International Journal of Smart Computing and Artificial Intelligence
MANIECH puting £
Publications Volume 2, Issue 1, January-June 2026

Large Language Models for Intelligent Enterprise Knowledge
Management and Decision Support: A Comprehensive Review of
Retrieval-Augmented Generation, Governance, and Deployment

Architectures

Dr. Aravind Swaminathan’, Prof. Meera Deshmukh?, Dr. Rohan Kulkarni’, Snigdha
Bhattacharya’

ABSTRACT

Enterprise Knowledge Management (EKM) is undergoing a paradigm shift
driven by recent advances in Large Language Models (LLMs) and generative
artificial intelligence. Traditional enterprise knowledge systems rely heavily
on structured databases, manual metadata tagging, and legacy keyword-based
search algorithms (e.g., TF-IDF, BM25). These legacy paradigms frequently
fail to synthesize multi-modal unstructured documents, extract latent
contextual insights, or provide accurate, context-aware decision support for
executive decision-makers. This comprehensive review paper systematically
examines the integration of state-of-the-art LLMs into modern enterprise
knowledge infrastructure. We evaluate core technical frameworks including
Retrieval-Augmented Generation (RAG), Fine-Tuning (LoRA, QLoRA), Vector
Database Indexing (HNSW, IVF-PQ), and Knowledge Graph (KG) hybrid
architectures. Furthermore, we address critical enterprise deployment
challenges, such as hallucination mitigation, context window limitations, fine-
grained Role-Based Access Control (RBAC), data privacy, and governance
compliance (GDPR, EU Al Act). Finally, we present empirical benchmarking
evaluations across key operational metrics, outline prominent research gaps,
and chart out strategic directions for resilient, verifiable enterprise cognitive

assistants.
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INTRODUCTION

In modern multinational corporations, knowledge is fragmented across heterogeneous, multi-
silo repository environments including cloud storage platforms, internal SharePoint sites,
Confluence wikis, customer relationship management (CRM) systems, and relational
databases [1]. It is estimated that up to 80% of total enterprise data exists in unstructured
formats—such as unstructured PDF reports, technical manuals, internal Slack/Teams
messaging logs, legal contracts, and audio/video transcripts [2]. Conventional Enterprise
Search (ES) systems rely on lexical matching algorithms like BM25 or inverted index
keyword lookups. While computationally fast, lexical search fails to capture semantic nuance,
synonymy, domain-specific taxonomy, and complex multi-hop queries, leaving knowledge
workers to spend up to 2.5 hours per day searching for and manually consolidating

information [3].

The emergence of transformer-based Large Language Models (LLMs), such as GPT-4,
Llama 3, and Claude 3, has opened new possibilities for computational intelligence [4].
LLMs exhibit strong emergent capabilities in natural language understanding, complex
reasoning, summarization, and zero-shot task execution. However, deploying raw
foundational LLMs directly in enterprise environments introduces severe liabilities. Base
LLMs suffer from parametric memory cutoffs, lack access to proprietary enterprise data, and
are prone to 'hallucination'—generating mathematically fluent but factually incorrect
assertions with high confidence [5]. In executive decision support contexts, where strategic,
legal, or financial decisions depend on precision, ungrounded hallucinations can carry

catastrophic financial and legal risks [6].

To resolve these challenges, modern enterprise cognitive architectures combine parametric

generative Al with non-parametric external knowledge retrieval, forming Retrieval-
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Augmented Generation (RAG) frameworks [7]. By dynamically grounding LLM reasoning in
verified, real-time enterprise document stores, RAG-enabled Decision Support Systems (DSS)
transform static knowledge repositories into interactive cognitive systems. This review paper
synthesizes state-of-the-art technological paradigms, algorithmic optimizations, system
architectures, and governance frameworks required to build robust, scalable LLM platforms

for enterprise knowledge management.

LITERATURE REVIEW

The literature surrounding Enterprise Knowledge Management and Decision Support
Systems has evolved through three historical waves: (1) Rule-based Expert Systems and
Taxonomy Search, (2) Semantic Web and Knowledge Graph Technologies, and (3)
Generative Neural Language Models [8].

