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1. Introduction: The Pivot from Model Scaling to Power Scaling 
For most of the public life of modern AI, “scale” has been understood primarily as an 
algorithmic and computational idea: more parameters, more data, more training steps, more 
GPUs, better benchmarks. In that framing, infrastructure is a means to an end—necessary, but 
largely interchangeable. You rent the hardware, run the training, publish the model, and repeat. 
That mental model is now breaking. The frontier is increasingly constrained not by what can be 
imagined in code, but by what can be built in concrete, copper, and steel. Power delivery, grid 
interconnection, cooling, transformer lead times, permitting, and construction tempo have 
moved from background conditions to first-order determinants of who can train what, and 
when. 

This shift changes how we should think about competition, safety, and governance. A training 
run that was once “just an experiment” becomes an industrial event with consequences that 
are legible to non-technical stakeholders: electricity demand, local emissions, water use, and 
the allocation of scarce infrastructure. The essential point is not that models are suddenly 
unimportant. It is that model progress is now coupled to the physical world in a way that is 
unavoidable, and often slow. In the gigawatt era, the physics of power delivery and heat 
rejection do not politely step aside for ambition. 

The Colossus line associated with xAI has become a widely discussed emblem of this transition 
because it is framed in power terms rather than model terms: a cluster presented as operating 
at, or moving toward, gigawatt-scale draw. Even if individual numbers are debated, the 
trajectory signals something real. It suggests a new regime where the marginal cost of frontier 
work is increasingly dominated by the ability to assemble and continuously power a campus-
scale machine, not merely the ability to write better training code. 

1.1 The new bottleneck: energy, permits, and construction speed 
If one asks what actually delays frontier training today, the answer is less often “we don’t know 
how to implement the optimizer” and more often “we can’t get enough power, fast enough, on 
reliable terms.” Training infrastructure sits at the intersection of several constraint systems that 
move at different speeds. Software can be iterated daily. GPU procurement moves on quarterly 
or annual cycles, constrained by fabrication, allocation, and contract timing. Power 
infrastructure moves on multi-year horizons, constrained by utility planning, interconnection 
queues, transformer availability, transmission and distribution upgrades, and regulatory 
approval. Cooling and mechanical systems sit somewhere in between, shaped by supply chains 
and local climate realities. 

Permitting makes these constraints social as well as physical. Once a cluster becomes “big 
enough to matter” to a city or region, its existence creates stakeholders: neighbors, regulators, 
utilities, environmental groups, and local businesses. In that world, an AI company is no longer 
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simply a research organization; it is also a major industrial customer. That role carries 
obligations and friction. Communities ask predictable questions: Will this raise electricity rates? 
Will water use strain local supply? Will diesel backups or gas turbines degrade air quality? Who 
pays for grid upgrades? What happens in peak-load emergencies? These are not abstract 
concerns. They are the vocabulary by which local institutions evaluate legitimacy. 

Construction speed, in turn, becomes a competitive weapon. Whoever can design, procure, 
permit, and commission faster gains a compounding advantage: earlier access to capacity, 
earlier training runs, earlier model releases, and earlier capital attraction. This is a familiar 
pattern from other industries, but it is new to many AI narratives. The question becomes not 
only “Who has the best model architecture?” but “Who can turn a warehouse and an 
interconnect agreement into a running cluster before the next training cycle closes?” In this 
regime, execution risk migrates from machine learning to industrial project management. The 
bottleneck is no longer only compute; it is the entire pipeline that turns money into reliably 
delivered megawatts under real-world constraints. 

1.2 Why “gigawatt-scale” changes the conversation 
A gigawatt is a threshold because it forces a category shift. At smaller scales, a data center can 
be discussed as an enterprise facility: a large customer of electricity, but one among many. At 
gigawatt scale, the load starts to look like regional infrastructure. It invites different 
comparisons, different regulatory attention, and different forms of public scrutiny. People do 
not need to understand transformers or GPUs to understand that “one gigawatt” is the 
magnitude associated with power plants and city-scale demand. The unit itself reframes the 
debate. 

It also changes internal engineering logic. A gigawatt-scale cluster has to be designed around 
power delivery and reliability in a way that smaller clusters can treat as secondary. Redundancy 
architecture, failure domains, maintenance windows, and demand response become central. A 
short interruption at small scale is an annoyance. At vast scale, downtime is extraordinarily 
expensive and can destroy training schedules that involve weeks of continuous compute. This 
pushes organizations toward more elaborate strategies: multiple feeds, staged commissioning, 
backup generation, and sometimes on-site generation not as a last resort, but as an operational 
stabilizer. 

The term “gigawatt-scale” can also mislead if it is treated as a single number that stands for 
everything. Real systems have load profiles: ramping behavior, peaks, troughs, maintenance 
phases, and utilization variability. A cluster might be “capable of” drawing a gigawatt without 
continuously drawing it. Or it might draw near that level only during intensive training phases. 
Distinguishing capacity from sustained consumption matters for grid planning and for honest 
public communication. Nevertheless, even with those caveats, gigawatt framing is valuable 
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because it draws attention to what is now structurally true: at the frontier, the unit of 
competition is trending from “model” to “industrial machine,” and the machine’s defining 
constraint is power. 

Finally, gigawatt scale changes the governance conversation because it ties AI capability to 
contested resources. Electricity, water, and air quality are not private abstractions; they are 
common goods managed through political processes. When a training cluster begins to rival 
city-scale loads, it becomes inseparable from debates about infrastructure investment, 
environmental burdens, and who benefits from the development. That is not an accidental side 
story. It is the new substrate of frontier AI. 

1.3 What this paper does and does not claim 
This paper aims to clarify the regime shift: the transition from model scaling as the dominant 
narrative to power scaling as a dominant constraint. It uses high-profile gigawatt-scale claims as 
a lens to analyze engineering realities, measurement pitfalls, economic incentives, and 
governance challenges. The goal is not to adjudicate every numerical detail of any one facility. 
Instead, the goal is to provide a framework that helps readers interpret such claims with 
discipline and to understand why they matter. 

Accordingly, this paper does claim that frontier AI progress is increasingly coupled to physical 
infrastructure constraints: power delivery, cooling, permitting, and construction tempo. It claims 
that the organizations best positioned to lead at the frontier will be those that master these 
constraints, whether by vertical integration, privileged partnerships, or superior execution. It 
claims that the public interest stakes rise with scale because externalities become visible and 
because resource allocation becomes political. 

This paper does not claim that any single company has “won” the AI race, nor does it claim that 
size alone guarantees better models or safer outcomes. It does not claim that every gigawatt-
scale announcement is precise, audited, or comparable across organizations. It does not claim 
that larger clusters are inherently good or inherently bad. Rather, it treats scale as an empirical 
condition that creates new opportunities and new risks, and it analyzes the structure of those 
opportunities and risks. 

It also does not reduce the future of AI to an energy story alone. Algorithmic breakthroughs, 
efficiency gains, and architectural shifts can change the effective compute required for frontier 
performance. The point is not that software is irrelevant, but that software progress now lands 
inside a world where megawatts and permits can dominate timelines and costs. If we want a 
realistic picture of where frontier AI is going—and how it should be governed—we have to take 
that physical world seriously, without collapsing into either hype or panic. 
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In short, the paper is a map for readers who want to understand why gigawatt-scale training 
matters, how to interpret its claims, and what kinds of policy, engineering, and ethical questions 
it forces onto the table. 

 

2. What “Gigawatt-Scale AI Training” Actually Means 
“Gigawatt-scale AI training” sounds like a single, crisp statement: the kind of phrase that implies 
an unambiguous industrial fact. In practice, it compresses several different technical quantities 
into one rhetorical headline. A training campus can be “gigawatt-scale” in at least four different 
senses: it can have electrical infrastructure sized for a gigawatt, it can hold contracts that allow 
it to draw a gigawatt under certain conditions, it can briefly peak near a gigawatt during intense 
training phases, or it can sustain a gigawatt-level draw continuously over long periods. Those are 
not interchangeable. They imply different grid impacts, different costs, and different governance 
questions. 

To speak clearly, we need a vocabulary that separates power from energy, capacity from realized 
load, and internal IT consumption from whole-facility draw. We also need a disciplined approach 
to “equivalents” language—especially in a moment when organizations sensibly describe mixed 
fleets in terms of a reference accelerator class. This section defines the relevant terms and 
highlights the recurring ways scale claims get misunderstood, even when no one is acting in bad 
faith. 

2.1 Power versus energy: instantaneous draw, annual consumption, load profiles 
Power and energy are related but distinct. Power is a rate: how fast electricity is being used at a 
given moment. Energy is an accumulation: how much electricity is used over a period of time. 
Power is measured in watts; energy is measured in watt-hours. A gigawatt is one billion watts of 
power. A gigawatt-hour is one billion watt-hours of energy. Confusing these two is one of the 
simplest and most common errors in public discussions of data centers. 

A cluster can be described as “one gigawatt” and yet consume very different amounts of energy 
annually depending on how often it actually runs near that level. A facility that sustains a 1 GW 
draw continuously for a full year uses 1 GW × 8,760 hours ≈ 8,760 GWh (8.76 TWh) of electricity 
annually. If it averages only 500 MW across the year—because of commissioning phases, 
maintenance, variable utilization, or intermittent training runs—its annual consumption is about 
half that. If it peaks at 1 GW during periodic training bursts but spends substantial time at much 
lower levels, its annual energy use can be dramatically lower than the headline suggests. 

This is why load profiles matter. A load profile describes how power draw changes over time. 
Two facilities can have the same peak draw yet impose different burdens on the grid if one is 
spiky and the other is smooth. Spiky loads can stress local distribution assets and complicate 
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balancing, while smoother loads are easier to plan for. Many training clusters are not perfectly 
smooth because training schedules, checkpointing, and maintenance windows create rhythms. 
There can also be day-night patterns, seasonal effects in cooling energy, and step changes when 
new halls come online. A claim about “gigawatt-scale” without a time horizon is therefore 
incomplete. It tells you something about the top of the distribution but little about the integral 
under the curve. 

A second subtlety is that “AI training” is not always the same workload shape as “AI inference” 
or “enterprise computing.” Training jobs often seek sustained high utilization over long runs to 
amortize data loading and to keep parallelization efficient. That tends to push loads toward a 
more stable plateau during active training. However, real operations introduce variability: 
pipeline stalls, hardware failures, experiment scheduling, and software updates. Even in a world 
where the intention is steady operation, the observed profile can show meaningful excursions. 

The practical conclusion is simple: when someone says “gigawatt-scale,” the first discipline is to 
ask, implicitly, “Is this about instantaneous draw, average draw, or annual energy?” The policy 
implications differ. The grid planning implications differ. The climate impact differs. Even the 
economic impact differs, because energy cost is driven by kilowatt-hours, while capacity and 
infrastructure costs are driven by peak and reliability requirements. 

2.2 Capacity versus realized draw: nameplate, contracted, and peak behavior 
Capacity is what the system can do. Realized draw is what it actually does. Between these two 
lies a tangle of engineering and contractual realities. 

A facility often has a “nameplate” electrical capacity: the rated maximum that internal 
equipment, switchgear, transformers, and distribution panels are designed to support. This is an 
engineering number, shaped by what was installed and what the facility could safely deliver 
under specified conditions. A nameplate design does not guarantee that the facility will 
routinely draw that much. It indicates what the built system is intended to support at the top 
end. 

Then there is “contracted” capacity: what the facility is allowed to draw under its agreements 
with utilities and market operators. A site might be physically capable of drawing 1 GW but 
contracted for less until upgrades are complete. Or it might have contracts that allow larger 
draw, but only after certain milestones. The contracted number can also include conditions: 
time-of-use pricing, demand charges, curtailment provisions, or demand response agreements 
that permit the grid operator to request load reductions in emergencies. Contracted capacity is 
therefore not merely a technical fact; it is a negotiated relationship with a regional system. 

Finally, there is peak behavior: what the facility actually reaches in practice. Peaks can occur 
during full utilization of all halls, during stress tests, or during periods when cooling systems 
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work hardest. A facility might briefly cross a gigawatt even if its average is lower. Conversely, it 
might have the infrastructure for a gigawatt but never reach it because the GPU halls are not yet 
filled or because utilization is not sustained. 

This distinction matters because public discourse often slides between them. A facility “built 
for” 1 GW may be described as “using” 1 GW. A facility that “can reach” 1 GW might be 
described as “drawing” 1 GW continuously. None of these descriptions are necessarily 
dishonest; they are often shorthand. But for serious analysis, shorthand must be replaced with 
explicit categories. A city official asking about water and grid stress needs realized and time-
structured expectations, not only a design maximum. An investor may care about nameplate 
and roadmap, because that indicates future capability. A climate assessment may care about 
annual energy and fuel mix. 

There is another practical twist: commissioning often proceeds in stages. A campus may have 
multiple buildings or halls that come online sequentially. Early in the process, a site’s peak draw 
is constrained by what is actually installed and energized, and the load grows as additional 
rooms are fitted out. A statement like “crossed 1 GW” might refer to a moment when enough 
halls were online to push the meter past that threshold, even if it was not yet sustained. That is 
still informative. It signals the system has moved into a new band of magnitude. But again, the 
meaning depends on duration and context. 

2.3 Measurement pitfalls: PUE, utilization, redundancy, and “GPU equivalents” 
Even if we define what we mean by power, we still face the problem of measurement. Data 
center energy accounting is notoriously prone to confusion because there are multiple 
boundaries at which one can measure: at the utility meter, at the switchgear, at the power 
distribution units, or at the IT racks. Each boundary answers a different question. 

