Generative Al & LLMs: The Precision RAG Framework

LOGYQ Use Case: The Precision RAG Framework
Focus: Contextualized Retrieval-Augmented Generation for Enterprise Knowledge
Executive Summary: The Crisis of Unstructured Knowledge

For large organizations in regulated sectors (Finance, Legal, Pharma), institutional knowledge is
fragmented across thousands of unstructured documents—manuals, contracts, and policy PDFs. This
environment creates a major operational crisis: knowledge workers spend nearly half of their time
searching for information, leading to high labor costs and unacceptable compliance risk from
inconsistent answers. Traditional Large Language Models (LLMs) cannot solve this; they often
"hallucinate" or provide non-authoritative responses, making them unfit for mission-critical enterprise
use.

The goal of the LOGYQ Precision RAG Framework is to shift institutional memory from a compliance
liability to a strategic asset.

LOGYQ's Solution: The Precision-RAG Pipeline

Our solution is a proprietary Retrieval-Augmented Generation (RAG) architecture built for
auditability, accuracy, and scale.

1. Data Preparation and Indexing

e Semantic Chunking: We move beyond basic text splits. Our system uses advanced
document parsers that understand the structure of a document (tables, sections, legal clauses)
to create semantically meaningful data "chunks." This ensures that when the system retrieves
context, it gets the complete, relevant section, not just random sentences.

« Hybrid Vector Store: We deploy a sophisticated vector store (e.g., using technologies like
Pinecone or Azure Al Search) that supports Hybrid Search. This combines the speed of
keyword search with the conceptual power of semantic search, guaranteeing near-perfect
recall and relevance for complex technical queries.

2. Grounding and Generation

o Secured LLM Integration: We integrate a high-performance, privately-hosted LLM (using a
dedicated cloud instance) and deploy stringent guardrails against prompt injection and toxic
output.

« Mandatory Citation Mechanism: This is our core differentiator. The LLM is strictly instructed
to generate responses only from the retrieved document context. The final answer is always
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generated with a direct hyperlink to the source document and page number, rendering the
output 100% traceable and eliminating hallucinations.

Technical Implementation & Architecture
The solution is deployed in a secure, isolated cloud environment (VPC/VNet).

« Ingestion Pipeline: Built using serverless orchestration tools (e.g., Apache Spark via AWS
Glue or Azure Data Factory) for reliable, scalable document processing.

« Query Workflow: User Query $\rightarrow$ Hybrid Retriever $\rightarrow$ Inject Top-K
Context Chunks $\rightarrow$ LLM Prompt $\rightarrow$ Generate Final Response with
Source URL.

« Data Freshness: Automated pipelines ensure that the vector index is updated immediately
upon any change in the source documents, keeping institutional memory current.

Measurable Outcomes & ROI

IMetric / Impact Area  ||Before LOGYQ RAG | After LOGYQ RAG |Improvement |
'&?Se.lr.‘; Search Time Avg. 12 minutes/query [|Avg. 6.6 minutes/query 45% Reduction
Compliance Risk High (due to Near-Zero (Answers are Critical Risk
Exposure inconsistent advice) fully auditable) Mitigation

First Contact o 0 )

Resolution (FCR) 65% 85% 20% Increase

LOGYQ Differentiator: We provide the governance layer. Our RAG solution is a compliance tool

that ensures every Al-generated response meets regulatory standards through technical enforcement
of source citation.



