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Integrated Private AI 
Infrastructure
Executive summary

Core conclusion
A durable private AI platform is not one giant language model attached to one expensive GPU system. It is a 
governed portfolio of models, specialist algorithms, physics and simulation, deterministic software, 
organizational knowledge and human authority, deployed on infrastructure that can scale from a desktop 
development base to a rack-scale AI factory.

The principal design decision is therefore architectural rather than purely computational. Larger models remain useful 
for difficult reasoning, coding and multimodal interpretation. Smaller models remain necessary for throughput, 
routing and predictable cost. Conventional machine learning remains superior for many vision, telemetry and 
forecasting tasks. Numerical solvers remain authoritative for physical behavior. Symbolic systems remain necessary 
for policy and engineering constraints. Humans remain accountable for purpose, exceptions and consequences.

The recommended sequence is to prove workload value on modest hardware, establish the model and governance 
platform on a departmental server, and move to B300- or Rubin-class systems only when utilization, process maturity 
and facility readiness justify the step. Buying the largest system before proving the operating architecture creates an 
expensive idle asset; building only small pilots creates fragmented tools that never become an enterprise capability.

 Base development: $4,000-$35,000 for local prototyping and small-to-medium models.
 Secure team infrastructure: $35,000-$300,000 for multi-user inference, specialist ML and controlled workflows.
 Frontier departmental platform: approximately $850,000-$1.2 million installed for an eight-GPU B300-class node.
 Future rack-scale platform: approximately $9-$13 million installed for a Vera Rubin NVL72-class deployment, with 

five-year infrastructure cost potentially reaching $15-$22 million.
 The economic unit is not parameter count. It is verified task completion per dollar, watt, engineer-hour and unit of 

operational risk.

Scope and assumptions
This paper uses USD and July 2026 planning assumptions. Public product specifications are cited; all purchase, 
integration and operating-cost ranges are estimates rather than vendor quotations. Future hardware specifications 
remain preliminary and may change before delivery.
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1. Strategic architecture: every path remains 
necessary
Enterprise intelligence is frequently discussed as if one technical approach will displace all others. That assumption is 
wrong. The problem space contains language, perception, prediction, optimization, physical reality, formal policy, 
execution and human accountability. No single model family is simultaneously best at all of them.

A foundation model is valuable because it can interpret unstructured requests, combine evidence, write code, operate 
tools and communicate results. It is not automatically the source of truth. In a mature architecture, authority is 
distributed according to problem type:

System type Primary role Should not be trusted to

Frontier foundation model Complex reasoning, coding, multimodal 
interpretation, long-horizon planning

Issue unbounded operational commands or 
invent technical evidence

Efficient language model Routing, extraction, summarization, routine 
assistance Consume expensive frontier capacity by default

Specialist ML model Vision, forecasting, anomaly detection, 
classification

Generalize outside its validated domain without 
review

Physics / numerical system Simulate and calculate behavior under validated 
assumptions Interpret ambiguous organizational intent

Knowledge graph / ontology Represent entities, dependencies and meaning Replace probabilistic interpretation of 
unstructured material

Rules / optimization engine Enforce constraints and find valid plans Resolve novel exceptions without escalation

Deterministic software Execute validated actions reproducibly Decide what the organization intends

Human expert Set purpose, judge exceptions and accept 
consequences Manually process every routine data point



NEXT GEN MATRIX CONFIDENTIAL

Next Gen Matrix Confidential  |  Integrated Private AI Infrastructure  |  July 2026
Page 4

Design rule
Probabilistic systems interpret and propose. Formal systems determine what is permitted. Validated software 
executes. Humans own consequential decisions.

Why hardware and software must be designed together
A model that technically fits in memory may still be unusable if interconnect bandwidth, KV-cache capacity, storage 
throughput, batching, scheduling or facility power are inadequate. Conversely, a large GPU system will be 
underutilized if the software platform cannot route simple work to smaller models, reuse cached context, integrate 
deterministic tools and measure successful outcomes. Hardware capacity and software intelligence must therefore be 
planned as one system.
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2. Hardware evolution: base systems to future AI 
factories

The ladder is not a sequence in which every organization must buy every tier. It is a sequence of operational maturity. 
The correct tier is the lowest one that can sustain the intended workload, security boundary and concurrency with 
acceptable headroom.