One key concept is PUE, power usage effectiveness. PUE is the ratio of total facility power to IT 
equipment power. A PUE of 1.2 means that for every 1 watt consumed by IT equipment 
(servers, GPUs, networking), the facility consumes 1.2 watts total, with the extra 0.2 watts going 
to cooling, fans, pumps, lighting, and power conversion losses. Lower PUE is better in the 
narrow sense of efficiency. But PUE can be misunderstood in two directions. First, a low PUE 
does not necessarily mean low absolute power; a very large facility can be extremely efficient 
and still consume enormous power. Second, PUE can vary with load and climate. A facility can 
show different PUEs at different seasons or utilization levels. If an organization claims a certain 
power number, it is not always clear whether it refers to IT load or total facility load. “Gigawatt-
scale” should ideally refer to whole-facility draw at the meter, because that is what the grid 
experiences. But marketing narratives sometimes blur the boundary. 
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Utilization is another pitfall. A cluster can have an enormous installed GPU count but still 
operate below its theoretical maximum due to scheduling, failures, or because some capacity is 
reserved. Training workloads are often designed to maximize utilization, but real systems have 
friction: network bottlenecks, data pipeline stalls, job preemption, and hardware repairs. A “1 
GW” facility at 70 percent utilization is not the same as a “1 GW” facility at 95 percent 
utilization, even if their nameplate is similar. Utilization shapes both output (how much training 
is done) and the economics (how much capital is actually productive). It can also shape the 
stability of the load profile, because low utilization often means more variability. 

Redundancy adds a further layer. Data centers are engineered with redundancy to maintain 
uptime: backup generators, battery systems, multiple power feeds, and sometimes extra cooling 
capacity. Some of that redundancy consumes power even during normal operation. Some is idle 
until an event. When people hear “backup generators,” they often imagine rare emergency use. 
In practice, backups may be tested regularly, and in some designs, on-site generation may play 
an operational role. The boundary between “backup” and “parallel supply” can be fuzzy in 
public perception. For the purposes of honest energy accounting, what matters is not the label 
but the operating mode: how often it runs, at what load, and with what emissions. 

Then there is the concept of “GPU equivalents,” which is increasingly used to describe 
heterogeneous fleets. A company may own a mix of accelerators—different generations, 
memory sizes, interconnect capabilities—and want a single number to express aggregate 
compute capability. Converting everything into “H100 equivalents” can be a reasonable 
practice, but it is easy for readers to misinterpret it as a claim about literal hardware. An “H100 
equivalent” could mean “the performance we estimate we would get if this were an H100.” It 
could also include accelerated capacity from other classes. Without a standardized conversion 
method, equivalent language is inherently approximate. 

There is also a deeper issue: training performance is not a single scalar quantity. Two 
accelerators may be “equivalent” for some workloads and not others. Memory bandwidth, 
interconnect topology, precision modes, and software stack maturity all affect realized 
performance. Thus, “equivalents” are best treated as an internal accounting convenience, not as 
a precise physical inventory. When such numbers enter public discourse, they should be 
repeated carefully with their qualifiers intact. If the qualifier is removed, the claim can easily be 
inflated by accident. 

The upshot is that gigawatt claims and GPU-equivalent claims are not inherently wrong; they 
are just easy to misread. Precision requires specifying the measurement boundary, the time 
basis, and whether numbers refer to physical installations or performance-normalized 
summaries. 
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2.4 Why comparisons to cities can be meaningful and misleading 
Comparisons to cities are popular because they translate abstract megawatts into something 
people can picture. If a cluster draws power comparable to a city’s peak demand, it 
communicates magnitude in a way that non-specialists immediately understand. It also signals 
that the consequences of the facility are not confined to a server room. They may affect 
regional planning, utility investment, and community-level trade-offs. 

However, the city comparison can mislead in several ways. First, “a city’s electricity usage” can 
refer to different things: peak demand, average demand, total annual consumption, or the 
demand of a subset of the grid. A city’s peak can be far above its average. Comparing a facility’s 
sustained draw to a city’s peak can be either dramatic or unfair, depending on how the numbers 
are chosen. Second, city demand is diversified across millions of devices and customers, while a 
data center load is concentrated and often more constant. A constant industrial load of 
hundreds of megawatts can have different operational implications than a city load that 
fluctuates with weather and human activity. 

Third, a city’s demand is typically embedded in a broader region. “San Francisco” as a named 
entity is not necessarily identical to the electrical balancing area that serves it. Electricity 
systems are regional, not municipal. So when someone says “this exceeds San Francisco’s peak,” 
the underlying truth depends on which boundary is being used. The comparison can still be 
useful as a narrative, but it should not be used as a technical conclusion about grid stress 
without careful boundary matching. 

Fourth, a city comparison can encourage a false intuition that a single facility “takes power away 
from residents.” Electricity does not work like a finite water tank that is drained by the loudest 
straw. The relevant question is whether the grid has enough capacity and resilience to serve all 
loads reliably and at what cost. Large loads can trigger upgrades that may be beneficial, 
harmful, or mixed depending on how costs are allocated. The fairness question is not “does it 
consume a lot,” but “who pays for upgrades, who bears externalities, and who receives 
benefits.” City comparisons often flatten these governance questions into a simple magnitude 
claim. 

A more disciplined use of city comparisons treats them as scale cues, not proofs. They tell you 
the order of magnitude and alert you to the likelihood of stakeholder conflict and regulatory 
attention. They do not, by themselves, tell you whether the facility is well integrated into the 
grid, whether it increases or decreases system reliability, or whether it is socially beneficial. 
Those are questions of contracts, engineering, emissions, water management, and local political 
economy. 
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In summary, “gigawatt-scale AI training” is real as a regime concept, but it is not a single 
number. It is a family of related quantities—power, energy, capacity, utilization, and 
measurement boundaries—that must be separated if we want clarity. The moment we do that, 
the conversation becomes less headline-friendly but far more truthful. That truthfulness is not 
pedantry. In the gigawatt era, clarity is the difference between legitimate public accountability 
and a debate trapped in slogans. 

 

3. The Colossus Case Study as a Regime Marker 
When a technological shift is real, it produces artifacts that function as regime markers: objects 
or projects whose existence forces the broader ecosystem to update its assumptions. The 
Colossus line associated with xAI functions in that way. Regardless of how one evaluates every 
headline claim, the framing itself is significant. It treats frontier AI training infrastructure not as 
a rented service but as an owned industrial system, described in the language of megawatts, 
construction tempo, and physical footprint. That language is not a marketing flourish. It is a 
signal that the relevant constraints have moved. 

Colossus is therefore useful as a case study less because it is unique in principle and more 
because it is explicit about the new frontier reality: speed of buildout, scale of power, and a 
design posture that appears closer to heavy industry than to traditional “enterprise IT.” In the 
gigawatt era, the “story” of the model becomes inseparable from the story of the machine that 
trains it. Colossus offers a concrete anchor for analyzing that inseparability. 

3.1 Colossus 1 timeline and the meaning of “built in 122 days” 
The phrase “built in 122 days” is striking because it collapses a complex industrial timeline into a 
single number that sounds almost impossible. To interpret it properly, we have to understand 
what such a claim can plausibly mean in a modern data center context, and what it almost 
certainly does not mean. 

“Built” can refer to multiple milestones: acquiring or leasing a site, designing the electrical and 
mechanical layout, procuring GPUs and networking, installing racks, bringing up cooling and 
power distribution, commissioning the system, and then achieving stable, high-utilization 
training runs. These steps do not occur strictly sequentially; they overlap. A team can begin site 
work while hardware is in procurement. It can pre-fabricate power and cooling modules. It can 
commission early halls while later halls are still under construction. When a project team 
reports a number like 122 days, it typically refers to a bounded segment of this process: the 
interval from a clearly defined “start” milestone to a clearly defined “first operational” 
milestone. The key is that such a number is meaningful as a signal of execution speed, not as a 
comprehensive life-cycle account. 
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The most disciplined reading is that Colossus 1 achieved a rapid path from initial mobilization to 
an operational cluster capable of running large-scale training workloads. That can be true while 
still leaving room for continuing buildout, tuning, and expansion after the “built” milestone. In 
practice, large clusters are never “done” in the sense a building is done. They are living systems: 
hardware is added, network fabrics are rebalanced, cooling is optimized, power systems are 
upgraded, and software stacks evolve. A fast “built” figure can therefore be compatible with an 
ongoing construction narrative. 

This matters because critics and supporters often talk past each other. Supporters interpret 122 
days as an operational miracle; critics interpret it as impossible and thus dishonest. Both 
interpretations can be wrong if the phrase is treated as absolute rather than bounded. The 
more accurate framing is: 122 days represents an aggressive project-management achievement 
in bringing a very large compute cluster to a functioning state, likely with staged commissioning 
and continuing improvements afterward. 

The other reason the 122-day claim matters is that it reveals where competitive advantage is 
migrating. If the frontier were primarily about algorithmic novelty, “built in 122 days” would be 
a curiosity. In the power-scaling era, it becomes central. It says: we can convert capital into 
running megawatts quickly. That competence is becoming as strategically relevant as model 
design itself. 

3.2 Colossus 2 claims: one gigawatt crossed, multi-gigawatt trajectory 
Colossus 2 becomes a regime marker specifically because it is described in the language of 
power thresholds. “Crossing one gigawatt” is framed as a milestone akin to a model 
performance milestone, but it refers to physical draw rather than benchmark score. That 
reframing is the point. It tells the audience that the company believes the decisive competition 
is not merely about releasing models faster, but about securing and operating energy at a scale 
that few actors can match. 

The claims around Colossus 2 also introduce a second-order shift: not just that gigawatt-scale is 
possible, but that ramp rates toward gigawatt-scale are accelerating. A narrative of “scaling 
faster” implies an institutional learning curve. Once a team has built Colossus 1, it has 
templates: supply chain relationships, standardized designs, commissioning playbooks, and 
operational experience with failures. The second build benefits from the first. That is how 
industrial capacity compounds. It is also how the frontier can become more concentrated over 
time, because the barrier becomes not only money but demonstrated execution competence. 

A disciplined way to interpret the “one gigawatt crossed” narrative is to view it as evidence of 
system-level capability rather than as a guarantee of constant consumption. As discussed 
earlier, “crossed” could mean a measured peak, a sustained plateau during intensive training, or 
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an infrastructure capacity milestone. The exact meaning matters for grid impact and emissions, 
but for regime analysis, the crucial point is that the system is being designed and discussed in 
gigawatt units at all. That signals the arrival of a new scale band for AI training. 

The “multi-gigawatt trajectory” also matters because scale is nonlinear. Moving from hundreds 
of megawatts to a gigawatt is not merely multiplying the number of GPU racks. It pushes the 
project into different categories of utility coordination, interconnect planning, and equipment 
procurement. It can require new substations, new transmission or distribution upgrades, and 
sometimes new strategies for on-site generation or load management. In other words, when an 
actor asserts a multi-gigawatt trajectory, it is implicitly asserting a capacity to navigate a more 
complex regulatory and engineering landscape. Whether that capacity is realized smoothly or 
painfully is an empirical question. But the claim itself is a declaration of intent to operate as an 
energy-scale actor. 

3.3 Training purpose: Grok model development as the anchor workload 
The Colossus cluster is not presented as generic compute; it is framed as training infrastructure 
for a specific model lineage. This is important because it ties physical capital to a clear 
operational purpose: sustained, high-utilization training runs aimed at pushing a frontier 
language model family forward. That differs from many enterprise data centers, whose 
workloads are diverse and often latency-oriented. Training clusters are designed for throughput, 
stability under long runs, and predictable scaling behavior under distributed training regimes. 

Anchoring the infrastructure to a model family also changes how we should interpret the 
economics. A general-purpose cloud can amortize its capital across many customers and 
workloads. A dedicated training cluster is more like a vertically integrated factory built for a 
single product line. That can be efficient if the organization can keep utilization high and if the 
product line generates enough revenue or strategic value to justify the fixed costs. But it also 
creates concentration risk: the infrastructure bet is tightly coupled to the success of the models 
trained on it. The incentive, therefore, is to keep the cluster running and iterating. This tends to 
push organizations toward continuous training, frequent retraining, and rapid experiment 
cycles—exactly the patterns that raise average power draw and increase the importance of 
operational reliability. 

The Grok anchoring also influences the engineering priorities. If the goal is to train frontier 
models repeatedly, then network fabric, storage throughput, checkpointing reliability, and 
failure recovery become core. These systems must support not just “a big run,” but a repeated 
cadence of big runs. It also creates a feedback loop: better infrastructure enables faster training 
iteration, which can accelerate model improvement, which can increase demand and revenue, 
which can justify more infrastructure. This is the positive feedback that makes the gigawatt era 
potentially self-reinforcing for those who reach it first. 
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At the same time, tying gigawatt-scale infrastructure to a language model raises public-interest 
questions about proportionality. If a cluster can draw city-scale power, what is the social value 
produced by that draw? The answer cannot be reduced to “AI is cool.” It must eventually be 
expressed in terms that communities and regulators accept: jobs, tax base, technological 
leadership, or downstream productivity. If the model’s outputs are perceived as frivolous, 
biased, unsafe, or primarily elite-serving, the legitimacy of the infrastructure becomes fragile. 
Thus, the model purpose is not only a technical anchor; it is a legitimacy anchor. 

3.4 Footprint and siting: multi-building campus dynamics and regional constraints 
One reason Colossus is a regime marker is that it highlights the physical reality of frontier 
training: it does not fit neatly into a single anonymous building. It becomes a campus problem. 
Multi-building dynamics arise because the scale pushes beyond what is convenient to house in 
one traditional data center envelope, and because staging the build across multiple facilities can 
de-risk commissioning and allow expansion while operations continue. 

A multi-building footprint introduces design trade-offs that do not appear at smaller scale. How 
close can buildings be while maintaining safe failure domains? How is network connectivity 
managed across buildings without introducing unacceptable latency or reliability risks? How are 
power feeds and substations laid out to avoid single points of failure? Where are cooling towers, 
chillers, or heat exchangers placed relative to compute halls? How are sound and emissions 
managed if on-site generation is used? These are not minor details. They shape the risk profile 
of the entire system. 

Siting is also constrained by regional realities. A facility that seeks very large power must be 
located where interconnection and expansion are plausible, where land is available, where local 
governance is permissive, and where supply chains can deliver heavy equipment. It also must 
navigate social acceptance. Even in regions eager for economic development, residents can 
resist if they perceive that costs are externalized onto them—through water stress, emissions, 
noise, or higher utility rates. The gigawatt era therefore forces AI companies into the domain of 
local political economy. They are no longer merely tech companies; they become infrastructure 
actors negotiating with municipalities, utilities, and state regulators. 

