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Building an AI startup without owning 
GPUs
The fastest-growing AI companies of this cycle didn't buy a single GPU. 
They rented, routed, and switched providers instead - and that decision is 
now as consequential to a startup's survival as its product roadmap.
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IN BRIEF

 H100 rental rates fell 64-75% between Q4 2024 and early 2026 — what cost 

$8-10/hour two years ago now runs $2-3/hour from specialized providers, 

while the same GPU can be found for as little as $0.80/hour or as much as 

$11.10/hour depending on provider, a 13.8x spread for identical silicon.

 Neocloud revenue reached roughly $23 billion in 2025 (more than tripling 

year over year) and is projected to hit $20 billion in 2026 alone, en route to 

an estimated $180 billion by 2030, as specialized GPU-first providers — 

CoreWeave, Lambda, Nebius, Crusoe — absorbed demand hyperscalers 

couldn't build data centers fast enough to serve.

 A parallel inference-as-a-service layer — Together AI, Fireworks AI, Groq, 

Cerebras, Modal, Baseten, and others — now lets startups skip 

infrastructure entirely and pay per token or per second of compute; pricing 

for the same open-weight model can spread 6x across providers, and 2026 

alone saw a $5.5 billion Cerebras IPO, a roughly $20 billion Nvidia licensing 

deal for Groq's chip technology, and Cloudflare's acquisition of Replicate.

 Cloud credit programs — AWS Activate, Google Cloud for Startups, 

Microsoft for Startups, NVIDIA Inception — can cover $100,000 to $350,000 

of compute before a founder writes a check, and stacking several 

concurrently can fund nine to twelve months of continuous training for a 

small team with minimal out-of-pocket spend.



 The same flexibility that makes renting attractive also makes it fragile: 

startups have reported price increases above 30% at contract renewal, 

multi-year minimum commitments now gating access to scarce capacity, and 

a structural GPU shortage with 36-52 week lead times that shows no sign of 

easing before 2028.

Why this question matters now

Every AI startup eventually confronts a version of the same question: should we 

own the compute we run on, or rent it? A decade ago, for most software 

companies, this question barely existed — cloud computing had already 

answered it, and "renting" (via AWS, Azure, or GCP) was simply how software 

got built. Compute was a commodity, prices fell every year, and the decision to 

avoid capital expenditure on servers was close to automatic.

AI has reopened that question in a much higher-stakes form. Training and 

running large models requires GPUs that are scarce, expensive, and — 

critically — not a commodity in the way CPU-based cloud compute became. A 

single high-end AI training cluster can cost tens of millions of dollars to build 

and requires specialized power, cooling, and networking infrastructure most 

startups have no ability to construct themselves. At the same time, an entire 

industry of alternatives has emerged specifically to let companies avoid that 

capital outlay: neoclouds that rent GPU-hours at a fraction of hyperscaler 

prices, inference-as-a-service platforms that abstract away infrastructure 

entirely, and a proliferation of credit programs designed to get a founder's first 

year of compute for free.

The result is that "building an AI startup without owning GPUs" is no longer a 

constraint founders accept reluctantly — for the large majority of AI companies, 

it is the default, deliberate strategy. But it is also a strategy with real risks that 

have become sharply visible over the past year: price volatility at contract 

renewal, capacity rationing that favors large incumbents over small customers, 

vendor concentration risk, and a genuinely unresolved question of when, if 

ever, owning infrastructure becomes the better economic choice. This analysis 

maps the full landscape — the market, the economics, the case studies, and the 

risks — and verifies the numbers behind each, for the CXOs, founders, and 

investors who have to make this decision with real capital on the line.



The GPU rental market has become genuinely large

The market that makes GPU-less AI startups possible is no longer a niche. 

Neocloud revenue — specialized GPU-first cloud providers built entirely around 

AI compute — more than tripled year over year to roughly $23 billion in 2025, 

and is projected to reach $20 billion in 2026 alone on its way to approximately 

$180 billion by 2030, according to industry tracking cited across multiple 

infrastructure analyses. The broader GPU-as-a-service market, which includes 

both neoclouds and marketplace aggregators, is separately projected to reach 

nearly $50 billion by 2032 at a roughly 36% compound annual growth rate.

The reason this market exists at the scale it does is structural, not incidental: 

hyperscalers cannot build data centers fast enough to meet AI demand. 

Constructing a new hyperscale data center typically requires three to five years 

of permitting, construction, and grid interconnection. Neoclouds that secured 

power agreements before the AI demand surge of 2023-2024 already had sites 

with power in place — they only needed to install GPUs, a process that takes six 

to eighteen months rather than years. That timing advantage is why Microsoft 

alone has committed more than $60 billion to neocloud partnerships — 

including $23 billion to the UK-based Nscale for 200,000 next-generation GPUs 

— rather than relying solely on its own data center buildout. Meta signed a 

$14.2 billion agreement with CoreWeave and a $3 billion deal with Nebius; 

Anthropic announced a $50 billion partnership with FluidStack to build custom 

AI data centers. When the world's largest, best-capitalized technology 

companies are themselves renting GPU capacity from specialized providers 

rather than building everything in-house, the case for a startup doing the same 

is difficult to argue against on principle.

The market's leading players have sorted into recognizable tiers. CoreWeave, 

the largest specialist neocloud and Nvidia's first "Elite" cloud services provider, 

operates on multi-year take-or-pay contracts where customers commit to a 

fixed volume of GPU-hours at a fixed rate for two to five years, and completed 

its Nasdaq IPO in March 2025 at a $23 billion valuation — a milestone widely 

read as confirmation that the neocloud category had matured past early-market 

experimentation. By its own Q4 2025 earnings disclosure, CoreWeave ended 

2025 with more than 850 megawatts of active power and 43 operating data 

centers, up from 32 at the start of that year, a contracted revenue backlog of 

$66.8 billion, and full-year 2025 revenue of $5.1 billion (up 168% year over 

year); the company guided to $12-13 billion in 2026 revenue and $30-35 billion 



in 2026 capital expenditure. Lambda Labs, one of the earliest providers to offer 

H100 access, serves more than 10,000 research teams and raised $1.5 billion in 

November 2025. Nebius, spun out of Yandex, raised $6.3 billion across multiple 

rounds in 2025-2026 and reached a $28.7 billion valuation. Crusoe, RunPod, 

and Vast.ai occupy progressively more price-sensitive, self-serve tiers, with 

Vast.ai's peer-to-peer marketplace pushing rates as low as $1.87 per hour for 

an H100 in exchange for more variable reliability. A newer entrant, Axe 

Compute, claims more than 400,000 GPUs across 200-plus locations in 93 

countries — a scale comparable to, though not directly verified against, 

CoreWeave's own reported data center count — illustrating how quickly new 

capacity has entered the market even as demand continues to outstrip it.

### A closer look at the major providers

For a founding team actually making a provider selection, the broad market 

description above is less useful than a concrete sense of how the leading 

options actually differ in practice. Several patterns emerge from comparing the 

major providers directly.

At the enterprise, high-reliability end of the market, CoreWeave and Lambda 

Labs both target teams running serious, sustained training or inference 

workloads, with bare-metal performance, Kubernetes-native orchestration, 

InfiniBand networking, and enterprise-grade service-level agreements around 

99.9% uptime. CoreWeave leans further toward large, contracted enterprise 

deals and Kubernetes-first infrastructure; Lambda differentiates on developer 

experience, with instances pre-configured with PyTorch, TensorFlow, CUDA 

drivers, and a Jupyter notebook, closer to a "click-and-train" experience than 

competitors, and Lambda additionally sells GPU hardware directly for teams 

that do eventually want to own physical servers. Nebius and Crusoe occupy a 

similar enterprise-adjacent tier, both offering H100 and H200 access at rates 

typically well below hyperscaler list prices while still providing dedicated, non-

shared infrastructure.

