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Abstract—The management of tasks across professional, academic, and personal environments represents a persistent challenge only partially 

addressed by conventional graphical task management tools. Traditional systems demand manual, multi-step interactions that disrupt user 

workflow and reduce overall productivity. This paper presents a fully functional AI-Driven Task Management System that integrates 

conversational artificial intelligence with persistent database operations, enabling users to create, update, retrieve, and delete tasks through natural 

language dialogue. The proposed system employs Python as the primary programming language, LangChain for intelligent agent construction, 

SQLite for lightweight persistent storage, and Streamlit for the chat-based user interface. An intent-detection pipeline powered by Natural 

Language Processing (NLP) classifies user inputs into four operational categories. Comprehensive empirical evaluation across 200 test queries 

demonstrates a system accuracy of 94%, precision of 95%, recall of 94%, and an F1-score of 94%. Average query processing latency stabilizes 

below 1.2 microseconds following initialization. These results confirm the effectiveness of conversational AI as a mechanism for simplifying 

productivity software. The paper also discusses system architecture, methodology, comparative analysis with existing tools, limitations, and a 

roadmap for future enhancement. 
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I. INTRODUCTION 

The exponential growth of digital workflows in 
contemporary organizations has necessitated more adaptive 
and intelligent task management approaches. Individuals 
operating across professional, academic, and personal 
domains routinely manage dozens of concurrent obligations, 
including project deliverables, team coordination, deadline 
tracking, and administrative responsibilities. While 
conventional task management tools have historically relied 
upon structured graphical user interfaces (GUIs), these 
approaches introduce significant overhead for routine 
operations, requiring users to navigate multi-layered menus, 
populate structured forms, and manually synchronize task 
states [1], [2]. 

The emergence of Large Language Models (LLMs) and 
frameworks designed for their orchestration has 
fundamentally transformed the landscape of human-
computer interaction. Systems capable of understanding and 
generating human language with high fidelity now enable 
entirely new interaction paradigms in which software 
behavior is driven by natural language commands rather than 
rigid interface gestures [3], [4]. These developments have 
been further accelerated by the proliferation of 
conversational agents across industries including healthcare, 
education, e-commerce, and customer service [5], [6]. 

Despite these advances, the application of conversational 
AI to task management has remained relatively 
underexplored. Existing task management platforms such as 
Trello, Asana, and Todoist continue to rely primarily upon 
traditional GUI interaction, offering at most limited natural 
language integrations [7], [8]. This gap represents a 
significant opportunity to improve the usability and 
accessibility of productivity software through intelligent 
conversational interfaces. 

This paper presents the design, implementation, and 
evaluation of an AI-Driven Task Management System that 
addresses this gap comprehensively. The proposed system 
enables users to perform all core task management 
operations—creation, retrieval, update, and deletion—
through a natural language chat interface powered by the 
LangChain agent framework [9]. The system maintains 
persistent state through an embedded SQLite database, 
preserving both task records and conversational history 
across sessions, and presents results through a Streamlit-
based web interface [10]. 

The primary contributions of this work are: (i) design 
and implementation of a complete end-to-end conversational 
task management pipeline integrating NLP, agent-based AI, 
and database operations; (ii) demonstration of a modular 
system architecture suitable for extension to multi-user, 
cloud-hosted, and voice-enabled deployments; (iii) rigorous 
empirical evaluation yielding 94% accuracy across 200 test 
queries with sub-microsecond local processing latency; and 
(iv) comparative analysis demonstrating the superiority of the 
proposed system over existing commercial task management 
tools along multiple dimensions. 

The remainder of this paper is organized as follows. 
Section II reviews related work. Section III formalizes the 
problem statement. Section IV defines objectives. Section V 
surveys the technology stack. Section VI details the system 
architecture. Section VII describes the methodology. Section 
VIII presents the implementation. Section IX reports and 
discusses results. Sections X–XII address advantages, 
limitations, and future scope. Section XIII concludes the 
paper. 

