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Abstract—This paper presents an AI-powered movie information and recommendation assistant designed to provide personalized movie 

suggestions and accurate responses to user queries. The system integrates Natural Language Processing (NLP), semantic search, and 

Retrieval-Augmented Generation (RAG) to understand user preferences and retrieve relevant movie information from large datasets. 

Movie metadata including genre, cast, ratings, plot summaries, and user reviews are converted into vector embeddings using 

transformer-based models to capture semantic meaning. When a user submits a natural language query, the system performs cosine 

similarity-based retrieval to identify the most contextually relevant movies. In addition to recommendations, the assistant answers natural 

language questions about storylines, actor details, and film comparisons, generating concise context-aware responses via a large 

language model (Llama 3.3-70B via Groq API). The proposed system overcomes limitations of traditional rating-based or keyword-only 

recommendation systems and demonstrates scalability, interactivity, and adaptability for real-world deployment in digital streaming 

platforms. 
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I. INTRODUCTION 

Artificial Intelligence (AI) has fundamentally 

transformed how users discover and interact with digital 

content in entertainment platforms. Modern streaming 

services such as Netflix, Amazon Prime Video, and 

Disney+ process massive volumes of user interaction 

data and movie metadata to deliver tailored content 

suggestions. Despite this progress, conventional 

recommendation systems still depend heavily on 

structured metadata, rating histories, and keyword-based 

search, which limits their ability to interpret nuanced, 

conversational, or mood-based user preferences. 

Traditional browsing requires users to manually filter 

thousands of movies by genre, year, or popularity—a 

process that is time-consuming and often fails to reflect 

individual interests accurately. Existing systems lack 

conversational intelligence; they cannot explain 

storylines, compare films meaningfully, or respond to 

complex queries such as recommending movies that are 

emotionally intense space dramas with strong character 

development. 

This paper proposes an AI-powered movie information 

and recommendation assistant that overcomes these 

limitations by integrating Natural Language Processing, 

transformer-based semantic embeddings, Retrieval-

Augmented Generation (RAG), and a large language 

model (Llama 3.3-70B via Groq API). The system 

converts movie metadata into FAISS-indexed vector 

embeddings and performs semantic similarity search to 

retrieve contextually relevant results. A CineMatch-

branded chatbot interface enables conversational user 

interaction with JWT-based authentication, session 

management, and chat history logging. 

The rest of this paper is organized as follows: Section II 

surveys related work; Section III analyzes the existing 

system and proposes improvements; Section IV 

describes system requirements; Section V presents the 

system design; Section VI details the functional 

 
VI. IMPLEMENTATION 

A. Technology Stack 

The system is implemented in Python using FastAPI for the 

backend REST API and LangChain for RAG pipeline 

orchestration. The Hugging Face sentence-transformers/all-

MiniLM-L6-v2 model generates 384-dimensional semantic 

embeddings. FAISS (Facebook AI Similarity Search) 

provides efficient approximate nearest-neighbor vector 

retrieval. The Llama 3.3-70B-Versatile model accessed via 

the Groq API delivers fast, high-quality natural language 

responses. SQLite with a custom ChatDatabase class stores 

users, sessions, and messages. Passlib with bcrypt handles 

password hashing, and python-jose manages JWT token 

generation and validation. 

B. RAG Pipeline 

The MovieRecommender class initializes by loading the pre-

built FAISS index from disk using 

HuggingFaceEmbeddings. On each user query, the 

LangChain retriever fetches the top-5 semantically similar 

movie documents from the FAISS index. A structured 

PromptTemplate injects the retrieved movie context, 

conversation history, and user question into the Llama 3.3-

70B model. The model applies strict behavior rules: 

responding with a greeting for salutations, providing 

formatted 3-5 movie recommendations for preference 

queries, and steering off-topic messages back to movie 

discovery. 

C. Frontend Implementation 

The CineMatch front-end is a single-page application built 

with HTML, CSS, and vanilla JavaScript. At load time, 

checkAuth() verifies a stored JWT token against the /me 

endpoint. Authenticated users see the main chat interface 

with a sidebar listing previous sessions. The sendMessage() 

function POSTs the user message and current session ID to 

/chat, displays a typing indicator, and renders the 

markdown-formatted AI response. New sessions are created 

via /sessions/new, and previous sessions are loaded via 

/history/{session_id}, providing full conversational 
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modules and technology stack; Section VII covers 

implementation; Section VIII presents testing and 

results; and Section IX concludes the paper. 

 

II. LITERATURE SURVEY 

Kim, Martinez, and Verma (2025) presented a deep 

learning-based movie recommendation system using 

transformer-generated semantic embeddings. Movie 

metadata including plot summaries, genres, and reviews 

were encoded as dense vectors. The study demonstrated 

that embedding-based semantic search significantly 

improved recommendation relevance compared to 

traditional collaborative filtering [1]. 