At the budget-conscious, self-serve end of the market, RunPod offers what most 

comparisons describe as the most competitive pricing for startups and small 

teams, with flexible spot instances starting well under a dollar an hour for 

consumer-class GPUs and scaling up for data center-class hardware, alongside 

serverless deployment options that avoid idle-capacity billing entirely. Vast.ai's 

peer-to-peer marketplace model — individual GPU owners listing capacity for 



rent, with pricing set by the market rather than a fixed rate card — pushes 

prices lower still, with H100 access sometimes available for under $2 an hour, 

in exchange for materially more variable reliability, since the underlying 

hardware is not uniformly enterprise-grade and availability depends on what 

individual sellers happen to be offering at a given moment.

Hyperscalers — AWS, Google Cloud, and Microsoft Azure — sit at a different 

point in the tradeoff space entirely. They typically charge two to three times 

what specialized neoclouds charge for equivalent GPU access, but offer deep 

integration with the broader cloud ecosystem a startup may already depend on 

(managed databases, identity and access management, existing compliance 

certifications, and — critically for many early-stage teams — the largest and 

most generous startup credit programs described in a later section). For teams 

already built on a hyperscaler for their non-AI infrastructure, or those that have 

secured substantial credits through an accelerator or VC relationship, the 

premium pricing is frequently offset entirely by credits during the startup's first 

one to two years, making the hyperscaler a rational choice despite the higher 

headline rate.

A final, newer category — geographically distributed neoclouds like Axe 

Compute, which claims more than 400,000 GPUs across 200-plus locations in 

93 countries — competes specifically on provisioning speed (clusters available 

within 48 hours in some cases) and geographic distribution, which matters 

disproportionately for inference workloads serving a global user base, since 

network latency from a user to the nearest available inference endpoint can 

matter as much as raw GPU throughput once a model is already trained. As of 

early 2026, CoreWeave, by contrast, had no Asia-Pacific regions at all — a 

genuine constraint for any startup serving users concentrated in that 

geography, regardless of how competitive CoreWeave's pricing or reliability 

might otherwise be.



PROVIDER POSITIONING: PRICE VS. ENTERPRISE READINESS, 2026

Price compression has been real — but it has stalled, and reversed, 
in places

For much of 2024 and 2025, the dominant story in GPU rental pricing was 

compression: H100 rental rates fell 64% to 75% between the fourth quarter of 

2024 and early 2026, meaning workloads that cost $8 to $10 an hour to run in 

2024 could be run for $2 to $3 an hour from specialized providers by early 

2026. Over 300 new GPU cloud companies entered the market in 2025 alone, 

and that proliferation of supply was the direct driver of falling prices — more 

sellers competing for the same buyers pushed rates down across the board.

But "the price of an H100" is not a single number, and the spread between 

providers has remained enormous even as average prices fell. One widely 

circulated analysis tracking 25 cloud providers found a 13.8x price difference 

for functionally identical H100 GPUs — the cheapest provider charged $0.80 an 

hour, the most expensive $11.10 an hour, for the same silicon and the same 

VRAM. Hyperscalers (AWS, GCP, Azure) typically charge $2 to $11 an hour for 

an H100; specialized neoclouds sit in the $1.50 to $2.50 range; peer-to-peer 



marketplaces push below $1.60. The gap is large enough to be a genuine 

strategic decision rather than rounding error: one widely cited comparison 

found that training an identical 7-billion-parameter model cost $362,000 on 

AWS versus $58,000 on Lambda Labs — a sixfold difference for the same GPUs.

That compression trend has not held uniformly through 2026, however, and the 

reversals are instructive. Vast.ai recorded price increases for premium 

hardware in mid-2026, with its Blackwell B200 tier rising from $3.81 to $5.64 

per hour. Separately, H100 spot prices reportedly surged roughly 40% since 

October 2026 as H200 and Blackwell-generation supply began ramping and 

reallocated capacity away from older-generation chips. Several providers, 

including Crusoe Cloud, quietly dropped support for older, less popular GPU 

models like the Nvidia L40S between May and June 2026 as they shifted toward 

newer architectures — meaning startups that built workloads around specific 

hardware SKUs found that hardware disappearing from the market with limited 

notice. The lesson for a CXO evaluating this space is not that renting is now 

expensive — on average, it remains dramatically cheaper than it was two years 

ago — but that the price a startup pays today is not a reliable predictor of the 

price it will pay at its next contract renewal, in either direction.

ILLUSTRATIVE H100 PRICE RANGE, Q4 2024-Q1 2026



The inference layer: paying per token instead of per GPU-hour

Beneath the raw GPU rental market sits a second, increasingly important layer: 

inference-as-a-service providers that abstract infrastructure away entirely, 

charging per token or per API call rather than per GPU-hour. For a large share 

of AI startups — particularly those building applications on top of open-weight 

models rather than training their own from scratch — this layer, not raw GPU 

rental, is the actual point of "not owning GPUs."

By the second quarter of 2026, the serverless inference market for open-weight 

models had consolidated around seven core providers: Together AI, Fireworks 

AI, Anyscale, Groq, Cerebras, Replicate, and OctoAI, alongside newer entrants 

like Modal, Baseten, DeepInfra, and SambaNova. Pricing for the identical 

model can spread sixfold across these providers — one comparison found 

Meta's Llama 4 70B model priced at $0.65 per million tokens on Together AI's 

batch tier versus $4.20 per million tokens at the most expensive listed provider 

for the same model. Latency spreads even more dramatically: P50 latency 

varies five to seven times across providers, and throughput on specialty 

inference hardware — Groq's LPU chips, Cerebras's wafer-scale engines — can 

run up to ten times faster than commodity H100-based endpoints. Groq's 

custom hardware delivers roughly 476 tokens per second with time-to-first-

token as low as 0.6 to 0.9 seconds on tracked benchmarks; Cerebras reports 

throughput as high as 3,000 tokens per second on comparable models, the 

highest measured figure in the category as of April 2026.

The practical implication for a founding team is that no single inference 

provider is the right default for every workload. Analysts increasingly 

recommend building a routing layer — sending batch jobs to the cheapest 

provider, real-time chat to the fastest, and niche-model traffic wherever it's 

supported — rather than committing to one vendor. A simple workload-aware 

router that splits traffic this way can reduce cost-per-answer by 30% to 50% 

relative to any single-provider choice, and provides automatic failover if one 

provider's capacity tightens during a model launch or outage. This is precisely 

the strategy that "gateway" products like OpenRouter and Vercel's AI Gateway 

have productized: OpenRouter raised a $113 million Series B at a $1.3 billion 

valuation while routing roughly 25 trillion tokens per week across providers 

without owning a single GPU itself, and Vercel's AI Gateway serves more than 

200,000 teams on the same premise.



2026 has been an unusually consequential year for this layer of the market, 

with several developments CXOs evaluating inference providers should track 

directly. Cerebras completed the largest tech IPO of the year on May 14, 2026, 

raising $5.5 billion at $185 per share and closing its first day of trading near a 

$66 billion market capitalization, backed in part by a supply relationship with 

OpenAI. In December 2025, Nvidia licensed Groq's LPU chip technology for 

approximately $20 billion and hired Groq founder Jonathan Ross, while Groq 

itself remained independent and began repositioning from a chipmaker into an 

inference cloud provider in its own right. Cloudflare acquired Replicate, 

announced in November 2025 and closed in early 2026, folding Replicate's 

catalog of more than 50,000 hosted models into Cloudflare's Workers AI 

platform. And on the revenue side, growth across this layer has been 

extraordinary by any standard: Baseten's annualized revenue reportedly 

reached roughly $600 million (with reports of a raise at an $11 billion 

valuation), Fireworks reached approximately $800 million (in talks at a $15 

billion valuation), and Together AI passed roughly $1 billion in annualized 

revenue (in talks at $7.5 billion). CoreWeave, discussed above primarily as a 

raw GPU rental provider, has separately built a fast-growing inference and 

token-serving business line of its own — one indication of how quickly the line 

between "GPU rental" and "inference-as-a-service" is blurring even among the 

largest providers.

For a startup evaluating this landscape, the takeaway is that the inference layer 

has become deep and liquid enough that "not owning GPUs" no longer means 

accepting a single vendor's roadmap, pricing, or hardware constraints. It 

means choosing among a genuinely competitive set of specialized providers, 

each optimized for a different point on the cost-latency-throughput curve — and 

building enough abstraction into the application layer to move between them as 

pricing and performance shift.