Regional constraints also include climate. Hot, humid conditions make cooling more energy-
intensive. Water availability shapes the feasibility of evaporative cooling strategies. Weather 
extremes shape reliability and backup planning. These factors can influence both operational 
cost and public perception. A siting decision that seems purely logistical can become politically 
charged if it intersects with environmental justice concerns or with regions already burdened by 
industrial emissions. 
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A further complexity is that “where it is” may not be a single answer. Large-scale buildouts can 
span adjacent jurisdictions or even state lines, using multiple sites to balance constraints: a 
warehouse for expansion, a separate site for additional substations, or a neighboring town for 
different permitting conditions. This makes simplistic narratives about a single “home” location 
less accurate. The emerging pattern is a regional cluster of facilities tied together by power and 
network strategy, rather than a single building labeled “the data center.” 

Taken together, Colossus illustrates why gigawatt-scale AI training is a regime shift. The story is 
no longer mostly about code. It is about executing a large industrial project quickly, operating it 
reliably under immense power demand, and sustaining legitimacy amid community-level 
scrutiny. That is what changes when AI crosses the threshold into heavy infrastructure. 

 

4. Hardware at the Edge of the Possible 
Gigawatt-scale training is not simply “a lot of GPUs.” It is an attempt to build a single coherent 
machine out of an enormous number of high-performance components, each with its own 
failure modes, heat budget, and communication demands. At smaller scales, hardware choices 
feel like procurement details: buy a batch of accelerators, attach them to servers, wire them to a 
network, and train. At frontier scale, hardware becomes architecture in the strict sense. The 
performance, stability, and even the feasibility of training depend on how compute, network, 
storage, and power are integrated as a system. 

This section explains why the edge-of-the-possible hardware story is not primarily about peak 
FLOPS. It is about sustained training throughput under real constraints: interconnect 
bottlenecks, data movement, fault tolerance, and the gap between theoretical and realized 
utilization. The more ambitious the cluster, the more it behaves like a living organism: it is 
always healing, always routing around damage, always balancing competing needs. The 
“hardware” is therefore not a static inventory; it is an operational discipline. 

4.1 H100-class accelerators and what “H100 GPU equivalents” implies 
The phrase “H100-class” functions as shorthand for a whole set of assumptions about the 
frontier: high-bandwidth memory, strong mixed-precision performance, and a software 
ecosystem mature enough to support extremely large distributed training runs. But in public 
discourse, the more interesting phrase is “H100 GPU equivalents,” because it signals 
heterogeneity. 

A cluster described in “equivalents” is almost never a literal pile of identical parts. It is a mixed 
fleet: different accelerator generations, different memory configurations, and potentially 
different interconnect capabilities. Converting that mix into a single reference unit is an 
accounting move. It aims to answer a practical question: “How much effective training capacity 
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do we have relative to a known baseline?” That can be a reasonable way to communicate 
scale—especially to audiences that do not want a spreadsheet of SKUs. But it is also a source of 
confusion, because it blurs the distinction between physical inventory and performance-
normalized capacity. 

An “H100 equivalent” might mean the organization estimates that its aggregate compute—
across multiple accelerator types—would deliver similar training throughput to some number of 
H100s under a particular set of assumptions. The assumptions matter. Equivalence is not a 
universal constant. Training throughput depends on the model architecture, batch size, 
parallelization strategy, precision mode, memory requirements, and network fabric. A device 
can be “equivalent” for some workloads and not for others. Even within a single workload, the 
equivalence can shift depending on whether training is compute-limited or communication-
limited. In a world where interconnect dominates performance at scale, equivalence becomes 
even more context-dependent. 

Equivalents language also typically compresses qualitative differences into a single scalar. Two 
accelerators might deliver similar raw compute but differ in memory capacity or memory 
bandwidth. One might allow larger batch sizes or more efficient activation checkpointing. 
Another might be constrained by memory and therefore underperform for certain model 
shapes. When these differences are averaged away, “equivalents” becomes a useful high-level 
indicator but not a technical specification. 

There is a further operational implication. Heterogeneous fleets complicate scheduling. If the 
cluster contains multiple accelerator types, then jobs must be assigned intelligently to avoid 
mismatched performance that wastes time and capacity. Mixed fleets can be managed 
effectively, but the management overhead increases with scale. Standardizing on one “class” 
can simplify operations, but it can also increase procurement risk and lock the organization into 
a single supply chain. Equivalents language often emerges precisely because organizations want 
flexibility: they want to add capacity in whatever form they can obtain, and then normalize it for 
internal planning. 

Thus, “H100 GPU equivalents” should be read as a signal of ambition and capacity, but also as a 
sign that the real machine is more complex than a single headline number. The frontier is not 
only about buying the best chip. It is about assembling a coherent compute organism out of 
whatever the global supply chain makes available. 

4.2 Networking and fabric: why interconnect dominates cluster behavior 
At very large scale, the limiting factor in training often becomes communication. Modern 
training depends on distributed computation: model parameters, gradients, and activations 
must be moved between accelerators at high speed, repeatedly, with strict synchronization 



18 
 

requirements. If communication is slow or uneven, the fastest GPUs wait for the slowest 
network paths. In other words, your cluster’s effective speed is governed not by the best-
performing nodes but by the worst bottlenecks in the fabric. 

This is why interconnect dominates cluster behavior. A training cluster is not a set of 
independent GPUs; it is a parallel machine whose components must coordinate. The network is 
the nervous system. It carries the signals that allow the machine to behave as one. At scale, 
small inefficiencies compound into large losses. A few microseconds of extra latency in a critical 
collective operation can become a major throughput penalty when repeated billions of times 
across the training run. Similarly, congestion that is tolerable at small scale can become 
catastrophic at large scale because it creates synchronization stalls across thousands of devices. 

Interconnect design at this level becomes a multi-layer problem. There is the intra-node 
interconnect: how GPUs communicate within a server. There is the inter-node interconnect: 
how servers communicate across racks and rows. And there is the topology problem: how the 
entire cluster is arranged so that the most common communication patterns do not saturate 
particular links. Training patterns like all-reduce operations have distinct network demands; they 
can create “hot spots” if the topology is not matched to the workload. 

Fabric quality is not only about bandwidth; it is about predictability. A training run wants 
consistent latency and low jitter. If some paths are slower due to oversubscription, routing 
anomalies, or intermittent errors, then training performance collapses toward the worst case. 
This drives the push toward carefully engineered fabrics with high bisection bandwidth and 
stable routing. It also drives operational investments in telemetry: you cannot manage what you 
cannot observe. At large scale, operators must continuously measure link errors, congestion, 
and performance drift, because the fabric is always under stress. 

Another reason interconnect dominates is that it shapes how one can parallelize the model. 
Training at frontier scale often uses a mixture of data parallelism, tensor parallelism, pipeline 
parallelism, and other strategies. Each strategy imposes a different communication pattern. A 
well-designed fabric gives the training team more freedom to choose strategies that are optimal 
for model performance rather than constrained by network weaknesses. A weak fabric forces 
compromises: smaller parallel groups, smaller batch sizes, more frequent stalls, and less 
efficient training. In the gigawatt era, the network is the real “machine,” and the GPUs are the 
compute organs it coordinates. 

4.3 Storage and data plumbing: throughput, resilience, and data locality 
If the network is the nervous system, storage and data plumbing are the digestive system. 
Training consumes data continuously. The cluster must ingest huge corpora, tokenize or 
preprocess them, and deliver batches to GPUs at a rate that keeps the accelerators busy. If the 
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data pipeline cannot feed the GPUs, expensive compute sits idle. At small scale, data plumbing 
is annoying. At gigawatt scale, it is existential. 

Throughput is the obvious requirement. But the deeper requirement is steady-state throughput 
under failure and variability. Data pipelines are complex: they involve storage systems, metadata 
layers, caching, preprocessing jobs, and job scheduling. They also involve repeated reads of data 
shards across the cluster. If many nodes simultaneously request the same data, the storage 
system can become a bottleneck. This is why caching and locality matter. When data can be 
cached close to where it is used—either on local NVMe or within rack-level caches—pressure on 
the central storage system is reduced. But caching introduces complexity: cache coherency, 
cache warming, eviction policies, and the risk of uneven performance across nodes if caches 
diverge. 

Resilience is another constraint that grows with scale. In a giant cluster, some storage nodes will 
be degraded at any given moment. Some disks will fail. Some network paths to storage will be 
congested. If the pipeline is brittle, these normal failures can cascade into training stalls. 
Therefore, modern large-scale training pipelines tend to be designed with redundancy and 
graceful degradation: multiple replicas, erasure coding, multi-path access, and retry logic that 
avoids synchronized retries that can amplify load spikes. 

Checkpointing is also part of storage, but it deserves special emphasis. Training runs at frontier 
scale are long and expensive. If the cluster experiences a failure, operators need the ability to 
resume from a recent checkpoint rather than restarting from scratch. Checkpoints can be huge. 
Writing them is a heavy I/O event. Reading them during recovery is also heavy. Therefore, 
checkpointing throughput and reliability are core determinants of operational stability. The 
ability to checkpoint frequently without crippling training throughput is an engineering 
advantage. It allows more aggressive training schedules, reduces risk from inevitable failures, 
and supports experimentation. 

Data locality also intersects with governance and privacy. Training data may be subject to 
licensing constraints, privacy expectations, or internal security requirements. Keeping data local 
to the cluster rather than moving it across third-party clouds can be part of the logic of vertical 
integration. But it also increases the organization’s responsibility: secure storage, controlled 
access, audit logging, and safeguards against inadvertent data leakage through model behavior. 
The hardware and data pipeline therefore sit inside a broader discipline: the operationalization 
of stewardship over data at scale. 

4.4 Failure domains at scale: when “one rack down” becomes normal 
The most counterintuitive aspect of gigantic clusters is that failure is not an exception. It is a 
steady-state condition. When you have tens of thousands of components, some nontrivial 
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fraction will always be broken, degraded, or behaving oddly. Fans fail. Power supplies fail. NICs 
misbehave. GPUs throw intermittent errors. Links develop packet loss. Firmware bugs appear. 
Human operators make mistakes. At small scale, this is a crisis. At large scale, it is Tuesday. 

This is why the notion of a failure domain matters. A failure domain is the smallest unit of failure 
that you can isolate without taking down the whole system. Good design ensures that failures 
are contained: one server can fail without killing the rack; one rack can fail without killing the 
row; one row can fail without killing the building; one building can fail without killing the 
campus. Achieving this containment requires careful choices in power distribution, network 
topology, and software orchestration. It also requires clear operational procedures: how to 
detect failure quickly, how to drain workloads from a failing domain, and how to repair without 
causing collateral damage. 

At scale, the training system must be able to continue operating while parts are down. This is 
not merely redundancy; it is dynamic adaptation. Jobs must be rescheduled. Parallel groups 
must be re-formed. Faulty nodes must be quarantined. In some cases, training algorithms must 
tolerate missing workers or restart collective operations. Software frameworks are therefore not 
just “training code”; they are resilience systems. 

The phrase “one rack down becomes normal” is not hyperbole. In a very large system, the 
probability that a rack has some issue at any given moment is high. If the cluster’s performance 
collapses whenever a rack has trouble, the cluster is unusable. Therefore, large-scale training 
requires operational maturity: observability, automation, and a culture that treats failure as 
expected rather than shameful. 

This also changes how we think about headline hardware numbers. A cluster might have a 
nominal number of GPUs installed, but its effective available capacity is always somewhat lower 
due to maintenance and failures. Mature operators plan for this. They budget spare capacity. 
They maintain repair inventory. They track mean time to failure and mean time to repair. The 
cluster becomes a managed fleet, not a static installation. 

In the gigawatt era, hardware is the edge of the possible not because any single component is 
miraculous, but because the system as a whole is pushed into a regime where coordination, 
resilience, and integration determine success. The raw accelerator is only the beginning. The 
real achievement is building—and continuously maintaining—a machine that can train frontier 
models at massive scale despite the fact that it is always partially broken. 

 

5. Power: From Utility Dependency to Power Strategy 
In the early era of large-scale AI, power was treated as a constraint to be met: secure a site, sign 
a utility contract, build the data hall, and ensure the electricity arrives. In the gigawatt era, that 
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posture is no longer sufficient. Power becomes strategy. It shapes how fast a cluster can be 
built, where it can be located, how reliably it can run, and what the ongoing cost structure looks 
like. It also shapes the political economy surrounding the project: who pays for upgrades, who 
bears externalities, and how legitimacy is maintained. 

A “power strategy” is not merely buying electricity. It is an integrated approach to 
interconnection, redundancy, backup, pricing risk, and operational participation in grid 
programs. When a single training campus can approach city-scale demand, it cannot behave like 
an ordinary commercial customer. It becomes a system actor. That reality pulls AI builders into 
the world of utilities, regulators, market operators, and industrial engineering. 

5.1 Grid interconnection: timelines, transformer scarcity, and queue risk 
Grid interconnection is the process by which a large load becomes legally and physically 
connected to an electrical system with defined rights and responsibilities. For small customers, 
this is almost invisible. For very large loads, it becomes a project in itself. Interconnection 
timelines can dominate the critical path, because utilities must study how the new load will 
affect reliability, voltage stability, and local equipment constraints. If upgrades are required—
new substations, distribution reinforcements, transmission enhancements—the timeline 
stretches further. 

Queue risk arises because interconnection is not always “first come, first served” in a simple 
sense, and because studies and upgrades are capacity-limited. Many regions have 
interconnection queues that are heavily backlogged. Even when a project is financially ready, it 
may wait on studies, approvals, and the procurement of specialized equipment. Queue risk is 
therefore strategic: two projects may be identical in ambition, but one may secure a favorable 
position in the queue or a more upgrade-friendly site and thus reach operation much earlier. 

Transformer scarcity is a concrete expression of this bottleneck. Large transformers and related 
switchgear are specialized industrial components with long lead times. The supply chain is 
constrained not only by manufacturing capacity but by the complexity of custom specifications, 
testing, and logistics. A gigawatt-scale campus may require multiple large transformers, 
potentially staged in phases, and the inability to procure them on the desired timeline can stall 
the entire project. Unlike GPUs, which can sometimes be substituted with different generations 
or reallocated through vendor relationships, transformers and high-voltage equipment are less 
flexible. Their physical and regulatory constraints are harder to compress. 

