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Abstract—Material leakage concerns often make public
cloud-based Large Language Models (LLMs) a non-starter for
enterprise document analysis, especially when highly sensitive
data is involved. To address this, our work proposes a localized,
privacy-first framework that pairs Retrieval-Augmented
Generation (RAG) with quantized open-source LLMs to process
documents safely. We systematically evaluate the practical trade-
offs among text analysis accuracy, memory footprint, and
computational latency across varying hardware optimizations.
Our empirical testing demonstrates that an 8-bit quantized local
model achieves a robust 94.2% context adherence rate, closely
comparable to equivalent cloud models, all while guaranteeing
complete data isolation within an air-gapped corporate network.
Furthermore, this extended research dives deep into
mathematical formulations of quantization scaling factors,
dynamic  parameter-efficient fine-tuning via Low-Rank
Adaptation (LoRA), and hierarchical vector indexing. We
conclude with a comprehensive total cost of ownership (TCO)
analysis, comparing self-hosted hardware ecosystems against
recurring public API operational expenditures, proving that on-
premise localized intelligence is not only more secure but
overwhelmingly more economically viable for high-volume
enterprise pipelines.
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Post-Training Quantization, Retrieval-Augmented Generation,
Data Privacy, Large Language Models, Zero-Trust Networks,
Low-Rank Adaptation.

. INTRODUCTION

The modern corporate world generates massive volumes of
unstructured text on a daily basis. From intricate financial
audits and rigorous compliance guidelines to legal mandates
and highly confidential strategic records, the sheer scale of
textual data has long overwhelmed traditional analytical
techniques. Historically, pulling timely and relevant insights
out of these dense data silos required heavy manual effort,
leading to analytical bottlenecks and significantly delayed
decision-making cycles. However, the landscape has shifted
dramatically over the past few years. Thanks to the evolution
of transformer-based neural networks and the unprecedented
scaling of contemporary Large Language Models (LLMs), we
are witnessing a fundamental paradigm shift. These models
have irreversibly changed fields like semantic entity
extraction, deep natural language understanding, and complex
multi-document text analysis, turning days of human labor into
seconds of machine execution.

Even with these impressive capabilities, mainstream
enterprise adoption of generative artificial intelligence hits
major roadblocks. The primary concerns revolve tightly
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around information security, data compliance, and the severe
risk of leaking intellectual property. Standard commercial Al
solutions currently dominate the market, but they rely heavily
on cloud-hosted public APIs. Funneling private company
records—which often contain personally identifiable
information (PII), proprietary source code, or unreleased
financial earnings—to external servers opens up numerous
exposure channels. This continuous data transmission
frequently violates strict regional and industry-specific
regulations like the General Data Protection Regulation
(GDPR) in Europe and the Health Insurance Portability and
Accountability Act (HIPAA) in the United States. On top of
the potential regulatory fines—which can hit a staggering 4%
of global annual turnover under GDPR—the reputational
damage of a corporate data breach creates a risk profile that
most enterprise IT architects find completely unacceptable.

To sidestep these catastrophic risks, organizations are
increasingly exploring localized, on-premise document
processing systems. Running intelligence strictly in-house
allows a company to maintain absolute and undeniable data
sovereignty. If the data never leaves the internal network, it
cannot be intercepted by third parties or utilized by external
providers to train subsequent generations of public models.
However, deploying cutting-edge LLMs locally comes with
serious, often prohibitive engineering hurdles. These hurdles
are mostly due to the steep hardware costs and immense Video
RAM (VRAM) overhead demanded by native 16-bit floating-
point parameter architectures. Simply loading the weights of a
standard 8-billion parameter foundational model requires over
16 GB of high-speed VRAM. This renders deployment on
standard consumer-grade workstations impossible without
structural software modifications, forcing companies either
into expensive enterprise hardware contracts or pushing them
back toward the risky cloud.

