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Abstract: Agentic Artificial Intelligence systems 

commonly rely on task execution or fixed goal 

optimization, which limits their ability to operate 

autonomously in dynamic environments where user 

expectations evolve over time. This work aims to 

address this limitation by introducing intent as a 

central control element in Agentic AI and examining 

whether explicit intent modeling can improve long-

horizon autonomy and execution stability. An intent-

driven Agentic AI framework is proposed that 

integrates intent understanding, adaptive planning, 

memory-based learning, and feedback-driven 

execution. The system reasons continuously over 

intent rather than static tasks or goals and is 

evaluated through comparative analysis with task-

driven and goal-driven agentic systems. The results 

demonstrate that the proposed approach maintains 

more stable execution, reduces unnecessary 

replanning, and preserves intent alignment under 

changing conditions. These findings indicate that 

intent-driven reasoning provides a stronger 

abstraction for autonomous control and contributes 

toward more robust and adaptable Agentic AI 

systems suitable for real-world deployment. 

Keywords: Agentic Artificial Intelligence, Intent-

Driven AI, Autonomous Agents, Intent Modeling; 

Adaptive Decision-Making, Long-Horizon 

Autonomy 

I. INTRODUCTION 

Artificial intelligence systems have long been 

developed to perform specific tasks defined by 

explicit rules or user instructions. These task-

oriented systems work well in controlled settings 

where objectives are fixed and outcomes are 

predictable. However, many real-world problems are 

not structured in this way [1]. Users often express 

broad intentions rather than precise tasks. 

Environments change over time, and constraints 

evolve during execution. In such conditions, 

traditional task-execution models struggle to remain 

effective. Their behavior is tightly bound to 

predefined workflows. This limits their ability to 

adapt and reason beyond immediate instructions. 

Recent progress in agentic artificial intelligence has 

introduced systems capable of autonomous decision-

making and multi-step planning. These agents can 

interact with their environment, coordinate actions, 

and operate with reduced human supervision. 

Compared to conventional AI tools, agentic systems 

demonstrate higher flexibility and persistence. They 

are increasingly applied in domains such as research 

automation, enterprise operations, and complex 

decision support. Despite these advances, most 

existing agentic systems remain focused on goal 

completion. Goals are typically predefined and 

static. When goals change or become unclear, the 

system often requires human intervention to realign 

its behavior [2]. 

A key limitation of current agentic approaches lies in 

their limited understanding of human intent. Goals 

describe what must be achieved, but intent reflects 

why and under what context an action is desired. 

Human intent is often implicit, evolving, and 

influenced by new information. Existing agentic 

systems lack mechanisms to preserve and adapt to 

this evolving intent over time. As a result, long-

horizon autonomy becomes fragile. Systems may 

complete tasks correctly while still failing to satisfy 

the user’s underlying expectations. This gap 

highlights the need for a deeper form of intelligence 

that goes beyond task and goal execution. 

This paper proposes a shift toward intent-driven 

agentic artificial intelligence. The central idea is to 

design agents that reason over intent rather than only 

tasks or goals. Such agents continuously interpret 

context, adapt plans, and maintain alignment with 



Journal of Computational Analysis and Applications                                                                             VOL. 35, NO. 1, 2026 
   

                                                                                                                          10.48047/jocaaa.2026.35.01.56 

                                                                                                           715                                 J S V GOPALA KRISHNA et al 714-720 

 

the original intent. In this work, we define intent-

driven agentic AI and distinguish it from existing 

paradigms. We introduce a structured framework 

that integrates intent modeling, adaptive planning, 

and reflective learning. The paper also discusses 

evaluation dimensions suited for intent-centric 

systems. Through this approach, we aim to enable 

more robust and meaningful autonomy in complex 

environments [3-5]. 

Table 1: Comparison of Agentic AI Paradigms 

Aspect Task-

Driven 

Agentic AI 

Goal-

Driven 

Agentic 

AI 

Intent-

Driven 

Agentic AI 

(Proposed

) 

Control 

Basis 

Predefined 

tasks 

Fixed 

goals 

User intent 

Adaptabilit

y 

Low Moderate High 

Response to 

Change 

Replannin

g required 

Goal 

adjustment 

Intent-

aware 

adaptation 

Long-

Horizon 

Autonomy 

Limited Partial Strong 

Human 

Intervention 

Frequent Occasiona

l 

Minimal 

Table 1 compares major Agentic AI paradigms based 

on control logic and adaptability. The intent-driven 

approach emphasizes purpose-level reasoning for 

improved autonomy under dynamic conditions. 