Interconnection complexity also stems from the need to coordinate multiple layers of the grid. A 
site may connect at a high voltage level, requiring a substation that steps down power for local 
distribution within the campus. The substation itself may require land, permitting, and 
specialized engineering. Upstream, the utility may need to reinforce feeders or upgrade 
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transmission lines. These upgrades are politically and logistically nontrivial: new lines can trigger 
land-use conflicts, environmental review, and multi-jurisdictional negotiation. The result is that 
interconnection is no longer a “business detail.” It is a major strategic arena. 

For AI training clusters, there is an additional twist: the growth curve is steep. A campus might 
start with a fraction of its intended load and then ramp rapidly as new halls come online. 
Utilities prefer predictable, staged growth because it allows upgrades to be planned and 
commissioned in advance. AI builders prefer fast ramp because it accelerates model timelines. 
Aligning these preferences is a negotiation. The friction shows up in phased interconnection 
agreements, staged commissioning, and sometimes creative solutions to bridge the gap 
between what the grid can provide today and what the cluster wants tomorrow. 

5.2 On-site generation: why turbines and backup systems appear 
When grid delivery cannot meet timeline, capacity, or reliability requirements, organizations 
begin to consider on-site generation. In the public imagination, “backup generators” belong to 
rare emergencies: a storm knocks out power, the generator runs briefly, and then the grid 
returns. In the gigawatt era, the line between “backup” and “supplement” can blur because the 
scale and continuity requirements of training make interruptions extraordinarily expensive. 

On-site generation appears for three main reasons. The first is schedule. If a cluster can be built 
faster than the grid can be upgraded, then on-site generation can serve as a bridge: a way to 
energize the campus at meaningful scale while interconnection capacity catches up. The second 
is reliability. Even if the grid can provide the megawatts, it may not provide the reliability profile 
a training operator wants. A few short interruptions that would be acceptable for many 
commercial facilities can be catastrophic for large-scale training runs. On-site generation, 
combined with batteries and automated transfer systems, can reduce the probability and 
duration of interruptions. The third is operational leverage. If a facility can generate some 
portion of its own power, it can participate in grid programs, manage peak pricing exposure, and 
reduce dependence on a single external supply pathway. 

Gas turbines are a natural candidate in such narratives because they can provide large amounts 
of power relatively quickly, and because the fuel supply chain is often more flexible than 
electrical grid upgrades. They also introduce new governance and environmental questions. 
Turbines and large generator arrays produce emissions, noise, and local impacts that trigger 
permitting and community scrutiny. Even if they are framed as “temporary” or “backup,” their 
real-world operating profile becomes central to public trust. Communities often care less about 
the label than about how often the equipment runs, what it emits, and whether the burdens 
are fairly distributed. 
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Diesel generators also remain common for redundancy because diesel systems are mature, 
standardized, and capable of rapid start. But at large scale, the cumulative emissions and fuel 
logistics of diesel backups can be significant. This can intensify conflicts around air quality, 
especially if the facility is located near residential areas. The presence of large backup systems 
therefore becomes a political as well as technical design choice. 

It is important to note that on-site generation is not necessarily a sign of hostility toward the 
grid. It can be a rational adaptation to a world where the grid is constrained and where new 
loads arrive faster than infrastructure can expand. From the perspective of a grid operator, a 
large load with its own backup can even be beneficial if it reduces the risk of instability. But 
these benefits must be weighed against environmental externalities and the risk that 
“temporary” measures become semi-permanent. 

The deeper point is that in the gigawatt era, energy supply is not a commodity purchased at the 
margin. It is a system design question. AI builders are effectively being pushed into energy 
engineering because the frontier demands it. 

5.3 Demand response and curtailment: when compute becomes dispatchable load 
As AI training loads grow, they begin to resemble industrial loads that grid operators may want 
to shape. The concept of demand response is that large customers agree to reduce their load 
under certain conditions—peak demand events, emergencies, or price spikes—in exchange for 
compensation or preferential terms. Traditionally, industrial facilities may participate by turning 
down processes, shifting production schedules, or using on-site generation to reduce grid draw. 
For AI training, the analogous move is curtailing compute: pausing or throttling training runs, 
shifting workloads to different times, or moving some loads to different sites. 

This is where compute starts to behave like a dispatchable load. A dispatchable load is one 
whose consumption can be adjusted on request, much like a power plant’s output can be 
adjusted. From a grid stability perspective, dispatchable loads are valuable because they provide 
flexibility. From an AI operator’s perspective, curtailment is costly because training thrives on 
continuity. Large distributed training runs are not infinitely flexible. Stopping and starting 
introduces inefficiencies, increases failure risk, and can disrupt schedules. 

Nonetheless, the economic and regulatory reality is that curtailment may become part of the 
contract for operating at very large scale. In some regions, grid operators may require large 
loads to agree to curtailment protocols as a condition for interconnection or favorable pricing. 
The logic is straightforward: if the load is so large that it meaningfully affects system stability, 
then it must contribute to stability. The question becomes how this is done without 
undermining the viability of the training operation. 
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One strategy is to design training schedules with modularity. Instead of one monolithic job that 
must run uninterrupted, operators can maintain a portfolio of jobs with different urgency and 
flexibility. The most critical training run might be protected, while less critical jobs can be 
curtailed. Another strategy is geographic distribution: if an operator has multiple sites, it can 
shift training between them in response to local grid conditions. A third strategy is to pair 
curtailment with energy storage or on-site generation, so that the facility can reduce grid draw 
without reducing compute as much. Batteries can bridge short events; turbines can cover longer 
events. Each strategy has cost and complexity trade-offs. 

Curtailment also intersects with public perception. Communities may be more willing to accept 
a large training campus if it is seen as cooperating with grid reliability rather than straining it. 
Demand response commitments can therefore function as social license as well as economic 
optimization. But this only holds if commitments are transparent and credible. If curtailment is 
promised but not delivered when needed, trust erodes quickly. 

In the long run, the idea that compute becomes dispatchable has broader implications. If large 
AI loads participate deeply in grid markets, they will influence electricity prices and 
infrastructure investment decisions. AI training may become a factor in energy policy in the 
same way heavy industry has been. This is a new social role for AI builders, and it comes with 
new responsibilities. 

5.4 Reliability economics: redundancy tiers, outages, and the cost of interruption 
Reliability is expensive, but interruption can be more expensive. In a gigawatt-scale training 
environment, a short outage is not simply lost time; it can be lost weeks of progress, lost 
experimental continuity, and potentially lost model convergence stability depending on how the 
interruption occurs. Even when checkpointing allows recovery, the operational disruption can 
be substantial. The economic logic that follows is that high reliability is not a luxury; it is an 
input to productivity. 

Data centers have long used redundancy tiers to classify reliability architectures. Without 
leaning on any particular standardized tier taxonomy, the general idea is that higher reliability 
requires more duplication: multiple power feeds, redundant switchgear paths, backup 
generators sized for meaningful load, and battery systems that provide ride-through during 
transitions. Each layer adds cost and complexity, but also reduces the probability of downtime. 
For ordinary enterprise workloads, the optimal point may accept occasional downtime. For 
frontier training, the optimal point shifts toward more redundancy because the value of 
uninterrupted compute is higher. 

However, redundancy is not simply duplication. Poorly designed redundancy can introduce 
common-mode failure risks: systems that are redundant on paper but share hidden 
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dependencies. For example, two power feeds may share upstream transformers. Two cooling 
systems may share a control system that can fail. Two network paths may converge on a single 
switch. At large scale, common-mode failures are particularly dangerous because they can 
knock out large fractions of the cluster at once. Thus, reliability economics includes a design 
discipline: identifying failure domains and ensuring redundancy is real, not illusory. 

Outages also have second-order costs. They stress hardware. They increase the chance of data 
corruption if not handled cleanly. They can create synchronized restart storms that overload 
systems. They can force emergency maintenance that increases human error risk. Therefore, 
the cost of interruption is not linear. A single event can trigger a cascade of operational burdens. 

This is why power strategy becomes inseparable from operational maturity. It is not enough to 
install backup systems. The organization must be able to operate them: test them, maintain 
them, and integrate them into the training schedule. It must also coordinate with the utility and 
grid operator so that transitions do not create instability. Reliability is thus a continuous 
discipline, not a one-time build. 

From a broader perspective, reliability economics also shapes competitive dynamics. Large, 
well-funded organizations can afford high-redundancy architectures and the staff to operate 
them. Smaller organizations may be forced to accept lower reliability, which translates into 
slower training iteration and higher risk. This can reinforce the concentration of frontier 
capability. 

In the gigawatt era, the decisive question is no longer merely “Can you buy enough compute?” 
It is “Can you keep the compute running, reliably, at city-scale power draw, under real-world 
grid constraints, without losing public legitimacy?” Power strategy is the answer to that 
question. 

 

6. Cooling, Water, and Heat Rejection as the Hidden Constraint 
Power is the headline constraint in the gigawatt era, but cooling is the constraint that quietly 
decides whether the headline can be made real. Every watt consumed by computation becomes 
heat that must be rejected to the environment. At small scale, that feels like an engineering 
detail. At very large scale, it becomes one of the dominant factors shaping cost, reliability, and 
community acceptance. In practical terms, a frontier training campus is a heat factory. Its core 
operational challenge is not only how to bring electricity in, but how to push heat out—
continuously, safely, and affordably. 

Cooling is not only an internal technical matter. It ties the facility to local resources: water 
availability, ambient air conditions, and the community’s tolerance for infrastructure that may 
include cooling towers, pumps, and constant mechanical noise. It also ties the facility to 
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seasonal variability. A design that performs well in spring may struggle in late summer, when 
humidity and heat combine to reduce cooling efficiency. Because training infrastructure is 
expected to run at high utilization for long periods, seasonal performance is not academic; it 
translates directly into operational cost and reliability risk. 

In the gigawatt regime, cooling shifts from “facility management” to strategic system design. A 
company that can build a large training cluster but cannot keep it efficiently cooled will discover 
that its most expensive asset is artificially throttled by thermal limits. Conversely, a company 
that masters cooling at scale can translate the same electrical budget into more effective 
compute. 

6.1 Cooling architectures: air, liquid, evaporative, and hybrid approaches 
Cooling architectures can be thought of as solutions to a single problem: moving heat from 
chips to ambient environment. But the pathway matters. It determines energy use, water use, 
reliability, and how quickly a facility can be deployed. 

Air cooling is the familiar baseline. It uses fans to move air through servers and heat exchangers 
to reject heat outside. Air cooling is attractive because it is operationally understood and 
relatively simple. However, as power density rises, air cooling becomes strained. Moving enough 
air through high-density racks requires high fan power and carefully managed airflow. Hotspots 
become harder to control. In large clusters, uneven airflow can create chronic performance 
degradation because some racks must be throttled to avoid overheating. Air cooling can still 
work, but it becomes increasingly expensive in terms of energy and floor space as density rises. 

Liquid cooling is the response to higher density. Liquids have far greater heat capacity and 
thermal conductivity than air. In liquid-cooled systems, coolant is brought closer to the heat 
source, reducing the thermal resistance and enabling higher rack densities. There are several 
forms. Direct-to-chip cooling brings liquid to cold plates attached to GPUs and CPUs. Immersion 
cooling submerges components in a dielectric fluid that carries heat away. Each approach has 
trade-offs. Direct-to-chip tends to integrate more easily with conventional server designs and 
maintenance practices. Immersion can offer very high density and potentially simpler air 
handling, but it introduces different maintenance workflows and fluid management challenges. 

Evaporative cooling leverages the physics of evaporation to reject heat efficiently, often 
reducing electricity needed for mechanical refrigeration. In its simplest form, it uses water to 
cool air, which then removes heat from the facility. Evaporative systems can be highly efficient in 
dry climates, but they consume water and their effectiveness declines in humid conditions. 
Many large facilities use some form of evaporative cooling because it can significantly reduce 
energy costs compared to purely mechanical chillers. The trade-off is that water use becomes 
part of the facility’s footprint, and water management becomes a governance issue. 
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Hybrid approaches combine elements. A facility might use air cooling for some loads, direct-to-
chip for high-density racks, and evaporative assistance to reduce chiller usage. Or it might use 
liquid cooling inside the data hall but rely on cooling towers externally for heat rejection. Hybrid 
designs are common because they allow staged adoption: operators can deploy a new facility 
quickly using familiar methods and then increase density and efficiency over time. Hybrids also 
allow flexibility across seasons, switching modes based on ambient conditions. 

From a regime perspective, the key point is that cooling is no longer a generic facility choice. It is 
a core performance and cost determinant. Two clusters with identical GPU counts can produce 
different training throughput if one is thermally constrained and the other is not. The “hardware 
at the edge of the possible” becomes limited by the thermal envelope, and the thermal 
envelope is shaped by cooling architecture. 

6.2 Water intensity and local stress: what residents worry about and why 
Water becomes politically salient when a facility’s cooling strategy draws heavily on potable 
supplies or competes with community needs during droughts and heat waves. Residents do not 
need to know the details of cooling towers to feel the intuitive fairness question: “If we are 
asked to conserve water, why is an industrial facility using vast amounts?” Even when water use 
is modest relative to other industries, the perception can be intense because data centers are 
often viewed as abstract or elite-serving compared to traditional industries that produce 
tangible goods. 

Local stress can take several forms. First, there is the absolute quantity of water used for 
evaporative cooling. If the facility draws water continuously, it can become a significant load on 
municipal systems. Second, there is the timing of use. Water use often peaks during hot 
periods—exactly when communities may already be stressed. Third, there is the quality and 
source of water. If a facility uses potable water, the optics are worse than if it uses reclaimed or 
non-potable sources. Fourth, there is the risk of indirect effects: water rates rising due to 
infrastructure upgrades, or capacity constraints that limit new housing or commercial 
development. 