1. Evolution of Enterprise Retrieval and Representation

Early enterprise knowledge management relied on manual ontology engineering, document
categorization, and relational database indexing [9]. While structured relational models
provided precision, they could not scale to unstructured text. The introduction of neural text
embeddings (e.g., Word2Vec, BERT) allowed documents and user queries to be mapped into
high-dimensional vector spaces, enabling semantic similarity matching via cosine distance or
inner dot product [10]. Dense Retrieval models (e.g., Dense Passage Retrieval - DPR)
significantly outperformed sparse lexical search on conceptual queries, though sparse search

maintained superior precision on exact product codes, acronyms, and proper nouns [11].

2. Retrieval-Augmented Generation (RAG) Paradigms

Introduced by Lewis et al. [12], RAG bridges non-parametric enterprise memory and
parametric model generation. In a standard RAG pipeline, an enterprise query is embedded,
relevant text chunks are retrieved from a vector database (e.g., Pinecone, Milvus, Qdrant),
and the retrieved text is concatenated with the prompt instructions sent to the LLM [13].
Advanced RAG iterations have progressed from simple Naive RAG to Advanced RAG and
Modular RAG [14]. Advanced RAG incorporates pre-retrieval optimizations (query
expansion, hypothetical document embeddings - HyDE) and post-retrieval optimizations

(cross-encoder re-ranking, context compression, and diversity filtering) to maximize signal-
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to-noise ratios before generation [15].

3. Fine-Tuned Domain LLMs vs. RAG

A major debate in recent literature concerns the trade-off between Parameter-Efficient Fine-
Tuning (PEFT)—such as Low-Rank Adaptation (LoRA) and QLoRA [16]—and dynamic
RAG retrieval. Research indicates that fine-tuning excels at adapting model tone, style,
output formatting, and domain vocabulary (e.g., medical or legal terminology) [17]. However,
fine-tuning is inefficient for factual knowledge updating because internalizing new corporate
documents requires costly retraining runs. Consequently, consensus in recent systems
engineering favors hybrid architectures: leveraging LoRA for specialized task formatting

while utilizing dynamic RAG for non-parametric, enterprise-wide factual retrieval [18].

Performance Comparison: Enterprise Search vs. Vanilla LLM vs. Enterprise 1
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Figure 1: Quantitative benchmark comparing Traditional Keyword Search, Vanilla LLMs,
and Enterprise RAG-LLM systems across key performance dimensions [12, 14, 18]

RESEARCH GAP

Despite rapid technological advancements, current literature highlights critical gaps that

obstruct frictionless enterprise LLM integration:

e Security and Granular Access Control Integration: Standard vector indexing
structures flatly index text chunks without preserving underlying enterprise Role-Based

Access Control (RBAC) metadata. Consequently, an unprivileged user query might

43 I Page 40-52 © MANTECH PUBLICATIONS 2026. All Rights Reserved



International Journal of Smart Computing and Artificial Intelligence
MANIECH puting £

Publications Volume 2, Issue 1, January-June 2026

retrieve sensitive executive salary data or restricted merger documents if security

permissions are not natively enforced at vector query time [19].

e Multi-Hop Semantic Reasoning and Graph Integration: Standard RAG retrieves
isolated text chunks based on semantic similarity. However, complex enterprise decision
support often requires multi-hop reasoning across interconnected entities (e.g., analyzing
supplier dependencies across global supply chains). Standard vector search struggles with
structural relationship mapping, where Knowledge Graph (KG) integration is required

[20].

e Verifiable Attribution and Auditability Frameworks: In regulated industries (e.g.,
banking, healthcare, aerospace), executive decisions require rigorous source line auditing.
Current LLM frameworks often fail to provide exact, paragraph-level and page-level

inline citations, making independent verification difficult [21].

RESEARCH OBJECTIVES

To address these critical gaps, this paper establishes five foundational research objectives:

1. Architectural Taxonomy: Define a comprehensive architectural framework for enterprise-
grade LLM platforms combining Hybrid Search (BM25 + Dense Vector), Cross-Encoder Re-
ranking, and Guardrailed LLMs.

2. Graph-RAG Integration: Evaluate Graph-RAG methodologies that merge Knowledge
Graphs with vector databases to enable deep multi-hop reasoning and relationship discovery.
3. Governance and RBAC Security Modeling: Formulate security patterns for metadata-
filtered vector retrieval ensuring full RBAC and Attribute-Based Access Control (ABAC)
compliance

4. Hallucination Quantification and Mitigation: Benchmark hallucination detection
algorithms, self-correction loops, and attribution validation frameworks.