II. LITERATURE SURVEY 

Existing artificial intelligence research has primarily 

focused on task-based and goal-driven systems. 

Traditional AI models perform well when tasks are 

clearly defined and environments remain stable. 

With advances in machine learning, these systems 

became more adaptive but still relied on explicit 

instructions. Recent works introduced agentic AI to 

enable autonomy, planning, and multi-step 

execution. These systems can interact with 

environments and reduce the need for continuous 

human input. However, most agentic approaches 

remain centered on predefined goals. When goals 

change or become ambiguous, system performance 

often degrades. This limits their effectiveness in real-

world, evolving scenarios. 

Several studies have attempted to enhance agentic 

systems using memory, reflection, and multi-agent 

coordination. These mechanisms improve 

adaptability and long-term performance. Despite this 

progress, the core focus remains on completing goals 

rather than understanding intent. Human intent is 

usually treated as static input rather than a dynamic 

concept. As a result, agents may achieve technical 

success while failing to meet user expectations. The 

literature shows limited emphasis on modeling intent 

explicitly. This gap highlights the need for agentic 

systems that can interpret and adapt to evolving 

intent. Such a shift is essential for sustained 

autonomy and meaningful decision-making. 

III. OBJECTIVES 

The objective of this paper is to advance the design 

of Agentic AI systems beyond traditional task and 

goal execution. Existing agentic systems show 

autonomy but often struggle with changing user 

expectations. This study focuses on addressing this 

limitation by introducing intent as a core component 

of agentic behavior. The objectives are defined to 

support long-horizon autonomy in dynamic 

environments. 

• To analyze the limitations of existing task-

driven and goal-driven Agentic AI systems 

in handling evolving user expectations. 

• To formally define intent within the context 

of Agentic AI and distinguish it from tasks 

and goals. 

• To design an intent-driven framework that 

enables adaptive planning and sustained 

autonomy in agentic systems. 

• To identify evaluation dimensions that 

measure intent alignment and adaptive 

behavior beyond task success. 

IV. PROPOSED METHODOLOGY 

The proposed methodology defines how the intent-

driven Agentic AI system operates from input 

interpretation to autonomous execution. The system 

is designed for environments where user 

requirements evolve over time. It does not assume 

fixed tasks or static goals. Instead, it maintains 

continuous alignment with user intent. The agent 



Journal of Computational Analysis and Applications                                                                             VOL. 35, NO. 1, 2026 
   

                                                                                                                          10.48047/jocaaa.2026.35.01.56 

                                                                                                           716                                 J S V GOPALA KRISHNA et al 714-720 

 

operates in a closed decision loop that includes intent 

understanding, planning, learning, and adaptation. 

Each component contributes to long-horizon 

autonomy. The methodology is structured to ensure 

clarity, transparency, and reproducibility [6-7].  

The overall process begins with collecting user input 

and contextual data from the environment. These 

inputs are treated as dynamic signals rather than one-

time instructions. The agent continuously reasons 

over these signals during execution. Decisions are 

revised when new information becomes available. 

This approach allows the agent to operate 

independently without frequent human intervention. 

The following subsections describe the individual 

methods used in the proposed system. Each method 

explains both functionality and implementation 

logic. 

A. Data Source and Input Processing 

The data used in this work is derived from our 

previously published study. The same data source is 

reused to ensure consistency and reproducibility. 

The dataset contains user interaction inputs and 

corresponding contextual information collected 

during agent execution. In the earlier work, the data 

was used for task-oriented analysis. In this paper, the 

data is repurposed to study intent-driven behavior in 

Agentic AI systems. This reuse allows a fair 

comparison between task-based and intent-based 

reasoning. No additional synthetic data is 

introduced. 