Communities also worry about transparency. Large facilities sometimes present water use in 
averaged or annualized terms, which can understate peak stress. Residents may demand clear 
reporting: peak daily usage, seasonal patterns, and contingency plans during drought 
restrictions. They may also worry that “closed-loop” claims are ambiguous. In common 
language, “closed-loop” suggests minimal water consumption, but many systems still require 
water makeup due to evaporation or blowdown in cooling towers. If the public hears “closed-
loop” and later observes significant water draw, trust can erode quickly. 
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These concerns are not merely emotional. They interact with real infrastructure planning. 
Municipal water systems are designed for expected growth and resilience. A sudden large 
industrial load can require upgrades: new mains, pumping capacity, or treatment expansions. 
The question then becomes who pays. If the data center pays for upgrades and contributes to 
long-term capacity improvements, the community may view it as a net benefit. If costs are 
socialized through higher rates, resentment grows. 

In the gigawatt era, the water issue becomes one of legitimacy. A facility that is technically 
efficient but socially perceived as exploitative will face ongoing political resistance. Therefore, 
water strategy—use of reclaimed water, transparent reporting, conservation measures, and 
drought contingency planning—becomes as important as cooling efficiency itself. 

6.3 Waste heat: capture, reuse, and why it often fails in practice 
The phrase “waste heat” invites an obvious question: if data centers produce so much heat, why 
not reuse it? In theory, waste heat could be captured and used for district heating, industrial 
processes, or even greenhouse agriculture. In practice, waste heat reuse often fails or remains 
marginal, and the reasons are structural. 

First, temperature matters. Much of the heat produced by data centers is “low-grade” heat: it is 
not hot enough to be easily useful without additional heat pumping. Heating systems often 
require higher temperatures to be efficient. Capturing low-grade heat and upgrading it with 
heat pumps can work, but it adds capital cost and complexity, and it depends on having a 
consistent local demand for heat. 

Second, proximity matters. Heat is difficult to transport over long distances without loss and 
infrastructure expense. District heating networks exist in some places, but many regions do not 
have them. Building new heat distribution infrastructure is expensive and politically complex. It 
requires coordination with municipalities, building owners, and regulators. The data center may 
be ready long before the heat network can be built, making coordination difficult. 

Third, demand timing matters. Heat demand is seasonal, often highest in winter, while data 
center heat production is year-round. In summer, additional heat is often unwanted. This 
mismatch reduces utilization of heat reuse infrastructure and undermines its economics. Unless 
there is a year-round industrial heat customer nearby, reuse systems may be underutilized. 

Fourth, reliability matters. A data center cannot commit to delivering heat if doing so 
compromises its cooling reliability. Cooling systems are designed for redundancy and 
predictable operation. Adding heat recovery layers can complicate failure modes. Operators 
may be reluctant to integrate tightly with external systems that could introduce downtime risk. 
Even if heat reuse is technically feasible, the risk calculus can discourage it. 
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Finally, incentives matter. If electricity costs are the dominant expense and waste heat reuse 
does not materially reduce them, operators may not prioritize it. Heat reuse can provide 
community benefits, but unless there is a clear business model—payments for heat, regulatory 
credits, or strong community agreements—it may remain a secondary feature. 

This does not mean waste heat reuse is impossible. It means it is not automatic. In the gigawatt 
era, waste heat reuse becomes a test of alignment between private infrastructure and public 
benefit. Where conditions are favorable—near existing district heating, in cold climates, with 
supportive policy—reuse can become a legitimacy-enhancing feature. Where conditions are 
unfavorable, “waste heat reuse” risks becoming a rhetorical promise that fails, which can 
further erode trust. 

6.4 Climate and siting: humidity, heat waves, and seasonal performance 
Cooling is fundamentally constrained by ambient conditions. Climate and siting therefore matter 
as much as equipment choices. Two facilities with identical designs can have very different 
operating costs and reliability depending on temperature and humidity. This is why the gigawatt 
era reintroduces geography into AI strategy. It is not enough to be near fiber and talent. It is 
increasingly valuable to be near favorable thermodynamic conditions. 

Humidity is particularly important because it reduces the effectiveness of evaporative cooling. 
Evaporation works best when the air is dry; when the air is already saturated with moisture, 
evaporation provides less cooling. In humid regions, evaporative systems may require more 
water or deliver less efficiency, forcing greater reliance on mechanical chillers. This increases 
electricity consumption and raises operating costs. It can also increase peak draw during heat 
events—exactly when the grid is stressed. 

Heat waves create a second constraint. During extreme heat, cooling systems work harder, and 
their efficiency can decline. If the facility is designed too close to its limits, it may be forced to 
throttle compute during peak heat events to avoid overheating. That is a direct hit to 
productivity. In a world where training runs are scheduled for continuous operation, heat wave 
throttling becomes a real strategic risk. It can disrupt schedules and reduce the effective output 
of the cluster. 

Seasonal performance variability also shapes economics. Some cooling systems are extremely 
efficient in spring and fall but less efficient in summer. This creates seasonal variation in PUE and 
in total facility power draw. A facility might have a stable IT load but a variable total draw 
because cooling overhead fluctuates. From a grid perspective, this matters. From a cost 
perspective, it matters. From a public discourse perspective, it matters because headline power 
numbers can drift seasonally even if compute workload is constant. 
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Siting choices can mitigate or amplify these effects. A facility in a cooler, drier climate may enjoy 
lower cooling overhead and less water stress, but may face other constraints: limited grid 
capacity, longer supply chains, or regulatory complexity. A facility in a warm, humid region may 
have abundant labor and land but face higher cooling costs and more intense public scrutiny 
over water and emissions. There is no perfect site. The gigawatt era is therefore a game of 
trade-offs among interconnection feasibility, cooling efficiency, water availability, and social 
license. 

The overarching point is that cooling is not merely a technical subsystem. It is the interface 
between AI infrastructure and the environment. When clusters approach city-scale power, heat 
rejection becomes a defining feature of the system, shaping both internal economics and 
external legitimacy. In the gigawatt era, you do not merely train a model. You run a 
thermodynamic machine in public view. 

 

7. Local Externalities: Emissions, Noise, and Community Risk Perception 
A gigawatt-scale training campus can be discussed as a marvel of engineering, but it will be 
experienced locally as a new industrial neighbor. That difference in perspective is not a public-
relations problem; it is an empirical reality. People living near the site do not evaluate “frontier 
AI” primarily through benchmark charts. They evaluate it through sensory and civic channels: air 
quality, noise, traffic, construction disruption, water rates, and whether the project appears to 
respect the community’s health and agency. When those lived impacts are not addressed 
explicitly, even technically successful projects can become politically fragile. 

Local externalities matter not only because they influence public acceptance, but because they 
can become binding constraints on the project itself. Permits can be delayed or denied. 
Conditions can be imposed. Operating hours can be restricted. Testing procedures can be 
contested. A facility can find itself technically capable of operating but politically unable to 
operate at full capacity. This is why externalities belong in a regime analysis. In the gigawatt era, 
social license is as real a bottleneck as transformers. 

Community risk perception plays a central role because externalities are often uncertain. 
Residents may not know exactly how often backup generators will run or what the facility’s 
ultimate power draw will be. In the face of uncertainty, people tend to anchor on worst-case 
scenarios or on prior experiences with industrial projects that promised minimal impact and 
delivered more. This is not irrational. It is an adaptive response to asymmetric risk: the 
community bears the downside, while the upside may appear remote. A project that wants to 
thrive must therefore handle externalities not only with technical competence but with 
procedural fairness and credible disclosure. 
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7.1 Diesel backups and gas turbines: what they are used for and when 
Backup generation exists because the grid is not perfectly reliable and because data centers are 
designed to deliver high uptime. The conventional image is simple: when the grid fails, diesel 
generators start, and the facility continues operating until power returns. In practice, backup 
systems appear in multiple roles, and misunderstanding these roles fuels conflict. 

Diesel backups are common because they are proven, standardized, and can start quickly. They 
are often paired with battery systems (or other ride-through mechanisms) that supply power for 
the seconds or minutes needed for generators to start and stabilize. In a typical design, batteries 
carry the load briefly, generators take over, and the facility runs on generator power until the 
grid returns. Diesel systems also require regular testing. Even if outages are rare, the generators 
are often started and run under load on a schedule to ensure reliability. This testing can produce 
recurring emissions and noise, which neighbors may experience as “unexpected” if they were 
told the generators are only for emergencies. 

Gas turbines occupy a more ambiguous space. In some contexts, they are framed as “backup,” 
but they can also function as supplemental or bridging generation—especially when grid 
capacity lags behind the facility’s buildout schedule. Turbines can provide large amounts of 
power and can be integrated into a facility’s reliability strategy. They can also be used to reduce 
exposure to grid constraints, peak pricing, or curtailment risk. The line between “backup” and 
“parallel supply” becomes important here. A turbine that runs a few hours a year is a different 
neighbor than a turbine that runs frequently during high demand periods or when the grid 
cannot meet load. Communities often demand clarity on operating profiles: how many hours 
per year, under what triggers, and with what emissions controls. 

Timing matters because the community experiences impacts in time. A generator that runs 
during heat waves may compound stress, because heat waves are precisely when air quality can 
already be worse and when residents are more sensitive to additional burdens. If a facility’s 
backup or bridging generation is most likely to operate during peak grid stress, it will be 
operating during the most politically sensitive conditions. 

There is also a scaling effect. A small backup generator is unremarkable. A large campus may 
require an array of generators or turbines. Even if each unit is individually “standard,” the 
aggregate can be substantial. This is why communities worry about “diesel backup generators” 
and “gas turbines” not as abstract technologies, but as cumulative industrial presence. 

The disciplined point is that backup systems are not inherently illegitimate. They are a rational 
response to reliability needs. But their legitimacy depends on honest characterization of their 
use modes, on emissions controls, on testing practices, and on transparent operating 
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commitments. In the gigawatt era, backup is not a footnote; it is a central part of the facility’s 
public footprint. 

7.2 Air quality and permitting: the practical governance choke points 
Air quality and permitting become choke points because they are where technical plans meet 
legal authority. Power and compute can be purchased, and buildings can be constructed, but 
emissions are regulated. This creates a natural governance lever. When a facility uses diesel 
generators or gas turbines, it triggers requirements: permits, emissions limits, reporting 
obligations, and sometimes public hearings. 

Permitting is often perceived by builders as bureaucratic friction, but from a community 
standpoint, it is the mechanism by which externalities are constrained. The permit process 
forces specificity. It forces the operator to define the equipment, the expected operating hours, 
the emissions profile, and the mitigation measures. It also creates enforceable commitments. 
For communities concerned about being misled, permits are a rare source of durable 
accountability. 

Air quality governance also has a practical dimension: enforcement. A permit is only meaningful 
if compliance is monitored and violations are addressed. Communities therefore pay attention 
to monitoring plans: continuous emissions monitoring versus periodic testing, reporting 
frequency, and whether data is accessible. They may also pay attention to the operator’s track 
record: does the company respond to complaints, does it cooperate with regulators, does it 
treat compliance as a baseline or as an obstacle? 

Another choke point is classification. If equipment is described as “emergency backup,” it may 
be subject to different rules than if it is effectively used as regular generation. Communities 
often worry that “emergency” labels can be used to reduce regulatory burden while allowing 
more frequent operation in practice. Regulators worry about this too, because classification 
affects compliance pathways. The legitimacy of the project can hinge on whether the public 
perceives that classification is honest. 

Air quality concerns also intersect with equity. If facilities are sited near communities already 
burdened by industrial pollution, additional emissions—even if within permitted limits—can be 
experienced as cumulative injustice. This is not only a moral argument; it can become a legal 
and political argument. Projects can face sustained opposition if they appear to concentrate 
burdens in vulnerable areas. In such settings, air permitting becomes the arena where larger 
debates about fairness, development, and governance are fought. 

The broader point is that, in the gigawatt era, air quality permitting is not a technical formality. 
It is one of the primary interfaces between AI infrastructure and democratic constraint. It is 
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where the public can demand precision, and where the operator must translate ambition into 
bounded, enforceable behavior. 

7.3 Noise, traffic, and construction impacts: the “invisible” sources of backlash 
Emissions are often the headline externality, but many projects are undermined by quieter, 
more mundane impacts: noise, traffic, and construction disruption. These are “invisible” in the 
sense that they do not appear in glossy announcements, but they dominate local experience. 

Noise arises from multiple sources: cooling towers, large fans, pumps, generator testing, and 
constant mechanical operation. A data center can generate a persistent low-frequency hum that 
is not dramatic but is exhausting over time. If the facility uses on-site generation, the noise 
signature can intensify during tests or operation. Noise complaints are often dismissed by 
outsiders as minor, but for residents living near industrial noise, it can become a daily quality-of-
life issue. It also becomes symbolic: if noise is not managed, residents infer that the operator is 
not attentive to community costs. 

Traffic and logistics are another source of conflict. During construction, large projects bring 
heavy trucks, equipment deliveries, road wear, and congestion. During operation, there may be 
fewer daily workers than other industries, but there can still be traffic spikes from shift changes, 
maintenance, deliveries, and security operations. If the project is perceived as creating 
disruption without creating many local jobs, resentment can grow. This is a subtle but important 
legitimacy dynamic: people often tolerate disruption more when the benefit is tangible and 
widely shared. 

Construction impacts also include dust, road damage, and nighttime lighting. Data center 
projects can involve 24/7 work schedules to hit commissioning deadlines. Night work increases 
noise and light impacts at the worst times for residents. It also intensifies the perception of 
being invaded by an industrial project that does not respect local rhythms. 

These impacts can become backlash triggers because they are immediate and personal. A 
resident may not know the facility’s megawatt draw, but they will notice a constant hum, trucks 
on their street, and disturbed sleep. Opposition movements often consolidate around such lived 
impacts. Once opposition consolidates, it can expand to include broader critiques—energy use, 
water use, fairness, and governance—making the political environment more hostile. 