INFERENCE PROVIDER PRICING SPREAD, SAME MODEL, Q2 2026

Training and inference are different infrastructure problems

Much of the confusion in how founders approach the "own versus rent" 

question stems from treating AI compute as a single, undifferentiated need, 

when training and inference are, in practice, close to opposite infrastructure 

problems — and the right rental strategy for one is often the wrong strategy for 

the other.

Training workloads — particularly pretraining a model from scratch, or large-

scale fine-tuning runs — are characterized by sustained, high-utilization 

demand for a fixed period, tight interconnect requirements between GPUs 

(since gradients and activations must move between chips constantly during 

distributed training), and relatively predictable start and end dates. This profile 

favors reserved or contracted capacity: a startup running an eight-week 

training job benefits from locking in a known price and guaranteed cluster 

availability for that window, and the tight-interconnect requirement of large 

training runs is precisely why bare-metal, InfiniBand-networked providers like 

CoreWeave built their business around multi-year take-or-pay contracts rather 

than purely on-demand pricing. Training workloads are also where the price-

per-GPU-hour comparisons cited earlier (the $362,000-versus-$58,000 example 

for a 7-billion-parameter model) matter most directly, since a training run's 

total cost scales close to linearly with GPU-hours consumed over a defined, 

bounded period.



Inference workloads — serving a trained model's predictions to end users in 

production — look almost nothing like this. Demand is bursty and traffic-driven 

rather than fixed-duration, often has strict latency requirements that make raw 

throughput less important than time-to-first-token, and ideally scales elastically 

with user demand rather than running against a fixed reserved capacity that 

sits idle during low-traffic periods and gets overwhelmed during spikes. This is 

exactly the profile the inference-as-a-service layer described in the previous 

section was built to serve, and it's why per-token or per-request pricing, rather 

than per-GPU-hour reservations, tends to produce better unit economics for 

inference-heavy startups — a company paying per token only pays for compute 

it actually uses, rather than for a reserved cluster sitting partially idle outside 

peak hours.

The practical implication for a founding team is that the right infrastructure 

architecture is very often a hybrid: reserved or contracted GPU capacity 

(through a neocloud like CoreWeave or Lambda, or through a hyperscaler's 

committed-use discount program) for training and fine-tuning workloads with 

known, bounded compute needs, paired with serverless inference-as-a-service 

(Together, Fireworks, Groq, or similar) for the unpredictable, elastic demand of 

serving a live product to users. Startups that apply a single infrastructure 

strategy uniformly across both workload types — either reserving too much 

capacity for bursty inference demand, or trying to run training jobs on pay-per-

token inference infrastructure not designed for it — tend to end up with 

meaningfully worse unit economics than teams that explicitly architect for the 

difference.

Case study: Perplexity built a multibillion-dollar AI company on 
rented infrastructure

Perplexity AI offers one of the clearest, most-documented examples of a 

company reaching a multibillion-dollar valuation without owning the GPUs its 

product runs on. Founded in 2022 by four engineers, Perplexity built pplx-api — 

its infrastructure for serving large language models to developers — entirely on 

Amazon Web Services, initially running inference on Amazon EC2 P4d 

instances powered by Nvidia A100 GPUs, later transitioning to P5 instances 

powered by Nvidia H100 GPUs, and further accelerating performance using 

Nvidia's TensorRT-LLM software layer. For training workloads specifically, 

Perplexity used Amazon SageMaker HyperPod, which — according to AWS's 



own published case study — reduced Perplexity's model training time by up to 

40% by automatically handling data and model parallelism across GPUs, and by 

automatically detecting and remediating GPU hardware failures without 

requiring Perplexity's own engineers to manage the underlying cluster.

The commercial outcome is a useful proof point for the broader thesis: 

Perplexity grew from a small San Francisco startup in 2022 to a company 

processing roughly 780 million queries per month, with reported backing from 

investors including Jeff Bezos and Nvidia, and a valuation reported at 

approximately $14 billion — without its engineering team ever needing to 

negotiate a GPU purchase order, manage data center power and cooling, or 

take on the balance-sheet risk of owning depreciating hardware. Every dollar of 

infrastructure spend at Perplexity has been an operating expense paid to AWS, 

not a capital asset the company owns and must eventually replace. That 

distinction matters enormously for a venture-backed company's cash runway 

calculations, its ability to scale infrastructure spend up or down with actual 

usage, and its balance sheet as it approaches later funding rounds or a public 

listing.

Perplexity is not an isolated example — it is representative of the default 

pattern across the current generation of application-layer AI companies. 

Cursor, the AI coding assistant that reached a reported multibillion-dollar 

valuation within roughly two years of its founding, has similarly built its 

product on a combination of rented GPU infrastructure and third-party 

foundation model APIs (drawing on models from OpenAI, Anthropic, and others 

depending on task) rather than training or hosting its own frontier models on 

owned hardware — allowing a comparatively small engineering team to focus 

entirely on the developer experience and code-editing product rather than on 

infrastructure operations. Character.AI, in its early growth phase before its 

most recent restructuring, followed a similar pattern of renting large-scale GPU 

capacity from cloud providers to serve its conversational AI characters to tens 

of millions of users, rather than constructing owned data center capacity — a 

choice that let the company scale its user base extremely quickly during its 

highest-growth period, even as the underlying compute cost of serving that 

traffic became, in later years, a significant factor in the company's strategic 

decisions.

A pattern worth naming explicitly across all three examples: none of these 

companies made a single, one-time "rent versus own" decision and then 



stopped revisiting it. Each adjusted its specific infrastructure mix — which 

cloud, which GPU generation, which mix of raw compute versus API access to 

third-party models — multiple times as the company scaled, as pricing shifted, 

and as its own workload characteristics became better understood. The lesson 

for a founding team is less "copy exactly what Perplexity did" and more "build 

the organizational habit of treating infrastructure strategy as a live, recurring 

decision rather than a one-time setup task."

The build-versus-buy decision doesn't stop at infrastructure — it 
extends to the model itself

A related and equally consequential decision sits one layer above the 

infrastructure question this analysis has focused on so far: whether a startup 

trains and owns its own model at all, or builds its product entirely on top of a 

third-party foundation model API — OpenAI, Anthropic, Google, or an open-

weight model served through one of the inference providers described earlier. 

This is, in effect, an even more extreme version of "not owning GPUs," since a 

startup that builds purely on top of a frontier model API never touches GPU 

infrastructure directly at all — its entire compute cost shows up as a per-token 

API bill, with zero infrastructure management overhead of any kind.

The economics of this choice have shifted meaningfully as open-weight models 

have closed much of the capability gap with closed, frontier models, while API 

pricing for open-weight models served through the inference layer has fallen 

dramatically. Switching a production workload from a frontier closed model like 

GPT-5.2 to an equivalent open-weight model served through a specialized 

inference provider can reduce monthly API spend by 80% to 95%, according to 

inference-pricing analyses published in 2026 — for a team spending $10,000 a 

month on frontier-model API calls, that reduction represents $8,000 to $9,500 

in reclaimed budget before any other cost optimization is applied. This is 

precisely why the inference-as-a-service layer profiled earlier in this analysis 

has grown so quickly: it sits at the intersection of two trends CXOs should track 

together — startups avoiding owned GPU infrastructure, and startups 

simultaneously migrating away from the most expensive frontier-model APIs 

toward cheaper, increasingly capable open-weight alternatives, without ever 

having to manage the underlying hardware in either case.

The strategic tradeoff is real, however, and worth stating plainly rather than 

treating this shift as costless. Frontier closed models from OpenAI, Anthropic, 



and Google generally retain a meaningful capability edge on the hardest 

reasoning, coding, and multi-step agentic tasks, and a startup that migrates a 

workload to a cheaper open-weight model purely to save on API costs can 

measurably degrade product quality on tasks where that capability gap 

matters. The more sophisticated pattern emerging among capital-efficient AI 

startups is not a wholesale switch to open-weight models, but the same 

workload-aware routing strategy described earlier in the inference-provider 

context: sending the hardest, highest-value tasks to frontier closed-model APIs 

where quality justifies the cost, and routing higher-volume, lower-complexity 

tasks to cheaper open-weight endpoints — capturing most of the cost savings 

without a uniform quality downgrade across the entire product.

