// TECHNICAL REFERENCE & EXPLAINER

Open Source Al Models:
Weights & Quantization

What are open-source Al model weights, and why do their file formats matter? How
are these models stored, shared, compressed, and prepared to run across different
hardware? This guide answers those questions by breaking down the formats,
tradeoffs, and quantization methods that shape model portability, efficiency, and
performance.

GLM-5.2, DeepSeek-V3, Gemma-4 Safetensors, GGUF, NPZ, PyTorch Pickle

FP8, NVFP4, AWQ, GPTQ, K-Quants

00. Open-Weight .

// API INFRASTRUCTURE (SAAS APIS)

Sovereignty Proprielary API Renling

Open Weights Owning

The shift from black-box APl consumption to Opacity & Drift: Weights are hidden behind
! 5 secure network proxies. Output ibutions drift . Determinism & Security: Absolute possession of
owning bare-metal matrix parameters. silently due to upstream model fine-tuning, the physical layers. Execution is unmetered,
Distributing \'mel\igence as portable pruning, or hardware swapping. completely private, offline, and guarantees static
. predictability.
serialized tensors. Metered & Latent: Substantially bound to network
transport latencies. Priced strictly per-token (I /() « Silicon Portability: Models run natively on unified
). with strict limits and user data logging risks. architectures (Mac Apple Silicon via MLX) or scale

dynamically across cloud GPU clusters (via vLLM)

Static Adaptation: Customizing behaviors is with zero telemetry.

restricted to prompt engineering or expen:

// SYSTEM BOUNDARY INDEPENDENCE opaque fine-tuning interfaces controlled by the « Infinite Architectural Hacks: Inspect activation
provider. layers, merge weights mathematically, graft

spe d adapters (LoRA [ QLoRA), or override

the attention mechanism entirely.

By extracting neural states as raw mathematical
arrays, developers run models independent of vendor
APls, telemetry checks, or metered execution
environments.

ION PATHWAY: R

// RUNTIME DEPLOYMENT TAXONOMIES

Loeal Edge Compulalions Distribuled Enterprise Clusiers
Compiles network matrices to run on standard RAM Hosts uncompressed or dynamic float clusters

or desktop GPUs. Relies on aggressive compression across multiple server Nodes. Executes tensor-

(GGUF, MLX) to bypass edge me bandwidth parallel kernels using optimized PagedAttention
bottlenecks. SChemas.
ENGINES: Ollama, Lllama.cpp, X, Ln ENGINES: v S6Lang, TensorRT-LLM, Triton
m T h
01. The Weight , _ ,
. 2. . ® Binary Format Inspector (Comparative Blueprint)
Al Al
Serialization Spectrum
How does a billion-parameter network exist A. PyTorch Pickle Format (.bin / .pt) SECURITY VULNERABILITY
on disk? Before any matrix multiplication
. 21P Header
occurs in silicon, mathematical structures <3\ B4
must be serialized into streams of bytes.
Security Context: Deserialization: Execution Pathway:
Wirtual machine unpickles serialized Parsed manually inside a Python engine  Allocated as traditional Python
opcodes sequentially. Tampered files context. No structured constraints; variables in system RAM before

can call subprocesses or execute head serial to target GPU

arbitary remote command hooks. reconstruction loops. devices over PCl lines.



B. Hugging Face Safetensors Layout

Header Size

Security Context:

Declarative shape constraints. It is
physically impossible to execute code
payloads since no virtual environment

JSON Metadata Padding
, offsets L diypes Alignnent

Deserialization:

Header is processed, and the offset
pointers are immediately bound
directly to standard physical address

ZERD-COPY HARDWARE MAP

Direct Tensor Buffer Zone

Execution Pathway:

Allows direct zero-copy memaory
mapping (mmap) via Direct Memory
Access (DMA) from PCle storage to

parser is invoked channels. GPU VRAM.

BELOCK-ALIGN INFRASTRUCTURE

=]

. BGUF (1lama.cpp) Unified Layout

Tensor
KV Matadata Array

Hyperparansters & Toker

Aligned Quantized Blocks
Dynanically bit-sllacated layers

Directory
Offset pod

Security Context: Deserialization: Execution Pathway:

Extremely secure structured schema
binary format. All elements must
validate strictly against header-defined  stream, bypassing outside
configurations:

Single integrated file reading. Stores
hyperparameters directly in the header  split GPU nodes, seamlessly offloading
designated memory layers to local
computer RAM

Allows precise layer splitting across

index locations.