The key lesson is that “small” externalities are not small in their political consequences. 
Managing them is not optional if the project aims to scale smoothly. Good externality 
management requires early planning: sound barriers, equipment placement, traffic routing, 
construction hour commitments, and rapid response systems for complaints. In the gigawatt 
era, attention to these details becomes part of the engineering of social license. 
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7.4 Transparency as a design variable: trust, disclosure, and accountability 
Transparency is often treated as a public-relations virtue. In the gigawatt era, it is more properly 
treated as a design variable. The level and form of disclosure can shape not only community 
sentiment but also the project’s operating freedom. In practical terms, transparency can reduce 
friction by reducing uncertainty. It can also backfire if it reveals uncomfortable truths or if 
commitments are not met. Therefore, transparency must be engineered with seriousness: 
precise, bounded, and enforceable. 

The first function of transparency is definitional clarity. Communities need to know what is 
being built and how it will operate. Vague language—“backup,” “temporary,” “minimal impact,” 
“closed-loop”—invites suspicion because it leaves room for interpretation. A transparent project 
provides measurable commitments: generator testing schedules, maximum annual operating 
hours, water sourcing plans, noise mitigation measures, and protocols for peak-load events. It 
also explains what changes over time: expansion phases, additional buildings, and capacity 
ramp timelines. 

The second function of transparency is procedural fairness. People want to feel that decisions 
are not being made over their heads. This can involve public meetings, accessible 
documentation, and mechanisms for community input that are not purely symbolic. Even when 
the project proceeds, meaningful engagement can reduce the perception of coercion. 
Conversely, secrecy can convert even modest impacts into a narrative of exploitation. 

The third function is accountability. Transparency without accountability is often experienced as 
manipulation. Communities therefore value third-party monitoring, regulatory reporting that is 
accessible, and clear complaint response processes. They want to know what happens if 
commitments are violated. They want to know whether penalties exist and whether they are 
enforced. A company’s willingness to accept enforceable constraints can be a strong signal of 
seriousness. 

Treating transparency as a design variable also means recognizing trade-offs. Operators may 
legitimately want to protect proprietary details or security-sensitive information. They may not 
want to disclose internal training schedules or exact hardware counts. They can still be 
transparent about externalities without revealing trade secrets. In fact, the most effective 
transparency is often externality-specific: emissions, water, noise, and grid participation. These 
are the domains that generate community concern, and they can often be reported without 
exposing proprietary model details. 

In the end, local externalities are not peripheral to the AI infrastructure race. They are one of 
the mechanisms by which society negotiates the terms of that race. Emissions, noise, and 
disruption are the price tags visible to the community. Transparency and accountability are the 
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means by which that price tag can be assessed and, ideally, made fair. In the gigawatt era, trust 
is not earned by ambition alone. It is earned by operational honesty and by a willingness to 
treat the surrounding community as a stakeholder in the machine’s existence. 

 

8. Capital, Control, and the Vertical Integration Thesis 
The simplest story about frontier AI competition is that it is a race to train bigger and better 
models. The more accurate story is that it is a race to build an institution capable of repeated 
frontier training. That capability is not merely an algorithmic property. It is an operational 
property, and it is increasingly capital-intensive. This is where vertical integration enters the 
picture. 

Vertical integration, in this context, means owning and orchestrating more of the stack: the 
physical data center, the power strategy, the networking and storage architecture, and the 
operational cadence that turns infrastructure into model iterations. It does not necessarily 
mean owning everything. It means reducing dependence on third-party bottlenecks that can 
slow iteration or impose constraints on how training can be scheduled and scaled. 

The thesis is not that vertical integration is always superior. It is that, at gigawatt scale, vertical 
integration becomes a plausible competitive advantage because the bottlenecks are increasingly 
physical and timing-dependent. If the limiting factor is not a clever new loss function but the 
ability to secure megawatts and rack space on a tight schedule, then ownership and control of 
infrastructure can matter as much as model design. 

8.1 Why some AI labs build versus rent: scheduling control and iteration speed 
Renting compute through the cloud offers obvious advantages: rapid access to capacity, 
geographic flexibility, and the ability to scale up and down without owning the assets. For many 
organizations, this remains rational. But at the frontier, the economics and the iteration 
requirements change. 

The core reason to build rather than rent is scheduling control. Training frontier models is not 
just expensive; it is temporally sensitive. A training run may require uninterrupted access to a 
large block of GPUs for weeks. It may require a stable network topology, consistent storage 
throughput, and predictable performance characteristics. In shared cloud environments, 
capacity is allocated across many customers and internal priorities. Even with reserved instances 
or special arrangements, the customer is ultimately subject to the provider’s constraints: 
maintenance windows, hardware allocation decisions, price changes, and policy restrictions. 
These constraints can slow down iteration in subtle ways. 

Iteration speed is the deeper motive. Model progress depends on running many training 
experiments, evaluating results, and making adjustments. When iteration is gated by access to 
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compute blocks, the organization’s learning cycle slows. If a lab owns its cluster and can 
schedule it as it wants, it can run experiments back-to-back, allocate capacity dynamically, and 
prioritize the training jobs that matter most at any moment. That agility can compound. The lab 
that iterates faster can discover better training recipes, better data curation strategies, and 
better architectures sooner. 

Building also changes the operational posture. A cloud customer is a consumer of infrastructure. 
A builder becomes an operator. The operator can tune the stack end-to-end: networking 
configuration, storage caching, job scheduling, fault tolerance, and software instrumentation. 
This can increase effective utilization and reduce downtime. It can also enable more aggressive 
training approaches because the operator has deeper visibility into system behavior. 

There are also strategic reasons beyond pure speed. Owning infrastructure can reduce exposure 
to policy shifts by providers. It can reduce the risk that a provider’s other customers or internal 
projects receive priority. It can also reduce dependency on a small number of gatekeepers, 
which matters when frontier AI becomes geopolitically sensitive. 

But building has costs: large capital outlay, long lead times, operational complexity, and the risk 
of building the wrong thing. Cloud renting transfers many risks to the provider. Owning transfers 
them to you. The reason vertical integration becomes attractive in the gigawatt era is that the 
risks transferred to providers begin to look like existential iteration bottlenecks. When the 
frontier is constrained by capacity scarcity, renting can turn into waiting. 

8.2 The funding logic: large rounds, strategic partners, and procurement leverage 
Gigawatt-scale infrastructure requires large capital. The funding logic is therefore inseparable 
from the operational strategy. A lab pursuing vertical integration must raise money not only for 
research, but for heavy infrastructure: land, buildings, switchgear, cooling systems, and massive 
hardware procurement. This changes the investor story. The lab becomes part AI company, part 
industrial project. 

Large funding rounds serve multiple functions. The obvious function is cash to build. But there is 
a second function: credibility. Large infrastructure projects require counterparties—utilities, 
equipment vendors, construction firms—who need confidence that the project will be 
completed and paid for. Capital raised can therefore function as a signal that unlocks supply 
chain cooperation. 

Strategic partners play a role because procurement is not purely transactional at this scale. GPU 
supply is constrained. Networking equipment is constrained. Transformers and switchgear are 
constrained. A company with strong relationships and strategic alignment with key suppliers can 
secure better access, better terms, and faster delivery. If a supplier has limited capacity, it will 
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prioritize customers who are reliable, large, and strategically valuable. Large rounds that include 
strategic investors can formalize these relationships. 

Procurement leverage also affects unit economics. When you buy at scale, you can negotiate 
better pricing, more favorable maintenance terms, and priority support. You can also 
standardize. Standardization reduces operational complexity and increases repair efficiency 
because you can stock spares and train teams on consistent equipment. Cloud renting can hide 
these details, but ownership makes them visible and exploitable. 

However, procurement leverage has a darker side: it can reinforce concentration. If only a few 
organizations can raise the capital and secure the supplier relationships needed for gigawatt-
scale clusters, then frontier capability concentrates in those organizations. This is not necessarily 
because they are better at AI. It is because they are better at capital formation and industrial 
execution. The gigawatt era therefore introduces a new kind of moat: the ability to mobilize 
capital and supply chain at scale. 

8.3 Cost per training run: amortization, energy price risk, and utilization 
Once a lab owns infrastructure, the cost structure changes. Cloud renting converts much of the 
cost into variable expense: you pay for what you use. Owning converts much of the cost into 
fixed expense: you pay for the asset whether you use it or not. This changes how one should 
think about “cost per training run.” 

Amortization is the first concept. The capital cost of GPUs, networking, buildings, and power 
infrastructure is spread across the number of training runs performed over the asset’s useful 
life. If the cluster is highly utilized, the amortized cost per run falls. If utilization is low, it rises. 
This creates a powerful incentive to keep the cluster running. In a sense, owning infrastructure 
turns training into a throughput business: the economics reward continuous production. 

Energy price risk is the second concept. At gigawatt scale, electricity is not a minor operating 
cost; it is a dominant one. A lab that owns its infrastructure becomes exposed to electricity 
price volatility, demand charges, and the structure of power contracts. If energy prices spike, 
the cost of training runs spikes. This can alter training schedules and even model release plans. 
Managing energy price risk becomes part of the lab’s financial discipline. It can involve long-
term power purchase agreements, hedging strategies, or operational participation in demand 
response programs. The lab becomes partially an energy trader, whether it wants to or not. 

Utilization is the third concept, and it interacts with both amortization and energy. High 
utilization increases output, but it also increases energy consumption. A lab might face a trade-
off between training aggressively and managing peak power costs. If electricity pricing penalizes 
peak draw, a lab may be incentivized to smooth or schedule training to avoid expensive periods. 
This is where power strategy and training strategy converge. A sophisticated operator may 
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design training schedules that maximize effective output under power cost constraints, using 
flexible workloads to shift consumption when prices are favorable. 

There is also the question of depreciation and technological obsolescence. GPUs become 
obsolete quickly. A cluster built around a particular generation may have a limited window of 
frontier relevance. The lab must therefore amortize not over decades, but over a shorter 
horizon. This increases the pressure for rapid deployment and continuous utilization. It also 
increases the strategic value of building clusters quickly: if you can build and begin training 
sooner, you capture more of the asset’s frontier value before the next generation arrives. 

Thus, “cost per training run” in the gigawatt era is not simply a technical metric. It is the output 
of a financial machine: capital cost, utilization cadence, energy contracts, and time-to-
obsolescence. Vertical integration offers control, but it also imposes a discipline: you must 
operate like a factory to make the economics work. 

8.4 Lock-in reversal: moving dependency from cloud providers to power providers 
Vertical integration is often described as a way to avoid lock-in to cloud providers. But it does 
not eliminate dependency. It shifts dependency. This is the lock-in reversal. 

When you rent compute, you depend on the cloud provider’s pricing, allocation, hardware 
roadmap, and policies. When you build, you depend on a different set of actors: utilities, fuel 
suppliers, equipment manufacturers, and regulators. The dependency moves from an API and 
contract relationship to an infrastructure relationship. The dependencies are more physical and 
often harder to change quickly. 

Power providers become central. A gigawatt-scale cluster is intimately tied to its grid. Moving 
the cluster is not like moving a software workload. It is a sunk infrastructure commitment. The 
facility’s economics depend on local electricity prices, local grid reliability, and local regulatory 
terms. If those change unfavorably, the operator’s flexibility is limited. This is a new kind of lock-
in: geographic and infrastructural rather than contractual. 

Equipment supply chains also create lock-in. A cluster built around a particular interconnect 
architecture or cooling system creates switching costs. Operators become specialized. Software 
stacks are tuned to the hardware. Repair inventories are tailored. Even if a better technology 
appears, migration can be expensive and risky. This is not unique to AI; it is the standard 
condition of industrial systems. The difference is that AI organizations are only now stepping 
fully into this condition. 

Regulatory environments are another lock-in vector. Once a facility is permitted under certain 
rules, changes in rules can affect operations. A community may become more hostile over time. 
Political leadership may change. Environmental standards may tighten. The operator must 
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navigate these shifts while maintaining uptime and growth plans. This again is not a cloud-style 
dependency; it is an institutional dependency embedded in local governance. 

The lock-in reversal is not an argument against vertical integration. It is a reminder that vertical 
integration is not a path to independence. It is a path to a different dependency profile—one 
that is closer to manufacturing and energy infrastructure than to software services. For some 
frontier labs, that trade is worth it because it buys schedule control and iteration speed. But it 
changes the nature of the organization. It turns the AI lab into an infrastructure actor whose 
competitive advantage depends on managing industrial dependencies as well as machine 
learning. 

In the gigawatt era, capital is not merely fuel. It is the material that builds control. Vertical 
integration is the strategy that converts capital into operational autonomy. And the price of that 
autonomy is that the lab must become fluent in power, construction, procurement, and 
regulation. This is the new shape of the frontier. 

 

9. Competitive Dynamics: When Infrastructure Becomes Moat 
In most technology races, a new capability spreads as the underlying components become 
cheaper and more widely available. The gigawatt era of AI has a different shape. The 
components are scarce, the projects are capital-intensive, and the critical constraints sit in 
physical bottlenecks that do not scale with software speed. This combination creates a 
competitive dynamic where the ability to build and operate infrastructure becomes a moat—a 
durable advantage that is difficult for others to replicate quickly, even if they understand the 
algorithms. 

An infrastructure moat is not simply “having more GPUs.” It is having a functioning machine that 
can be expanded in phases, kept at high utilization, and supported by stable power and cooling. 
It is having the organizational discipline to plan, procure, permit, and commission repeatedly. 
Once a lab develops that discipline, it becomes self-reinforcing. The same organization can build 
the next cluster faster, procure the next wave of hardware earlier, negotiate better 
interconnection terms, and attract more capital to repeat the cycle. The frontier can thus begin 
to concentrate around actors who are less like research groups and more like industrial 
operators. 

This section explores how competitive advantage changes when infrastructure is the scarce 
input, why speed becomes an advantage independent of algorithmic novelty, and how the 
procurement race and strategic postures around openness and safety are transformed by scale. 
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9.1 Speed as advantage: construction tempo versus algorithmic novelty 
Algorithmic novelty still matters, but it now competes with something more prosaic: tempo. In 
the gigawatt era, a lab can gain advantage simply by bringing capacity online sooner than 
competitors. That advantage compounds because training is iterative. The lab that trains first 
learns first. It collects operational data first. It discovers scaling pathologies and tuning 
strategies first. It tests new ideas in the real regime first. Even if its algorithms are not superior 
on day one, it may iterate into superiority because it has more cycles. 