The credit-fueled on-ramp: how startups fund a year of compute 
before writing a check

A significant part of what makes "no owned GPUs" viable for an early-stage 

company is a dense ecosystem of cloud credit programs specifically designed to 

subsidize a startup's first year or two of infrastructure spend. Understanding 

these programs in detail matters because, according to a 2026 industry report, 

60% to 70% of an AI startup's seed round is often allocated directly to 

infrastructure spend before the company has signed a single paying customer 

— meaning credits can materially change how far a given round of funding 

stretches.

The largest programs, as of 2026, break down as follows. Google Cloud for 

Startups offers the most generous published ceiling for AI-focused companies: 

up to $350,000 for startups it classifies as "AI-first" (AI as the core product 

rather than a bolted-on feature), typically routed through recognized 

accelerator or VC partners such as Y Combinator or Techstars rather than 

available purely self-serve, usable on Google's TPU infrastructure as well as 

GPU instances and Vertex AI access to Gemini models. AWS Activate offers a 

tiered structure: a no-strings Founders tier providing up to $1,000 to $5,000 for 

self-funded startups with no investor requirement, a Portfolio tier reaching 

$100,000 to $200,000 for startups affiliated with a qualifying accelerator or VC, 

and a newer, more stringent Generative AI tier launched in 2026 offering up to 

$300,000 specifically for companies training large language models or 

foundation models, typically accessed by invitation through an AWS account 

manager. Microsoft for Startups' Founders Hub path is the most frictionless of 



the major programs — founders apply directly online, receive starter Azure 

credits while eligibility is verified, and can scale up to $150,000 over time as 

they demonstrate sustained usage, with no investor affiliation required at the 

baseline tier.

NVIDIA Inception sits somewhat apart from the hyperscaler programs: it is free 

to join, requires no equity and no funding threshold, and as of 2026 counts 

more than 19,000 AI startup members globally. Its most direct benefit is 

unlocking up to $100,000 in AWS Activate credits specifically applicable to 

Nvidia GPU instances on EC2, with the actual amount varying by startup profile 

— bootstrapped teams typically receive $10,000 to $25,000, while startups with 

demonstrated Nvidia usage and institutional backing can access higher tiers. 

Beyond hyperscaler credit access, Inception provides introductions to Nvidia's 

own venture network (Capital Connect) and technical training through Nvidia's 

Deep Learning Institute. Smaller, more targeted programs round out the 

landscape: Together AI's Startup Accelerator offers $15,000 to $50,000 in 

inference credits directly; Nebius offers Inception members up to $150,000 in 

cloud credits plus a further $10,000 in inference credits through its AI Lift 

program.

The practical strategy that has emerged among capital-efficient founding teams 

is to stack these programs rather than rely on any single one. A five-person 

machine learning team that combines self-serve entry-tier credits 

(DigitalOcean, Microsoft Founders Hub baseline) for early experimentation, 

then activates the larger hyperscaler programs (Google's $350,000, AWS's 

$200,000-plus) once formally funded, can — according to infrastructure 

advisory estimates — run continuous A100 or H100 training for nine to twelve 

months with less than 5% of that compute spend coming out of pocket. But 

every source covering this landscape converges on the same caution, worth 

stating plainly for any CXO relying on this strategy: credits are not free 

compute in any durable sense, they are a customer-acquisition subsidy with an 

expiration date, and the switching costs a startup accumulates while consuming 

those credits — deep integration with a specific cloud's APIs, tooling, and 

operational patterns — do not expire when the credits do. As one infrastructure 

analysis put it bluntly: the cloud providers are playing a longer game than the 

founders using their credits are.



MAJOR STARTUP CLOUD/GPU CREDIT PROGRAMS, 2026

The hyperscalers are fighting back — and that changes the calculus 
again

Everything described so far assumes a market structure where neoclouds and 

inference providers compete against hyperscalers largely from outside the 

traditional cloud incumbents. That structure is now being directly challenged 

by the hyperscalers themselves, in a development significant enough that any 

startup's infrastructure strategy should account for it going forward.

In mid-2026, Bloomberg reported that Meta Platforms is building "Meta 

Compute," an initiative to sell both raw GPU capacity rented to third parties by 

the hour — directly mirroring what CoreWeave and other neoclouds already 

offer — and hosted access to Meta's own models through a single API, 

mirroring the inference-as-a-service layer described earlier in this analysis. The 

market's reaction was immediate and sizable: news of the initiative sent Meta's 

stock up roughly 10% in a single session while erasing 13% to 15% of 

CoreWeave's and Nebius's market value on the same day, as investors priced in 

the competitive threat of the best-capitalized company in the industry entering 

the market neoclouds had built. Meta's structural advantage, if it follows 

through at scale, is straightforward: the company is spending $125 billion to 

$145 billion on AI infrastructure in 2026 alone, including a 2,250-acre 

hyperscale campus under construction in Louisiana and a one-gigawatt data 



center in the American Midwest — capital and physical scale most neoclouds 

cannot match.

The episode is also a useful window into how tightly coupled the neocloud 

ecosystem has become with the largest AI labs' own capacity decisions. Meta's 

push into infrastructure competition follows, according to Financial Times 

reporting, an episode earlier in 2026 in which Google restricted Meta's access 

to its Gemini models because Google could not supply the full computing 

capacity Meta was requesting — a capacity constraint significant enough to 

help motivate one of the world's largest technology companies to build its own 

competing infrastructure business rather than continue depending on rented 

access elsewhere. If a company with Meta's balance sheet and negotiating 

leverage can be capacity-constrained by a major cloud provider, the capacity 

risk documented throughout this analysis for much smaller AI startups should 

be read as, if anything, understated.

For CXOs and founders, the practical implication of hyperscaler entry into the 

neocloud-style rental market is twofold. In the near term, increased 

competition among a larger set of providers — hyperscalers now competing 

more directly on price and flexibility with the neoclouds that displaced them — 

is likely to continue putting downward pressure on rental pricing generally, 

reinforcing the case for renting over owning. But it also raises a longer-term 

consolidation risk worth watching: several of the specialist neoclouds carry 

debt financing structured against long-term contracted revenue (CoreWeave's 

$8.5 billion debt facility, the first investment-grade-rated GPU-backed financing 

of its kind, priced in March 2026, is a direct example), and if hyperscaler 

competition erodes the contracted revenue base underpinning that debt, the 

resulting financial stress at affected neoclouds could itself become a source of 

the exact capacity and reliability risk this analysis has documented — meaning 

the competitive dynamic that benefits renters on price today could, in a subset 

of scenarios, worsen the reliability of specific providers tomorrow.

Geography matters more than most founders assume

A dimension of the rent-versus-own decision that receives comparatively little 

attention in most infrastructure discussions, but that materially affects both 

cost and product quality, is geography — both where a startup's compute 

physically runs and where its users are located relative to that compute.



On pure cost, regional pricing variation within a single provider's footprint can 

be substantial. One 2025 regional pricing analysis found U.S. East Coast GPU 

deployments averaging $5.76 per unit per day against $6.60 per unit per day 

on the West Coast — a gap driven by differences in regional power costs, real 

estate, and local demand density, all factors most founders don't think to 

compare when selecting a default region inside a single provider's console. At a 

global level, the pricing gap is far larger: Singapore colocation and cloud 

infrastructure, cited elsewhere in Compute Forecast's coverage of the data 

center sector, commands some of the steepest premiums of any major market 

globally, driven by land scarcity and multi-year power-allocation lead times, 

while emerging markets across Latin America and Southeast Asia are seeing 

the fastest capacity growth precisely because they offer significantly lower-cost 

alternatives to the constrained primary markets.