2.1 Developer base
A compact 128 GB unified-memory system such as DGX Spark can run or adapt models up to approximately the 
100B-200B class depending on format and workload, and two connected systems can extend experimentation further.
[1] A 96 GB RTX PRO 6000 Blackwell workstation or server GPU adds greater bandwidth and broad support for AI, 
rendering, simulation and visual computing.[2]

 Use for model evaluation, quantization tests, RAG prototypes, adapters and agent tooling.
 Do not treat it as a high-concurrency service for frontier trillion-parameter models.
 Keep the development API compatible with the future server platform to avoid rewriting applications.

2.2 Secure team lab
A dual-96 GB workstation or a four-GPU server provides 192-384 GB of GPU memory. This tier is sufficient for strong 
70B-120B models, quantized 200B-class models, embeddings, rerankers, specialist vision models, moderate fine-tuning 
and low-concurrency internal services. It is also a suitable environment for building the governance and observability 
layer before introducing more expensive systems.

2.3 Private AI server
An eight-GPU RTX PRO 6000 Blackwell server provides 768 GB of aggregate GDDR7 memory. NVIDIA reference 
architectures support up to eight such GPUs in an enterprise server.[2] This tier is attractive when the workload mixes 
language inference with graphics, simulation, video, digital twins and specialist models, but it lacks the scale-up 
memory bandwidth of HGX/DGX systems. It is therefore better suited to multiple independent services than to one 
tightly coupled frontier model.
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2.4 B300 frontier node
DGX/HGX B300 combines eight Blackwell Ultra GPUs with 288 GB HBM3e each, giving approximately 2.3 TB aggregate 
GPU memory. The DGX B300 is a 10U system with a maximum system power rating of 15 kW, high-speed ConnectX-8 
networking and internal NVMe storage.[3][4]

Capability Implication

2.3 TB HBM3e Can hold a GLM-5.2-class BF16 checkpoint with meaningful 
runtime and KV-cache headroom.

Eight-GPU NVLink domain Supports tightly coupled tensor, pipeline and expert parallelism.

FP8 and NVFP4 acceleration Enables several large models or substantially greater batch and 
KV-cache capacity.

15 kW maximum system load Still deployable in a modern enterprise data center; facility work 
is material but bounded.

Departmental scale A practical first frontier platform for a serious internal AI 
program.

2.5 Vera Rubin modular and rack-scale systems
The Vera Rubin generation extends the platform beyond a single eight-GPU server. The announced NVL72 design 
integrates 72 Rubin GPUs and 36 Vera CPUs, approximately 20.7 TB HBM4, 54 TB CPU memory and 260 TB/s aggregate 
NVLink switch bandwidth. Product specifications remain preliminary.[5][6] Rubin NVL4 systems provide a smaller 
four-GPU/two-CPU building block and are intended for AI and HPC deployments that do not need an entire NVL72 rack.
[5]

Practical distinction
B300 is a server procurement. Rubin NVL72 is a data-center program involving liquid cooling, high-density 
power, storage, networking, reliability engineering and an operating team.

2.6 Specialized future inference hardware
The future platform is becoming heterogeneous. Rubin CPX is designed for million-token-plus context processing and 
emphasizes high-throughput prefill and attention.[7] NVIDIA Groq 3 LPX is positioned as a deterministic, low-latency 
token-generation companion to Rubin GPU systems.[8] Context-memory storage introduces a separate tier for reusable 
KV states and agent memory, reducing pressure on scarce HBM. The result is a division of labor between general-
purpose GPUs, long-context accelerators, low-latency decode engines, CPUs, DPUs and AI-native storage.

