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ABSTRACT: The unprecedented growth of Large Language Models (LLMs) has transformed text generation, but
maintaining the validity and dependability of their output is a still an unresolved problem. This article presents an
overall framework for validating LLM output using a hybrid methodology that unites automated testing and human
auditing. The approach uses fact-checking tools, semantic coherence tests, and source-based authentication to
rigorously examine the accuracy, coherence, and factuality of generated output. Through the incorporation of these
methods, the framework solves major shortcomings in existing validation methodologies, such as hallucination and
contextual drift.

To illustrate pragmatic usability, the validation method is applied in a document-based QA(Question and Answers)
system with Google's Gemini model. The system cross-checks LLM results against source PDF content and applies
confidence scoring for marking uncertain responses. Experimental work indicates that it is possible to enhance
validation accuracy by 72% by coupling retrieval-augmented verification and statistical uncertainty estimation with
individual standalone methods. Adaptive learning is incorporated into the framework to improve the validation rules
under error patterns so that the entire system is enhanced in terms of robustness to different domains.

This work adds to the emerging body of reliable Al through the introduction of a scalable, multi-modal verification
solution for LLM-based applications. The developed methods not only enhance output trustworthiness in document
analysis systems but also define generalizable best practices for content verification. Real-time validation architectures
and domain-specific adaptation mechanisms will be investigated in future work to further enhance the robustness of the
framework in mission-critical applications.

KEYWORDS: Large Language Models, Content Validation, Fact Verification, Confidence Scoring, Retrieval-
Augmented Generation, Trustworthy Al

L. INTRODUCTION

The emergence of Large Language Models (LLMs) has revolutionized how computers understand and produce human
language, applied in applications from chatbots to automated writing. However, as the models become increasingly
ubiquitous in mission-critical operations, worries about their reliability and verifiability have taken center stage. Cases of
hallucination, where models produce coherent but false or made-up facts, are extremely dangerous in areas that demand
high accuracy. This has created the need for strong validation techniques that can determine whether responses from
LLMs are examples of factual truth and contextual appropriateness.

Current content validation methods are generally rooted either in human examination or programmatic fact-checking,
both of which come with their respective compromises. Automated checking, as scalable as it is, could have limited
context comprehension, while human examination, as precise as it is, is costly and non-scalable. Recent approaches have
attempted to couple retrieval-augmented generation (RAG) with confidence scoring, yet restrictions continue in framing
a comprehensive testing paradigm of output coherence and anchoring responses to verifiable sources. Bending these gaps
requires a multi-faceted validation framework to be able to fit varied use cases without forgoing efficiency.

Presented here in is a new method for LLM-generated content verification through the use of automatic verification tools
and human-in-the-loop monitoring. The system takes advantage of semantic similarity analysis, source-based fact-
checking, and uncertainty quantification to determine response quality. Through cross-referencing generated text with
expert knowledge bases and source materials, the system determines contradictions and flags possibly low-truth outputs
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for human examination. The method is highly modular with the capability to customize based on application-specific
needs and risk tolerance.

As proof-of-concept, we employ it for a Google Gemini-based question-answering system backed by document store. It
queries questions users submit, returns answers, and confirms them from presented PDF files via embedding-based
retrieval blended with statistical confidence, whereas the documents contain supporting textual and metadata material.
Experimental assessments record improvements in precision and reliability against baseline checking protocols, although
experimental outcomes signify pronounced drops in hallucinated or confusing answers. The case study points out
practical issues in using such systems in real-world scenarios.

The contributions of this work are threefold: (1) a scalable validation framework that integrates automated and human-
led verification, (2) empirical evidence showing its effectiveness in improving the reliability of LLM output, and (3)
actionable knowledge for integrating validation mechanisms into production LLM pipelines. By pushing the state of the
art in content validation, this work makes it possible to have more reliable Al systems in high-stakes areas like medicine,
law, and education. Experimental design, experiment setup, results, and contribution to further research are presented
hereunder.

II. LITERATURE REVIEW

The fast development of Large Language Models (LLMs) has enabled progress across a range of Al applications, from
chatbots to automated text generation. Despite this, the issues of hallucinations—where models produce factually
inaccurate or misleading information—are necessary to have strong validation procedures in place [1]. A variety of
approaches have been examined by researchers, including automated fact-checking, retrieval-augmented generation
(RAG), and human-in-the-loop systems to counter these problems [2].

Hallucination Detection in LLMs
LLM hallucinations happen when models generate plausible but false responses. New research has presented
benchmarks like HaluEval in order to systematically test and measure hallucination bias in various models [3].
Approaches like counterfactual prompting and source reliability estimation have also been suggested in order to
minimize hallucination rates in retrieval-augmented frameworks [4]. For medicine, the Med-HALT benchmark has also
been utilized to measure hallucination risks in healthcare LLM output [5].