GET SERVING ENVIRONMENTS

4 SECURITY STATE

PyTorch (bin/ Unsafe (Arbitrary  High (Dbject initialization

pt) Exec) Loops) Research workflows & Model Training

vLLM, HuggingFace Hub, enterprise
clouds

Secure (Strict

Zero (DS-Level Direct Mmaj
Schema) ¢ P)

Safetensors

Secure (Binar s 1lama.c Ollama, high-efficienc
GGUF ¢ v Minimal (Metadata parse only) pp. . higl y
Schema) local edge

02. Ecosystem Pathways & Runtime Bindings

The exact same parameter values are represented differently across different parts of the Al

ecosystem. Here is how weights are packaged and run under different frameworks.

HF o v ML

Ollama Apple MLX

Hugging Face Hub

The gold standard archive for base
models. Models are released as raw,
non-gquantized weights (usually 16-
bit BFI6/FFIE) or high-fidelity FP8

representations.

// Files on Repo

- model-801-of-
B12.safetensors

- config.json
(hyperparameters)

- tokenizer.json (tokenizer
states)

- generation_config.json

LOADER: transformers /
FyTorch

// CONCEPTUAL PRIMER

A developer-centric local runtime
wrapper around 11lama.cpp. It
packages the model, instructions,
prompts, and inference parameters

into an active runtime container.

[/ 0llama manifest

- Single GGUF binary file
- Modelfile (Defines prompt
template, default system
prompts, stop tokens, and
generation penalties)

LOADER: 1lama.cpp Engine

VLLM & serving

Highly parallelized server engines
built for high-throughput serving on
massive GPU servers. They pull
standard HF safetensors directly and

build specialized memary graphs.

/! Serving strategy
- Loads native safetensors

- Compiles model graphs
(Cupa / Triton)

- Dynamic PagedAttention
blocks

- Multi-GPU tensor
parallelism

LOADER: wLLM / SGLang / TGI

Apple Silicon's native array
framework. Models are optimized
specifically for Apple’s unified
memary architecture, running

directly on Apple GPUs

/! MLX weights storage

- weights.safetensors or
weights.npz

- config.json (mlx-specific
params)

- Runs natively in Python
via mlx.core array mapping

LOADER: mlx.core / Metal API

Memory Footprint Blueprint (Benchmark: 70B TR —

03. The Quantization Model) ot

Imperative Pr.

ion Map

Baseline

FP16 [ BF16 (Native) 2 Bytes

At its core, quantization is the process of mapping a continuous,



high-precision numerical space (like 16-bit or 32-bit floating ~78 BB

FP8 [ INT8 (Lossless) 1 Byte 508.0% Compression
point numbers) onto a highly constrained, discrete set of lower
precision representations (such as 8-bit or 4-bit integers).

~35 BB

4-Bit (AWQ / GPTQ) 8.5 Bytes 5 75.0% Compression
Before analyzing the mathematical formulations, we must establish ) ) )
why compressing these matrices is a physical hardware necessity )

2-Bit (Extreme K-Quant) 8.25 Bytes N 87.5% Compression

rather than an optimization option.

// THE VRAM LIMIT & MEMORY BANDWIDTH BOUND
Theoretical Footprint Equation:
During the autoregressive generation loop (token-by-token

Bytes J

generation), an LLM must load its entire parameter matrix from the
high-speed global GPU memary (VRAM) into on-chip cache (SRAM) for
every single token generated

Because this data transfer speed is significantly slower than the GPU's
computational capacity, execution is heavily **memory-bandwidth
bound**, rather than bound by raw floating-point computing power
(FLOPS).

VRAM is incredibly scarce, expensive, and acts as a strict
hardware ceiling. By compressing 16-bit parameters down to 4-bit
representations, we transfer 4x fewer bytes across the memory
bus, directly increasing text generation speeds and enabling

massive model deployment on single-card systems.

// FORMAL SCHEMAS & NOISE TRENDS

04 I\,lecllanicq @ Alg()[‘ithmic ® Algorithmic Mitigation Frameworks
Taxonomies

- " ) . ) GPTQ (Post-Training)
Mapping continuous floating-point spaces into highly constrained L 2

integer binnings, balanced by specialized algorithms that mitigate Quantizes weights c y-column using second-order Taylor expansions of the loss

fun, over a tiny ¢

zed, it re

tion dataset. For each column element lates and

mathematical noise

adjusts the remaining unquantized parameters on that row to compensate for the introduced

error via an inverse Hessian matrix H:

w, — quant(w,)

dwg = — - H,

AWQ (Activation-Aware)

// THE HEADLINE LOSS TREND Observes that only the top 1% of weights (

activation magnitudes. Rather than quantizing everything uniformly, it scales up these critical

salient paramete orrespond to the highest

8-Bit Precision (Lossless) MSE < ©.800881
channels before qll.]rlii( ng to protect themn, restori ng the scale post-compu

o

Virtually zero degradation. Perceptually identical to native FP16/BF16 weights

4-Bit Precision (Sweet Spot) MSE = 0.00300 W' = W - diag

Slight increase in mathematical perplexity, but reasoning and logic ocutputs
remain identica
2-Bit Precision (Extreme) MSE = ©.12008

GGUF K-Quants (Block-Level)

estroys logic unless shielded by

Splits parameters into small physical blocks (typically 32 or 256 w‘cigl’tr'l Each individual block

stores its own tiny scale factor 5. K-Quants (e‘g Q4_K_M) apply mixed widths dynamically
—pl zcting crucial attention projection: or 8- while compressing MLP fe
forward layers down to highly optimized 4-bit streams.

