocategorizing incoming support requests into the 

appropriate team or automated resolutions and helping 

the agents to respond to the customer, resulting in 

faster response and customer satisfaction. Lastly, 

analytics activities, such as creation of reports allow 

agents to convert raw enterprise data into actionable 

information by querying data sources, doing 

aggregations and trend analysis, creating periodic 

reports and dashboards, and summarizing results in 

natural language, thereby aiding timely and 

information-based decision-making throughout the 

enterprise. 

Table 4: Representation of tasks 

Task Category Example 

IT Automation Incident resolution 

Business Ops Invoice processing 

Customer Support Ticket triage 

Analytics Report generation 

 

Metrics under consideration are Task Completion 

Time, Accuracy, Retry Rate and Human Intervention  

 

4.3 Results 

Table 4: Results obtained 

System Time (min) Accuracy (%) 

Rule-Based 45 78 

RPA 32 82 

GenAI Agent 18 94 

 

Table 5: Comparison with Previous Work 

Aspect 
Traditional 

Automation 

GenAI 

Agents 

Adaptability Low High 

Contextual 

Reasoning 
None Strong 

Maintenance High Low 

Scalability Limited Elastic 

Human Oversight High Reduced 

 

V. CONCLUSION 

 

The present paper described a detailed GenAI Agent 

Framework to automate the enterprises and how 

autonomous agents are able to execute tasks involving 

multi steps in an enterprise which are complex, error 

free, and more flexible as compared to the traditional 

automation systems. GenAI agents allow scalable and 

robust automation through the combination of 

reasoning, planning, structured memory, policy 

constraints, tool execution, and self-verification to 

meet the needs of the enterprise. The findings of the 

experiment indicate that significant gains have been 

achieved in the most important measures of its 

operation, which makes GenAI agents a breakthrough 

in the digital work of the enterprise.  



© February 2026| IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002 

IJIRT 192211 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 679 

VI. FUTURE WORK 

 

Future research directions involve applying the 

reinforcement learning methods in order to make 

continuous self-improvement of agents based on 

feedback-driven optimization, development of 

interoperability standards that can allow 

heterogeneous agents across different platforms to 

work together effortlessly and formal evaluation 

benchmark that can be used to objectively measure the 

performance, robustness and reliability of agents. 

Further attention is needed to explainability and trust 

modelling to make sure that the decisions made by the 

agents are transparent, interpretable and in line with 

the requirements of organizational governance which 

will eventually lead to fully autonomous enterprise 

processes capable of running end-to-end with 

minimum human involvement without compromising 

safety and responsibility. 