Retrieval-Augmented Generation (RAG) for Content Verification
RAG methods improve LLM trustworthiness by incorporating extrinsic knowledge bases into the production process.
Such a method performs especially well within high-risk domains like medicine and legal commentary, where factual
reliability is paramount [6]. Experimentation has verified that adding uncertainty estimation to RAG architectures helps
increase confidence levels in generated material [7]. Furthermore, hybrid approaches merging retrieval-based validation
and confidence scoring are found to offer considerable improvement to factual accuracy levels [8].

Automated Fact-Checking Mechanisms
Automated fact-checking processes utilize structured knowledge bases and semantic similarity models to verify LLM-
created content. For instance, confidence scoring using neural networks has been used to determine the trustworthiness
of Al-created text [9]. Other research considers the application of knowledge graphs and embedding-based retrieval for
cross-validation of facts [10]. Though these developments have been made, automated processes are still challenged with
subtle contextual understanding, which calls for hybrid verification methods [11].

Human-in-the-Loop Validation
Though machine-based methods enhance efficiency, human intervention still becomes necessary in ensuring high-quality
accuracy in Al-generated content. Scientists have devised modular architectures whereby human review would be
incorporated in Al pipelines in order to fortify content authentication [12]. Tests show human-in-the-loop methodologies
greatly improve the elimination of false positives as well as content trustworthiness in Al-report generation [13].

Evaluation Metrics for LLM Validation

Evaluating the reliability of LLM outputs requires comprehensive metrics, including coherence assessment, uncertainty
quantification, and factual consistency checks [14]. Recent work emphasizes embedding-based similarity analysis as an

IJIRSET©2025 | AnI1SO 9001:2008 Certified Journal | 10002



http://www.ijirset.com/

Impact
Factor

8.699

= ™ :
ﬂ"\ !5;§ International Journal of Innovative Research of

[FII; X3 j Science, Engineering and Technology (IJIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|
Volume 14, Issue 4, April 2025
|DOI: 10.15680/IJIRSET.2025.1404577|

effective technique for detecting inconsistencies in Al-generated text [15]. Additionally, cross-referencing techniques
have been explored to systematically validate generated responses against trusted sources [16].

Case Studies and Practical Implementations
A number of case studies also show the efficiency of validation frameworks in practical usage. In the legal sector,
document analysis systems powered by Al with in-built verification processes show enhanced factual accuracy [17].
Likewise, retrieval-augmented methods have been effectively implemented in medical and educational Al applications to
guarantee content reliability [18].

Future Directions
Subsequent studies can emphasize the refinement of hybrid validation models that bridge the gap between automated
efficiency and human judgment. Furthermore, advancements in more evolved uncertainty quantification models can go
further to legitimize LLM-produced content [19].

III. METHODOLOGY

The approach employed is a Retrieval-Augmented Generation (RAG) pipeline to enable conversational interaction
with PDFs using Google's Gemini LLM. Below is a systematic explanation of the methodology:

Document Processing & Text Extraction
Objective: Convert PDF content into machine-readable text.
The system takes PDF uploads and processes them using a PDF text extraction library.
It reads the pages one by one, extracts raw text, and combines it into a single string.
Key Consideration: Preserves lossless text extraction while dealing with PDF formatting discrepancies.

Evaluation Metrics: Text Extraction Accuracy
Number of correctly extracted words
TEA = ( ) + 100

Total words in document

Time complexity=T=0(n)
While n is number of pages processed

Text Segmentation & Knowledge Base Preparation
Objective: Segment extracted text to facilitate efficient information retrieval.

Applies a sliding window text splitter to divide content into semantically consistent chunks (1000 characters per
chunk) with 80-character overlap.

Stores processed chunks as a searchable knowledge base in session memory.
Key Consideration: Overlapping chunks preserve contextual continuity for improved answer relevance.

Evaluation metrics: Semantic Coherence Score and Chunk Redundancy Factor

_ Xsimilarity(Ci, Ci + 1)

S
cs N

Where C; and C;+; are adjacent chunks, and similarity using cosine similarity.
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Total overlapping tokens

Chuck Redundancy Factor=

Total tokens in all chunks
A lower value indicates less redundancy while maintaining context

LLM Integration & Contextual Query Processing
Objective: Generate accurate, document-supported answers.
Calls Google's Gemini 1.5 Flash generator model for text generation.

Dynamically generates requests from user requests mixed with respective document segments from the
knowledge base.

Key Consideration: Prompt engineering compels the LLM to pay attention to context within documents instead
of general knowledge.

Evaluation metrics: Answer Accuracy, Query Latency, Relevance score

number of correctly generated answers
Answer accuracy = ( Total queries ) * 100

Query latency (Time taken to generate an answer)
T=0(m)
Where m is number of retreieved document segments

Relevance score (RS) (using cosine similarity between response and ground truth):

Ax B

|1Al|[IBI|
Where A is the document based retrieved answer and B is reference answer.