This study presents a comprehensive architectural blueprint
designed to resolve that exact tension. We have constructed an
isolated, on-premise document analysis pipeline that merges a
closed-loop  Retrieval-Augmented  Generation  (RAG)
architecture with advanced Post-Training Quantization (PTQ)
techniques. By heavily utilizing RAG, we ensure that the
model's outputs maintain strict factual correctness grounded
only in internal corporate data, entirely eliminating the reliance
on the LLM's parametric memory. Simultaneously, by
mathematically compressing the neural network's precision
state, we exponentially lower the hardware barrier to entry,
bringing enterprise-grade intelligence to standard desktop
hardware.
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To guarantee strict compliance with international security
standards, our framework operates under a rigid threat model,
assuming deployment within a fully air-gapped corporate
intranet or a zero-trust network environment. By entirely
cutting off external internet connectivity at the hardware level
during the inference phase, this localized approach
categorically eliminates any chance of outbound telemetry,
adversarial API eavesdropping, or accidental data leaks via
unauthorized third-party cloud synchronization.

Crucially, while the baseline concept of local RAG is
gaining industry traction, the primary novelty of this research
lies in our rigorous empirical mapping of the hardware-to-
semantic-degradation thresholds. We mathematically identify
the exact precision boundary (the INT4 cliff) where enterprise
compliance and logical reasoning catastrophically fail, offering
a verified blueprint for balancing privacy, hardware
constraints, and accuracy that off-the-shelf cloud solutions
cannot provide.

II. LITERATURE REVIEW

The intersection of natural language processing and
resource-constrained computational execution is currently
moving at an incredibly fast pace. Early progress in contextual
language modeling—most notably Bidirectional Encoder
Representations from Transformers (BERT) and its subsequent
variants—proved highly effective for discriminative NLP tasks
like document classification and named entity recognition on
local desktop machines. Because these were encoder-only
frameworks with relatively shallow parameter counts, they
were highly parallelizable and easily fit into standard system
memory buffers. Generative workflows, however, require
computationally demanding auto-regressive decoding loops.
As foundational models ballooned from millions to tens of
billions, and eventually trillions of parameters, run-time
hardware optimization quickly became the primary bottleneck
preventing local deployment.

To clear these massive hurdles, recent computer science
research has leaned heavily into Post-Training Quantization
(PTQ). Seminal work by various research groups showed that
language model weights can be aggressively compressed from
high-precision floating-point formats down to discrete integer
spaces—such as 8-bit or 4-bit boundaries—with barely any
loss in linguistic performance. These quantization techniques
have effectively democratized open-source foundational
models like the Meta Llama series and Mistral architectures,
allowing researchers and commercial businesses alike to run
complex Al reasoning cores on standard, consumer-grade
graphics processing hardware.

A. Evolution Of Ultra-Low-Bit Quantization Paradigms

Neural compression picked up even more speed between
2024 and 2026. Breakthroughs like Activation-aware Weight
Quantization (AWQ) and the widespread adoption of ultra-
low-bit formats, such as 2-bit and 3-bit GGUF architectures,
have pushed physical hardware constraints even further than
previously thought possible. AWQ manages to sustain
semantic coherence by dynamically maintaining a highly
sensitive subset—roughly 1% of the network's most salient
weights—at a much higher precision during the transformation
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process. While these ultra-low-bit formats offer unheard-of
VRAM savings and allow large models to run on mobile
devices, recent studies on privacy frameworks suggest they
might suffer from significantly increased semantic
deterioration when dealing with highly technical legal and

financial contexts. Striking the right balance between
aggressive mathematical compression and strict semantic
integrity remains a critical challenge for corporate
implementations.

B.  Retrieval-Augmented Generation As A Fine-Tuning

Alternative

At the same time, Retrieval-Augmented Generation (RAG)
has emerged as the industry's go-to standard for steering model
behavior in specific proprietary knowledge domains without
absorbing the massive computing costs and -catastrophic
forgetting risks associated with full-parameter fine-tuning.
Instead of trying to encode a company's entire historical text
archive directly into the model's static neural weights, RAG
uses a decoupled, non-parametric approach. The system relies
on dense vector embedding measures to pull relevant
document fragments from an external database at runtime,
prepending them straight into the model's temporary context
window. This ensures that the model only answers based on
explicit evidence provided in the prompt.

While the basic conceptual foundations behind RAG are
well understood in the academic community, actually
implementing these pipelines under strict enterprise hardware
and privacy restrictions remains a surprisingly tough
engineering problem. Recent research highlights that poorly
optimized vectorization chunks, inefficient embedding models,
and unbounded prompt paths can lead to severe I/O
bottlenecks, hidden processing delays, or even severe
algorithmic hallucinations. Building on these foundations, this
study offers a workable, mathematically verified
implementation strategy that pairs 8-bit quantized inferencing
with deterministic prompt structures to ensure document
analysis is both secure, dependable, and highly performant.

