Private AI Infrastructure Blueprint
Training, Aligning, and Deploying a Sovereign Language Model

1. Objective
The goal of this system is to create a privately controlled large language model platform where the operator owns and controls:
model weights
training datasets
alignment framework
ethical rules
reasoning style
inference infrastructure
The system avoids reliance on API providers and allows the operator to define the model’s:
ethics
personality
goals
decision framework
The architecture separates training infrastructure from runtime infrastructure.
Training requires large compute resources for short periods.
Inference requires moderate compute continuously.
Therefore the system uses:
Cloud GPU infrastructure for training.
Local GPU hardware for deployment.

2. System Architecture Overview
The architecture consists of six layers.
Layer 1 — Base Model
A pretrained open-weights large language model.
Examples include models from:
Llama family
Mistral family
Mixtral mixture-of-experts models
DeepSeek reasoning models
These models already contain:
language understanding
reasoning ability
general knowledge
Starting from them avoids the extremely high cost of training from scratch.

Layer 2 — Behavioral Dataset
A curated dataset defining the model's behavior.
This dataset includes:
instruction examples
domain knowledge
alignment comparisons
constitutional rules
This dataset determines the model’s reasoning behavior.

Layer 3 — Supervised Fine Tuning
Supervised fine tuning trains the model to respond correctly to prompts.
Instead of retraining the entire network, parameter-efficient techniques update a small portion of parameters.
Benefits include:
drastically reduced compute requirements
faster training
lower cost

Layer 4 — Alignment Training
Alignment training modifies how the model behaves.
Two approaches are common:
Human feedback ranking
or
Constitution-driven self-critique.
The model learns to prefer responses that follow the behavioral framework.

Layer 5 — Model Export
After training completes, the final model weights are exported.
These weights represent the fully customized model.

Layer 6 — Local Deployment
The model runs on local GPU infrastructure.
At this stage:
no API providers are required
the system is fully private
the operator controls runtime behavior

3. Base Model Selection
Training a large language model from scratch costs tens or hundreds of millions of dollars.
Therefore the system begins with an open pretrained model.
Typical model sizes include:
	Model Size
	Capability

	7B
	basic reasoning

	30B
	moderate reasoning

	70B
	strong reasoning

	200B+
	frontier scale


For private systems, 30B to 70B parameter models provide the best balance between capability and hardware requirements.

4. Dataset and Constitution Design
The dataset determines how the model behaves.
Four dataset categories are typically used.

Instruction Dataset
Examples of prompts and ideal responses.
Example format:
User: Explain orbital mechanics
 Assistant: detailed explanation with reasoning
Typical dataset size:
50,000 to 500,000 examples.

Domain Knowledge Dataset
Large knowledge collections relevant to the model’s intended use.
Examples include:
technical documentation
research papers
textbooks
code repositories

Alignment Dataset
Comparisons of good responses versus undesirable responses.
Example:
Prompt: Explain nuclear fusion.
Response A: accurate explanation
 Response B: misleading explanation
The model learns to prefer response A.

Constitutional Rules
A written reasoning framework defining the model’s behavior.
Example rules:
Prioritize factual accuracy.
Show reasoning steps for complex problems.
Avoid manipulative persuasion.
Admit uncertainty when evidence is insufficient.
These rules guide the alignment training process.

5. Training Pipeline
Training occurs in three phases.

Phase 1 — Supervised Fine Tuning
Goal:
Teach the model how to answer prompts correctly.
Technique:
Parameter-efficient fine tuning such as LoRA.
Training time:
12 to 48 hours.

Phase 2 — Alignment Optimization
The model learns behavioral preferences.
Methods include:
Reinforcement learning from human feedback.
or
Constitutional training.

Phase 3 — Evaluation
Evaluation measures:
reasoning capability
hallucination rate
adherence to constitutional rules
instruction following ability
Benchmarks may include coding tasks, logic tests, and domain-specific questions.

6. Training Using NVIDIA Cloud Infrastructure
Large models require powerful GPUs.
Instead of purchasing them, they are typically rented temporarily.
Training workflow:
launch GPU cluster
upload dataset
run training containers
execute fine tuning
perform alignment training
export model weights
Typical GPU configurations:
	Model
	GPUs

	7B
	2–4 GPUs

	30B
	4–8 GPUs

	70B
	8 GPUs


Training cost estimates:
	Model
	Cost

	7B
	$50–$200

	30B
	$300–$1000

	70B
	$1000–$5000


Alignment training:
$5,000 – $40,000 depending on dataset size.

7. Exporting the Model
After training finishes the model is exported.
Typical files include:
model.safetensors
 config.json
 tokenizer.json
These files allow the model to run on any compatible system.