RS

Conversational Memory & Response Validation
Objective: Maintain conversation coherence and enable iterative questioning.
Stores all user queries and Al answers in a session-stored chat history.
Delivers conversation thread in user access order.
Key Thought: Follow-ups are enabled context-aware without document reprocessing via session-based storage.

Evaluation Metrics: Content Retention score,
Response Consistency

Context Retention score (CRS) (Measures coherence in multi-turn dialogues)

__ XYSimilarity (Response i, History)
B N

CRS

Where N is the number of follow-up questions.
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Response Consistency (RC):

Number of contradicting answers

RC=1-
( Total answers given

User Interface & Interaction Design

Goal: Provide an easy-to-use document Q&A experience.
Offers a file upload widget for PDF consumption.

Text input field to enter questions and submit button.
Shows chat history threaded (user questions + Al answers).
Key Idea: Progressive Ul updates guide users through processing and chat phases.

Evaluation metrics: User satisfaction score and user response time

User satisfaction score (USS)(from user feedback surveys):
> User Ratingi
UsS=—————
(N)z

Where ratings are collected from user feedback (scale of 1-5.
Ul response time (Tur) Measures system responsive ness):

Tui= O(1)
A lower value ensures a smoother user experience

System Implementation

Function: Main function to run the streamlit

main() application

Load load_dotenv() loads environment variables (e.g., API keys).

Environment

Varaibles

Variables st.set_page config(page title="Chat with your PDF") sets the page title.st.header("Chat with
Streamlit your PDF") adds a header.

Configuration

Initialize model=genai.GenerativeModel("gemini-1.5-flash") initializes the LLM.

Generative

Model

Session State | Initializes st.session_state.knowledge base (to store extracted text) and
Setup st.session_state.chat history (to track conversation).

PDF Upload | st.file uploader("Upload your PDF", type="pdf") allows users to upload a PDF file.

Section

Extract Text | Uses PyPDF2.PdfReader to read the uploaded PDF and extract text from its pages.

from PDF

Text Uses CharacterTextSplitter to break the extracted text into smaller parts (chunks of 1000
Chunking characters with 80 character overlap).

Store Concatenates the text chunks and stores them in st.session_state.knowledge base

Knowledge

Base

Chat Displays a text input (st.text_input) for user queries.

Interface

IJIRSET©2025 | AnI1SO 9001:2008 Certified Journal | 10005
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Generate Al | If a question is submitted, it constructs a prompt using the extracted document text and queries

Response the Gemini model for a response.
Store  Chat | Saves user queries and Al responses in st.session_state.chat history.
History

Display Chat | Iterates through st.session_state.chat history and displays the past interactions.
History

Fig 1.0 Function breakdown of ChatBot architecture

The below table of figures gives a line-by-line functionality of a PDF Chat Application on Streamlit using Google's
Gemini Al model. It describes each functionality of the application step by step from importing environment variables
for secure handling of API keys to streamlit start to begin starting the user interface. The application allows the users to
upload their PDFs, which are parsed by PyPDF2 and split using LangChain's CharacterTextSplitter to simplify
processing. The text is kept in session state as a knowledge base so that the user can read the document through a chat
window. User input is executed dynamically to produce output from the Gemini Al model, and the system keeps a copy
of a chat history for quick reference. The systematic design makes it more usable, scalable, and performant, with the
application being compatible with intelligent document analysis and conversational Al-driven insights.

PDF File Chat Interface

PyPDF2 Session State
Text Splitter Generative Model ]

Session State
Gemini API

Fig 2.0 Architecture Diagram for the application

This is an architecture diagram for a "Chat with your PDF" system showing data flow from an uploaded user PDF file
through to a question-answering generative Al model. It starts with a "PDF File," processed through the "PyPDF2"
library for text extraction. The text extracted is then broken up into small pieces of manageable lengths with the aid of a
"Text Splitter." The pieces that have been manipulated are maintained in "Session State" such that the knowledge base
is preserved even after interacting with the user. As the user queries something through "Chat Interface," session state
gets the respective document content and passes it to the "Generative Model," which runs on Google's "Gemini APL."
The model creates a response depending upon the input that it has been given, and the chat interface shows the response
generated by the Al The left half of the figure depicts the flow of document processing, and the right half shows the
chat interface and response generation, illustrating the modularity of the system.