III. THEORETICAL FRAMEWORK AND METHODOLOGY
A. Zero-Trust Network Constraints And Threat Modeling

To satisfy stringent enterprise compliance mandates such
as HIPAA, GDPR, and internal intellectual property controls,
our proposed architecture is strictly confined within a zero-
trust network boundary. The fundamental premise of zero-trust
in this context is that no API endpoint, regardless of its SSL
encryption status or corporate licensing agreement, is trusted
with raw plaintext data. The hardware executing the Large
Language Model and the supporting vector database is
completely air-gapped during the active inference phase. All
required model weights, embedding dictionaries, and
tokenizers are downloaded directly to the local storage pre-
deployment. Once the computational environment is
initialized, physical router configurations and software-based
firewalls completely sever all outbound internet access. This
ensures that even if sophisticated, malicious prompt-injection
techniques are attempted by a compromised internal user
account, data exfiltration to a remote server is structurally and
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physically impossible. The model becomes a closed
computational loop.
B.  Semantic Vectorization And Contextual Ingestion

Mathematics

To process large, unstructured corporate repositories, the
documents must first undergo rigorous standard normalization
to remove irregular UTF-8 artifacts and formatting anomalies.
Let a document collection be mathematically represented as a
set D = {dl, d2, ..., dn}. Because modern transformer models
possess a finite input sequence length (context window), we
must divide each individual document di into a series of
consecutive text chunks, Ci = {ci,1, ci,2, ..., ci,m}.

We deploy a dynamic sliding window technique where
each chunk ci,j has a strict maximum length of Nt = 512
characters. To prevent semantic truncation at chunk
boundaries—where a crucial legal clause or a multi-line
financial equation might accidentally get split across two
completely distinct database entries—we apply a fixed,
mandatory overlap margin of Ot = 64 tokens. This guarantees
that contextual continuity is preserved across the entire corpus.

Each overlapping text piece is then transformed into a
dense vector embedding via an on-premise, refined bi-encoder
model (e.g., all-mpnet-base-v2). We express the highly non-
linear embedding function mapping the textual string to a
continuous d-dimensional vector space (where d = 768) as vi,j
= phi(ci,j). These resulting vectors are then indexed in a local
instance of an open-source vector database.

To assess semantic proximity between the user's query and
the stored document chunks, we rely on cosine similarity as
the primary distance metric. Given two vectors, the similarity
score is calculated as:

Sim(vl, v2) = (vl - v2) / (|v1]| [Iv2]])

This formulation ensures that the magnitude of the text
chunk does not artificially inflate its relevance score, focusing
the retrieval engine purely on the underlying semantic
direction of the embedded text.

C. Vector Space Search Via HNSW Graph Topology

Storing dense vectors is trivial, but retrieving them with
sub-millisecond latency from a massive corporate database
requires advanced indexing topology. Instead of using a
standard flat index or an Inverted File Index (IVF) which relies
heavily on Voronoi cell clustering, we utilize a Hierarchical
Navigable Small World (HNSW) graph. The HNSW algorithm
constructs a multi-layered skip-list graph architecture. During
a search, the algorithm enters the top layer, finding the local
minimum, and then aggressively drops down through the
layers, zeroing in on the target vector. This approach
guarantees an algorithmic search complexity of roughly O(log
N), allowing the local machine to search millions of corporate
records almost instantaneously without requiring a dedicated
CPU cluster.

D. Advanced Asymmetric Quantization Mathematics

Post-Training Quantization (PTQ) fundamentally alters the
physical memory landscape of the local Large Language
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Model. To maintain strict numerical stability during billions of
matrix multiplications, we employ an 8-bit asymmetric
quantization method (W8A16). This algorithm compresses the
static model weights from 16-bit floating-point (FP16)
representations down to 8-bit integers (INTS8), while critically
preserving 16-bit activation states to prevent attention
mechanism degradation.