II. RELATED WORK 

A. Evolution of Task Management Systems 

Task management software has evolved substantially 
since the introduction of early digital to-do list applications 
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in the 1980s. Initial systems provided simple list-based 
interfaces with limited support for priority assignment or 
deadline tracking [11]. The subsequent decade saw the 
proliferation of project management platforms incorporating 
Gantt charts and milestone tracking. Contemporary platforms 
such as Microsoft Project, Jira, Asana, and Trello provide 
sophisticated collaborative environments, but continue to 
rely fundamentally upon manual data entry through GUI-
based interaction [12], [13]. 

B. Natural Language Processing in Software Interaction 

Natural Language Processing has been applied to 
software interaction since ELIZA (1966), which 
demonstrated that pattern-matching could simulate human 
dialogue [14]. Subsequent decades saw rule-based dialogue 
systems for narrow domains [15]. The introduction of neural 
network-based approaches produced qualitatively superior 
language understanding [16], [17]. Transformer architectures 
introduced by Vaswani et al. in 2017 revolutionized NLP by 
enabling attention-based processing of long-range linguistic 
dependencies [18]. Large-scale pre-trained models including 
BERT and GPT have achieved state-of-the-art performance 
across diverse NLP benchmarks [19], [20]. 

C. Conversational Agents and Chatbots 

Rasa, Dialogflow, and Botpress provide frameworks for 
constructing task-specific chatbots with structured intent 
recognition and entity extraction pipelines [21], [22]. These 
systems perform well for narrow, predefined task domains 
but struggle with open-ended conversational inputs that 
deviate from expected patterns [23]. Research by Xu et al. 
[24] demonstrated the feasibility of NLP-based task 
extraction from email and chat message streams, achieving 
intent classification accuracy exceeding 87% using BERT-
based fine-tuning. Fang et al. [25] investigated voice-based 
task creation with calendar management systems, reporting 
user satisfaction improvements of 34% relative to GUI-based 
alternatives. 

D. LangChain and Agent Frameworks 

The LangChain framework provides a high-level 
abstraction for constructing AI agents that combine language 
model inference with tool use [26]. LangChain agents 
implement a ReAct-style reasoning loop [27] in which the 
language model alternates between reasoning about the 
current state and taking actions by invoking registered tools. 
Chase et al. demonstrated that LangChain-based agents 
achieve robust performance on multi-step task completion 
benchmarks [28]. Guo et al. [29] applied LangChain to 
enterprise knowledge management, demonstrating 
significant improvements in information retrieval accuracy 
over traditional search interfaces. 

E. Research Gap 

Despite the extensive literature on NLP-based 
interaction and the growing availability of agent frameworks 
such as LangChain, the application of these technologies to 
conversational task management with persistent database 
integration remains underexplored. Existing studies have 
generally focused on either the NLP classification component 
in isolation or on conversational agent construction without 
persistent state management. The present work addresses this 
gap by presenting a complete, integrated, and empirically 
evaluated system. 

III. PROBLEM STATEMENT 

Traditional task management systems impose a 
structural friction cost upon users that is disproportionate to 
the cognitive simplicity of the underlying task operations. 
Creating a task, updating its status, or retrieving a list of 
pending items are semantically simple operations that 
nonetheless require multiple discrete interactions with a 
GUI—navigating menus, locating form fields, entering 
structured data, and confirming submissions [30]. This multi-
step overhead, aggregated across dozens of daily task 
management interactions, represents a substantial 
productivity tax. 

Furthermore, existing systems provide no mechanism for 
users to interact through the natural language modality most 
native to human cognitive processes. A user who receives a 
verbal instruction to complete a task must mentally translate 
that instruction into a sequence of GUI interactions rather 
than simply communicating the task in natural language form 
[31]. This translation imposes additional cognitive load and 
introduces opportunities for transcription error. 

The problem is further compounded by the context-
switching cost associated with interrupting current workflow 
to open a separate application and navigate its interface. 
Research in cognitive psychology has established that 
context-switching imposes recovery times of up to 23 
minutes per interruption [32], suggesting that even brief 
interactions with task management systems carry significant 
hidden productivity costs. 