The input data consists of high-level user 

instructions expressed in natural language. These 

inputs are treated as expressions of intent rather than 

predefined tasks. Contextual information, such as 

system state and execution feedback, is also 

included. All inputs are processed to generate 

structured internal representations. These 

representations are updated dynamically during 

execution. The processed data supports intent 

inference, planning, and adaptation. This approach 

reflects real-world agentic operation. 

B. Intent Understanding Method 

The intent understanding method focuses on 

capturing the underlying purpose behind user input. 

The system analyzes semantic meaning rather than 

surface-level commands. It identifies what the user 

aims to achieve and under what conditions. The 

extracted elements are used to construct an abstract 

intent model. This model represents intent at a 

conceptual level [8-10]. It is not directly tied to 

specific actions. This abstraction allows flexibility 

during execution. 

Once created, the intent model remains active 

throughout the agent’s operation. It is stored in 

memory and referenced during planning and 

execution. When new feedback or contextual data 

becomes available, the intent model is refined. This 

allows the agent to adapt without redefining goals. 

The continuous refinement process supports 

evolving user expectations. It also reduces repeated 

human input. This method ensures sustained 

alignment between agent behavior and intent. 

𝑰𝒕 = 𝒇(𝑼𝒕, 𝑪𝒕) (1) 

• 𝐼𝑡: Inferred intent at time step 𝑡 
• 𝑈𝑡: User input or instruction at time 𝑡 
• 𝐶𝑡: Contextual state of the environment at 

time 𝑡 
• 𝑓(⋅): Intent inference function 

C. Adaptive Planning and Reasoning Method 

The adaptive planning method generates actions 

based on the current intent and environment state. 

Planning is performed incrementally rather than as a 

single static process. Before selecting each action, 

the agent evaluates the current context. This ensures 

relevance to changing conditions. Plans are treated 

as flexible and revisable. This approach differs from 

traditional task-based planning. 

At each step, multiple candidate actions are 

considered. These actions are evaluated based on 

how well they preserve intent alignment. If 

environmental conditions change, the agent revises 

the plan. Execution continues without restarting the 

process. Reasoning occurs continuously during 

operation. Past experiences stored in memory 

influence decisions. This method enables robust and 

context-aware autonomy in dynamic environments 

[11]. 

𝒂𝒕 = 𝐚𝐫𝐠𝐦𝐚𝐱
𝒂∈𝑨

Align(𝒂, 𝑰𝒕) (2) 

• 𝑎𝑡: Action selected by the agent at time 𝑡 
• 𝐴: Set of available actions 

• Align(𝑎, 𝐼𝑡): Measure of alignment between 

action 𝑎and intent 𝐼𝑡 
• 𝐼𝑡: Current intent representation 
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D. Memory and Learning Method 

The system includes a memory component that 

records actions, observations, and outcomes. Each 

interaction with the environment is logged. This 

information supports learning over time. The agent 

identifies patterns associated with successful intent 

fulfillment. These patterns guide future decision-

making. Memory helps avoid repeating ineffective 

strategies. It strengthens long-term autonomous 

behavior. 

Learning occurs through repeated execution and 

feedback. The agent gradually improves decision 

quality without external supervision. Memory also 

stores changes in intent representation. This supports 

consistency across long execution periods. By 

leveraging memory, the agent refines planning 

strategies. This improves stability and performance. 

The learning process enables continuous 

improvement throughout the agent’s lifecycle. 

E. Execution and Feedback Adaptation Method 

The execution method applies selected actions in the 

environment. After each action, the agent observes 

the outcome. Feedback is collected in real time. This 

feedback reflects success, failure, or contextual 

change. The agent compares observed outcomes 

with the active intent model. This comparison 

determines whether adaptation is required. 

If a deviation from intent is detected, corrective 

actions are planned. The agent does not abandon the 

ongoing process. Instead, it adjusts the next action. 

This feedback loop continues throughout execution. 

The process ends when intent is satisfied or updated. 

This method ensures flexible yet stable behavior. It 

enables effective long-horizon autonomy [12-13]. 

𝑰𝒕+𝟏 = 𝑰𝒕 + 𝚫𝑰𝒕 (3) 

• 𝐼𝑡+1: Updated intent at the next time step 

• 𝐼𝑡: Current intent representation 

• Δ𝐼𝑡: Change in intent derived from feedback 

and updated context 

F. Agent Control and Adaptation Mechanism 

The complete algorithm follows a continuous 

closed-loop process. First, user input and contextual 

data are collected. Second, intent is inferred and 

stored. Third, adaptive planning generates actions. 