On product quality, the more important geographic factor is latency between a 

startup's users and the nearest available inference endpoint. Cross-continental 

network routing alone can add 80 to 150 milliseconds to every request before 

any actual computation begins — a delay that compounds with model inference 

time and can be the difference between a responsive product and a frustrating 

one for latency-sensitive use cases like conversational AI or real-time coding 

assistance. This is precisely why the newer, geographically distributed 

neoclouds and the inference-as-a-service gateways described earlier in this 

analysis compete explicitly on footprint breadth rather than purely on price: a 

provider offering the cheapest GPU-hour in North America is not necessarily 

the right choice for a startup whose user base is concentrated in Southeast Asia 

or Latin America, regardless of that provider's headline pricing.

The practical recommendation for founding teams serving, or planning to serve, 

a genuinely global user base is to treat geographic distribution as a first-class 

criterion in provider selection from the outset, rather than defaulting to 

whichever region a provider's console happens to select automatically — a 

decision that is far easier to make correctly at the beginning than to retrofit 

once a product has scaled with an accidental single-region architecture already 

baked into its infrastructure.

The risk founders underestimate: price volatility at renewal

The single most concrete, well-documented risk in the rent-don't-own strategy 

is what happens when a startup's initial contract or credit allocation runs out 



and it has to negotiate its actual, ongoing commercial rate — and 2026 

produced a specific, well-sourced example that has become something of a 

cautionary tale across the industry. Krea, an image-generation AI startup 

backed by Andreessen Horowitz and Bain Capital Ventures that had raised $83 

million, rented several hundred Blackwell-generation GPUs at $2.80 per hour 

under a six-month contract in late 2025. At renewal, according to Krea's own 

CEO Victor Perez, multiple cloud providers simply went unresponsive to the 

company's inquiries, and others would only negotiate under three-year contract 

terms rather than the shorter commitment Krea had originally signed. Krea 

ultimately secured the same hardware at $3.70 per hour — a 32% price 

increase — and only by agreeing to extend its contract term to a full year.

Krea's experience was not an isolated incident but a symptom of a broader 

capacity dynamic that multiple sources documented independently through the 

first half of 2026. Microsoft Azure's own sales leadership reportedly told 

employees internally that GPU wait times for cloud customers were expected to 

persist through the end of 2026, and Microsoft, along with other major cloud 

providers, began redirecting GPU capacity toward internal teams and their 

largest, most strategic clients — reportedly including OpenAI and Anthropic — 

leaving smaller customers facing both price increases and extended wait times. 

Microsoft reportedly began requiring smaller clients to commit to a minimum of 

1,000 GPUs for a full year in order to secure guaranteed access at all, a 

commitment size entirely out of reach for the large majority of early-stage AI 

startups. Lightning AI's chief executive was quoted describing demand as 

exceeding supply by a factor of ten. In direct response to these dynamics, some 

startups reportedly began shifting toward direct GPU purchases specifically to 

route around cloud-provider capacity rationing — a meaningful signal that, for 

at least some companies at some points in their growth, the calculus behind 

this entire analysis can flip.

The structural driver behind this volatility is a genuine, multi-layered supply 

constraint that is unlikely to resolve quickly. Lead times for data center-class 

GPUs reportedly run 36 to 52 weeks as of 2026, driven not just by chip 

fabrication capacity but by a parallel shortage in high-bandwidth memory — the 

specialized memory packages required for AI accelerators — as memory 

suppliers have shifted production capacity away from conventional DDR and 

GDDR memory toward HBM to meet AI demand. Chinese technology companies 

alone reportedly placed orders for more than two million Nvidia H200 chips for 



2026 delivery, against Nvidia's own reported inventory of roughly 700,000 units 

at the time those orders were placed, forcing Nvidia to prioritize its largest 

hyperscaler customers and pushing enterprise and startup-tier buyers further 

back in the queue. One infrastructure analysis estimated that a 15% overnight 

GPU price increase adds more than $3,700 per month per instance in additional 

cost — and for a team running at a typical 60% utilization rate, more than 

$1,500 of that added cost is spent on GPU capacity sitting idle, a compounding 

effect that makes underutilized rented capacity considerably more expensive 

during a price spike than it was before.

The risk founders underestimate: vendor concentration and circular 
financing

A second, less visible risk sits beneath the pricing question: who is actually 

providing the capital behind a startup's "rented" GPU capacity, and what does 

that financing structure imply about the price being charged. CoreWeave's own 

IPO S-1 filing, disclosed in March 2025, revealed that Nvidia held an 

approximate 1.21% equity stake in CoreWeave and simultaneously served as 

both a major customer of CoreWeave's infrastructure and a capacity "backstop" 

— a demand guarantee that helped CoreWeave secure the debt financing 

needed to build out its GPU clusters in the first place. The practical implication, 

as one infrastructure analysis framed it, is that any company renting from a 

vendor-financed neocloud of this kind is paying a rate shaped not purely by 

open-market supply and demand, but partly by the margin structure embedded 

in a bilateral financing arrangement between the neocloud and its chip supplier 

— a cost structure sitting inside every invoice, whether or not the renting 

customer is aware of it.

This financing pattern has continued to develop through 2026 rather than 

remaining a one-time disclosure. On July 1, 2026, Nvidia published a formal 

revenue-sharing and credit-support program under which it backstops the 

infrastructure buildouts of smaller AI cloud operators in exchange for a 

recurring share of the cloud revenue those GPUs eventually generate — a 

structure co-announced by Nvidia's CFO. The market's reaction to this 

announcement was telling: Sharon AI, a Nasdaq-listed AI cloud operator that 

had raised $1.6 billion in private placement specifically to fund an Nvidia-based 

buildout, saw its stock fall more than 14% the trading day after the 

announcement, reflecting investor concern about what a recurring revenue-



share obligation implies for the company's long-term margin profile as a 

partner in this structure rather than a fully independent operator. It is worth 

noting, in fairness to the providers involved, that these arrangements are not 

universally read as a red flag: when Nvidia separately took a direct financial 

position in CoreWeave in early 2026 to support its build-out toward more than 

5 gigawatts of capacity by 2030, CoreWeave's own spokesperson said the 

proceeds would be directed toward research and development, workforce, and 

data center costs rather than toward purchasing Nvidia hardware directly — a 

structure the company and some analysts argued was specifically designed to 

avoid the appearance of circular financing, even as others in the market 

continue to treat any Nvidia-neocloud financial linkage as a diligence item 

worth scrutinizing regardless of how a specific deal is structured.

For a CXO or investor evaluating a GPU rental provider, the practical diligence 

question this raises is straightforward and worth asking directly rather than 

assuming: does this provider have an equity stake, demand-backstop 

arrangement, or revenue-share agreement with Nvidia or another GPU 

manufacturer, and if so, how is that arrangement reflected in the price being 

quoted? Providers without such arrangements can typically say so clearly and 

quickly. Providers with large forward-contracted GPU clusters that miss their 

own internal utilization targets have, in multiple documented cases, responded 

by rationing capacity and raising rates specifically for their smaller, non-

enterprise customers — precisely the segment most AI startups fall into. 

Evaluating how long a given provider has operated, and whether it has 

navigated a prior demand cycle without a major pricing restructuring, is a more 

reliable signal of stability than any single quoted rate.



STRUCTURAL RISKS OF A RENT-DON'T-OWN STRATEGY, 2026

The risk founders underestimate: regulatory exposure is expanding 
to cloud access itself

A newer and less-discussed risk category is regulatory: export control policy, 

historically focused on physical shipments of GPU hardware, has begun 

extending explicitly to cloud-based remote access to that hardware. The 

Remote Access Security Act (H.R. 2683) passed the U.S. House of 

Representatives on January 12, 2026 with overwhelming bipartisan support, 

369 to 22, and specifically extends export control obligations beyond the 

physical shipment of GPUs to cover cloud-based remote access to GPU compute 

— meaning a startup's choice of cloud provider, the provider's data center 

jurisdiction, and the customer base that provider serves elsewhere in the world 

can carry export-control implications that did not previously apply to a 

company that never physically imported or exported hardware at all.



