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Abstract

The paradigm shift from centralized cloud-based Large
Language Models (LLMs) to localized Small Language
Models (SLMs) is driven by the necessity for data
sovereignty and reduced operational latency. This re-
search presents an in-depth analysis of SLMs within
Retrieval-Augmented Generation (RAG) frameworks.
We examine the integration of Phi-4, Llama 3.2, and
Mistral-7B, utilizing 4-bit NormalFloat (NF4) quantiza-
tion to achieve high-fidelity inference on consumer-grade
hardware. Our findings provide a quantitative roadmap
for scaling AI applications without prohibitive infrastruc-
ture costs, demonstrating that SLMs can maintain 90%+
parity in context-specific tasks while reducing inference
costs by up to 95%.

1 Introduction

The rapid evolution of Transformer-based architectures
[1] has led to a ”computational arms race,” with fron-
tier Large Language Models (LLMs) [6] now exceeding
hundreds of billions of parameters. While these models
offer unparalleled general-purpose reasoning, they intro-
duce a critical bottleneck for enterprise-scale deployment:
the ”Inference Wall.” The high latency, prohibitive API
costs, and inherent privacy risks associated with cloud-
centric AI make them unsuitable for processing propri-
etary or sensitive data within strictly regulated industries.
Historically, organizations were forced to choose between
the high performance of centralized LLMs and the data
sovereignty of localized, albeit less capable, systems.

To address these challenges, the paradigm of Retrieval-
Augmented Generation (RAG) [2] has emerged as the in-
dustry standard for grounding generative models in ex-
ternal, verifiable knowledge bases. By decoupling the
model’s internal weights from its factual knowledge, RAG
significantly mitigates the risk of ”hallucinations”—the
generation of factually incorrect but synthetically plausi-
ble text. However, the traditional RAG stack still relies
heavily on massive cloud-hosted generators, which per-

petuates data sovereignty concerns and latency issues.
Recent theoretical developments have revealed that the
specific reasoning required for RAG-based factual recall
does not always necessitate the high parameter count of
frontier models.

This research explores a strategic shift toward ”Edge-
AI” by benchmarking the efficacy of Small Language
Models (SLMs)—specifically architectures under 15 bil-
lion parameters—within a localized RAG framework. We
investigate the ”Efficiency Frontier” where model size,
quantization depth, and retrieval accuracy intersect. By
utilizing advanced techniques such as 4-bit NormalFloat
(NF4) quantization [3] and Hierarchical Navigable Small
World (HNSW) vector indexing [4], we hypothesize that
SLMs can achieve 90%+ performance parity with frontier
models on domain-specific tasks. This study provides a
quantitative analysis of the trade-offs between parame-
ter density and inference throughput, offering a roadmap
for high-performance, cost-effective, and privacy-first AI
deployment on consumer-grade hardware.

2 Mathematical Framework

To evaluate the semantic relationship between a query (q)
and document chunks (D), we rely on a high-dimensional
vector space Rd.

2.1 Vector Similarity Metrics

We utilize Cosine Similarity [7] to measure seman-
tic alignment, which is critical for variable-length text
chunks:

Sc(q, d) =
q · d

∥q∥∥d∥
(1)

2.2 Quantization Loss Logic

We apply 4-bit NormalFloat (NF4) quantization to
reduce VRAM requirements. The de-quantization pro-
cess is modeled as:

W = doubleDequant(c2, quant(c1, Q)) + ϵ (2)
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where ϵ represents the quantization error. Our objective
is to minimize ϵ while maximizing token throughput.

3 System Architecture

The system architecture follows a robust four-stage
pipeline designed for low-latency, localized operation.

3.1 Data Ingestion & Pre-processing

Raw unstructured data (PDF, Markdown) is parsed and
segmented into discrete units using a Recursive Char-
acter Text Splitter. We utilize a chunk size of 512
tokens with a 50-token overlap to prevent ”context clip-
ping,” where vital semantic information is bisected at
chunk boundaries.

3.2 Embedding and Vector Persistence

Text chunks are mapped to 384-dimensional embeddings
using the bge-small-en-v1.5 model [8]. These vectors are
persisted in ChromaDB using a Hierarchical Naviga-
ble Small World (HNSW) index. This graph-based
structure allows for O(log n) retrieval complexity, facil-
itating near-instantaneous semantic search even as the
database scales to millions of records.

3.3 The Generation Engine

The generator utilizes Grouped-Query Attention
(GQA) and KV-Caching to minimize redundant com-
putations. By hosting the 4-bit quantized model locally
via llama.cpp, we ensure that the retrieval context is
injected directly into the prompt without external API
calls.

4 Experimental Setup

To ensure statistical significance and reproducibility, we
standardized the following environment:

• Hardware: NVIDIA RTX 3060 (12GB GDDR6),
AMD Ryzen 7 5800X, 32GB RAM.

• Software Stack: Ubuntu 22.04 LTS, CUDA 12.1,
Python 3.10.

• Benchmark Dataset: SQuAD v2.0 for factual
accuracy and custom enterprise technical manuals
(5,000+ pages) for domain-specific recall.

• Models Tested: Phi-4 (14B), Llama 3.2 (3B) [5],
and Mistral-7B v0.3 (all in Q4 K M GGUF format).

5 Results and Detailed Analysis

The experimental data reveals a compelling trade-off be-
tween parameter count and inference speed.

5.1 Throughput and Latency

As shown in Table 1, Llama 3.2 (3B) delivered a Time-
To-First-Token (TTFT) of 32ms, roughly 7x faster than
unquantized 7B models. This meets the 200ms human-
perception threshold for ”real-time” interaction.

Model Tokens/sec VRAM (GB) Recall@5

Llama 3.2 (3B) 95.4 2.2 0.84
Mistral 7B v0.3 48.2 4.8 0.88
Phi-4 (14B) 21.5 9.8 0.91

Table 1: System performance metrics across tested SLMs.

5.2 Discussion of Findings

Our results confirm that 4-bit quantization reduces
VRAM usage by ∼70% while causing less than a 1.5%
drop in factual accuracy. The high Recall@5 of the Phi-
4 model (0.91) suggests that for complex technical doc-
umentation, slightly larger SLMs are preferred. How-
ever, for general Q&A, the Llama 3.2 (3B) model offers a
”Sweet Spot” for edge devices with limited memory.

6 Conclusion

This study proves that localized SLMs are ready for
production-ready RAG. By leveraging HNSW indexing
and NF4 quantization, sophisticated AI can be deployed
on consumer hardware without compromising privacy or
performance. Future work will investigate multimodal
RAG implementations.
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