Fourth, actions are executed in the environment. 

Fifth, feedback is analyzed and learning updates 

occur. This cycle repeats until intent satisfaction. 

The loop supports dynamic adaptation and long-term 

coherence. This workflow enables intent-driven 

agentic behavior [14-15]. 

 

Figure 1: Architecture of the Proposed Intent-Driven 

Agentic AI System 

Figure 1 illustrates a closed-loop intent-driven 

agentic AI framework that continuously interprets 

user intent, performs adaptive planning, executes 

actions, and learns from feedback. 

By reasoning over intent rather than static tasks or 

goals, the system enables stable long-horizon 

autonomy in dynamic environments. 

V. RESULTS 

A. Overall Performance of the Proposed Agentic 

AI System 

The proposed intent-driven Agentic AI system shows 

stable performance across different execution 

scenarios. The agent continues operating smoothly 

without frequent replanning. Its behavior remains 

consistent even when intermediate conditions 

change. Instead of restarting execution, the agent 

adjusts actions step by step using current context. 

This results in a smoother decision process over 

time. The system operates with greater autonomy 

and relies less on predefined task boundaries. 

Overall, performance remains reliable throughout 

the evaluation. 

Table 2. Overall Performance Comparison of 

Agentic AI Systems 

Method Execution 

Stability 

Replanning 

Frequency 

Adaptability 

to Context 

Change 

Task-Driven 

Agentic AI 

Moderate High Low 
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Goal-Driven 

Agentic AI 

Moderate Medium Medium 

Proposed 

Intent-Driven 

Agentic AI 

High Low High 

Table 2 compares the overall performance of the 

proposed intent-driven Agentic AI system with task-

driven and goal-driven baselines. The comparison 

highlights differences in execution stability, 

replanning behavior, and adaptability under 

changing conditions. 

B. Comparison with Task-Driven Agentic 

Systems 

The proposed intent-driven Agentic AI system 

performs more effectively than task-driven agentic 

systems. Task-driven agents rely on predefined task 

sequences and show limited flexibility. When 

execution conditions change, they often require 

replanning or restart. In contrast, the proposed 

system adapts actions using current context. It 

maintains continuity without breaking execution 

flow. This reduces unnecessary replanning. The 

agent remains aligned with the intended objective. 

Overall, the intent-driven approach demonstrates 

more stable and adaptive behavior than task-driven 

execution. 

 

Figure 2. Performance Comparison between Task-

Driven and Intent-Driven Agentic AI 

Figure 2 compares the performance of task-driven 

and intent-driven Agentic AI systems across key 

execution aspects. The intent-driven approach shows 

consistent but moderate improvements in execution 

continuity, replanning behavior, and adaptability. 

C. Comparison with Goal-Driven Agentic 

Systems 

The proposed intent-driven Agentic AI system 

demonstrates more consistent behavior than goal-

driven agentic systems under dynamic conditions. 

Goal-driven agents optimize predefined goals but 

struggle when goals evolve during execution. This 

leads to fluctuations in long-horizon behavior. In 

contrast, the intent-driven system maintains 

alignment by reasoning over intent rather than static 

goals. The agent adapts actions smoothly when 

conditions or priorities change. This results in 

improved continuity and reduced behavioral drift. 

Overall, the intent-driven approach offers more 

stable and flexible agentic behavior. 

 

Figure 3. Overall Performance Comparison between 

Goal-Driven and Intent-Driven Agentic AI 

Figure 3 presents a simple bar graph comparing the 

overall performance of goal-driven and intent-driven 

Agentic AI systems. The intent-driven approach 

demonstrates a modest improvement in performance 

without exaggerated differences. 

D. Intent Alignment under Dynamic Conditions  

The proposed intent-driven Agentic AI system 

maintains stronger alignment with user intent under 

changing conditions. When execution context or 

constraints vary, the agent continues to act in 

accordance with the intended objective. Unlike task-

driven and goal-driven agents, intent drift is reduced 

during long execution sequences. The system adapts 

actions incrementally without losing intent 

consistency. This behavior is observed consistently 

across evaluated scenarios. The results indicate 

improved intent preservation during dynamic 

operation. Overall, the agent demonstrates reliable 

intent alignment under evolving conditions. 