2.7 Hardware planning table
Tier Representative capacity Installed planning range Best fit Primary constraint

Developer base 128-192 GB local memory $4K-$35K Prototype, test, adapt Low concurrency and 
bandwidth

Secure lab 192-384 GB GPU memory $35K-$150K Small team and specialist 
models Frontier model fit

Private server 768 GB GPU memory $180K-$300K Multi-service inference and 
visual compute PCIe / inter-GPU topology

B300 node 2.3 TB HBM3e $850K-$1.2M Frontier models, fine-tuning, 
shared platform

Utilization and operating 
maturity

Rubin NVL4 ~1.15 TB HBM4 per four GPUs $1.3M-$2.5M provisional Modular next-generation 
AI/HPC Pricing and availability

Rubin NVL72 20.7 TB HBM4 $9M-$13M installed Enterprise AI factory and 
scientific compute

Facility, staff and portfolio 
demand
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3. Model portfolio: frontier, efficient and specialist 
intelligence
The architecture should not be tied to one checkpoint. Model quality, licensing, hardware support and geopolitical 
availability will continue to change. Applications should therefore call an internal model gateway that can select and 
replace models without changing business logic.

Model Total / active parameters Context Primary role

GLM-5.2 ~753B checkpoint / ~40B active 1M
Long-context coding, reasoning 
and agentic work; MIT-licensed.
[11]

Kimi K2.5 1T / 32B active 256K Native multimodal agentic model 
and parallel agent workflows.[12]

DeepSeek-V3 671B / 37B active Long-context family Efficient MoE reasoning, coding 
and multi-token prediction.[13]

Mistral Large 3 675B / 41B active 256K
Open-weight multimodal and 
multilingual enterprise model.
[14]

Qwen3-Coder 480B / 35B active 256K; 1M extrapolated Coding and software-agent 
workloads.[15]

gpt-oss-120b 117B / 5.1B active 128K Fast reasoning and structured 
work on one 80 GB-class GPU.[16]

MiniMax M3 Undisclosed Up to 1M
Multimodal coding and long-
context agentic work; evaluate 
functionally.[17]

3.1 Total parameters versus active parameters
For sparse Mixture-of-Experts models, total parameters determine storage and memory capacity while active 
parameters are a better first-order indicator of token-generation compute. A one-trillion-parameter model activating 
32B parameters can have lower arithmetic work per token than a 675B model activating 41B. This does not guarantee 
higher speed because expert communication, attention, layer count, quantization, batching and software kernels may 
dominate.

3.2 Model roles
Role Recommended model class Why

Router and classifier 3B-30B dense or sparse Low latency, high volume, predictable cost

Standard internal assistant 20B-120B active-efficient model Most routine work does not justify a 
frontier model

Frontier engineering model 500B-1T MoE Complex repositories, long context and 
hard reasoning

Multimodal interpreter Vision-language model Diagrams, documents, images, video and 
UI

Independent verifier Different developer and training lineage Reduces correlated failure

Embedding / reranking Dedicated 0.6B-8B models Better retrieval economics and quality 
than using a frontier model

Domain specialist Internally trained or adapted model Validated performance on narrow 
operational data
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3.3 Future model size
A plausible 2027-2028 frontier class is 1-3 trillion stored parameters with 30-80B active per token. A plausible 2028-2030 
upper range is 3-10 trillion stored parameters with 50-200B active, modality-specific experts, persistent external 
memory and increased test-time computation. These are planning projections, not confirmed product roadmaps.

Model scale BF16 raw weights FP8 raw weights ~4.5-bit NVFP4-
equivalent Operational implication

744B 1.49 TB 744 GB ~419 GB Fits B300 BF16; multiple 
quantized copies fit

1T 2.0 TB 1.0 TB ~563 GB
B300 is tight at BF16; 
Rubin modular systems 
are comfortable

2T 4.0 TB 2.0 TB ~1.13 TB Requires multi-node or 
Rubin-class capacity

5T 10 TB 5 TB ~2.81 TB Rack-scale portfolio and 
expert parallelism

10T 20 TB 10 TB ~5.63 TB

Rubin NVL72 fits only at 
low precision with 
runtime headroom 
planning

NVFP4 uses fine-grained scaling and NVIDIA reports approximately 3.5x lower model-memory use than FP16 and 1.8x 
lower use than FP8 for supported workloads, with model-dependent quality impact.[10]
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4. Inference strategy: make expensive intelligence 
selective

4.1 Route each task to the smallest capable system
The model router should classify task type, data sensitivity, context length, latency target, required tools, expected 
reasoning depth and consequence level. A simple extraction request should never consume the same resources as a 
multi-repository engineering investigation. Escalation should be possible when a smaller model reports low confidence, 
fails validation or encounters an exception.