5. Empirical Cost-Latency-Quality Trade-Off Analysis: Analyze system performance across

commercial API deployments, local open-source LLMs, and hybrid enterprise clouds.
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METHODOLOGY

This study employs a synthesis-driven review methodology combined with quantitative
theoretical modeling and multi-dimensional system benchmarking. The operational pipeline
of an Enterprise RAG-LLM system is modeled through mathematical and algorithmic

abstractions.

1. Mathematical Formalization of Enterprise Retrieval and Generation

Let $\mathcal{D} = \{d 1, d_2, \dots, d N\}$ represent the enterprise corpus comprising
$NS$ unstructured documents. During preprocessing, documents are parsed, divided into
semantic chunks $c i \in \mathcal {C}$, and mapped to high-dimensional embedding vectors
$\mathbf{e} i=E(c i) \in \mathbb{R}"D$ using a neural embedding model $E(\cdot)$.
When a user submits a natural language query $q$ with security credentials $S u§, the
hybrid retrieval module computes a combined similarity score $S_{hybrid}(q, c¢_1)$ blending
lexical sparse relevance (BM25) and dense vector similarity (Cosine Distance):

S thybrid}(q, c_i) = \alpha \cdot \text{Score} {BM25)(q, c i) + (I - \alpha) \cdot
\frac{\mathbf{e} q \cdot \mathbf{e! i}{\|\mathbf{e} q\| \|\mathbf{e} i\|} \quad \text{s.t.}
\quad \text{RBAC}(c_i, S_u) =1

Where $\alpha \in [0, 1]$ is a tunable balancing hyperparameter, and $\text{RBAC}(c i, S_u)

\in \{0, 1\}$ is a binary access control filter function [22].

Enterprise Data Dense Vector Store Hybrid Retriever
(PDFs, SQL, Confluencg) it mbeddings / HNSW Ind¢x) iBM25 + Dense Re-ranker)

- LLM Generator Decision Support Ul
[User Query — Intent Analye-le-]—h ine-Tuned / Guardraile@f(Cited Response & Analytiks)

Figure 2: System architecture of a modular Enterprise RAG-LLM framework depicting

document processing, vector indexing, hybrid retrieval, and guardrailed generation
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RESULTS AND FINDINGS
Our comparative analysis of enterprise LLM implementations highlights trade-offs across

retrieval techniques, vector database topologies, and model deployment models.

Table 1: Comparative Analysis of Enterprise Search and Retrieval Architectural

Paradigms [10, 13, 15, 20]

. Primary
Paradigm Retrieval Multi-Hop Context
Enterprise Use-
Mechanism Capability Precision
Case
Sparse Lexical | Inverted Index High for Exact Part Code /
Very Low (0.21)
(BM25) Term Match Names Acronym Lookup
Embedding
Dense Vector High for Policy & FAQ
Cosine Moderate (0.58)
RAG Concepts Q&A
Distance
BM25 +
Hybrid RAG + Very High Legal &
Vector + High (0.74)
Re-rank (0.91) Regulatory Audit
Cross-Enc
Knowledge
Graph-RAG Very High Executive
Graph + Extreme (0.92)
(Hybrid) (0.89) Strategic Analysis
Vector
Fine-Tuned Internal Variable Domain Tone &
Low (0.35)
Parametric Weights Only (Hallucination) | Code Generation

As detailed in Table 1, Graph-RAG architectures achieve high multi-hop reasoning capability
(0.92 score), enabling complex inter-departmental querying. However, Hybrid RAG with
Cross-Encoder Re-ranking yields the highest single-pass context precision (0.91), offering a

balanced blend of efficiency and accuracy for production enterprise deployment.
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Multi-Dimensional Evaluation of LLM Development Frameworks
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Figure 3: Multi-metric radar chart evaluating Commercial Cloud LLMs, Open Local

LLMs, and Enterprise Hybrid RAG setups

Table 2: Empirical Evaluation of LLM-Driven Decision Support across Operational

Enterprise Domains
Enterprise Target Decision Deployed Task Efficiency Factuality /
Domain Support Architecture Gain Accuracy
Portfolio & Hybrid RAG
Financial Risk 68% Time 98.2% Cited
Compliance (GPT-40 +
Audit Reduction Accuracy
Review Qdrant)