The core problem may therefore be formally stated: 
given an arbitrary natural language input, the system must (i) 
correctly identify the intended task management operation 
from among {Create, Retrieve, Update, Delete}; (ii) extract 
relevant parameters including task description, deadline, 
priority, and status; (iii) execute the corresponding database 
operation; and (iv) return an informative natural language 
confirmation—all within an interaction time comparable to 
or shorter than the equivalent GUI-based workflow. 

IV. OBJECTIVES 

The objectives of this project are: 

1. To design and implement a complete AI-based 
conversational task management assistant capable of 
handling all CRUD operations through natural language 
dialogue. 

2. To enable task creation, update, retrieval, and deletion 
through unconstrained natural language without requiring 
users to learn specialized command syntax. 

3. To implement an intelligent LangChain-based agent 
capable of accurately interpreting diverse user commands, 
resolving ambiguities, and maintaining conversational 
context across multi-turn dialogues. 

4. To achieve a natural language intent classification 
accuracy exceeding 90% across a representative set of task 
management queries. 

5. To store task information and conversational history in 
a persistent SQLite database, ensuring data durability 
across application restarts. 

6. To deliver a user-friendly, browser-accessible chat 
interface implemented in Streamlit that provides real-time 
interaction with sub-second perceived latency. 

7. To architect the system in a modular, extensible manner 
facilitating future enhancement including multi-user 
support, cloud database integration, and voice interaction. 
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[ USER INTERFACE LAYER ] 

Streamlit Chat Interface 

▼ 

[ AI AGENT LAYER ] 

LangChain ReAct Agent + GPT Language Model 

▼ 

[ TOOL EXECUTION LAYER ] 

create_task | get_tasks | update_task | delete_task 

▼ 

[ PERSISTENCE LAYER ] 

SQLite Database (tasks + conversation_history) 

8. To conduct rigorous empirical evaluation across 
accuracy, precision, recall, F1-score, and response time 
dimensions, and to compare the proposed system against 
established commercial alternatives. 

 

V. TECHNOLOGY STACK 

The proposed system is built upon a carefully selected 
set of open-source technologies chosen for their maturity, 
community support, and suitability for AI-powered 
application development. Table I provides an overview. 

 
TABLE I. TECHNOLOGY STACK OVERVIEW 

Technology Role / Justification 

Python 3.10+ Primary language; strong AI/ML 

ecosystem 

LangChain 

0.1+ 

ReAct agent loop, tool abstraction, 

LLM integration 

OpenAI GPT State-of-the-art NL understanding and 

generation 

SQLite 3 Lightweight, serverless, zero-config 

RDBMS 

Streamlit 1.x Rapid Python-based interactive web 

UI development 

 

A. Python 

Python serves as the system's primary programming 
language. Its extensive ecosystem of scientific computing, 
machine learning, and database libraries—including NumPy, 
SQLAlchemy, and the official OpenAI SDK—makes it the 
most productive choice for AI application development [33]. 
Python's dynamic typing and concise syntax further 
accelerate prototyping and iteration. 

B. LangChain 

LangChain provides the core agent infrastructure. The 
framework abstracts the complexity of LLM orchestration, 
tool binding, and memory management, allowing developers 
to specify agent behavior at a high level using Python classes 
and decorators [9]. LangChain's tool abstraction layer enables 
the agent to invoke Python functions corresponding to 
database operations based on natural language intent 
classification. 

C. SQLite 

SQLite provides lightweight relational database 
functionality without requiring a separate database server 
process. It stores data in a single file on disk, enabling 
portability and simplifying deployment [34]. For the present 
system, SQLite maintains two primary tables: tasks and 
conversation_history. SQLite's ACID compliance ensures 
data consistency even in the event of unexpected application 
termination. 