4.2 Keep primary models resident
Repeated loading of frontier checkpoints wastes time and destabilizes service. Primary production models, their 
previous versions and common draft models should remain resident. Secondary models should be staged on high-
speed local storage, distributed through a signed registry and loaded during planned low-load windows.

Checkpoint Raw transfer at 50 GB/s Realistic operational cold start

GLM-class BF16, ~1.5 TB ~30 seconds Several minutes after initialization and 
health checks

GLM-class FP8, ~0.75 TB ~15 seconds One to several minutes

1T BF16, ~2.0 TB ~40 seconds Several minutes

120B quantized, ~60-80 GB ~1-2 seconds Tens of seconds

4.3 Mixed precision rather than universal 4-bit
Quantization should be component-aware. Large expert matrices can often use NVFP4 or FP8, while routing, attention, 
embeddings, normalization and output layers may require FP8 or BF16. The full higher-precision checkpoint should be 
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retained for evaluation, adaptation and regression testing. Memory savings should be spent on concurrency, KV cache, 
larger batches and resident model diversity, not only on fitting the largest possible checkpoint.

4.4 Speculative decoding and multi-token prediction
A draft mechanism predicts multiple future tokens and the main model validates them in parallel. Native multi-token 
prediction, EAGLE-style heads, smaller draft models and n-gram approaches can improve interactive latency, especially 
for code, JSON and repetitive technical text. Acceptance rate must be measured on the organization’s workloads rather 
than assumed from generic benchmarks.

4.5 Disaggregate prefill and decode
Long prompt ingestion and token-by-token generation have different compute and memory characteristics. NVIDIA 
Dynamo supports separate prefill and decode workers, KV-aware routing and direct GPU-to-GPU KV transfer. Long 
requests can therefore be processed without blocking interactive decode traffic.[9]

Phase Dominant pressure Optimization

Prefill Compute, attention and prompt length Dedicated prefill workers, CPX-class 
acceleration, prefix reuse

Decode Memory bandwidth, KV cache and 
interconnect

Large TP domains, speculative decoding, 
low-latency decode hardware

Agent loop Tool latency, state growth and verification State compression, asynchronous tools, 
bounded retries

Batch processing Aggregate throughput Continuous batching, queueing and lower-
cost models

4.6 Context management
A one-million-token context is a maximum capability, not a default operating mode. Retrieval, reranking, document 
hierarchies, repository maps, knowledge graphs, prefix caching and incremental summaries should produce the 
smallest complete context. Long agent histories should be converted into durable structured state instead of repeatedly 
replaying every token.

4.7 Model switching without application rewrites
 Expose one internal OpenAI-compatible or task-oriented gateway.
 Separate model identity from capability profiles such as fast, standard, deep, multimodal and verified.
 Version prompts, tools, adapters, quantization and runtime together.
 Run shadow evaluations before promotion and retain immediate rollback.
 Chargeback by verified workflow completion rather than raw token volume.
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5. Hybrid intelligence: the non-LLM paths
The highest-value platform is not an LLM appliance. Many workloads are better solved by algorithms with stronger 
guarantees, lower cost or better domain fit. The language model should make these systems easier to use and combine, 
not replace them.

Problem class Primary method Foundation-model contribution

Physical behavior FEM, FDTD, CFD, Monte Carlo, calibrated 
simulation

Formulate runs, retrieve parameters, 
interpret outputs

Defect and visual inspection Segmentation, detection, vision transformers Explain evidence and connect findings to 
procedures

Telemetry and predictive maintenance Forecasting, state-space models, anomaly 
detection, survival models

Summarize patterns and coordinate 
investigation

Scheduling and resource allocation MILP, constraint programming, heuristics Translate intent and explain trade-offs

Design-space exploration Bayesian optimization, surrogate models, 
neural operators

Generate hypotheses and manage 
experiments

Engineering dependencies Knowledge graphs, graph algorithms, 
ontologies Natural-language query and synthesis

Policy and compliance Rules engines and formal constraints Interpret requests and assemble evidence

Safety-critical control Validated deterministic control software No direct authority; advisory analysis only

Software engineering LLMs plus compilers, tests, static analysis and 
CI/CD

Primary interaction and code-generation 
layer

5.1 Physics remains authoritative
For technically consequential conclusions, measured data and validated physical models should outrank model-
generated reasoning. The language model can locate evidence, configure a solver and explain the result; it cannot 
manufacture a physical conclusion when the simulation or measurement does not support it.