8. Local Deployment Hardware
Hardware requirements depend primarily on GPU memory.
Below are exact example builds.

$5,000 AI Workstation
Purpose: entry-level AI development.
Models supported: 7B–13B.
Hardware
GPU
 1 × RTX 4090 (24GB VRAM)
CPU
 AMD Ryzen 9 7950X
Motherboard
 X670E chipset
RAM
 64GB DDR5
Storage
 2TB NVMe SSD
Power supply
 1000W
Case
 Mid-tower workstation case

$15,000 AI Workstation
Purpose: moderate models.
Models supported: 13B–30B.
Hardware
GPU
 2 × RTX 4090
CPU
 AMD Threadripper 7960X
RAM
 128GB DDR5
Motherboard
 TRX50 workstation board
Storage
 4TB NVMe
Power supply
 1600W

$30,000 AI Workstation
Purpose: large model inference.
Models supported: 30B–70B.
Hardware
GPU
 4 × RTX 4090
CPU
 AMD Threadripper Pro 7975WX
Motherboard
 WRX90 workstation board
RAM
 256GB ECC DDR5
Storage
 8TB NVMe
Power supply
 2000W
Cooling
 Liquid cooling system

$100,000 AI Server
Purpose: very large models.
Models supported: 70B–200B.
Hardware
GPU
 8 × H100 GPUs
CPU
 Dual AMD EPYC 9654
RAM
 512GB ECC
Storage
 20TB NVMe
Networking
 100Gb Ethernet

$250,000 AI Cluster
Purpose: extremely large models.
Models supported: 200B–400B.
Architecture
4 compute nodes.
Each node:
8 × H100 GPUs.
Total GPUs:

Total VRAM:
~2.5 TB.
Networking:
200Gb InfiniBand.
Storage:
100TB NVMe distributed storage.

9. Electricity and Infrastructure
Example consumption:
4-GPU workstation:
≈ 2.5 kW.
Monthly electricity:
$150–$300.
32-GPU cluster:
≈ 25 kW.
Requires:
industrial cooling
240V circuits
rack infrastructure.

10. Present Day Cost Summary
Example custom 70B model system.
	Category
	Cost

	Dataset creation
	$2k–$10k

	Fine tuning
	$1k–$5k

	Alignment training
	$10k–$40k

	Evaluation
	$500–$2k

	Hardware
	$15k–$60k


Total system cost:
$30k–$120k.

11. Frontier Model Infrastructure Architecture
Frontier models such as GPT-class systems are trained on massive distributed GPU clusters.
These clusters operate as specialized AI supercomputers.

12. Compute Node Architecture
Typical frontier node configuration:
GPUs
 8 × H100 GPUs
CPU
 Dual AMD EPYC processors
System memory
 512GB–1TB ECC RAM
Local storage
 8–16TB NVMe
GPU interconnect
 NVLink

13. Cluster Scale
Typical GPU counts:
	Model Generation
	GPUs

	GPT-3 scale
	~10,000

	Modern frontier models
	10,000–25,000



14. Interconnect Networking
Large clusters use InfiniBand networking.
Typical speed:
200–400 Gbps.
Latency:
microseconds.
This enables synchronization between thousands of GPUs.

15. Distributed Training Methods
Three main parallelism strategies are used.
Data parallelism
 Model parallelism
 Pipeline parallelism
Most frontier training systems combine all three.

16. Memory Requirements
Approximate VRAM requirements:
	Model Size
	VRAM

	70B
	~140GB

	175B
	~350GB

	1T
	multiple terabytes


Models are distributed across many GPUs.

17. Storage Infrastructure
Training datasets are extremely large.
Typical dataset sizes:
GPT-3 scale: ~300 billion tokens.
Modern models: trillions of tokens.
Storage uses distributed NVMe clusters.

18. Power Consumption
H100 GPU power draw:
~700W.
Cluster with 10,000 GPUs:
~7 MW GPU power.
Total facility power:
10–20 MW.

19. Training Cost
Approximate training costs:
	Model
	Cost

	GPT-3 scale
	$5M–$10M

	Frontier models
	$50M–$100M+



20. Comparison With Private Infrastructure
	System
	GPUs

	$30k workstation
	4

	$100k server
	8

	$250k cluster
	32

	Frontier lab
	10,000+


Private systems rely on fine-tuning instead of training from scratch.

21. Compute Cost Trends
AI compute per dollar doubles roughly every:
1.5–2 years.
Over five years:
three doubling cycles.
Result:
8–10× improvement.

22. Five-Year Projection
	Budget
	Future Model Capability

	$5k
	30B–70B

	$20k
	100B–200B

	$60k
	200B–400B

	$100k
	500B–1T



23. Step-by-Step Implementation Roadmap
Step 1
 Select base model.
Step 2
 Write constitutional framework.
Step 3
 Build instruction dataset.
Step 4
 Build alignment dataset.
Step 5
 Launch GPU cluster.
Step 6
 Run supervised fine tuning.
Step 7
 Run alignment training.
Step 8
 Evaluate model.
Step 9
 Export weights.
Step 10
 Transfer model to local hardware.
Step 11
 Deploy inference environment.
Step 12
 Collect training data.
Step 13
 Repeat improvement cycle.

24. Final Outcome
Following this architecture creates a sovereign AI system.
Key characteristics:
complete model ownership
 private runtime
 custom behavioral framework
 no API restrictions
 no rate limits
The operator controls every aspect of the system.

