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Abstract: The proliferation of digital documents in knowledge-intensive domains has necessitated
intelligent mechanisms capable of translating passive repositories into interactive information systems.
Conventional PDF readers constrain the user to manual navigation, which limits efficiency in high-
volume document environments. This paper proposes SmartPDF, a conversational document intelligence
platform that integrates Large Language Model (LLM) processing with vector-based semantic retrieval
to enable context-aware natural language interaction over PDF content. The system architecture
encompasses a text ingestion pipeline, an embedding-based indexing layer, and a generative response
module that operates in real time. Experimental evaluation across document sets of varying size and
domain complexity reveals that the proposed system achieves a question-answering accuracy of 94.5%,
with average query response times below 3.5 seconds for documents containing up to 100 pages.
Comparative analysis confirms that SmartPDF outperforms existing keyword-reliant and retrieval-only
approaches across accuracy, precision, recall, and F1-score metrics. The framework demonstrates strong
scalability and user accessibility, offering a viable pathway for deploying document intelligence in
education, legal, and enterprise contexts.
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1. INTRODUCTION

The digitization of knowledge across research, enterprise, and regulatory domains has produced an
unprecedented volume of Portable Document Format (PDF) files that serve as primary carriers of
structured and unstructured information. According to industry reports, more than 2.5 trillion PDFs are
exchanged annually across global workflows, yet their content remains largely inaccessible without
manual inspection [1]. This accessibility bottleneck is particularly pronounced when professionals need to
extract targeted insights from lengthy technical documents, legal contracts, or academic manuscripts.

Existing PDF management tools—ranging from basic viewers to annotation platforms—operate as
passive rendering engines that offer no capacity for semantic comprehension. Users must rely on
sequential scanning or rudimentary keyword search, both of which fail to capture contextual relationships
within text. These limitations impose significant cognitive and temporal costs, particularly in time-
sensitive or high-precision environments.

The recent maturation of transformer-based language models and retrieval-augmented generation
(RAG) architectures presents an opportunity to fundamentally reconfigure how documents are queried.
By embedding document content into high-dimensional vector spaces and coupling this representation
with a generative inference engine, it becomes possible to support natural language queries that retrieve
semantically relevant passages rather than keyword-matched fragments.

This paper introduces SmartPDF, a conversational document intelligence system that operationalizes
this paradigm. The system enables users to upload PDF documents and pose unrestricted natural language
questions, receiving contextually accurate and coherent responses generated from document-specific
knowledge. The primary contributions of this work are: (i) a modular, scalable processing pipeline for
ingesting and indexing large PDF documents; (ii) a hybrid semantic retrieval and generative response
mechanism; (iii) a lightweight web interface facilitating conversational interaction; and (iv) a systematic
empirical evaluation benchmarking the system against prior approaches across multiple performance
dimensions.
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2. LITERATURE SURVEY

Intelligent document processing has evolved through several distinct paradigms. Early work relied on
rule-based extraction and regular expression matching, which offered high precision for structured forms
but failed to generalize across heterogeneous document layouts [2]. The introduction of term frequency—
inverse document frequency (TF-IDF) weighting improved retrieval recall in unstructured text but
remained sensitive to vocabulary mismatches between queries and documents.

The adoption of word embeddings, beginning with Word2Vec [3] and GloVe, introduced
distributional semantics into document retrieval. These representations allowed queries and document
segments to be compared in a continuous vector space, improving robustness to paraphrastic variation.
However, static embedding models could not resolve polysemy or accommodate long-range contextual
dependencies.

Transformer architectures, introduced by Vaswani et al. [4], enabled context-sensitive token
representations through self-attention mechanisms. Subsequent pre-trained models, including BERT [5]
and its document-oriented derivatives such as Longformer and BigBird, demonstrated state-of-the-art
performance on extractive question answering benchmarks. Nevertheless, these models primarily support
span extraction rather than free-form generative responses.

Generative language models, including the GPT family and PaLM, extended document interaction
toward open-ended response synthesis. When combined with retrieval pipelines under the RAG paradigm
[6], these models demonstrated the capacity to ground generated responses in external document corpora,
substantially reducing hallucination rates. However, most RAG implementations require substantial
computational infrastructure and are not optimized for single-document, real-time interaction.

Specialized document QA systems have also been explored. DocBot [7] integrated keyword indexing
with a rule-based dialogue manager but lacked semantic depth. PDFChat [8] employed BERT-based
encoding for passage retrieval yet did not support generative responses. AskDoc [9] extended the pipeline
with GPT-3.5 integration, enabling natural dialogue over documents, but scaling across large files
remained problematic. The present work addresses these limitations by designing a lightweight, end-to-
end system that supports dynamic document ingestion, semantic vector indexing, and real-time LLM-
driven response generation within a unified architectural framework.

3. PROPOSED METHODOLOGY
The SmartPDF system is built around a modular pipeline architecture that transforms a raw PDF
upload into a queryable knowledge interface. The processing flow consists of six sequential stages, each
designed for modularity and independent scalability.