Construction tempo therefore becomes a strategic advantage. It determines how many training 
cycles fit into a year, which in turn shapes how quickly a lab can move through successive model 
generations. This is a new kind of “time-to-market.” It is not merely about releasing a model, 
but about releasing repeated frontier models in a cadence that others cannot match. 

Tempo also interacts with capital efficiency. In fast-moving hardware cycles, the value of a GPU 
generation is time-sensitive. A cluster built slowly may miss the window where its hardware is 
frontier-relevant. A cluster built quickly captures more of the high-value period. This makes 
speed not only a competitive advantage, but a financial necessity. It also encourages aggressive 
execution, which can raise risk: corners can be cut in design, permits can be pushed, and 
community engagement can be minimized. The race for tempo can therefore create negative 
externalities if not governed. 

In this environment, algorithmic novelty begins to take on a different role. Instead of being the 
primary differentiator, novelty becomes what allows a lab to convert its infrastructure 
advantage into model advantage. The lab with the faster build can test more novel ideas sooner. 
The lab with slower capacity may produce brilliant innovations, but it may struggle to validate 
them at full scale. The result is that the center of gravity can shift from “who has the cleverest 
idea” to “who can operationalize ideas at scale repeatedly.” That is the hallmark of an 
infrastructure moat. 

9.2 Compute concentration and the frontier gap: who can realistically follow 
When infrastructure is scarce and expensive, frontier capability concentrates. This is not a moral 
claim; it is a structural claim. The number of organizations that can realistically assemble 
gigawatt-scale clusters is limited by capital formation, supply chain access, and the ability to 
manage complex operations. Even within the set of wealthy organizations, only some will be 
willing to assume the risks of building and operating such facilities. 

Compute concentration creates a frontier gap: a widening distance between the leading edge 
and the rest. The gap is not only about raw hardware. It is about the ability to run sustained 
training experiments at extreme scale and to do so repeatedly. Smaller labs may be able to 
innovate in architectures, training methods, or alignment research, but they may not be able to 
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validate or deploy their ideas at frontier scale. This can create a division of labor: a few 
operators run giant clusters, while many others produce methods that must be adopted by 
those operators to matter at the frontier. 

The frontier gap can become self-reinforcing. Leading labs train models that improve their 
internal tools: better code generation, better infrastructure automation, better experiment 
management, and better operational forecasting. These tools make them more efficient, which 
accelerates their build and training cycles, which further improves their tools. Meanwhile, labs 
without comparable compute cannot fully replicate the same feedback loop. The result can be a 
durable advantage that is hard to erode even if the underlying algorithms are widely known. 

There is also a geopolitical dimension. If frontier compute concentrates in a small number of 
jurisdictions or companies, it becomes strategically sensitive. Governments may treat gigawatt-
scale clusters as national assets, and export controls or security policy can shape who can 
follow. This further limits the set of actors capable of building comparable systems. The frontier 
gap becomes not only an economic phenomenon but a policy-shaped phenomenon. 

From an ecosystem perspective, this concentration has mixed consequences. It can accelerate 
progress by allowing massive training runs to be executed efficiently. But it can also reduce 
diversity of approaches, increase the risk of monoculture failures, and concentrate decision-
making power over model deployment and safety posture. In the gigawatt era, compute 
concentration is not a side effect; it is one of the defining conditions of frontier competition. 

9.3 The procurement race: GPUs, transformers, switchgear, and cooling supply chains 
The procurement race is where the infrastructure moat becomes concrete. It is easy to imagine 
a world where the bottleneck is simply “buy more GPUs.” In reality, the bottleneck is a chain: 
GPUs, networking, racks, cables, power distribution units, switchgear, transformers, cooling 
towers, chillers, pumps, and the skilled labor to install and commission them. Any one link can 
become the limiter. 

GPU procurement remains a central constraint because the highest-end accelerators are supply-
limited and allocation-driven. Large buyers with established relationships can secure priority. 
But GPUs are only the beginning. A gigawatt-scale facility requires enormous electrical 
infrastructure. Transformers and switchgear are notoriously long-lead items. Their scarcity can 
be as binding as GPU scarcity. Unlike GPUs, which can sometimes be substituted across 
generations, high-voltage gear often requires specific compatibility with the site design and 
utility requirements. If a transformer delivery slips, the project can stall even if the GPUs are 
sitting in a warehouse. 

Cooling supply chains are also critical. High-density clusters require advanced cooling 
equipment, potentially including liquid cooling infrastructure. Cooling towers, heat exchangers, 
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and chillers have their own lead times and permitting needs. The procurement race therefore 
becomes multidimensional. Winning means not only securing GPUs, but synchronizing the 
arrival of every subsystem so that commissioning can proceed without gaps. If one subsystem 
lags, the entire machine cannot operate at intended scale. 

This is where organizational maturity matters. A lab that treats procurement as an ad hoc 
scramble will lose time. A lab that industrializes procurement—standardized designs, modular 
buildouts, pre-negotiated supplier relationships, and staged commissioning—can compress 
timelines. That compression becomes advantage. It also raises barriers to entry because it 
requires expertise that many AI organizations do not historically possess. 

The procurement race also creates new forms of leverage for suppliers. When only a few buyers 
can absorb enormous volumes, suppliers can become selective. They may prefer customers with 
strong financial backing, stable commitments, and strategic alignment. This can further 
reinforce concentration. The race for transformers and switchgear can even become a race 
against other sectors: utilities upgrading grids, renewable energy projects, and traditional 
industrial expansions all draw from the same equipment supply base. The gigawatt AI era is 
therefore not isolated; it competes with the broader energy transition and industrial economy 
for scarce hardware. 

9.4 The strategic trade: openness, safety posture, and scale-based power 
When infrastructure becomes moat, strategy changes. The most important trade is between 
openness and control. Openness—through published methods, shared models, or accessible 
interfaces—can accelerate ecosystem progress and build trust. But openness can also increase 
competitive risk. If you disclose too much, competitors can replicate your approach. In a world 
where the moat is physical infrastructure, this dynamic shifts. If competitors cannot replicate 
the infrastructure quickly, then openness about algorithms may feel less threatening. The real 
advantage remains the machine. 

However, scale also creates power in a different sense: the power to shape norms. A lab with 
enormous capacity can set de facto standards through its choices of model behavior, safety 
measures, and deployment practices. If others cannot compete at scale, they may be forced to 
adapt to the leading lab’s ecosystem. This is a form of soft governance, not enacted by law but 
by market dominance. In such a world, the leading lab’s safety posture matters not only for its 
own models, but for the entire field’s trajectory. 

Scale-based power complicates safety posture. On one hand, large operators can afford more 
safety research, better monitoring, and more rigorous evaluation pipelines. They can build the 
governance machinery to slow down when needed. On the other hand, they face strong 
incentives to keep the cluster running and to monetize outputs to justify the capital investment. 
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This can create pressure to ship quickly, to expand, and to frame safety as a feature rather than 
as a constraint. The tension is structural: the economics of gigawatt infrastructure reward 
throughput, while the ethics of powerful models may require restraint. 

There is also the question of who gets access. If a lab controls enormous compute, it can decide 
how much to provide through APIs, partnerships, or open releases. These decisions shape the 
distribution of capability. Restrictive access can be justified on safety grounds, but it can also 
reinforce concentration. Open access can democratize capability, but it can also increase misuse 
risk. The presence of an infrastructure moat makes these decisions more consequential because 
the gap between those with and without access widens. 

Thus, the strategic trade in the gigawatt era is not simply “open or closed.” It is a triad: 
openness, safety, and scale-based power. A lab’s position on this triad will determine not only its 
competitive standing, but its legitimacy in the eyes of regulators and the public. If the public 
perceives that a lab is using infrastructure scale to entrench power without adequate 
accountability, backlash grows. If the public perceives that a lab is using scale responsibly, with 
transparent safety posture and community engagement, legitimacy can grow. 

In the end, the gigawatt era makes infrastructure a moat, and a moat changes incentives. It 
rewards speed, concentration, and industrial execution. It also raises the stakes of governance 
because the actors who hold the moat can shape the future of AI—technically, economically, 
and politically. The central question becomes not only who can build the biggest machine, but 
who can be trusted to operate it at scale in a world where the machine’s externalities and 
capabilities cannot be ignored. 

 

10. Governance and Policy in the Gigawatt Era 
The gigawatt era forces a shift in how AI infrastructure is governed because the infrastructure 
stops being “just a private tech build” and starts behaving like quasi-public industrial capacity. A 
city can ignore a small server room. A region cannot ignore a campus whose power draw, water 
footprint, and construction tempo resemble heavy industry. This does not automatically mean 
such projects are bad. It means they become legible to policy in the same way factories, 
refineries, and large logistics hubs are legible: they have externalities, they require shared 
infrastructure, and they change local economics. 

Governance in this regime is shaped by three tensions. First, the speed tension: AI builders want 
fast deployment; regulators and utilities move at infrastructural pace. Second, the fairness 
tension: communities want benefits and protections commensurate with burdens; developers 
want predictable costs and minimal friction. Third, the legitimacy tension: press-release 
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narratives tend toward maximal optimism; durable trust depends on enforceable commitments 
and observable performance. 

In practice, governance will not be decided by a single national policy. It will be decided by a 
layered set of decisions: utility regulation, local land-use and permitting, environmental 
enforcement, and federal-level energy and security policy. The gigawatt era is therefore not only 
an engineering challenge. It is a coordination challenge across institutions that were not 
originally built for “AI as heavy industry.” 

10.1 Utility regulation and cost allocation: who pays for upgrades 
At gigawatt scale, the first governance question is blunt: who pays to make the grid capable of 
serving the load? Large new loads often require upgrades—substations, feeders, transformers, 
sometimes transmission reinforcements. Those upgrades have real costs and long asset lives. 
The fairness question is whether those costs are borne primarily by the new entrant, spread 
across all ratepayers, or allocated through some hybrid mechanism. 

Utilities and regulators typically manage this through interconnection agreements and rate 
design. The developer may be required to fund “direct” upgrades needed specifically for the 
project. Broader upstream upgrades may be treated differently depending on local rules and on 
whether they are seen as beneficial to the overall system. This is where cost allocation becomes 
contested. Residents may fear that their bills will rise to subsidize a private project. Developers 
may argue that upgrades also benefit the community by strengthening infrastructure, attracting 
more businesses, or improving reliability. 

Rate design is the second lever. Gigawatt-scale loads can create peak stress. Utilities may impose 
demand charges or time-of-use pricing to align costs with system impact. A facility that draws 
heavily during peak periods can increase the need for expensive capacity investments; pricing is 
meant to reflect that. But at extreme scale, the facility’s negotiating leverage grows, and special 
contracts can emerge. These can include long-term pricing commitments, demand response 
provisions, and curtailment agreements. The community’s trust often hinges on whether these 
arrangements are perceived as fair and transparent. 

There is also an institutional challenge: regulators are accustomed to gradual load growth. 
Gigawatt-scale facilities represent step changes. A sudden step change forces the utility to plan 
in a different mode—more like planning for a new industrial plant than for incremental housing 
growth. The governance risk is that existing regulatory processes may be too slow or too 
opaque for the pace and visibility of AI buildouts. When processes are slow, developers seek 
shortcuts. When processes are opaque, communities assume deals are being cut behind closed 
doors. Either path can produce backlash. 
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A practical governance outcome in many regions is likely to be staged capacity commitments: 
the facility is allowed to ramp to certain levels as upgrades come online, with enforceable limits 
and curtailment triggers. This can protect the grid while still allowing the project to proceed. But 
staged arrangements only work if enforcement is credible and if the public can see that the 
facility is not “quietly” exceeding the intended ramp profile. 

Ultimately, cost allocation is not a technical footnote. It is one of the core legitimacy questions. 
If residents believe they are paying for the project through higher rates while receiving minimal 
benefits, opposition hardens. If they believe the project is paying its fair share and improving 
the grid, acceptance becomes more plausible. 

10.2 Community benefit agreements and local taxation: carrots and conflicts 
Local governments often evaluate large projects through two channels: tax base and community 
benefit. A data center can bring property tax revenue and some jobs, but many residents notice 
that the job count can be lower than other industrial projects of comparable footprint. This 
creates a perception gap: high disruption, low employment. Community benefit agreements 
(CBAs) are one way to close that gap by formalizing benefits beyond generic tax revenue. 

CBAs can include commitments such as infrastructure investments (roads, water lines, 
emergency services), workforce development programs, local hiring targets, scholarships, grants 
to schools, and environmental mitigation measures. They can also include transparency 
commitments: reporting on water use, generator testing schedules, noise mitigation 
performance, and complaint response metrics. In the gigawatt era, CBAs can function as the 
social contract that makes the project politically sustainable. 

But CBAs also generate conflict. Developers may resist binding agreements that add cost or 
reduce operational flexibility. Communities may distrust agreements that are voluntary or 
weakly enforced. Local officials may face incentives to accept deals that look attractive in the 
short term but prove insufficient in the long term. This is especially acute when projects are 
framed as “must-have” economic development opportunities. The fear of losing the project to 
another city can cause communities to accept less than they should. Later, resentment builds 
when promised benefits do not materialize or when externalities are larger than expected. 

Taxation adds another layer. Some jurisdictions offer tax abatements to attract development. 
Abatements can be rational if the alternative is no project and no tax base, but they can look 
like subsidies to wealthy companies—especially when the project imposes visible burdens. At 
gigawatt scale, the optics are sharper. If residents are asked to conserve water or endure 
construction impacts, and then learn the project received large abatements, trust can collapse. 

A subtle but important conflict arises around public services. Large facilities can increase 
demands on fire services, emergency response planning, and infrastructure maintenance. They 
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may require specialized training for responders due to high-voltage equipment, battery systems, 
and hazardous materials associated with cooling or fuel storage. If these costs are not covered, 
the community experiences a hidden subsidy. 

The practical lesson is that “carrots” must be proportional and durable. One-time grants and 
vague job promises are often insufficient. Sustainable acceptance tends to require concrete, 
measurable benefits tied to the facility’s ongoing presence, and governance structures that 
allow adjustment if conditions change. In the gigawatt era, communities will increasingly treat 
data centers as permanent industrial neighbors, and they will negotiate accordingly. 