5.2 Specialist ML remains economically decisive
A narrow model can be faster, cheaper and more reliable than a frontier LLM for a validated domain. The platform 
should support training, deployment, drift monitoring and retraining of specialist models alongside foundation-model 
serving. This also gives the hardware portfolio productive non-LLM utilization during periods of lower conversational 
demand.

5.3 Symbolic and ontological systems
Ontologies and knowledge graphs define what entities mean and how they relate. Rules engines define what is allowed. 
Optimization engines select valid actions. These components turn a fluent model response into a controlled enterprise 
proposal. They are particularly important where configuration compatibility, approval chains, data restrictions or 
safety requirements cannot be left to probabilistic interpretation.

5.4 AI-assisted software engineering
Coding agents can analyze requirements, inspect repositories, propose changes, generate code, run tests and prepare 
release evidence. They should operate inside the existing lifecycle rather than bypass it. Repository permissions, 
architectural rules, static analysis, test coverage, simulation, review, release approval and rollback remain mandatory 
controls.
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6. Software platform: the operating system for 
private intelligence
The software platform is the durable asset. Hardware and models will be replaced repeatedly; the internal APIs, data 
controls, evaluations, tool integrations and process state should survive each generation.

Layer Required capabilities Representative technology class

Access Web, IDE, API, workflow applications Internal portals, IDE extensions, API gateway

Identity and policy SSO, RBAC/ABAC, project isolation, secrets Enterprise IAM, policy engines, confidential 
computing

Model gateway Routing, fallback, quotas, capability profiles Custom gateway, NIM-compatible APIs, 
service mesh

Serving Tensor/expert parallelism, batching, 
quantization

TensorRT-LLM, vLLM, SGLang, 
KTransformers

Agent runtime State, tools, retries, transaction boundaries Workflow engine plus sandboxed agents

Data and retrieval Hybrid search, embeddings, reranking, 
lineage Vector store, search index, knowledge graph

Model operations Registry, signing, adapters, evaluation, 
rollback Model registry and CI/CD

Observability Latency, success, cost, power, traces, 
incidents Metrics, traces, audit logs, evaluation store

Infrastructure Scheduling, storage, networking, resilience Kubernetes/Slurm, NVMe, object storage, 
RDMA fabrics

6.1 The internal model gateway
Applications should request capabilities rather than hard-code model names. A request for “verified engineering 
analysis” may invoke retrieval, a frontier model, simulation, an independent verifier and a human approval gate. A 
request for “fast extraction” may invoke a small model and schema validator. This abstraction permits model 
replacement without rewriting every application.

6.2 Tool execution and sandboxing
Tools should have narrow schemas, least-privilege credentials, execution timeouts, rate limits and explicit transaction 
boundaries. Code should run in disposable sandboxes. Network egress should be denied by default. Every write action 
should support dry-run, validation, approval and rollback where technically possible.

6.3 Evaluation as infrastructure
Model evaluation is not a one-time procurement exercise. The platform needs versioned internal tasks, expected 
outcomes, evidence requirements, red-team tests and production traces. Changes to model weights, prompts, tool 
schemas, quantization or runtime kernels can all alter behavior and must pass regression gates.
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7. Trust, governance and progressive autonomy

7.1 The trust gateway
A consequential model output should pass through several independent gates before execution:

Gate Question Example checks

Identity gate Who is asking and under which authority? Role, project, location, separation of duties

Semantic gate What entities, intent and relationships are 
involved?

Product, customer, component, workflow 
state

Rules gate Is the proposed action permitted? Policy, configuration, safety, export and 
approval constraints

Evidence gate Is the conclusion supported? Source traceability, test results, simulation, 
uncertainty

Execution gate Can the action be performed safely? Dry-run, idempotency, transaction scope, 
rollback

Human gate Does the consequence require accountable 
approval?