D. Streamlit 

Streamlit enables the construction of interactive web 
interfaces in pure Python, eliminating the need for separate 
frontend development in HTML, CSS, or JavaScript [35]. 
The framework's reactive execution model automatically re-
renders interface components in response to user inputs, 

making it well-suited for chat-based applications that display 
dynamically updating message histories. 

VI. SYSTEM ARCHITECTURE 

The system architecture comprises four principal 
components organized in a layered design pattern: the User 
Interface Layer, the AI Agent Layer, the Tool Execution 
Layer, and the Persistence Layer. Figure 1 illustrates the 
complete architecture. 

 

Fig. 1. Proposed System Architecture — Four-Layer Design 

A. User Interface Layer 

The User Interface Layer is implemented using Streamlit 
and provides a browser-accessible chat window through 
which users submit natural language inputs and receive 
system responses [36]. The interface maintains a scrollable 
message history distinguishing user and assistant turns. 
Session state management within Streamlit preserves 
message history across multiple interaction turns within a 
single session. 

B. AI Agent Layer 

The AI Agent Layer constitutes the cognitive core of the 
system. A LangChain ReAct agent is instantiated with a 
system prompt that defines the agent's identity as a task 
management assistant and enumerates the available tools. 
When a user message is received, the agent invokes the 
underlying language model to reason about the appropriate 
response, which may involve tool invocation, direct dialogue, 
or request for clarification [27]. The agent maintains 
conversational context through LangChain's memory 
module. 

C. Tool Execution Layer 

The Tool Execution Layer defines four Python functions 
decorated as LangChain tools: create_task, get_tasks, 
update_task_status, and delete_task. Each function is 
accompanied by a natural language description that the agent 
uses to determine when and how to invoke it. Tool functions 
accept structured parameters extracted by the agent from the 
user's natural language input and return human-readable 
confirmation strings [37]. 

D. Persistence Layer 

The Persistence Layer manages all interactions with the 
SQLite database. Two tables are maintained: the tasks table 
(storing identifiers, descriptions, deadlines, priority levels, 
status values, and creation timestamps) and the 
conversation_history table (preserving the sequence of user 
and assistant messages). Database operations are performed 
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using Python's sqlite3 module with parameterized queries to 
prevent SQL injection vulnerabilities [38]. 

VII. METHODOLOGY 

The development followed an iterative, component-
driven methodology organized into five phases: requirements 
analysis, database design, tool implementation, agent 
construction, and interface development. 

A. Requirements Analysis 

The requirements analysis phase identified four core 
functional requirements corresponding to the four standard 
CRUD operations. Non-functional requirements were 
established for response latency (sub-second perceived), 
accuracy (minimum 90% intent classification), usability (no 
training required for basic operation), and extensibility 
(modular architecture). A representative corpus of 200 
natural language task management queries was curated to 
support evaluation, distributed across the four intent 
categories with varying degrees of linguistic complexity [39]. 

B. Database Design 

The database schema was designed to capture all 
attributes necessary for comprehensive task management. 
The tasks table schema is: task_id (INTEGER PRIMARY 
KEY  AUTOINCREMENT),  description  (TEXT  NOT 
NULL), deadline (TEXT), priority (TEXT DEFAULT 
'medium'), status (TEXT DEFAULT 'pending'), and 
created_at (TIMESTAMP). The conversation_history table 
stores: id (INTEGER PRIMARY KEY), role (TEXT), 
content (TEXT), and timestamp. Both tables are created 
idempotently using IF NOT EXISTS clauses [34]. 

C. Tool Implementation 

Each of the four task management tools was 
implemented as a Python function accepting typed 
parameters and returning a human-readable result string. The 
create_task tool inserts a new record and returns a 
confirmation including the assigned task identifier. The 
get_tasks tool retrieves all tasks with optional status filtering. 
The update_task_status tool updates a specified record and 
confirms the change. The delete_task tool permanently 
removes a record and confirms deletion [40]. 