Within established statistical constraints [alpha, beta], the
uniform transformation that maps the continuous weight tensor
values W to the highly discrete quantized integer space q is
expressed as:

q=round(W/S)+Z

Here, Z is the required zero-point offset derived from the
minimum and maximum weight distributions, ensuring that
real zero maps exactly to an integer, avoiding systematic bias.
S is the computed mathematical scaling factor. To minimize
the overall quantization error, the scaling factor is formally
defined as:

S = (beta - alpha) / (Wmax - Wmin)
and the zero-point as:
Z = alpha + round(-Wmin / S)

During the actual forward pass of the neural network inside
the GPU, the quantized integer weights must be temporarily
cast back to a higher precision format (FP16) immediately
before multiplying with the activation tensors. The de-
quantization approximation is computed dynamically and
continuously as:

W_approx =S * (q - Z)

This on-the-fly, localized de-quantization introduces a very
minor computational latency penalty at the CUDA core level,
but it successfully reduces the overall static VRAM allocation
required to hold the model weights in memory by nearly half.

E. Continuous Integration Via Low-Rank Adaptation (LoRA)

Unlike dynamic cloud APIs that receive silent, automatic
updates and retraining from their corporate providers,
localized self-hosted LLMs deployed in air-gapped
environments are essentially static software artifacts. To
combat model staleness as proprietary corporate jargon,
project names, and internal acronyms naturally evolve over

months and years, businesses must adopt Continuous
Integration techniques tailored specifically for LLMs
(LLMOps).

Rather than executing a full-parameter fine-tuning pass—
which requires immense, specialized GPU clusters and days of
computation time—organizations can utilize Parameter-
Efficient Fine-Tuning (PEFT) methods like Low-Rank
Adaptation (LoRA). LoRA fundamentally freezes the dense,
pre-trained model weights and strategically injects tiny,
trainable rank decomposition matrices into each specific layer
of the Transformer architecture.

For a pre-trained weight matrix W0, the weight update is
mathematically constrained by representing it with a low-rank
decomposition:
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W =WO0 + deltaW = W0 + BA

In this equation, B and A represent the low-rank matrices.
During the monthly offline update cycle, only the matrices A
and B receive gradient updates through backpropagation.
These small, highly flexible weight changes typically represent
less than 0.1% of the total model parameters. This allows data
science teams to inject updated domain information into the
framework efficiently without requiring a massive distributed
server cluster or risking the catastrophic forgetting of the
foundational linguistic training.

F. Deterministic Prompt Synthesis And Pipeline Execution

Inside the isolated local network, whenever a user submits
a natural language query Q, it is immediately vectorized by the
bi-encoder to yield the query vector vQ = phi(Q). The local
vector database then runs an approximate K-Nearest
Neighbors (K-NN) search across the HNSW indexed graph to
rapidly identify the top K most semantically relevant text
chunks (where typically K=3 to limit context bloat).

These isolated historical context fragments {cl, c2, ..., cK}
are rigidly concatenated with a strict, deterministic system
instruction template I. This instruction template forces the
model to ignore prior parametric knowledge and rely solely on
the provided text. This synthesized payload forms the final
prompt sequence P, which is routed directly to the local
quantized inference engine without ever triggering an external
API handshake:

P = Concat(I, sum(ck), Q)

Algorithm 1 Secure Enterprise RAG Execution

: Input: Query Q, Corpus D, Top-K =3
: Output: Secure Generation R
: Initialize zero-trust hardware boundary
: Extract & chunk D into {¢ 1,c 2,..,c_m}
: For each chunk ¢ j in D:

Compute vector v_j = phi(c_j)

Index v_j in HNSW Graph Space
: Vectorize User Query: v_Q = phi(Q)
: Retrieve Top-K chunks via cosine sim
10: Synthesize Prompt P = Concat(l, C, Q)
11: Load INT8 Quantized Weights W
12: R = Autoregressive_Decode(P, W)
13: Return Secure Response R

1
2
3
4
5
6
7
8
9

IV. ANALYSIS AND EXPERIMENTAL RESULTS
A. Configuring The Hardware Infrastructure

We intentionally set up the local simulation pipeline on a
unified corporate workstation rather than a massive data center
server rack to simulate standard, accessible IT deployments.
The workstation was equipped with a consumer-grade AMD
Ryzen 9 7950X CPU, 64 GB of DDRS5 Host RAM, and a
single NVIDIA RTX 4090 GPU offering 24 GB of GDDR6X
Video RAM (VRAM). This setup mirrors a fairly typical,
high-end business analytical machine that can sit under an
employee's desk, entirely independent of centralized cloud
clusters.
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TABLE I. HARDWARE INFRASTRUCTURE SPECIFICATIONS