For most domestic AI startups serving domestic customers, this development is 

unlikely to create immediate operational friction. But for startups with 

international customers, multinational cloud footprints, or investors and 

partners based outside the US, it adds a genuinely new due-diligence 

dimension to provider selection that did not exist as recently as 2025: 

understanding not just where a rented GPU physically sits, but what regulatory 

obligations attach to remote access of that hardware across borders. This is a 

fast-moving area of policy, consistent with the broader volatility in AI export 

control rules generally, and any startup with material international exposure 

should treat cloud provider and jurisdiction selection as a compliance question, 

not solely a cost and performance question.

When does owning start to make economic sense?

Given the risks above, it's worth asking directly: at what point, if any, does the 

calculus flip — when does a startup's own economics justify owning rather than 

renting GPU infrastructure? The honest answer, based on the evidence 

available, is that for the substantial majority of AI startups, that crossover point 

never arrives during the venture-backed phase of the company's life, but the 

exceptions are informative.

The core economic logic against ownership for most startups is 

straightforward. GPUs are a rapidly depreciating asset in a market where new, 

faster hardware generations arrive roughly annually — a cluster of H100s 

purchased in 2024 was already being displaced by H200 and Blackwell-

generation capacity at many providers by 2026, meaning owned hardware 

carries real technological obsolescence risk on top of straightforward physical 

depreciation. Owning hardware also means owning the operational burden that 

comes with it: power provisioning, cooling, networking, and — critically — the 

specialized systems engineering talent required to keep a GPU cluster running 

at high utilization, which is a fundamentally different skill set from the machine 

learning talent most AI startups are actually trying to hire and retain. A startup 

that ties up capital in owned GPUs is also making a multi-year bet on a specific 

hardware generation and a specific estimate of its own future compute needs, 

in a market where both the available hardware and the startup's own workload 

are likely to change substantially within that window.

The exceptions cluster around a small number of identifiable conditions. 

Companies whose compute usage has become large, extremely predictable, and 



sustained over multiple years — closer to the profile of an infrastructure 

company than an application startup — begin to see the economics shift, which 

is precisely why some of the largest AI labs (and some of the neoclouds 

themselves) do eventually own or directly finance dedicated hardware even as 

they also rent additional capacity flexibly around that owned core. Some 

startups have reportedly begun shifting toward direct GPU purchases 

specifically as a defensive response to the capacity-rationing dynamics 

described earlier — not because ownership is cheaper in steady state, but 

because it is the only way to guarantee access at all when rental capacity is 

being preferentially allocated to larger customers. And companies operating 

under specific data-sovereignty, security, or regulatory requirements that 

mandate control over the physical location and custody of hardware may have 

no viable rental path regardless of the underlying economics.

For the large majority of startups outside these specific conditions, the more 

relevant question is not "rent versus own" as a binary, permanent choice, but 

how to structure a rental strategy that captures the cost benefits of renting 

while actively managing the risks documented above — treating provider 

diversification, contract-term discipline, and workload portability as core 

infrastructure strategy rather than an afterthought to be handled once 

problems emerge.

ILLUSTRATIVE RENT-VS-OWN COST CURVE BY USAGE SCALE



Building for portability: the technical architecture question

Every risk documented in this analysis — price volatility at renewal, capacity 

rationing, vendor concentration, even regulatory exposure — is meaningfully 

reduced by a single technical discipline: architecting a startup's infrastructure 

and application layer so that switching providers is an operational task 

measured in days, not a re-engineering project measured in months. This 

section addresses what that discipline looks like in practice, since the strategic 

recommendation to "diversify providers" is only useful if a founding team also 

understands the concrete technical patterns that make diversification 

achievable.

The most important architectural decision is containerization and orchestration 

portability. Startups that package their training and inference workloads in 

standard container formats (Docker), orchestrated through Kubernetes or 

comparable schedulers, retain the ability to move those workloads across 

CoreWeave, Lambda, a hyperscaler, or a new entrant with comparatively 

modest reconfiguration — because the workload itself doesn't assume anything 

proprietary about the underlying provider. Startups that instead build directly 

against a specific provider's proprietary APIs, managed services, or non-

standard tooling save some short-term engineering effort but accumulate 

exactly the kind of switching cost that left companies like Krea with limited 

leverage at contract renewal. A small, dedicated category of tools — cross-

cloud orchestration platforms that can schedule the same job across multiple 

GPU providers based on real-time price and availability — has emerged 

specifically to formalize this pattern, letting a startup define a workload once 

and let the orchestration layer decide, dynamically, which provider to run it on.

The second key pattern is API abstraction at the inference layer, discussed 

briefly above in the context of provider routing: rather than calling a specific 

inference provider's API directly from application code, mature teams build a 

thin internal abstraction layer — often modeled on the OpenAI-compatible API 

format that most inference providers (DeepInfra, Together, Fireworks, Groq, 

OpenRouter) now support as a baseline — so that switching the underlying 

provider means changing a configuration value rather than rewriting 

integration code throughout the application. This pattern is precisely what 

makes the workload-aware routing strategies described earlier operationally 

feasible; without this abstraction, routing different request types to different 

providers would require maintaining separate integration code paths for each 



provider, which few engineering teams have the bandwidth to sustain as a 

permanent practice.

The third pattern, less technical but equally important, is data and model 

portability: ensuring that model weights (whether fine-tuned open-weight 

models or a startup's own trained artifacts), training data, and evaluation 

pipelines are stored in a provider-neutral location — typically object storage 

from a provider distinct from the compute provider — rather than assuming 

they will always live inside whichever GPU provider's environment they were 

created in. A startup whose model checkpoints only exist inside a specific 

neocloud's storage layer has, in practice, made itself far more dependent on 

that provider than its GPU rental contract alone would suggest, since migrating 

compute providers becomes contingent on first migrating potentially terabytes 

of model and training data.

None of these patterns are exotic or require specialized infrastructure 

expertise beyond what a competent early-stage engineering team already has. 

But they require a deliberate decision, made early, to accept modest additional 

engineering overhead in exchange for materially reduced vendor risk later — a 

tradeoff that is easy to defer indefinitely under the pressure of shipping 

product, and that becomes progressively more expensive to retrofit the longer a 

startup waits.

How investors are evaluating capital-light versus capital-heavy AI 
bets

The venture capital lens on this question has shifted noticeably over the 2025-

2026 cycle, and it now shapes how founders should think about their own 

infrastructure strategy heading into a fundraise. AI captured roughly 80% to 

81% of all global venture capital dollars in early 2026 — $297 billion in the first 

quarter alone by one tracking estimate — but that capital has split sharply 

between two very different types of bets, and understanding which bucket a 

given startup falls into materially affects how its infrastructure choices will be 

evaluated.

The first bucket is AI infrastructure itself — GPU cloud providers, chip makers, 

data platforms — where capital deployed increasingly resembles industrial 

infrastructure investment rather than traditional venture-backed software 

spending, with multi-year capital recovery timelines, asset-backed debt 



financing, and a risk profile investors explicitly underwrite as closer to a utility 

or industrial buildout than a software bet. Nebius, Nscale, and similar 

infrastructure-layer companies raising billions of dollars specifically to build 

owned data center and GPU capacity fall squarely into this bucket, and their 

investors are explicitly betting on the physical infrastructure itself as the asset.

The second, much larger bucket by company count is application-layer and 

model-layer AI startups — the category the large majority of "GPU-less" 

companies fall into — where investors increasingly favor and reward exactly 

the capital-efficient, rent-don't-own posture this analysis has described. 

Multiple venture firms surveyed across 2026 investment outlooks explicitly 

cited capital discipline and a credible path to profitability or a liquidity event 

(acquisition, IPO, or structured secondary sale) as a more heavily weighted 

evaluation criterion than growth or valuation appreciation alone — a 

meaningful shift from the growth-at-all-costs underwriting standard that 

characterized software venture investing through much of the previous decade. 

For a founder raising capital in this environment, a lean, rented infrastructure 

stack is not merely a cost-saving tactic; it is increasingly a credibility signal in 

the fundraising process itself, evidence that the founding team understands the 

difference between spending investor capital on product and market validation 

versus locking it into depreciating hardware before product-market fit is 

proven.