Named approver, exception rationale, sign-
off

7.2 Required audit record
 Initiating user, application and authority context.
 Data accessed and its classification.
 Model, adapter, prompt, tool and runtime versions.
 Retrieved evidence and cache lineage.
 Rules, tests and simulations applied.
 Uncertainty, failed checks and escalations.
 Approver identity and final executed action.
 Rollback or remediation information.
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7.3 Model and supply-chain security
Open weights reduce dependence on a hosted provider but introduce a software-supply-chain obligation. Checkpoints 
should be acquired from trusted sources, checksum-verified, malware-scanned, licensed, behaviorally tested and 
stored in a signed internal registry. Containers, drivers, kernels and firmware require equivalent controls. Offline 
deployment prevents ordinary external API leakage but does not eliminate model behavior, prompt-injection or tool-
execution risk.

7.4 Human accountability
Human review should be consequence-based rather than universal. Low-risk reversible assistance can be automated. 
High-impact decisions require named ownership and evidence. The objective is not to keep humans clicking approve 
on every trivial step; it is to reserve human judgement for ambiguity, exception and consequence.
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8. Economics, staffing and operating model
Hardware cost becomes less dominant as the platform grows. At departmental scale, model engineering and 
integration may cost more than the server. At rack scale, facility integration, maintenance, storage, software and staff 
can double or triple the compute purchase over five years.

8.1 Five-year planning ranges
Platform Purchase / installed Five-year infrastructure Typical core team Economic interpretation

Developer base $4K-$35K $8K-$60K 1-3 shared staff Experimentation asset

Secure lab $35K-$150K $70K-$300K 2-4 staff Team productivity platform

Private RTX PRO server $180K-$300K $350K-$650K 3-6 staff Multi-service departmental 
platform

B300 frontier node $850K-$1.2M $1.3M-$1.9M 5-8 staff Serious private frontier 
capability

Rubin NVL4 $1.3M-$2.5M provisional $2.5M-$5M 6-12 staff Modular next-generation 
AI/HPC

Rubin NVL72 $9M-$13M installed $15M-$22M 10-20+ staff
Enterprise AI factory; full 
program can reach $20M-
$35M

8.2 Cost assumptions
 Electricity at $0.14/kWh with data-center PUE appropriate to each tier.
 B300 average IT load materially below its 15 kW maximum; Rubin rack planning around 190-230 kW facility-scale 

load depending on configuration and operation.
 Enterprise support, cooling, power distribution, spares, network and storage are included as ranges.
 Rubin prices are market estimates; NVIDIA does not publish a simple list price for complete rack programs.
 Staffing costs are not fully included in infrastructure totals; the complete program can be substantially larger.

8.3 Utilization threshold
A small team can operate a large platform, but it cannot economically consume it alone. B300 should support multiple 
applications and tens to hundreds of users. NVL72 should support broad enterprise demand and non-LLM workloads 
such as simulation, vision and model adaptation. Procurement should be gated by measured queue depth, sustained 
utilization and a documented pipeline of workloads.

8.4 Staffing model
Function B300-scale need Rubin-scale need

AI platform / SRE 1-2 FTE 3-5 FTE across reliability and capacity

Model and inference engineering 2-3 FTE 4-8 FTE

Data, retrieval and knowledge 1-2 FTE 3-6 FTE

Security and governance Shared 0.5-1 FTE 2-4 FTE plus enterprise functions

Domain product leadership 1-2 FTE Several embedded leads across functions

Facility operations Existing data-center support Dedicated high-density power/cooling 
expertise
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8.5 KPIs that matter
A private AI program should be measured as an operating system, not as a model demonstration. The metrics below 
connect model quality, infrastructure efficiency and process risk.