Component Specification Allocation
Processor AMD Ryzen 9|16 Cores/32
7950X Threads
System Memory 64 GB DDRS Host RAM
Graphics Unit NVIDIA RTX 4090 | 24 GB GDDR6X
VRAM
Storage 2TB NVMe Gen4 Vector DB Cache
Network Air-Gapped 0 Outbound
Packets
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B. Synthetic Corpus Curation And Query Taxonomy

For our core evaluation data, we could not use standard
open-source datasets (like Wikipedia or SQuAD) because they
do not accurately reflect the density and structural complexity
of corporate literature. Instead, we curated a highly specific
synthetic repository of 500 artificial corporate records. This
corpus included 150 legal non-disclosure agreements, 150
simulated SEC 10-K financial summaries, 100 internal HR
policy documents, and 100 deep IT infrastructure runbooks,
totaling roughly 1.2 million tokens. While standard RAG
benchmark datasets (e.g., MS MARCO) exist, they were
intentionally bypassed; they lack the dense, domain-specific
proprietary language of enterprise data, making our synthetic
repository a much more accurate stress test for real-world
compliance deployments.

We then constructed a comprehensive query taxonomy to
stress-test the model. The query set contained 250 single-hop
factual queries (e.g., 'What is the stated penalty for a data
breach in NDA-402?"), 150 complex multi-hop reasoning
queries requiring synthesis across multiple retrieved chunks,
and 100 adversarial ‘'unanswerable' queries specifically
designed to test the model's resistance to hallucination when
the data was absent from the vector database.

C. Formal Evaluation Metrics And Scoring Protocols

To accurately quantify the semantic integrity of the local
LLM against massive cloud baselines, we established two
primary automated evaluation metrics: Context Adherence
(CA) and Hallucination Rate (HR). Context Adherence is
strictly defined as the percentage of factual claims generated in
the final response that are directly verifiable and logically
entailed within the retrieved Top-K document chunks.
Conversely, the Hallucination Rate measures the percentage of
assertions made by the generated output that either directly
contradict the retrieved context or completely fabricate
external data not present in the secured database. Balancing
exceptionally high CA with near-zero HR is the ultimate
operational goal of the entire system. To ensure
reproducibility, all generations were evaluated using a strict
LLM-as-a-judge automated scoring pipeline (powered by
GPT-4), validated against a 10% human-annotated ground-
truth sample.
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V. EMPIRICAL RESULTS AND TELEMETRY ANALYSIS
A. Memory Footprint And Hardware Optimization

Memory optimizations achieved through asymmetric
mathematical quantization demonstrate that compressing the
foundational model to INT8 precision cuts the baseline VRAM
requirements essentially in half. Our tests show that a native
FP16 8-billion parameter model consumes an enormous 21.4
GB of peak active memory during sequence generation. This
pushes dangerously close to the 24 GB maximum physical
capacity of the RTX 4090 GPU, leaving almost no memory
bandwidth for operating system overhead, concurrent vector
database operations, or expanding context windows.

Hardware Footprint and VRAM Optimization Across Precisions
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Fig. 1. Comparison of static VRAM allocation and peak active memory spikes
during generation across varying floating point and integer formats

By contrast, the 8-bit quantized engine radically reduces
maximum active memory spikes to a much safer, stable 11.2
GB, allowing parallel batch processes to run smoothly on
standard consumer-grade hardware without triggering system
out-of-memory (OOM) fatal errors.

TABLE II. TELEMETRY PROFILE ACROSS PRECISION FORMATS
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rate of the multi-trillion parameter Cloud API (GPT-4), the 8-
bit local model easily crosses the minimum operational
threshold needed for dependable corporate use. The output is
highly reliable, grounded, and structurally sound.

Semantic Integrity vs. Hallucination Rate by Model

951

Context Adherence (%)
o
S
Hallucination Rate (%)

70

T T T —0
Cloud API Local Native Local Quantized Local Quantized
(GPT-4) FP16 INT8 INT4

Fig. 2. The inverse correlation between semantic reliability and aggressive
model compression (INT4) in comparison to a Cloud API baseline.