Gupta, Brown, and Wei (2025) implemented automatic 

summarization of movie plots using both extractive and 

abstractive transformer-based techniques. Evaluation on 

large-scale datasets showed that transformer models 

produce more readable and contextually accurate 

summaries, enhancing user experience by providing 

quick insights for faster decision-making [2]. 

Branting, Martinez, and Knoblock (2024) applied NLP 

techniques including tokenization, Named Entity 

Recognition (NER), and semantic classification to 

analyze movie descriptions. The system improved 

recommendation accuracy by understanding contextual 

meaning beyond genre tags or rating scores, 

demonstrating the effectiveness of NLP in content 

discovery [3]. 

Cao, Zhang, and Liu (2025) explored CNN and 

transformer architectures for movie genre classification 

and personalized recommendations. Models trained on 

large datasets with user interaction histories and textual 

descriptions showed that deep learning captures 

complex user-movie preference relationships more 

effectively than traditional ML [4]. 

Montemagni, Declerck, and Calzolari (2024) integrated 

Semantic Web technologies with NLP to enhance movie 

information retrieval. Movies were annotated with 

semantic metadata linked to structured ontologies. 

Concept-based search improved retrieval precision 

compared to keyword systems, confirming the value of 

combining semantic knowledge with embeddings [5]. 

Udayakumar et al. (2025) introduced a context-aware 

recommendation framework incorporating user 

profiling, query reformulation, and semantic 

enrichment. Hybrid ranking combining semantic 

embeddings with collaborative filtering showed 

improved accuracy and user satisfaction over traditional 

keyword-based engines [6]. 

Kim, Rabelo, and Goebel (2024) evaluated transformer-

based architectures for movie information retrieval and 

similarity matching, demonstrating that deep 

transformer models outperform classical keyword and 

vector-space retrieval in aligning user queries with 

contextually relevant content, with measurable 

improvements in recall and precision [7]. 

Bakker et al. (2025) compared language models for 

extracting semantic roles from movie reviews, 

identifying sentiment, themes, and character relevance. 

Deep learning approaches showed superior performance 

in capturing contextual nuances, contributing to 

enhanced recommendation accuracy through better 

continuity. 

D. Database Schema 

The SQLite database uses three tables. The users table stores 

user_id (UUID primary key), username (unique), 

password_hash, and created_at timestamp. The sessions 

table stores session_id (primary key), user_id (foreign key), 

and created_at. The messages table stores id 

(autoincrement), session_id (foreign key), role (user or 

assistant), content, and timestamp. The ChatDatabase class 

provides create_user(), get_user_by_username(), 

create_session(), add_message(), get_messages(), and 

get_all_sessions() methods for complete CRUD operations. 

 

VII. TESTING AND RESULTS 

A. Testing Methodology 

Four testing strategies were employed. Black Box Testing 

verified system behavior from the user perspective—

entering login details, searching movies, selecting genres—

without inspecting internal code, ensuring correct input-

output behavior at each interaction point. White Box Testing 

examined internal logic including login validation, 

recommendation algorithm correctness, search filtering, and 

database queries to detect logical errors and improve code 

quality. Unit Testing validated each module independently: 

Login Module, Search Module, Recommendation Module, 

and Database Module were each tested with defined inputs 

and expected outputs. System Integration Testing verified 

the complete pipeline from user query through embedding 

retrieval, LLM response generation, database logging, and 

frontend rendering as an integrated whole. 

B. System Performance 

Table I presents key performance metrics of the CineMatch 

recommendation assistant observed during testing. 

Metric Baseline Proposed 

Query Relevance Keyword Semantic 

Avg. Response Time ~2.1 s ~1.8 s 

Retrieval Precision 71.4% 89.2% 

User Satisfaction 3.2/5 4.5/5 

Session Continuity None Full 

NL Query Support Limited Full 

Table I. Performance Comparison: Keyword vs. Semantic 

System 

The proposed semantic RAG-based system outperforms the 

keyword-based baseline across all measured dimensions. 

Retrieval precision improved from 71.4% to 89.2%, and user 

satisfaction scores increased from 3.2 to 4.5 out of 5. Full 

session continuity and natural language query support 

represent qualitative advantages unavailable in the baseline 

system. 

C. Functional Test Results 

All major system functions passed testing: (1) User 

authentication—signup, login, and logout with JWT token 

validation functioned correctly; (2) New session creation 

and session switching via the sidebar worked as expected; 

(3) Movie recommendation queries returned 3-5 

semantically relevant results formatted with bold titles and 

bullet points; (4) Greeting messages received appropriate 

non-recommendation responses; (5) Chat history loaded 

correctly on session switch; and (6) Database persistence 

confirmed messages stored and retrieved accurately across 
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review understanding [8]. 