That said, investors are not naive to the risks this analysis has documented, and 

sophisticated diligence increasingly probes a startup's infrastructure strategy 

directly rather than treating "we use cloud GPUs" as a settled, low-risk answer. 

Questions about provider concentration, contract terms, workload portability, 

and exposure to the specific price-volatility and capacity-rationing dynamics 

described above have become standard parts of technical diligence for any AI 

startup raising a Series A or later, precisely because investors have seen 

portfolio companies like Krea experience real, material cost shocks at contract 

renewal. A startup that can articulate a specific, considered multi-provider 

strategy — rather than a passive, single-vendor default — is increasingly 

viewed as lower-risk than one that cannot.



The organizational dimension: what renting means for hiring and 
team structure

Every section of this analysis so far has treated the rent-versus-own decision as 

a cost and risk question. It is also, less obviously but just as consequentially, an 

organizational design question — because the choice determines what kind of 

engineering team a startup needs to build, and getting this wrong is a slower, 

more expensive mistake to correct than a bad provider contract.

A startup that owns and operates its own GPU infrastructure needs, at 

minimum, systems engineers capable of managing physical or virtualized 

cluster infrastructure, debugging hardware failures, optimizing network 

topology for distributed training, and maintaining uptime independent of any 

external provider's SLA. This is a genuinely different skill set from machine 

learning engineering, and hiring for it competes directly against neoclouds, 

hyperscalers, and infrastructure-layer startups themselves for a comparatively 

small pool of specialized talent — a pool that commands premium compensation 

precisely because demand for it has grown as fast as the GPU market itself. A 

startup that instead rents infrastructure and inference access can, in principle, 

avoid hiring for this skill set entirely, redirecting that headcount and budget 

toward machine learning research, product engineering, and go-to-market roles 

more directly tied to the company's actual product differentiation.

In practice, the picture is somewhat more nuanced than "rent and never think 

about infrastructure again." Even a fully rented infrastructure stack requires 

someone on the team who understands the tradeoffs described throughout this 

analysis well enough to make good provider decisions, negotiate contract 

terms, monitor for the price-volatility and capacity-rationing risk documented 

earlier, and implement the portability patterns described in the technical 

architecture section. This role is smaller in scope than a full infrastructure or 

platform engineering function, but it is a real, dedicated responsibility rather 

than something that can be treated as a background task absorbed incidentally 

by whichever engineer happens to be available — several of the risk examples 

cited in this analysis, including Krea's contract renewal experience, read as 

situations where more dedicated, forward-looking vendor management could 

plausibly have produced a better outcome.

The staffing implication scales with company size and maturity in a fairly 

predictable pattern. At the earliest stage, a single technically strong founder or 



early engineer can typically manage provider relationships and infrastructure 

decisions as one responsibility among several, particularly while the company is 

primarily consuming credits rather than negotiating commercial contracts at 

scale. By Series A or B, as usage grows and contract renewals begin carrying 

real financial stakes, most capital-efficient AI startups appear to formalize this 

into at least a part-time, and eventually a dedicated, infrastructure or platform 

engineering role — still a fraction of the headcount a fully self-managed 

infrastructure stack would require, but no longer purely incidental. Only at the 

scale where a company's usage approaches the crossover conditions described 

in the earlier section on when ownership starts to make sense does a fuller 

infrastructure or systems engineering function typically become justified — and 

even then, frequently as a hybrid model managing a mix of owned and rented 

capacity rather than a wholesale return to fully self-managed infrastructure.

For a CXO or board evaluating a startup's engineering organization, the 

practical takeaway is that headcount allocated to infrastructure and platform 

engineering is a legitimate signal of infrastructure strategy maturity, in either 

direction: a company with zero dedicated infrastructure ownership at 

meaningful scale may be under-investing in exactly the vendor management 

discipline this analysis has argued is essential, while a company that has built a 

large, owned-infrastructure-style engineering organization despite still renting 

all of its actual compute may be carrying organizational cost without a 

correspondingly clear strategic rationale.

Frequently asked questions from founders and boards

A few specific questions recur often enough in conversations about this topic 

that they're worth answering directly, in addition to the analysis above.

Should a pre-seed company even worry about any of this? Not in detail. At the 

earliest stage, the right move is simply to apply to the credit programs 

described in this analysis, pick a reasonably standard, portable technical stack, 

and defer the harder provider-diversification and contract-negotiation 

questions until usage and revenue are large enough to make them concrete 

rather than theoretical. The one habit worth building early, even at pre-seed, is 

containerized, portable infrastructure — it costs almost nothing to do from day 

one and becomes expensive to retrofit later.



How many providers should a growing startup actually use at once? There is no 

universal number, but the pattern among capital-efficient teams profiled in 

industry coverage tends toward two providers for any given workload category 

— one primary, one tested and ready as a genuine fallback — rather than either 

a single-provider default or an unmanageable sprawl across many providers 

simultaneously. The goal of diversification is optionality at renewal and 

resilience against an outage or capacity crunch, not necessarily active load-

splitting across a large number of vendors at all times.

Is it ever reasonable to sign a multi-year contract as an early-stage startup? 

Yes, but only when the workload behind it is genuinely well-understood and 

likely to persist — a production inference workload with a stable, growing 

usage pattern is a much better candidate for a longer-term commitment than a 

training workload whose future scale is still uncertain. The Krea example in this 

analysis is instructive here too: the company's eventual one-year commitment 

was a reasonable trade given the alternative of an unresponsive market, but a 

team should enter that kind of negotiation deliberately, aware of the tradeoff, 

rather than as the only option left once a shorter-term contract has already 

expired.

What's the single highest-leverage thing a founding team can do to reduce risk 

in this area? Based on the evidence throughout this analysis, it is building and 

testing an actual migration path to a second provider before being forced to 

use it — not just believing one exists in principle. Every documented failure 

case in this analysis, from Krea's renewal shock to the broader capacity-

rationing pattern across the industry in 2026, involved a company discovering 

its actual switching costs and available alternatives only at the moment of 

crisis, rather than having tested them in advance.

Glossary of key terms

For readers newer to this space, several terms recur throughout this analysis 

and are worth defining precisely, since imprecise use of these terms is a 

common source of confusion in vendor conversations and board discussions 

alike.

Neocloud — a cloud provider built specifically around GPU-based AI compute, 

as distinct from general-purpose hyperscalers. CoreWeave, Lambda Labs, 

Nebius, and Crusoe are the most established examples; neoclouds typically 



offer lower prices and faster access to the newest GPU generations than 

hyperscalers, in exchange for a narrower service catalog focused specifically on 

compute rather than the full breadth of cloud services (databases, identity 

management, and so on) hyperscalers provide.

Take-or-pay contract — a commercial structure, common among the larger 

neoclouds, in which a customer commits to paying for a fixed volume of GPU-

hours over a multi-year term regardless of whether it actually uses that full 

volume. This structure gives the provider predictable revenue to finance 

infrastructure buildout, but shifts utilization risk onto the customer — an 

important distinction from on-demand pricing, where a customer pays only for 

what it actually consumes.

Inference-as-a-service — a category of provider (Together AI, Fireworks AI, 

Groq, Cerebras, and others) that abstracts GPU infrastructure away entirely, 

charging customers per token generated or per API call rather than per unit of 

underlying compute time. This is functionally a layer above raw GPU rental, 

and is the relevant category for startups building applications on top of existing 

models rather than training their own.

LPU (Language Processing Unit) — a category of custom silicon, most 

prominently associated with Groq, purpose-built for the specific computational 

pattern of generating text token by token, as distinct from general-purpose 

GPUs. LPUs and other specialized inference silicon (such as Cerebras's wafer-

scale engines) can offer substantially higher throughput and lower latency than 

GPU-based inference for supported models, in exchange for a narrower range 

of supported models and architectures.

