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OpenAI Signs $10 Billion Cerebras
Deal for 750 Megawatts of AI
Inference Infrastructure Through
2028

OpenAI just mass-ordered 750 megawatts of specialized silicon that isn’t made by
NVIDIA. The $10 billion Cerebras deal signals that the AI compute war has entered a
new phase—and GPUs aren’t the weapon of choice.

The Deal: Numbers That Matter
On January 14, 2026, OpenAI announced a partnership with Cerebras Systems that
dwarfs previous infrastructure commitments in the AI industry. The agreement
spans multiple years through 2028 and represents the world’s largest high-speed AI
inference deployment ever constructed.

The core numbers: $10 billion in total value. 750 megawatts of wafer-scale compute

https://openai.com/index/cerebras-partnership/
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capacity. A timeline that started with negotiations in fall 2025 and concluded with a
signed term sheet by Thanksgiving—roughly three months from first serious talks to
commitment.

Cerebras describes the partnership as “a decade in the making,” noting that teams
from both companies have held regular meetings since 2017. That’s nine years of
technical relationship-building before a dollar changed hands at this scale.

One disclosure worth noting: OpenAI CEO Sam Altman maintains personal
investments in Cerebras. This hasn’t stopped the deal from proceeding, but it’s a
detail that every CTO evaluating Cerebras should factor into their assessment of
market dynamics.

Why Training Chips and Inference Chips Are
Fundamentally Different Problems
The GPU dominance narrative made sense when training was the bottleneck.
Training a frontier model requires months of continuous matrix multiplication across
thousands of accelerators. Memory bandwidth matters, but total FLOPS and
interconnect speed between chips matter more. NVIDIA built an empire on this
workload profile.

Inference is a different beast entirely.

When a user sends a query to ChatGPT, the system isn’t learning anything new. It’s
running a fixed model against novel input and generating output tokens. The
computational pattern shifts from “move massive tensors between thousands of
chips” to “run a single forward pass as fast as physically possible, millions of times
per day.”

Training optimizes for throughput over months. Inference optimizes for
latency in milliseconds.

This distinction explains why OpenAI isn’t just buying more H100s. GPU architecture
carries overhead that makes sense for training—the ability to reconfigure for
different workloads, the general-purpose compute flexibility, the ecosystem of
CUDA libraries. For inference at OpenAI’s scale, that overhead becomes waste.

https://www.cerebras.ai/blog/openai-partners-with-cerebras-to-bring-high-speed-inference-to-the-mainstream
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Cerebras took a different approach: build the entire chip as a single wafer. No dicing
into individual chips. No packaging. No interconnects between separate processors.
The wafer-scale architecture consolidates compute, memory, and bandwidth on one
piece of silicon the size of a dinner plate.

The physics advantage is real. Data doesn’t have to travel off-chip to reach
memory. The memory is already there, on the same wafer, with bandwidth that
individual packaged chips can’t match. For inference workloads where the model
weights need to be accessed repeatedly for every forward pass, this architecture
eliminates what’s typically the tightest bottleneck.

The Economics of 750 Megawatts
Let’s put 750 megawatts in context.

A single modern data center typically draws 30-100 megawatts. Google’s largest
facilities peak around 150 megawatts. OpenAI is committing to nearly a gigawatt of
power draw specifically for inference—enough to power a small city.

At current industrial electricity rates in the US (roughly $0.05-0.08 per kWh), 750
MW running continuously costs approximately $330-530 million per year just in
power. Over three years through 2028, that’s $1-1.5 billion in electricity alone,
before you count cooling, real estate, networking, and staff.

This economic reality explains why inference efficiency matters so much. A 20%
improvement in performance per watt doesn’t just save $300 million in electricity
over the deal term—it means OpenAI can serve 20% more requests without building
another facility.

Cerebras has also concluded agreements with IBM and Meta, signaling that OpenAI
isn’t the only organization reaching this conclusion. The hyperscalers are
diversifying their inference strategy away from GPU monoculture.

The competitive dynamics here are worth watching. NVIDIA’s response to the
inference efficiency challenge has been incremental—faster chips with more
memory bandwidth, but still fundamentally the same architecture. If wafer-scale
proves economically superior for inference at scale, NVIDIA faces a market
bifurcation: training remains GPU territory, but inference becomes contested
ground.

https://techcrunch.com/2026/01/14/openai-signs-deal-reportedly-worth-10-billion-for-compute-from-cerebras/
https://www.trendingtopics.eu/openai-signs-10-billion-deal-with-cerebras-for-massive-inference-power/


OpenAI Signs $10 Billion Cerebras Deal for 750 Megawatts of
AI Inference Infrastructure Through 2028

www.arturmarkus.com | 4

What Most Coverage Gets Wrong
The press narrative around this deal frames it as “OpenAI versus NVIDIA” or “the
end of GPU dominance.” Both framings miss the point.