3.1 Document Ingestion and Text Extraction

Upon upload, the system invokes a multi-library extraction engine that combines PyMuPDF for
layout-preserving text extraction with pdfplumber for tabular content recovery. Scanned or image-based
PDFs are routed through a Tesseract OCR stage with adaptive binarization to maximize character
recognition accuracy across variable scan quality. Extracted text is tagged with page and block
coordinates to preserve structural metadata for downstream contextual retrieval.

3.2 Text Preprocessing and Chunking

Extracted raw text undergoes a normalization pipeline comprising Unicode standardization,
whitespace correction, hyphenation resolution, and header/footer artefact removal. The cleaned text is
then segmented into overlapping chunks using a sliding window strategy: each chunk spans 512 tokens
with a 64-token overlap to prevent context truncation at chunk boundaries. This overlap strategy
preserves local coherence and improves the likelihood that retrieved chunks contain complete answer
spans.

3.3 Semantic Embedding and Vector Indexing
Each text chunk is encoded into a 1536-dimensional dense embedding using OpenAl's text-
embedding-3-large model, which demonstrates superior retrieval performance on heterogeneous

https://doi.org/10.5281/zenodo.19614462



Journal of Computer and Electrical Sciences (JCES)- Volume-1 Issue-4, April 2026
ISSN: 3049-2602

document types compared to sentence-transformer alternatives in preliminary trials. Embeddings are
stored and indexed in a FAISS (Facebook Al Similarity Search) vector database configured with an
Inverted File Index (IVF) for approximate nearest-neighbor search. This structure supports sub-linear
guery time even as document volume grows.

3.4 Query Processing and Semantic Retrieval

User queries submitted through the chat interface are independently embedded using the same model.
Cosine similarity is computed between the query vector and all indexed chunk embeddings. The top-k
most semantically proximate chunks (k=5 by default) are retrieved and ranked by relevance score. A re-
ranking step employing a cross-encoder model is applied to reorder candidates based on query—passage
compatibility, further improving precision of the retrieved context.

3.5 Response Generation

Retrieved chunks, together with the original query and a structured system prompt, are assembled into
a prompt template and submitted to GPT-40 via the OpenAl Chat Completions API. The system prompt
instructs the model to confine its response strictly to evidence present in the retrieved context, thereby
minimizing fabrication. Temperature is fixed at 0.2 to favour factual fidelity over lexical diversity.
Responses are returned as streaming tokens and rendered incrementally in the frontend to minimize
perceived latency.

3.6 Feedback and Session Memory

The system maintains a session-level conversation history stored in a lightweight Redis cache. This
history is prepended to subsequent prompts (up to a maximum context window), enabling multi-turn
dialogues where follow-up questions can reference prior exchanges. Users may also provide explicit
thumbs-up or thumbs-down feedback on responses, which is logged to a PostgreSQL database to support
future fine-tuning cycles.

4.SYSTEM ARCHITECTURE AND IMPLEMENTATION
The SmartPDF architecture is organized into three tiers: a presentation layer, an application logic
layer, and a data processing layer. This separation of concerns ensures that each component can be
individually optimized, replaced, or scaled without affecting the overall system.

4.1 Presentation Layer

The frontend is implemented as a React.js single-page application with a responsive layout compatible
across desktop and mobile browsers. The interface exposes a PDF upload panel with drag-and-drop
support and a real-time chat window with streaming text rendering. Tailwind CSS provides utility-first
styling, and the Axios library manages asynchronous APl communication. A document preview pane
optionally displays the source PDF with highlighted passages corresponding to retrieved evidence chunks.

4.2 Application Logic Layer

The backend is implemented in Python using the FastAPI framework, selected for its support of
asynchronous request handling and automatic OpenAPI schema generation. The API exposes three
primary endpoints: POST /upload for document submission, POST /query for question answering, and
GET /history for session retrieval. Background task queues, managed via Celery with Redis as the broker,
handle extraction and embedding jobs asynchronously to prevent frontend blocking during processing of
large documents.

4.3 Data Processing Layer

The data layer encompasses the FAISS vector index, a PostgreSQL relational database for user session
and feedback storage, and a Redis instance for caching conversation history. Index persistence is managed
via serialized FAISS snapshots stored in an S3-compatible object store, enabling horizontal scaling across
multiple backend instances. The entire stack is containerized using Docker Compose, with separate
containers for the API server, Celery worker, Redis, and PostgreSQL, facilitating reproducible
deployment across cloud and on-premises environments.
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5. EXPERIMENTAL RESULTS AND ANALYSIS

System performance was evaluated across three experimental dimensions: question-answering
accuracy, guery processing latency, and comparative benchmarking against existing document QA
solutions. All experiments were conducted on a cloud instance equipped with 16 vCPUs, 64 GB RAM,
and no dedicated GPU, to simulate realistic deployment conditions without specialized hardware.