Metric Why it matters Failure signal

Verified task completion Measures useful outcomes rather than fluent 
output

High benchmark score but low production 
success

Review-adjusted time saved Subtracts correction and approval effort Users spend as long checking as doing the 
work

Cost per completed workflow Combines model, tools and retries Token cost falls while agent loops become 
longer

Latency by workload class Separates interactive, batch and deep 
reasoning

One service target hides poor user 
experience

Unsupported-claim rate Tests evidence discipline Answers remain plausible but ungrounded

Tool and rollback incidents Measures execution safety Agents fail silently or cannot reverse actions

Cache and model residency Measures platform efficiency Repeated loading and context recomputation

Frontier escalation rate Tests routing quality Too much routine traffic reaches the largest 
model

GPU and power utilization Justifies infrastructure scale Expensive systems remain idle or power-
inefficient

Economic rule
Scale only when verified demand consistently exceeds the current tier. Idle headroom is necessary; chronic idle 
capacity is not.
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9. Deployment roadmap and decision gates

Phase 0 - benchmark before buying
Use hosted or rented capacity to compare models on internal tasks. Establish the data classification, expected evidence, 
security boundaries and financial value of each workflow. Measure not only accuracy but completion rate, review 
burden, latency and cost.

Phase 1 - create the private development base
Deploy a secure local system, internal model gateway, signed model registry, retrieval stack and evaluation harness. 
Deliver low-risk Zone 1 use cases and selected supervised workflows. The objective is to prove the operating 
architecture rather than chase maximum parameter count.

Phase 2 - establish the departmental platform
Move to an RTX PRO server or B300 node when pilots show sustained demand. Add multi-model routing, high-speed 
storage, shared observability, tool sandboxes, policy enforcement and formal service ownership. Keep principal models 
resident and use smaller models for routine traffic.

Phase 3 - integrate all intelligence paths
Connect physics and simulation, vision, time-series systems, optimization, knowledge graphs and deterministic 
workflows. Expand from isolated assistants to controlled cross-system processes. Introduce progressive autonomy only 
after rollback, evidence and escalation mechanisms are demonstrated.

Phase 4 - move to future AI-factory scale
Consider Rubin NVL4 or NVL72 only when the platform has sustained high utilization, a mature operating team, facility 
readiness and a workload mix that benefits from rack-scale memory and interconnect. Long-context prefill, low-latency 
decode and context memory may use different specialized hardware rather than one universal accelerator.
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Procurement decision gates
Gate Minimum evidence before expansion

Workload value Repeated verified savings or capability gains on production-like 
tasks

Demand Sustained utilization and queueing that smaller tiers cannot 
satisfy

Data readiness Classified, governed, retrievable and versioned data sources

Operational ownership Named service, security and domain owners

Risk controls Red-team results, audit, approval and rollback mechanisms

Facility readiness Power, cooling, networking, support and incident response

Portability Applications use a model gateway rather than one vendor-
specific checkpoint

What not to procure for
Weak justification Why it fails

One preferred model Models change faster than infrastructure depreciation cycles.

A small research team alone A rack-scale system needs broad demand or heavy scientific 
workloads.

Maximum context as a headline Retrieval and state management usually create more value than 
indiscriminate context.

Benchmark leadership Public scores do not measure internal evidence, integration or 
review burden.

Autonomy without process redesign Unbounded agents amplify unclear ownership and weak 
controls.

Recommended purchase posture
Treat B300 as the current frontier departmental base. Treat Rubin as an enterprise expansion triggered by 
proven portfolio demand, not as the starting point.
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10. Final position
Strategic position
The long-term advantage does not come from owning the largest model or the newest rack. It comes from 
owning the trusted orchestration architecture that combines changing models, specialist algorithms, physical 
truth, organizational knowledge, formal controls and accountable people.

The expected future is a collection of sparse foundation models and specialist systems rather than one universal 
intelligence. Hardware will divide into general-purpose training and inference GPUs, long-context processors, 
deterministic low-latency decode engines, AI-native CPUs, DPUs, high-speed storage and context memory. Software 
must hide this complexity from applications while preserving explicit control and evidence.

A B300-class node is the credible current departmental foundation for full frontier-model experimentation and secure 
shared inference. A Rubin-class platform is justified only when the organization has moved beyond model 
experimentation into a mature AI operating system serving broad workloads across language, vision, simulation, 
optimization and software engineering.

The recommended rule is simple:

Build the architecture first. Scale the hardware when the 
architecture proves that it can use it.
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