D. Agent Construction 

The LangChain agent was constructed using the 
initialize_agent function with the 
CONVERSATIONAL_REACT_DESCRIPTION   agent 
type, implementing the ReAct reasoning pattern for tool-
using conversational agents [27]. The agent was provided 
with the four task management tools, a 
ConversationBufferMemory instance, and a system prompt 
establishing behavioral guidelines. The underlying language 
model was configured with temperature 0.1 to minimize 
creative variation in tool invocation decisions [41]. 

E. Interface Development 

The Streamlit interface was developed using 
chat_message and chat_input primitives, which provide 
native chat-style rendering. Session state was used to 
maintain the message list across Streamlit's reruns triggered 
by each user input event. Error handling wraps all agent 
invocations to provide graceful degradation in the event of 
language model API errors or database access failures [10]. 

VIII. IMPLEMENTATION 

A. Module Organization 

The implementation is organized into four Python 
modules: app.py (Streamlit interface and session 
management), database.py (SQLite schema initialization and 
CRUD operations), tools.py (LangChain tool definitions), 
and agent.py (agent initialization and invocation). This 
modular organization isolates concerns, enabling 
independent modification of any layer without cascading 
changes to others [42]. 

B. Database Initialization 

Database initialization is performed at application 
startup by invoking the initialize_database() function, which 
executes CREATE TABLE IF NOT EXISTS statements for 
both tables. All database connections use 
check_same_thread=False to accommodate Streamlit's 
threading model, and all write operations are wrapped in 
explicit transaction commits to ensure durability [38]. 

C. Tool Registration 

Tools are registered with the LangChain agent using the 
@tool decorator, which automatically parses the function's 
docstring to generate the tool description used by the 
language model during tool selection. Each tool function 
includes detailed docstrings specifying expected parameters, 
return values, and usage examples, which empirically 
improve the agent's tool selection accuracy by providing 
clearer semantic signals [37]. 

D. Conversation Memory Management 

Conversation history is maintained through two parallel 
mechanisms: LangChain's in-memory 
ConversationBufferMemory for agent context within a 
session, and the SQLite conversation_history table for 
durable cross-session persistence. On application startup, 
recent conversation history is optionally loaded from the 
database and injected into the agent's memory, enabling 
continuity across sessions [41]. 

E. Error Handling and Logging 

Comprehensive error handling is implemented at both 
the database and agent layers. Database operations are 
wrapped in try-except blocks catching sqlite3.Error 
exceptions. Agent invocation errors, including API rate limit 
exceptions and connection timeouts, result in graceful 
fallback responses. Application-level logging records all 
agent invocations, tool calls, and database operations for 
debugging and audit purposes [43]. 

IX. RESULTS AND DISCUSSION 

A. Experimental Setup 

System evaluation was conducted using a corpus of 200 
natural language task management queries across all four 
intent categories, balanced with 50 queries per category. 
Queries ranged from simple imperative statements to 
complex multi-clause utterances containing ambiguous 
references and implicit context dependencies. Queries were 
processed in isolation, with intent classification outcomes 
compared against ground truth labels assigned by human 
annotators [44]. 

B. Performance Metrics 

Table II presents the quantitative performance metrics. 
The system achieves an overall accuracy of 94%, with 
precision of 95%, recall of 94%, and F1-score of 94%, 
demonstrating  strong  and  balanced  classification 
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performance. Average local processing latency stabilizes at 
approximately 1.2 microseconds, confirming negligible 
computational overhead from local components. 

 
TABLE II. SYSTEM PERFORMANCE METRICS 

 

Metric Value Queries Avg. 

Resp. 

Accuracy 0.94 200 ~1.2 µs 

Precision 0.95 200 ~1.2 µs 

Recall 0.94 200 ~1.2 µs 

F1 Score 0.94 200 ~1.2 µs 

 

C. Confusion Matrix Analysis 

Analysis of the confusion matrix (Table III) reveals 
perfect classification for intent categories 0 (task creation, 
50/50) and 3 (task deletion, 50/50). Minor misclassification 
occurs for categories 1 (task retrieval, 44/50, with 6 
misclassified as category 0) and 2 (task update, 43/50, with 7 
misclassified as category 0). These misclassifications occur 
primarily for queries using ambiguous phrasing that could 
plausibly correspond to either creation or retrieval intent [45]. 