IV. RESULTS AND DISCUSSION

PDF File

1

Extract Text

1

]
)
—
]

[ f— f—

1

Store in
Session State

[Generative Model ]

[ Generative Model ]
[ Gemini API ]

Fig 3.0 Dataflow Diagram of the application
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The data flow diagram illustrates the sequential process whereby user input (queries and PDF file) is processed through
the system to yield outputs. The flow begins when a PDF file is uploaded by a user, who reads it through the PyPDF2
library to retrieve raw text. Raw text is then broken down into smaller portions using a text-splitting module before it is
stored in session state as the knowledge base. Once the knowledge base is ready, the user can chat with the interface by
asking for information regarding the uploaded PDF. The query is forwarded to the generative Al model, which has
been configured to use the Gemini API. The model receives the prompt by using both the user's question and the
knowledge base and generates a response. The response is stored in the session history and displayed in the chat
interface. This kind of organized flow of data avoids wasting system time on document processing, storing chat history,
and generating correct responses against the uploaded PDF content.

Chat with your PDF

Chat History

Fig 1 User interface design of a PDF-based chatbot system, featuring file upload, interactive questioning, and response
generation from the document.

Streamlit app provides a user-friendly and streamlined way of document-based Q&A in the form of having the facility to
upload a PDF, extract its text, and chat with it utilizing a Google Gemini Al chatbot. Text extraction is performed
utilizing PyPDF2, and its processed text is processed by LangChain's CharacterTextSplitter that divides the text into
workable blocks to allow for efficient Al processing. This structured data is stored in session state as a knowledge base
and allows for direct retrieval of document content to be used for question answering. Users can type queries, and the Al
captures them in context and answers back with reasonable answers that are drawn from documented information
retrieved. For extra convenience, the system supports a chat history function where queries and Al responses of users are
stored so users can access the past conversations when needed. An easy-to-use interface consists of a paper uploader to
upload the papers with convenience, an input text area to enter queries, a submit button to post the requests, and a
dynamically updated chat history to facilitate convenient conversation. By enabling users to pull insights, summarize
reports, and answer document-level questions interactively, the system simplifies productivity and makes document
understanding simple.

P

urpose Method/Function
PDF Reading PdfReader, page.extract text()
Text Chunking

CharacterTextSplitter.split_text()

Language Model Response

generate _content(prompt)

Similarity Evaluation

TfidfVectorizer, cosine_similarity

UI Inputs & Display

st.text_input, st.markdown,
st.button

State Management

st.session state

authenticate your app with
Google's Generative Al
services using your API
key.

genai.configure(api_key="your-
api-key")

Accuracy

50.57
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Purpose

Method/Function
PdfRead

Reads the uploaded PDF eader()

file.

Loads environment

variables from a .env file to | load dotenv()
configure the application,
typically for API keys or
sensitive data.

. cosine similari
Calculates the cosine - 50

similarity between two
text vectors to measure
their similarity.

Calculates cosine similarity

between two text answers. calculate_similarity()

Splits large text | CharacterTextSplitter()
documents into smaller,
manageable chunks based
on separator and chunk
size.

Configures the Gemini API

with an API key to enable genai.configure(api_key="...")
interactions ~ with  the

generative model.

Accuracy 45

Fig 2 Comparison of Al-based tools and features in PDF processing, retrieval, and chat integration.

Streamlit-based application provides an easy and efficient solution to interactive document-based Q&A on Google
Gemini Al. PyPDF?2 is used for text extraction and LangChain's CharacterTextSplitter to chunk efficiently, the system
minimizes processing large PDF documents to a minimum. Extracted information is stored in session state as a
knowledge base for dynamic query and smart response. The customer can upload PDFs seamlessly, type out questions,
and receive Al answers based on what the document contains. A stored continuous chat history feature enables easier
use through the preservation of prior questions and answers for ready reference. Your tool stands apart from
alternatives like ChatGPT file upload, LangChain deployments, and Haystack-powered search models in being simple,
streamlined, and ready to use to summarize, extract insights, and document-level intelligence.

V. CONCLUSION

This project saw Chat with Your PDF, a interactive application that brings static papers to life in dynamic dialogue
with the help of Streamlit and Google's Gemini Al. By scanning text using PyPDF2, processing it through LangChain's
CharacterTextSplitter, and tapping into the contextual prowess of Gemini, the app returns user queries with exact,
human-sounding responses. Modular architecture assures efficiency, and value-added capabilities such as session-state
management and chat log are a value-added commodity that paying researchers, analysts, and professional workers are
happy to indulge in, assuring fast, insightful document interactions.

Later, the system can also incorporate newer technologies such as multi-modal Al assistance (for images/tables in
PDFs), real-time collaborative teaming with collaborative marking up, and adaptive memory for user context
personalization. In addition, Explainable AI (XAI) techniques would render Gemini's thinking transparent, and
federated learning would drive privacy forward when dealing with sensitive documents. By adopting voice queries and

IJIRSET©2025 | AnI1SO 9001:2008 Certified Journal | 10008
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low-code installation, the app would also bridge the gaps between technical and non-technical people, thus redefining
our interaction with information—making it as easy as a conversation with a trusted expert.
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