5.1 Evaluation Dataset and Metrics

A curated evaluation dataset of 600 question—answer pairs was assembled from three document
domains: academic research papers (200 pairs), legal contracts (200 pairs), and technical manuals (200
pairs). Ground-truth answers were manually annotated by three domain experts, with inter-annotator
agreement measured at Cohen's k = 0.84, indicating strong consensus. Performance was assessed using
Accuracy, Precision, Recall, and F1-score, computed against the annotated gold-standard answers using
semantic similarity matching with a BERT-based evaluator rather than exact string overlap, to account for
paraphrastic acceptable responses.

5.2 Model Performance Comparison

Table I presents a comparative analysis of question-answering performance across four configurations:
a fine-tuned BERT model, GPT-3.5 in zero-shot mode, GPT-40 in few-shot mode, and the complete
SmartPDF pipeline. The proposed system achieves the highest scores across all metrics, demonstrating
the combined benefit of semantic retrieval and generative synthesis.

TABLE |I. QUESTION-ANSWERING PERFORMANCE ACROSS MODELS AND
CONFIGURATIONS

Model / Approach Accuracy (%) Precision (%) Recall (%) F1-Score (%)

BERT (Fine-tuned) 87.3 86.1 85.9 86.0

GPT-3.5 (Zero-shot) 83.6 82.4 81.2 81.8

GPT-40 (Few-shot) 92.7 91.8 921 91.9

SmartPDF (Proposed) | 94.5 93.2 94.0 93.6

The SmartPDF system outperforms the GPT-40 few-shot baseline by 1.8 percentage points in
accuracy, attributable to the targeted contextual grounding provided by the semantic retrieval stage.
BERT's lower recall reflects its inherent span-extraction limitation, which restricts responses to verbatim
document text. GPT-3.5 zero-shot performance degrades substantially on domain-specific queries where
the model lacks specialized knowledge and has no retrieval grounding.

5.3 Query Response Time Analysis

Table Il reports the processing latency profile across four document size categories. Extraction time
scales approximately linearly with page count, while query response time remains relatively stable as it
depends on the number of retrieved chunks (k=5) rather than total document size. Total end-to-end
latency remains within 13 seconds even for documents exceeding 100 pages, representing a substantial
usability improvement over full-document re-reading.

TABLE Il. QUERY PROCESSING LATENCY ACROSS DOCUMENT SIZES

Document Size Pages (ES;dractlon Ullins g)u S [NEeEe Total (s)
Small 1-10 0.8 1.2 2.0
Medium 11-50 24 1.9 4.3
Large 51-100 51 2.6 7.7
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Very Large 100+ 9.3 34 12.7

The near-constant query response time across document sizes confirms that the FAISS approximate
nearest-neighbor index effectively decouples retrieval complexity from corpus size, maintaining sub-
linear scaling behavior in practice.

5.4 Comparative System Analysis

Table Il positions SmartPDF relative to three representative prior systems along six capability
dimensions. Unlike DocBot and PDFChat, the proposed system supports generative responses, real-time
streaming, and horizontal scalability. AskDoc, the closest prior system, lacks scalability infrastructure and
relies on a smaller generative model with no re-ranking stage.

TABLE I1l. COMPARATIVE ANALYSIS OF DOCUMENT QA SYSTEMS

System NLP Model Ici::g:'face gggacrr]ltic Real-time Scalable
DocBot [6] TF-IDF No No No No
PDFChat [7] BERT Yes Partial No No
AskDoc [8] GPT-35 Yes Yes Yes No
SmartPDF (Ours) GPT-40 Yes Yes Yes Yes

These results collectively confirm that SmartPDF represents a meaningful advance over existing
approaches in both functional capability and quantitative performance, while remaining deployable on
standard cloud infrastructure without specialized acceleration hardware.

6. CONCLUSION AND FUTURE SCOPE

This paper has presented SmartPDF, a conversational document intelligence framework that combines
vector-based semantic retrieval with large language model generation to enable context-aware natural
language interaction over PDF documents. The system architecture addresses the core limitations of prior
approaches—namely, vocabulary mismatch in keyword-based retrieval and the absence of grounding in
purely generative systems—through a hybrid pipeline that decouples document indexing from response
synthesis.

Experimental results demonstrate that SmartPDF achieves 94.5% question-answering accuracy across
heterogeneous document domains, outperforming both retrieval-only and generation-only baselines.
Processing latency remains within practical bounds for documents of up to 100 pages, and the
containerized deployment model supports scalable hosting across cloud environments.

Future research directions include the extension of the system to multilingual document collections
through multilingual embedding models such as mE5 and mBERT. Additional planned capabilities
include automatic multi-document synthesis, enabling comparative queries across document collections;
integration of structured data extraction to handle tabular PDF content; and voice-based interaction
through a speech-to-text frontend layer. Ongoing work also investigates fine-tuning the generative
component on domain-specific corpora to further improve accuracy in specialized technical and legal
applications.
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