 
TABLE III. CONFUSION MATRIX — INTENT 

CLASSIFICATION (200 QUERIES) 

True \ 

Pred. 

Cls 0 Cls 1 Cls 2 Cls 3 

Class 0 

(Create) 

50 0 0 0 

Class 1 

(Retrieve) 

6 44 0 0 

Class 2 

(Update) 

7 0 43 0 

Class 3 

(Delete) 

0 0 0 50 

 

D. Comparative Analysis 

Table IV presents a feature comparison with three 
leading commercial task management platforms. The 
proposed system demonstrates clear advantages in natural 
language input support, AI agent integration, conversational 
interface provision, and contextual memory maintenance. 

 
TABLE IV. COMPARISON WITH EXISTING SYSTEMS 

 

Feature Prop. Trello Asana Todoist 

NL Input Yes No Limited No 

AI Agent Yes No No No 

Chat UI Yes No No No 

Context Mem Yes No No No 

Open Source Yes No No No 

Offline Yes Yes No Partial 

E. Discussion 

The experimental results confirm the core hypothesis: a 
LangChain-based conversational agent can accurately 
interpret natural language task management commands and 
execute corresponding database operations with high 
reliability. The 94% accuracy achieved compares favorably 
with analogous NLP-based intent classification systems in 
the literature, which typically report accuracy values of 87–
96% for similar four-class intent scenarios [24], [47]. 

The primary failure mode—misclassification of retrieval 
and update queries as creation queries—suggests future work 
should focus on improving disambiguation capabilities. 
Strategies include prompt engineering refinements and 
incorporation of entity extraction to identify task identifiers 
that signal update or retrieval rather than creation intent [48]. 

X. ADVANTAGES 

The proposed system offers the following advantages 
over conventional approaches: 

• Natural Language Interaction: Users create, retrieve, 
update, and delete tasks through ordinary English 
sentences, eliminating the need to learn application-
specific command syntax or navigate complex menu 
hierarchies. 

• Reduced Cognitive Load: By accepting natural language 
input, the system removes the translation overhead users 
bear when converting verbal instructions into structured 
GUI interactions. 

• Persistent Context: The SQLite database preserves both 
task records and conversational history across sessions, 
enabling the system to maintain continuity and reference 
previously discussed tasks. 

• Modular Architecture: The four-layer architecture 
isolates the interface, agent, tools, and database 
components, enabling independent replacement or 
upgrade of any layer. 

• Zero-Configuration Deployment: SQLite's serverless 
design and Streamlit's self-contained server eliminate the 
need for external database servers or web server 
configuration. 

• Extensibility: New task management capabilities can be 
added by implementing additional Python functions and 
decorating them as LangChain tools, without modifying 
the agent or interface layers. 

• Open-Source Stack: All components are open-source, 
enabling free deployment, customization, and academic 
reproducibility. 

 

XI. LIMITATIONS 

Despite demonstrated advantages, the proposed system 
has several limitations: 

• Single-User Architecture: The current implementation 
does not include user authentication or multi-tenancy 
support, limiting deployment to single-user scenarios. 
Shared database access by multiple concurrent users could 
produce race conditions or data leakage. 

• Language Model Dependency: System performance is 
contingent upon the quality and availability of the 
underlying language model. API rate limits, service 
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outages, or model version changes could disrupt system 
operation. 

• SQLite Scalability Ceiling: SQLite is optimized for 
single-process access patterns and does not support the 
concurrent write workloads characteristic of enterprise 
deployments. Migration to PostgreSQL would be required 
for multi-user use cases. 

• Limited Intent Taxonomy: The current system supports 
four intent categories. Real-world scenarios may require 
additional intents including task prioritization adjustment, 
deadline modification, task assignment to collaborators, 
and integration with external calendar systems. 

• Ambiguity Handling: Queries with ambiguous intent 
markers produce misclassifications at approximately 6–
7% for retrieval and update intents. 