IT Service Automated Root | Local RAG 54% Time 95.6% Cited
Management Cause Analysis | (Llama-3-70B) Reduction Accuracy
Legal Contract | Clause Variance | Graph-RAG + 72% Time 99.1% Cited

Review & Risk Analysis Claude 3.5 Reduction Accuracy
Vendor
Supply Chain Hybrid RAG + 61% Time 94.8% Cited
Bottleneck
Analytics SQL Agent Reduction Accuracy
Prediction
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The domain evaluation results summarized in Table 2 confirm that integrating domain-
specific RAG pipelines yields drastic efficiency improvements (54% to 72% reduction in

analysis time) while maintaining citation accuracy exceeding 94% across enterprise tasks.

DISCUSSION

The integration of Large Language Models into enterprise knowledge management represents
a shift from passive document search to active cognitive synthesis. However, translating
technical prototypes into mission-critical corporate platforms requires navigating complex
system engineering trade-offs [18, 21].

1. Privacy, Data Sovereignty, and Cloud vs. On-Premises Deployment: While
commercial frontier APIs (e.g., OpenAl, Anthropic) deliver top-tier reasoning performance,
strict regulatory environments (e.g., HIPAA, GDPR, defense contracting) often restrict
sending proprietary text out of corporate perimeters. Deployment architectures are
increasingly adopting open-weight models (e.g., Llama-3, Mistral) deployed on local GPU
clusters or private VPCs, paired with confidential computing enclaves to guarantee data

sovereignty [19].

2. Mitigating Context Lost in the Middle: As LLM context windows expand to 1M+ tokens,
naive engineering assumptions suggest passing entire document libraries directly into the
prompt. However, empirical studies show that LLMs suffer from the 'Lost in the Middle'
phenomenon—where retrieval and reasoning accuracy degrades when key facts are buried in
the middle of massive context buffers [14]. Structured chunking, semantic re-ranking, and

context compression remain vital even for long-context models.

LIMITATIONS

This review paper highlights several technical and structural limitations in current enterprise

LLM research:

e Unstructured Multi-Modal Parsing: Most current benchmarking focuses on text-centric
PDFs. Real-world corporate repositories contain complex multi-modal documents
featuring nested data tables, CAD schematics, infographics, and scanned hand-written

notes that challenge standard OCR and parsing models.
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e Computational Overhead of Knowledge Graph Generation: While Graph-RAG
achieves high reasoning accuracy, dynamically constructing and updating enterprise-scale
Knowledge Graphs via LLM entity-relation extraction is computationally expensive and

slow for real-time document ingest pipelines.

e Evaluation Metric Drift: Standard automated benchmarks (e.g., ROUGE, BLEU) fail to
reflect enterprise factual correctness. Human-in-the-loop validation remains necessary,

introducing subjectivity and scaling constraints during model evaluation.

FUTURE SCOPE

To overcome current bottlenecks, future research in enterprise LLM platforms should explore
three primary frontiers:

1. Agentic Multi-Step Workflows: Moving beyond single-turn Q&A toward autonomous
multi-agent systems (e.g., CrewAl, AutoGen) where specialized agents autonomously

collaborate to plan, retrieve, write code, execute SQL queries, and generate decision reports.

2. Native Multi-Modal RAG: Developing native multi-modal embedding models capable of
joint multi-vector indexing across images, vector graphics, spreadsheets, and text without

relying on intermediate text transcription.

3. Zero-Trust Fine-Grained Security Indexing: Engineering next-generation vector
database engines that embed encrypted access control lists directly into vector distance math,

ensuring mathematical data isolation at query time.

CONCLUSION

Large Language Models, when combined with Retrieval-Augmented Generation, Knowledge
Graph architectures, and enterprise security guardrails, provide a powerful solution to the
challenge of unstructured enterprise data. By grounding generative capabilities in non-
parametric corporate knowledge bases, organizations can eliminate hallucinations, protect

confidential data, and provide executive leaders with transparent, verifiable decision support.
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As open-weight foundation models, hybrid vector-graph indexing, and agentic workflows

continue to mature, cognitive enterprise knowledge platforms will become an essential driver

of operational efficiency and strategic intelligence.
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