However, compressing the model further down to INT4
accuracy reveals a steep, catastrophic semantic degradation
cliff. At 4-bit precision, context adherence drops dramatically
to 81.2% and hallucination rates triple to 6.8%. Pushing it
further to INT2 results in near-complete logical collapse. This
makes anything below INT8 far too risky for analyzing legally
binding documents or financial projections.

TABLE III. SEMANTIC INTEGRITY VS. COMPRESSION DEGRADATION

Model Profile Context Adhere Hallucination
Cloud API | 98.1% 1.0%
(GPT-4)

Local Native | 95.3% 1.6%
FP16

Local Quant | 94.2% 1.8%
INT8

Local Quant | 81.2% 6.8%
INT4

Local Quant | 64.5% 15.4%
INT2

Precision Static Peak Active | Speed
VRAM VRAM

Native FP16 16.1 GB 21.4GB 48.2 tok/s

INT8 8.4 GB 11.2 GB 39.5 tok/s

(W8AL16)

INT4 (AWQ) | 4.8GB 6.5 GB 41.1 tok/s

INT2 (GGUF) | 29GB 4.1GB 45.0 tok/s

B. Semantic Integrity Vs. Compression Thresholds

Applying our formal evaluation metrics to the generated

text outputs, the empirical data shows the 8-bit quantized local
model hitting a remarkably strong 94.2% context adherence
rate. Even though it slightly lags behind the 98.1% adherence
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C. Vector Retrieval Parameter Ablation

To understand the exact impact of retrieval volume on
model confusion, we conducted an ablation study altering the
Top-K retrieval parameter. Returning too few chunks (K = 1)
results in high T don't know' fallback responses due to missing
context. However, returning too many chunks (K = 10)
overwhelms the 8-bit model's attention heads with semantic
noise, artificially increasing the hallucination rate. Setting K =
3 optimally balances recall without diluting the prompt signal.
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TABLE IV. RETRIEVAL PARAMETER (TOP-K) ABLATION STUDY

Top-K Context Noise Adherence
Value Found Dilution

K=1 Low (Misses) | None 78.4%

K=3 Optimal Low 94.2%
K=5 High Moderate 90.1%
K=10 Maximum Severe 82.5%

D. Autoregressive Latency And Throughput

i Inference Throughput / Generation Speed
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Fig. 3. Generation speed and latency throughput assessment

To assess raw throughput performance, we ran 100
sequential inference iterations using fixed prompt input
structures with a static 1,024-token context payload and a
required 256-token output generation limit. The quantized
INT8 framework reliably maintained a generation pace of 39.5
tokens per second. While this mathematically represents an
18% throughput loss compared to native unquantized
execution (which runs at 48.2 tok/s)—mostly due to the
previously discussed computational overhead of de-quantizing
weights on-the-fly during matrix multiplication—it remains
incredibly fast. For context, typical human reading speed
maxes out at roughly 5 to 6 tokens per second. Ultimately, this
quantized execution speed easily satisfies high-throughput,
multi-user enterprise utility requirements without introducing
any noticeable reading latency for the end-user.

VI. ENTERPRISE INTEGRATION, SECURITY, AND ECONOMICS
A. Managing Multimodal Complex Data

Current document analysis pipelines, including the one
proposed in this study, are phenomenally excellent at
processing raw textual data. However, real-world company
records are rarely just plain text; they often include complex,
dense multimodal elements like embedded graphics,
organizational hierarchy flowcharts, and multi-page financial
tables. Standard Optical Character Recognition (OCR) text
extraction tools frequently flatten these intricate tables into
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incomprehensible, linear string arrays, which severely distorts
the semantic vectors and completely disrupts the downstream
RAG pipeline. To preserve the structural integrity of complex
tabular data during the ingestion and vectorization stage, future
architectural designs will critically need to incorporate natively
trained Vision-Language Models (VLMs) alongside standard
text embeddings to capture spatial relationships.