• No Offline Language Model Support: The system relies 
on cloud-hosted language model APIs, precluding 
operation in network-restricted environments. Integration 
with locally hosted models such as LLaMA or Mistral 
would address this limitation. 

 

XII. FUTURE SCOPE 

The proposed system establishes a foundation upon 
which numerous enhancements can be constructed. The 
following directions are prioritized for future work: 

A. Multi-User Authentication and Collaboration 

The addition of user authentication using OAuth 2.0 or 
JWT-based token authentication would enable multi-user 
deployment with per-user task isolation. Role-based access 
control could support collaborative task assignment, enabling 
team leaders to create tasks assigned to specific members and 
monitor completion status across the team [49]. 

B. Cloud Database Migration 

Replacing SQLite with a cloud-hosted relational 
database such as PostgreSQL on Amazon RDS or Google 
Cloud SQL would enable the system to support concurrent 
multi-user access at enterprise scale while preserving the 
existing database schema and Python-based data access layer 
[34]. 

C. Voice Interaction Integration 

Integration of speech recognition using Whisper or 
similar ASR systems, and text-to-speech synthesis, would 
enable voice-based task management extending accessibility 
to users in mobile or hands-free contexts. This aligns with 
emerging trends in ambient computing and voice-first 
interaction design [50]. 

D. Third-Party Integration 

Integration with external productivity platforms 
including Google Calendar, Microsoft Outlook, Slack, and 
GitHub Issues would enable the system to aggregate task 
information from multiple sources and synchronize status 
updates bidirectionally. LangChain's tool abstraction layer is 
well-suited to hosting such integration tools [9], [26]. 

E. Local Language Model Support 

Replacement of cloud-hosted LLM APIs with locally 
hosted open-source models would eliminate the system's 
dependency on external services and network connectivity. 
Quantized models such as LLaMA-3-8B-Instruct have 
demonstrated  performance  approaching  GPT-3.5-class 

models on tool-use benchmarks at significantly reduced 
computational cost [41]. 

F. Advanced NLP Features 

Future versions could incorporate deadline extraction 
using named entity recognition for temporal expressions, 
sentiment analysis for task urgency detection, and automated 
task prioritization based on linguistic markers of importance. 
These enhancements would reduce the user's cognitive 
burden in manually specifying task metadata [16], [39]. 

XIII. CONCLUSION 

This paper has presented the design, implementation, 
and empirical evaluation of an AI-Driven Task Management 
System that enables users to manage tasks through natural 
language dialogue. The system integrates a LangChain-based 
ReAct agent, a GPT-class language model backend, an 
SQLite persistent database, and a Streamlit chat interface into 
a cohesive, modular application that eliminates the GUI 
friction inherent in conventional task management tools. 

Empirical evaluation across 200 natural language 
queries demonstrates that the system achieves 94% accuracy, 
95% precision, 94% recall, and a 94% F1-score in intent 
classification across the four supported task operations. 
Query processing latency stabilizes below 1.2 microseconds 
for local computation components, confirming that the 
system's local processing overhead is negligible relative to 
network round-trip latency to the language model API. 

Comparative analysis with established commercial task 
management platforms demonstrates that the proposed 
system offers unique advantages in natural language 
interaction, AI agent integration, conversational context 
management, and open-source accessibility not available in 
any existing commercial alternative. 

The work also identifies clear directions for future 
enhancement including multi-user authentication, cloud 
database migration, voice interaction, third-party platform 
integration, and local language model deployment. These 
enhancements would substantially expand the system's 
applicability from single-user prototyping to enterprise-scale 
production deployment. 

More broadly, this work demonstrates the transformative 
potential of conversational AI as a human-computer 
interaction paradigm for productivity software. As language 
model capabilities continue to advance and deployment costs 
decrease, conversational interfaces are likely to become the 
dominant modality for personal and professional productivity 
tools, displacing traditional GUI-based approaches in much 
the same way that graphical interfaces displaced command-
line interfaces three decades ago. 
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