H100 / H200 / Blackwell (B100, B200, GB200) — successive generations of 

Nvidia's data center GPU architecture referenced throughout this analysis. The 

H100 was the dominant training and inference chip through 2024 and much of 

2025; H200 offers expanded memory bandwidth over the H100; the Blackwell 

generation (B100, B200, and the GB200 "superchip" pairing a Blackwell GPU 

with a Grace CPU) represents the current frontier as of 2026, with materially 

higher performance and correspondingly higher rental pricing, and is 

progressively displacing H100/H200 capacity across most major providers.

GPU-as-a-Service (GPUaaS) — the broader market category encompassing 

neoclouds, hyperscaler GPU instances, and peer-to-peer GPU marketplaces 



collectively; the term used in most market-sizing estimates cited throughout 

this analysis.

Circular financing / vendor-financed neocloud — a structure in which a GPU 

manufacturer (typically Nvidia) provides equity investment, demand 

guarantees, or revenue-share arrangements to a neocloud, effectively financing 

the buildout of infrastructure that the manufacturer's own chips will populate 

and that will generate revenue partly flowing back to the manufacturer. This 

structure is not inherently improper, but it means the pricing a renting 

customer sees is shaped in part by that financing arrangement rather than 

purely by open-market supply and demand.

Workload-aware routing — an architectural pattern, discussed in this analysis, 

in which a startup's infrastructure layer dynamically directs different 

categories of AI workload (batch processing, real-time chat, latency-critical 

streaming) to whichever provider is best suited and priced for that specific 

workload type, rather than routing all traffic through a single provider by 

default.

Market and investment implications

Several implications follow for CXOs, founders, investors, and vendors 

operating in or around this landscape.

First, the default assumption for a new AI startup should now be renting rather 

than owning, and that default is economically sound for the substantial majority 

of companies — the data on price compression, provider proliferation, and 

credit-program availability all support this as the right starting posture, not 

merely an acceptable compromise.

Second, provider concentration is now a first-order risk that deserves the same 

diligence rigor traditionally applied to key-person risk or customer 

concentration. A startup whose entire infrastructure runs on a single provider, 

with no tested migration path, is carrying meaningful tail risk that a diversified, 

portable infrastructure strategy directly mitigates — even at some cost to short-

term simplicity or negotiated volume discounts.

Third, contract-term discipline matters as much as headline pricing. The Krea 

example demonstrates that a startup optimizing purely for the lowest quoted 

hourly rate, without also negotiating renewal terms, notice periods, and 



capacity guarantees, can find itself with materially worse economics — and 

materially worse availability — at exactly the moment its business is scaling 

and needs compute most reliably.

Fourth, the inference-as-a-service layer has matured enough that most 

application-layer AI startups should evaluate it as a distinct, often preferable 

alternative to raw GPU rental, rather than defaulting to infrastructure 

management they don't need to own. The six-fold pricing spread and multiple-

fold latency spread across inference providers means the selection decision 

itself is a meaningful lever on unit economics, not a commodity choice.

Fifth, credit programs are a genuine, material source of runway extension, but 

should be modeled as a temporary subsidy with a specific expiration date and a 

specific switching-cost liability attached — not as a structural, permanent 

reduction in a startup's true infrastructure cost base. Financial models and 

board presentations that don't distinguish subsidized from steady-state 

compute costs will materially overstate a company's post-credit margin profile.

Sixth, for vendors and operators in this ecosystem — neoclouds, inference 

platforms, and hyperscalers alike — the startups they serve are becoming more 

sophisticated buyers, actively building multi-provider routing and portability 

into their technical architecture from an earlier stage than in prior cycles. 

Providers competing purely on headline hourly rate, without also competing on 

contract flexibility, capacity guarantees, and transparent disclosure of any 

vendor-financing arrangements, are likely to face increasing friction winning 

and retaining the more sophisticated segment of this buyer base.

Seventh, hyperscaler entry into direct GPU rental — Meta Compute being the 

clearest current example — is likely to intensify price competition in the near 

term, which benefits renting startups, but also introduces a longer-horizon 

consolidation risk among the specialist neoclouds whose financing structures 

depend on contracted revenue that hyperscaler competition could erode. 

Startups and investors alike should monitor neocloud financial health (debt 

structure, customer concentration, utilization rates where disclosed) as a 

genuine input to provider selection, not merely a background fact of no 

operational relevance.

Eighth, the model-layer build-versus-buy decision — frontier closed-model APIs 

versus cheaper open-weight alternatives served through the inference layer — 

deserves the same active, ongoing management as the infrastructure-layer 



decision this analysis has focused on primarily. Startups that treat their model-

API vendor choice as a one-time integration decision, rather than a 

continuously re-evaluated cost and quality tradeoff, are likely to leave 

significant, recurring savings on the table as open-weight model quality 

continues to close the gap with frontier closed models.

What this means for decision-makers

For founders and CXOs building an AI company today, the operating principle 

should be: rent by default, but architect for portability from day one. That 

means avoiding deep, hard-to-reverse technical integration with any single 

provider's proprietary tooling wherever a reasonably portable alternative 

exists, maintaining active relationships with at least two viable infrastructure 

providers even while primarily using one, and treating contract renewal 

negotiations as a planned event months in advance rather than a reactive 

scramble when a discounted rate or credit allocation is about to expire.

For investors, the infrastructure strategy section of technical diligence 

deserves the same rigor increasingly applied to model evaluation and go-to-

market analysis. A startup's answer to "what happens to your unit economics 

and your product availability if your primary GPU provider raises prices 30% or 

caps your capacity at renewal" is now a legitimate, answerable diligence 

question, and the quality of a founding team's answer is a meaningful signal 

about operational maturity.

For operators and vendors selling into this market — neoclouds, inference 

platforms, and hyperscalers — the lesson of 2026 so far is that price alone no 

longer wins or keeps sophisticated AI-startup customers. Transparent contract 

terms, honest disclosure of vendor-financing structures, and genuine capacity 

guarantees for smaller customers, not just enterprise accounts, are becoming 

meaningful competitive differentiators as the buyer base matures.

A staged checklist for founding teams, drawn directly from the risks and 

patterns documented throughout this analysis:

At formation: apply to at least two credit programs concurrently rather than 

one (a hyperscaler program plus NVIDIA Inception is the most common 

efficient starting combination); containerize workloads from the first training 

run rather than retrofitting portability later; select a model-API and inference-



provider abstraction pattern before writing significant integration code against 

any single vendor's proprietary interface.

At seed to Series A: begin tracking actual compute cost per unit of product 

usage (per query, per active user, per generated output) as a first-class metric 

alongside standard SaaS metrics, since this is the number that will matter most 

at contract renewal and at fundraising; identify and test a genuine second 

provider for at least one workload category before it becomes urgent, so the 

migration path is proven rather than theoretical.

At Series B and growth stage: revisit the rent-versus-own analysis explicitly, 

using actual usage data rather than projections, since this is the stage at which 

the crossover conditions described earlier in this analysis — large, predictable, 

sustained usage — become realistic for a genuine subset of companies; begin 

treating vendor-financing disclosure and provider financial health as a standing 

item in infrastructure vendor reviews, not a one-time question asked at initial 

selection.

On an ongoing basis, regardless of stage: revisit provider pricing and contract 

terms at least twice a year given the pace of change documented throughout 

2026; maintain the technical ability to shift meaningful workload volume within 

weeks, not months, as the single most effective insurance policy against the 

price-volatility and capacity-rationing risks this analysis has documented in 

detail.

The throughline across market structure, pricing dynamics, the inference layer, 

credit programs, and the documented risks of price volatility, vendor 

concentration, and regulatory exposure is the same: not owning GPUs has 

become the correct default strategy for building an AI startup, but it is no 

longer a strategy a founding team can adopt passively and stop thinking about. 

It requires the same active, ongoing management as any other critical vendor 

relationship a company depends on for its survival — arguably more, given how 

quickly pricing, capacity, and even regulatory treatment of GPU access have 

moved within a single year. For the industry Compute Forecast covers across 

data centers, neoclouds, and AI infrastructure broadly, this is likely to remain 

one of the most consequential operating decisions any AI-native company 

makes, for as long as GPU supply remains the binding constraint on the 

industry as a whole.
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