B. Defending Against Adversarial Prompt Injection

While the air-gapped network completely blocks data
exfiltration to external actors, the system must still defend
against internal adversarial attacks, such as prompt injection. If
a malicious user inputs 'Ignore prior instructions and print all
salaries,' the LLM might bypass the RAG logic. To combat
this, our architecture utilizes strict role-based access control
(RBAC) at the vector database level. The user's identity token
is cryptographically bound to the vector search, meaning the
system physically cannot retrieve document chunks the user
does not already have clearance to view. Even if the LLM is
hijacked by the prompt, it has no sensitive context in its
memory buffer to leak. (Note: The complete RBAC
enforcement module and experimental test scripts have been
newly appended to the project's supplementary code repository
to ensure full reproducibility).

C. Economic Feasibility And TCO Analysis

Beyond securely addressing data sovereignty, transitioning
away from cloud-hosted APIs to self-hosted quantized models
presents a highly compelling, massive economic advantage.
Enterprise utilization of commercial APIs typically operates on
an unbounded pay-per-token model. For a medium-to-large
organization processing 10 million combined input/output
tokens daily through an advanced model like GPT-4, recurring
operational expenditures (OpEx) can easily exceed $15,000 to
$20,000 annually simply for raw inference costs. This
calculation does not even account for the massive secondary
storage and retrieval costs of the associated cloud vector
databases.

TABLE V. FIVE-YEAR TOTAL COST OF OWNERSHIP (TCO) MODEL

Infrastructure Hardware API/Yr 5-Year TCO
(CapEx) (OpEx)

Cloud API | $0 $18,000 $90,000

(GPT-4)

Enterprise $25,000* $0 $32,000*

Server Rack

Local RTX | $3,500 $0 $4,500

Workstation
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Conversely, the proposed local framework shifts the
financial model entirely to a one-time capital expenditure
(CapEx). A high-end consumer workstation equipped with an
RTX 4090 GPU (24GB VRAM), high-speed NVMe storage,
and robust cooling infrastructure requires a one-time
investment of approximately $3,500. Furthermore, because the
INT8 quantized model operates efficiently without requiring
massive enterprise-grade data center GPUs (like the NVIDIA
A100 or H100, which cost upwards of $20,000 each and




ISSN 2305-7254

require specialized HVAC cooling), the barrier to entry is
radically reduced. Our calculations suggest that for high-
volume text analysis operations, the self-hosted hardware
ecosystem achieves full return on investment (ROI) within just
three to four months of continuous deployment, while
eliminating variable token costs for the next five years.

D. Operationalizing LLMOps In Air-Gapped Intranets

Deploying a local model is not a one-time event; it requires
ongoing maintenance. As corporate jargon evolves, new
products are launched, and internal acronyms change, the base
knowledge of the language model slowly degrades. Because
the system is air-gapped, it cannot silently download updates
from the internet. Businesses must implement internal
Continuous Integration techniques for LLMs (LLMOps).
Utilizing the Low-Rank Adaptation (LoRA) mathematics
defined in Section III, internal data science teams can securely
train small adapter weights on newly generated company
documents using the local workstation itself during off-hours,
merging the updated rank matrices back into the base model
seamlessly without network access.

VII. CONCLUSION

This comprehensive study concretely demonstrates that
utilizing mathematically quantized open-source Large
Language Models in tandem with localized Retrieval-
Augmented Generation (RAG) offers a highly practical,
immensely secure, and economically superior alternative to
cloud APIs for privacy-critical enterprise environments. By
carefully compressing the inference engine down to 8-bits
using uniform asymmetric transformations, we successfully
brought highly sophisticated text-processing capabilities
directly to standard consumer-grade GPU hardware, slashing
peak operational VRAM overhead by 47.6%.

Our extensive empirical evaluations highlighted a critical,
non-negotiable  tradeoff threshold between hardware
optimization and semantic accuracy. While 8-bit quantization
successfully delivered a robust 94.2% context adherence rate
with only negligible increases in hallucination, pushing
mathematical compression further into the 4-bit precision
realm severely and unacceptably compromised the semantic
integrity required for strict corporate compliance.

Moving forward, we plan to aggressively explore two
primary expansion paths for this architecture. First, we aim to
develop multi-modal local embedding structures so the system
can seamlessly handle embedded images, flowcharts, and
complex document tables natively. Second, we will deeply
look into automating the integration of parameter-efficient
fine-tuning (PEFT) techniques, specifically Low-Rank
Adaptation (LoRA), allowing local air-gapped models to
dynamically learn and self-adjust to new industry-specific
jargon over time without human intervention.
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