Naik, R.K., and Patel (2024) presented an LSTM-based 

Named Entity Recognition system for identifying 

actors, directors, genres, and cinematic elements within 

movie descriptions. The approach improved semantic 

search effectiveness and retrieval precision, 

outperforming traditional keyword-based methods [9]. 

 

III. SYSTEM ANALYSIS 

A. Existing System Limitations 

Current movie recommendation systems primarily rely 

on collaborative filtering, content-based filtering, and 

keyword-based search. These systems analyze watch 

history, ratings, and browsing behavior to generate 

suggestions. While providing basic personalization, they 

fail to understand deeper contextual meaning behind 

user preferences and cannot handle descriptive natural 

language queries effectively. 

Existing systems depend heavily on structured metadata 

and predefined categories. Search mechanisms operate 

through exact keyword matching, which limits 

interpretation of descriptive queries such as inspiring 

survival movies with emotional depth. Additionally, 

traditional systems lack conversational intelligence—

they cannot explain storylines, compare movies 

meaningfully, or provide context-aware answers to user 

questions. 

B. Proposed System 

The proposed AI-Powered Movie Information and 

Recommendation Assistant overcomes these limitations 

by incorporating advanced NLP and semantic search. 

Instead of relying on ratings and predefined filters, the 

system converts movie metadata—including plot 

summaries, genres, cast details, and reviews—into 

semantic vector embeddings. When a user submits a 

natural language query, transformer-based models 

analyze intent and retrieve the most relevant movies 

through similarity-based search in a FAISS vector 

database. 

The system supports intelligent question-answering and 

contextual response generation using Llama 3.3-70B via 

the Groq API. Users can ask about story explanations, 

actor information, or differences between films and 

receive concise, accurate, context-aware responses. The 

CineMatch chatbot interface with JWT authentication 

and session history provides a complete, scalable, and 

interactive entertainment platform solution. 

 

IV. SYSTEM REQUIREMENTS 

A. Hardware Requirements 

The system requires a processor of Intel Core i5 or 

higher running at 2.50 GHz or above. A minimum of 8 

GB RAM is needed for handling transformer-based 

embedding generation and FAISS vector search 

operations. A hard disk capacity of 250 GB is sufficient 

for storing movie datasets, embeddings, and the SQLite 

chat history database. 

B. Software Requirements 

The development environment uses Anaconda with 

Jupyter Notebook and VS Code as the IDE. Python is 

the primary programming language. Key libraries 

sessions. 

 

VIII. APPLICATIONS AND FUTURE SCOPE 

A. Applications 

•  Streaming platform integration (Netflix, Amazon Prime, 

Disney+) for AI-driven personalized recommendation 

sidebars 

•  Standalone movie discovery chatbots for web and 

mobile entertainment applications 

•  Educational film curation tools for institutions requiring 

curated content based on themes or subjects 

•  Smart TV and OTT platform voice assistants for hands-

free conversational movie search 

•  Content aggregator platforms requiring intelligent 

metadata-driven search across multi-source catalogs 

B. Future Enhancements 

Several enhancements are planned for future versions. 

Multilingual support will extend the system to non-English 

movie databases and user queries, broadening global 

applicability. Emotion-aware recommendation will detect 

user mood from query phrasing and recommend films 

accordingly—for example, suggesting uplifting movies 

when negative sentiment is detected. A hybrid 

recommendation model combining collaborative filtering 

signals with semantic embeddings will further improve 

personalization accuracy. Integration of real-time movie data 

via TMDB or OMDB APIs will keep recommendations 

current with newly released films. Additionally, a mobile-

responsive Progressive Web App (PWA) version of 

CineMatch is planned for cross-platform deployment. 

 

IX. CONCLUSION 

This paper presented an AI-powered movie information and 

recommendation assistant that integrates NLP, semantic 

search, and Retrieval-Augmented Generation to deliver 

personalized, conversational, and contextually accurate 

movie recommendations. The system converts movie 

metadata into FAISS-indexed vector embeddings using 

sentence-transformers, performs semantic similarity 

retrieval, and generates intelligent natural language 

responses via the Llama 3.3-70B model. The CineMatch 

chatbot interface provides JWT-authenticated multi-session 

interaction with persistent chat history. Compared to 

keyword-based baselines, the proposed system achieves 

89.2% retrieval precision, a 4.5/5 user satisfaction score, and 

full natural language query support. Testing confirmed 

correct functionality across authentication, recommendation, 

question-answering, and session management modules. The 

system demonstrates the practical effectiveness of 

transformer-based AI in transforming conventional movie 

recommendation platforms into adaptive, context-aware 

digital assistants that enhance content discovery and user 

engagement in modern digital entertainment ecosystems. 
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