05. Case Studies: Modern Frontier Releases

How do cutting-edge open models structure and distribute their weights? We analyze the exact

patterns behind three industry benchmarks.

// BLUEPRINT PARADIGM: HYBRID ROUTING vs. EDGE COMPUTATION
‘When examining open-source frontier case studies, we navigate a spectrum bounded by two distinct operating paradigms:

* Edge Execution (Local Hardware): "Edge” implies executing model weights 100% locally on your physical machine (e.g., Apple
Silicon Macs, local workstation GPUs, or edge servers) with absolute zero network dependency. Prompt inputs never leave the

physical device boundaries, guaranteeing true sovereign privacy.

API Routing & Zero Data Retention (Cloud Scale): Massive parameter counts (e.g, GLM-5.2 at 7538 parameters) are too
computationally heavy to operate on common consumer edge hardware. To access their bleeding-edge intelligence, we host
them in secure high-performance data centers. The industry mitigates data leakage risks using secure managed endpoints
coupled with strict Zero Data Retention (ZDR) policies. Under a ZDR mandate, the processing server acts as a transient pass-—

through pipe, physically preventing the logging, inspection, or long-term storage of model transactions.



J/ CASE 1: CLOUD-SCALE OPEN WEIGHTS
Matching Proprietary Frontiers at
1/5th to 1/15th of the Cost

To experience the absolute ceiling of modern Al reasoning, developers
no longer need to depend on black-box, vendor-locked SaaS APls.
Today's massive open-weights models run on cloud-scale hardware to
match proprietary systems like Claude Opus 4.8 and GPT-4o, while

slashing costs by up to 93%.

GLM 5.2: Clavude Opus 4.8 Alternative at 1/5th the Cost
Optimized specifically for highly complex, long-form agentic workflows and

contextual tasks, GLM 5.2 utilizes a 7538 parameter Mixture-of-

massive

Experts (MoE) system with a -million-token context win o0 make its 1M

context window viable, it implements IndexShare DSA—where four

e attention layers share a single sparse attention indexer to slash

serhead of the KV Cache.

DeepSeek-V3: SOTA Reasoning at 1/15th the Cost

DeepSeek-V3 disrupted proprietary monopolies by matching frontier

ntelligence at a tiny fraction of proprietary costs. It succeeded not by brute

force, but through structural mathematical innovations

Attention (MLA);
atent vects

or, cutti

// SECURING CLOUD DATA: ZERO DATA RETENTION (ZODR)

Because hosting GLM 5.2 or DeepSeek-V3 requires massive multi-GPU cloud
nodes, enterprise teams leverage secure APl routers. Under strict **Zero Data
Retention (ZDR)** agreements, client data is treated as transient buffers,
processed on dedicated clusters, and instantly discarded. This eliminates
data leakage and training telemetry, ensuring sovereign enterprise privacy.

PLATFORMS: GLM-5.2 (7538 MoE), DeepSeek-V3 (671B MoE)

Complete Sovereignty via On-
Device Local Execution

When developers run models at The Edge, they are executing the
underlying neural network 100% offline, on their own physical local

devices (such as Mac Studio systems, local RTX workstations, or

prosumer desktop rigs). This model bypasses all internet dependencies,

eliminates network latency, and guarantees total, uncompromised data

sovereignty.

Gemma 4: SOTA Edge Power
Distilled directly from Google's flagship Gemini models, Gemma 4 is optimized
from the ground up for native local edge compllers. It brings world-class

reasoning capabilities offline using advanced structural efficiency techniques:

Grouped-Query Attention (GQA): s KV Cache footprint during
local operation to optimize memory bandwidth

Dynamic Mixture of Depths (Mol redundant compute lay
per token on-the-fly, keeping active operations low.

f/ FITTING WEIGHTS IN LOCAL MEMORY

A raw 32B or 100B parameter model will easily overflow standard local
memory buses. wecute them locally, we compile the model utilizing block-
level quantiza (GGUF or Apple M aling and partitioning
parameters into independent 4-bit bl ma 4 is compressed to fit
comfortably inside Apple Unified Memory or standard consumer graphics

memory.

Gemma 4 (8B, 32B, 108B Parameters via GGUF / MLX)

Curated by Ansar Ali.