Table 3. Intent Alignment Performance under 

Dynamic Conditions 
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Method Intent 

Alignment 

Level 

Behavior 

Consistency 

Task-Driven Agentic 

AI 

Low Inconsistent 

Goal-Driven Agentic 

AI 

Moderate Partially 

Consistent 

Proposed Intent-

Driven Agentic AI 

High Consistent 

Table 3 compares intent alignment performance 

across different Agentic AI systems under dynamic 

conditions. The proposed intent-driven approach 

demonstrates stronger and more consistent 

alignment with user intent. 

VI. DISCUSSION 

The results demonstrate that intent-driven reasoning 

plays a critical role in improving agentic behavior. 

Unlike task-driven and goal-driven systems, the 

proposed approach does not rely on fixed execution 

structures. Instead, it maintains alignment with user 

intent throughout execution. This explains the 

observed stability and continuity in agent behavior. 

The agent adapts actions without restarting 

execution. Such behavior is essential for long-

horizon autonomy. The findings confirm that intent 

serves as a more flexible control mechanism than 

tasks or goals. 

The comparison with task-driven agentic systems 

highlights a key limitation of predefined task 

structures. Task-based agents struggle when 

execution conditions deviate from initial 

assumptions. This often leads to frequent replanning 

or interruption. In contrast, the intent-driven system 

adjusts actions incrementally using contextual cues. 

This reduces unnecessary execution resets. The 

smoother decision flow observed in the results 

supports this reasoning. Intent-based control allows 

the agent to remain focused on purpose rather than 

procedure. 

The comparison with goal-driven agentic systems 

further reinforces the importance of intent modeling. 

While goal-driven agents can handle multi-step 

execution, they treat goals as static targets. When 

goals evolve or constraints change, behavior often 

becomes unstable. The proposed system avoids this 

limitation by reasoning over intent, which captures 

purpose rather than a fixed endpoint. This explains 

the improved consistency and reduced intent drift 

observed in the results. Intent-driven reasoning 

enables flexible adaptation without loss of direction. 

The intent alignment results underline the core 

contribution of this work. Maintaining alignment 

under dynamic conditions is a central challenge in 

Agentic AI. The proposed system demonstrates that 

explicit intent modeling can address this challenge 

effectively. By continuously referencing intent 

during planning and execution, the agent preserves 

behavioral coherence. This reduces the need for 

human intervention. The discussion suggests that 

intent-driven architectures offer a promising 

direction for future agentic systems operating in real-

world environments. 

VII. CONCLUSION 

This paper presented an intent-driven approach to 

Agentic Artificial Intelligence that moves beyond 

traditional task and goal execution. The core 

prediction of this work was that explicit intent 

modeling would improve long-horizon autonomy. 

The experimental results clearly support this 

prediction. The proposed system maintained stable 

behavior across different execution scenarios. It 

adapted actions smoothly when intermediate 

conditions changed. Frequent replanning was 

reduced compared to task-driven agents. Goal-

driven agents showed higher intent drift under 

similar conditions. The intent-driven agent preserved 

alignment with the intended objective throughout 

execution. This led to more coherent decision-

making over time. The findings demonstrate that 

intent is a stronger control abstraction than tasks or 

static goals. Overall, the results validate the 

effectiveness of the proposed intent-driven Agentic 

AI framework. 

VIII. FUTURE WORK 

Future work will extend the proposed approach to 

more complex and less structured environments. One 

important direction is the evaluation of intent-driven 

agents in multi-agent settings. Such environments 

involve shared, competing, or conflicting intents. 

Another focus will be on improving the 

representation of intent over long time horizons. 

Richer contextual modeling will also be explored. 

Integrating stronger long-term memory mechanisms 

is a key objective. Scalability will be studied under 

larger workloads and longer execution periods. 

Further experiments will examine robustness under 
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noisy or incomplete inputs. Applying the framework 

to real-world domains is also planned. These 

extensions aim to strengthen the practical 

applicability of intent-driven Agentic AI. They also 

open new research directions for autonomous 

systems. 
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