OpenAI isn’t abandoning GPUs. Training still requires traditional accelerators, and
OpenAI continues to train frontier models. This deal is additive—it’s building out a
parallel infrastructure stack specifically for serving trained models to users.

The more accurate framing: OpenAI has reached a scale where specialized
inference hardware makes economic sense. Smaller companies, including most
organizations reading this article, haven’t hit that threshold. The GPU remains the
right tool for inference workloads below a certain scale because of ecosystem
maturity, operational simplicity, and developer familiarity.

The question isn’t “are GPUs obsolete?” It’s “at what query volume does
specialized inference silicon pay for itself?”

That threshold is dropping. When Cerebras was a research curiosity in 2019, only
Google and OpenAI could justify the operational complexity of non-GPU inference.
Now IBM and Meta are signing deals. Within 24 months, the threshold will drop
further. Mid-sized AI companies with millions of daily active users will face this
build-versus-buy decision.

Another underappreciated angle: this deal provides demand visibility that lets
Cerebras scale manufacturing. Wafer-scale chips are notoriously difficult to produce
with acceptable yields. A $10 billion order gives Cerebras the capital and production
volume to climb the learning curve. Their cost per chip will drop, making them
competitive at smaller scales.

Architectural Implications for Your Stack
If you’re running inference workloads today, this deal contains practical signals
worth internalizing.
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Batch Size Economics Are Changing

GPUs achieve maximum efficiency at larger batch sizes because the fixed overhead
of kernel launches and memory transfers gets amortized across more samples. This
is why GPU-based inference systems often accumulate requests and process them
in batches, adding latency to improve throughput.

Wafer-scale architectures reduce this overhead substantially. The memory is on-
chip, so the “load weights, process batch, store results” cycle collapses toward
“process each request immediately.” Low-latency inference becomes economically
viable without sacrificing throughput.

For product teams, this means real-time applications become more feasible. Voice
assistants that respond in 50ms instead of 200ms. Code completion that keeps pace
with typing. Robotics inference that runs at sensor frame rates.

Model Serving Architecture Will Fragment

The logical architecture emerging looks like this: train on GPU clusters, export
optimized weights, deploy to specialized inference hardware. The inference
hardware might be Cerebras, might be Groq (another wafer-scale approach), might
be AWS Inferentia, might be Google TPUs in inference mode.

This fragmentation has implications:

Portability matters more. Your model export pipeline needs to target
multiple inference backends. ONNX and other interchange formats become
load-bearing infrastructure.
Serving frameworks face pressure. vLLM, TensorRT-LLM, and similar GPU-
focused serving stacks will either adapt to multi-backend deployment or lose
relevance for organizations at scale.
Benchmarking becomes hardware-specific. A model that’s 2x faster on
Cerebras might be 0.5x slower on Inferentia. Your evaluation pipeline needs to
test deployment targets, not just NVIDIA GPUs.

The Latency-Cost Frontier Moves

Today’s rule of thumb: you can have low latency or low cost, pick one. Batch
inference is cheap. Real-time inference is expensive. This tradeoff exists because
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GPU architectures impose overhead that scales with throughput.

Wafer-scale inference changes the shape of this tradeoff curve. Low latency
becomes achievable at costs previously associated with batch processing.
Applications that were economically infeasible become buildable.

If you’ve shelved product ideas because the inference economics didn’t work, revisit
them in 12 months. The cost structure is shifting.

The Competitive Landscape After This Deal
NVIDIA maintains dominance in training and in inference at smaller scales. Their
CUDA ecosystem, mature tooling, and operational familiarity create switching costs
that persist even when alternative hardware offers raw performance advantages.
Most organizations won’t reach the scale where specialized inference silicon makes
sense.

But the hyperscalers and frontier labs are no longer “most organizations.” OpenAI,
Meta, IBM, and presumably Google and Amazon are actively diversifying their
inference infrastructure. The volume of requests these companies handle makes
even single-digit percentage efficiency gains worth billions in annual operating
expense.

AMD occupies an uncomfortable middle position. Their MI300 series competes with
NVIDIA for training workloads but doesn’t address the inference specialization
opportunity. If the market bifurcates—GPUs for training, specialized silicon for
inference—AMD’s strategy of “cheaper NVIDIA alternative” may miss the larger
trend.

Groq is the most direct Cerebras competitor with a similar wafer-scale approach
optimized for inference. Their presence in the market provides pricing pressure and
gives enterprises a second-source option. Expect aggressive benchmarking wars
between these two vendors through 2027.

AWS, Google, and Microsoft face an interesting strategic question. All three have
developed custom inference silicon (Inferentia, TPU, Maia). Do they compete with
Cerebras for the hyperscaler market, or focus on offering managed inference
services to their cloud customers? The cloud providers may conclude that building
wafer-scale fabs is capital they’d rather not deploy, preferring to offer Cerebras or
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Groq hardware as cloud services.

Sam Altman’s Cerebras Investment: The Elephant
in the Room
The disclosure that OpenAI’s CEO holds personal investments in Cerebras deserves
direct examination.

On one hand, the partnership has legitimate technical foundations. Cerebras does
offer architecturally differentiated hardware for inference workloads. The eight-year
relationship between the companies predates Altman’s tenure at OpenAI. The deal
was presumably reviewed by OpenAI’s board and legal counsel.

On the other hand, a $10 billion contract going to a company in which the CEO is
personally invested creates appearance problems. Even if every aspect of the deal
is above-board, competitors and regulators can reasonably ask whether the same
due diligence would have occurred without the existing financial relationship.

For CTOs evaluating Cerebras: don’t let this governance question stop you from
technical evaluation, but do factor it into your assessment of market dynamics.
OpenAI’s endorsement carries less signal value when there’s a financial
relationship. Run your own benchmarks.

What to Do With This Information
Depending on your organization’s scale and inference workload profile, concrete
next steps differ.

If You’re Running Inference at Scale (>100M requests/day)

Request benchmark access from Cerebras and Groq. Your workload volume justifies
direct evaluation of wafer-scale hardware. Model the economics against your
current GPU fleet, including power, cooling, rack space, and operational
overhead—not just chip cost.

Build abstraction layers into your serving infrastructure now. You want the ability to
route traffic between GPU and non-GPU inference backends without rewiring your
entire stack. This optionality has value even if you don’t migrate immediately.
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If You’re Running Moderate Scale Inference (1M-100M
requests/day)

The economics likely don’t favor custom hardware yet, but they will within 24
months. Start tracking the cost curves. Cerebras and Groq both offer cloud
inference pricing that can serve as a proxy for hardware economics without capital
commitment.

Evaluate whether your current GPU inference is latency-optimal. If you’re batching
requests to improve throughput, you’re leaving latency on the table. Product teams
should know the latency you could achieve if economics weren’t a constraint—that
number is about to become achievable.

If You’re Building for Future Scale

Design your model export pipeline for multi-backend deployment from day one. The
cost of retrofitting portability is much higher than building it in initially. Target
ONNX or another interchange format even if you’re only deploying to NVIDIA
hardware today.

Watch for cloud provider announcements. AWS, Google, and Azure will likely offer
managed Cerebras or Groq inference within 18 months. Your path to specialized
inference silicon may run through your existing cloud relationship rather than direct
hardware procurement.

Where This Goes in 12 Months
By January 2027, three predictions:

1. NVIDIA announces inference-specialized silicon. The market signal is too
loud to ignore. NVIDIA will either acquire an inference-focused company or
announce internal development of non-GPU inference hardware. They have the
capital and talent to move fast once they decide the market is worth contesting.

2. Groq and Cerebras both achieve cloud availability through at least two
major providers. The hyperscalers will offer wafer-scale inference as a managed
service. This democratizes access beyond companies that can negotiate billion-
dollar hardware deals.
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3. At least one major open-source model releases with optimized
Cerebras/Groq deployment targets. Probably Llama or Mistral. The inference
hardware vendors will sponsor this work to reduce adoption friction. Your path to
non-GPU inference will include ready-made deployment configurations rather than
ground-up optimization.

The longer arc: by 2028, “what chip should we use for inference?” becomes a
routine infrastructure decision, not a strategic commitment. Multiple competitive
options exist, tooling matures, and the operational complexity gap between GPU
and non-GPU inference narrows substantially.

OpenAI’s $10 billion bet isn’t about picking winners in chip
architecture—it’s about building the infrastructure for AI inference at a
scale no one has attempted before, and that infrastructure won’t look like
today’s GPU clusters.