10.3 Environmental review: enforcement realities versus press-release narratives 
Environmental review sits at the boundary between story and reality. Press releases often 
emphasize best-case narratives: efficient cooling, minimal emissions, community partnership, 
and innovation. Environmental review forces details: how much water, what emissions, what 
noise, what mitigation, what monitoring, what triggers. 

The key governance issue is enforcement reality. Many communities have seen projects promise 
minimal impact and then evolve into something larger. Some of that evolution is not deceit; it 
reflects changing plans and scaling pressures. But from the public’s perspective, evolution looks 
like bait-and-switch if not governed through clear, enforceable conditions. 

Environmental review processes vary widely by jurisdiction, but the underlying pattern is similar. 
Projects must disclose impacts and propose mitigations. The legitimacy of the process depends 
on three things: completeness of disclosure, competence of review, and credibility of 
enforcement. If any of these are weak, public trust erodes. 

Enforcement is often the weakest link because regulators can be under-resourced. Monitoring 
may rely on self-reporting. Penalties may be too small to matter for large companies. Residents 
may be unsure where to direct complaints or may believe complaints will be ignored. In such 
environments, even compliant projects can be perceived as unaccountable simply because the 
enforcement system is not visible or trusted. 

A recurring point of friction is backup power systems. Companies may describe generators as 
“for emergencies,” but regular testing can produce emissions and noise that neighbors 
experience. If the permit and the public narrative do not align, conflict grows. Another friction 
point is water. Claims of “closed-loop” or “low-water” cooling can be interpreted differently by 
engineers and residents. Engineers may mean “recirculating water within the system,” while 
residents hear “we won’t use much water.” If water use becomes noticeable, the semantic 
mismatch becomes political. 

Environmental review also intersects with cumulative impact. A single facility may be compliant, 
but if multiple facilities cluster in one region, the cumulative load on water, air quality, and grid 
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capacity can become significant. Governance frameworks that review projects individually may 
miss the cumulative picture, leading to a slow-motion conflict as the region industrializes in a 
way no single permit captured. 

In the gigawatt era, the most stable approach is to treat environmental review as an ongoing 
relationship, not a one-time hurdle. That implies periodic reporting, accessible data, clear 
triggers for revisiting conditions, and credible penalties for non-compliance. Press releases can 
still exist, but they must be backed by structures that endure after the cameras leave. 

10.4 National implications: energy security, industrial policy, and strategic compute 
At national scale, gigawatt AI infrastructure begins to look like strategic industrial capacity. The 
question is not only “can we build AI,” but “can we build and power the machines that build AI.” 
This reframes frontier compute as an element of energy security and industrial policy. 

Energy security enters because gigawatt-scale clusters tie national AI capability to grid 
resilience, fuel supply, and the availability of critical electrical equipment. If a country cannot 
expand generation, transmission, and transformer supply fast enough, it cannot scale frontier 
compute domestically. Conversely, countries that can expand energy infrastructure rapidly may 
become magnets for AI industrial buildout. This can shift economic geography. 

Industrial policy enters because the supply chains involved—advanced semiconductors, high-
voltage electrical equipment, cooling systems, and specialized construction—are not purely 
“tech sector” supply chains. They are industrial base supply chains. Governments may begin to 
treat transformer manufacturing capacity, switchgear supply, and grid modernization as 
enabling infrastructure for strategic compute. This can produce policy initiatives aimed at 
accelerating permitting, subsidizing grid upgrades, or incentivizing domestic manufacturing of 
electrical equipment. 

Strategic compute becomes a security concept when frontier models are seen as dual-use 
capabilities. Nations may want to ensure that strategic compute exists within their borders 
under their legal jurisdiction. They may also want to control exports of key components or 
restrict access to large-scale training capability. This can intensify the concentration dynamic: 
only a few actors, often aligned with national interests, may be permitted or enabled to operate 
at extreme scale. 

There is also a national governance challenge around public trust. When citizens see large 
energy consumption devoted to AI, they may question priorities—especially during periods of 
high electricity prices or grid stress. National narratives about competitiveness can conflict with 
household experiences of cost and reliability. This creates a political risk: strategic compute may 
be pursued aggressively, but the public may resist if benefits are not widely felt or if burdens 
appear unfairly distributed. 
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Finally, the gigawatt era may force a more explicit national conversation about trade-offs. If a 
region’s grid investment is constrained, what gets priority: electrifying transport, decarbonizing 
industry, or powering frontier AI? In reality, societies will try to do all of these, but constraints 
force sequencing. When AI demand arrives as a step change, it accelerates the need for clear 
policy choices. 

In summary, governance in the gigawatt era is multi-level and unavoidable. Utility regulation 
decides whether the grid can serve the load fairly. Community agreements decide whether the 
project earns social license. Environmental review decides whether externalities are bounded 
and enforceable. National policy decides whether strategic compute is treated as critical 
infrastructure and how it fits into energy transition goals. The frontier is no longer only a 
research frontier. It is an institutional frontier, where the ability to govern industrial-scale AI 
becomes part of the competition itself. 

 

11. The Next Plateau: From Gigawatts to a New Compute-Energy Settlement 
If the gigawatt era is a regime marker, it is also a transition phase. “Switching on” a gigawatt-
class cluster is not the end state; it is the point where AI training collides decisively with the 
structure of the energy system. Once training loads reach this scale, the story stops being “AI is 
scaling” and becomes “AI and the grid are co-evolving.” That co-evolution will not be resolved 
by a single innovation. It will settle into an equilibrium shaped by economics, politics, 
engineering constraints, and the reality that energy infrastructure has a slower clock than 
software. 

A “new compute-energy settlement” means the following: AI builders will increasingly design 
their training strategies around energy availability, price, and reliability, while energy providers 
will increasingly design their capacity expansions and flexibility services around AI loads. The 
relationship becomes bidirectional. AI stops being an unpredictable new customer and starts 
becoming a major class of industrial demand—large enough to justify dedicated investment, but 
also large enough to trigger governance, pricing reforms, and new infrastructure models. 

The next plateau, therefore, is not simply larger numbers. It is a reconfiguration of how AI 
progress is produced: what kinds of models are trained, how training is scheduled, where 
clusters are built, and which energy technologies become politically and economically viable 
under the pressure of this new demand. 

11.1 Why 2 GW is not just “twice as big” 
At small scales, doubling a system can feel like replication. At gigawatt scales, doubling crosses 
thresholds. The reason is that many constraints are nonlinear. A 2 GW site is not merely a 1 GW 
site with more racks. It can be a different category of project. 
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The first nonlinearity is grid integration. A 1 GW load may be extremely large but still potentially 
served through a combination of major substations and transmission reinforcements. A 2 GW 
load can push into territory where transmission planning, regional capacity markets, and even 
generation siting are implicated. The project starts to behave less like a customer and more like 
a driver of regional grid development. Utilities may need to reconfigure long-term planning to 
accommodate it. Regulatory scrutiny intensifies. The project’s influence over local electricity 
prices and reliability becomes more pronounced, which raises political sensitivity. 

The second nonlinearity is equipment and supply chain. High-voltage gear is already scarce. 
Doubling the required equipment may not be feasible on the same timeline because the supply 
chain is not elastic. Lead times can become the binding constraint. It is one thing to secure a set 
of transformers and switchgear for a 1 GW build. It is another to secure twice that amount, in 
synchronized phases, without being stalled by manufacturing bottlenecks. 

The third nonlinearity is physical footprint and thermal rejection. At 2 GW, waste heat is 
enormous. Heat rejection systems scale, but they are constrained by land, water, and ambient 
conditions. Cooling towers, heat exchangers, and pumping systems occupy space and create 
noise. The site must handle not only internal thermal loads but external thermal impacts: local 
microclimate effects, visible plumes from cooling towers, and heightened water demand during 
heat events. Community tolerance becomes more fragile as magnitude increases. 

The fourth nonlinearity is operational risk. Very large systems have more failure events, more 
maintenance, and more complex coordination requirements. At some point, operational 
complexity becomes its own bottleneck. The organization must scale its engineering and 
operations teams, its monitoring, its spare inventory, and its incident response protocols. The 
jump from “large” to “very large” often reveals new failure modes: cascading issues, common-
mode vulnerabilities, and human coordination breakdowns. 

Finally, there is a legitimacy nonlinearity. Communities and regulators can tolerate some 
industrial presence, but as the magnitude becomes city-scale, the project can provoke a 
different political category. Public discourse shifts from “a data center” to “an industrial energy 
consumer.” At that point, the project can become a symbol in broader debates: energy 
transition, grid reliability, corporate power, and local autonomy. Symbolic politics can be as 
binding as technical constraints. 

For all these reasons, 2 GW is not merely more. It can represent a threshold where the project 
begins to require a different settlement with the grid and with society. 

11.2 Likely pathways: nuclear, renewables-plus-storage, gas bridging, and hybrids 
If AI training demand continues rising, the energy system will face a practical question: what 
kinds of supply and flexibility can serve large, continuous loads while maintaining reliability and 
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meeting policy goals? The answer will vary by region, but several pathways are likely to 
dominate discussion and deployment. 

Nuclear enters the conversation because it offers dense, reliable baseload power. A large AI 
campus wants continuity. Nuclear can provide continuity. The difficulty is timeline and 
governance. Building new large nuclear plants is slow and politically contested in many places. 
Smaller modular reactors are often proposed as a faster path, but they still face regulatory and 
supply chain hurdles. Nuclear is therefore best understood as a potential medium-to-long-term 
pathway where political will and regulatory modernization align. If it becomes viable, AI could 
be one of the customer classes that justifies its development, because AI loads are large enough 
to anchor a project’s economics. 

Renewables-plus-storage is another pathway because it aligns with decarbonization goals and 
can be deployed incrementally. Wind and solar can supply large amounts of energy, but their 
variability conflicts with continuous high-utilization training. Storage is the bridge. Batteries can 
smooth short-term variability and provide fast response services, but sustaining a multi-
gigawatt load through multi-day low-renewable events is difficult with current storage 
economics. Therefore, renewables-plus-storage will often be hybridized: some portion of load 
can be served by renewables, some by storage for short events, and some by firm power 
sources or grid imports. AI facilities may also adjust training schedules to align with renewable 
generation peaks, turning training into a more flexible load than traditional industry. 

Gas bridging is likely because it is practical. Gas turbines can be built faster than many 
alternatives, can provide firm capacity, and can respond flexibly. In the near term, gas is often 
the easiest way to ensure reliable power for large new loads. The tension is emissions and local 
externalities. Gas bridging can be framed as transitional, but transitions can last longer than 
promised. Communities may resist new gas generation if it conflicts with climate goals or local 
air quality concerns. Regulators may impose strict limits. Still, the physics and economics of gas 
make it a persistent candidate where speed and reliability dominate. 

Hybrids will likely become the norm. A realistic settlement may involve a portfolio: grid power 
supplemented by on-site generation for reliability, renewable procurement for cost and 
emissions goals, and storage for flexibility and curtailment participation. The portfolio will be 
shaped by local grid conditions and policy incentives. In regions with abundant renewables and 
strong transmission, AI loads may lean heavily on clean energy. In constrained regions, gas and 
other firm sources may dominate until infrastructure catches up. 

A key point is that the settlement is not purely about generation. It is also about load design. A 
cluster that can modulate consumption—through scheduling, job flexibility, and geographic 
distribution—requires less firm capacity at all times. The energy pathway is therefore 
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intertwined with the training paradigm. The grid can serve more AI if AI agrees to behave in 
grid-compatible ways. 

11.3 Architectural shifts: efficiency, sparsity, and training paradigms under energy constraint 
When energy becomes a hard constraint, AI architecture and training strategy are pressured to 
evolve. The earlier scaling era implicitly assumed that more compute leads to better models and 
that the main question is how to acquire the compute. The gigawatt era forces an additional 
question: how much value do we extract per unit energy? 

This pressure will push efficiency improvements, but not only in the narrow sense of faster 
hardware. It will push changes in training paradigms: methods that reduce wasted computation, 
improve convergence, and allocate compute more intelligently. 

Sparsity is one major direction. Dense models compute on every parameter every time. Sparse 
approaches compute on a subset, potentially reducing energy per token or per training step. If 
sparsity can be made stable and effective at scale, it becomes a way to decouple capability 
growth from linear energy growth. But sparsity introduces its own complexity: routing 
mechanisms, load balancing, and potential inefficiencies in hardware utilization if not aligned 
with accelerator architecture. The gigawatt era will incentivize aligning sparsity strategies with 
hardware so that energy savings are real, not merely theoretical. 

Another shift is toward better data efficiency. If models can learn more from less data or fewer 
epochs—through improved objectives, curriculum strategies, or synthetic data pipelines—then 
fewer training steps are needed for a given performance level. This is energy savings in disguise. 
It changes the function that maps energy into capability. Even small improvements in data 
efficiency can have enormous implications at gigawatt scale because the baseline energy 
consumption is so high. 

Training paradigms may also shift toward modularity and incrementalism. Instead of retraining 
massive models from scratch frequently, organizations may develop methods for targeted 
updates, continual learning strategies that are less compute-intensive, and more efficient fine-
tuning and adaptation. The goal would be to avoid full re-trains except when truly needed. This 
is not trivial because continual learning introduces risks of drift and catastrophic forgetting, but 
the energy pressure will make these methods more attractive. 

Another architectural shift is in how models are evaluated and iterated. The gigawatt era may 
reduce tolerance for “wasteful exploration.” Labs may invest more in predictive scaling laws, 
simulation-based training planning, and automated experiment selection to reduce the number 
of failed large runs. This is an efficiency gain at the organizational level: fewer expensive dead-
ends. 
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Finally, there will be pressure to integrate energy constraints into scheduling and orchestration. 
Training may be scheduled around electricity price signals, grid stress events, and renewable 
availability. This would create a new kind of training pipeline: not only ML-aware but energy-
aware. The models themselves may even be trained with awareness of energy costs, optimizing 
for architectures that deliver capability per watt. 

In short, the gigawatt era does not end scaling. It changes scaling. It shifts the optimization 
target from raw compute to effective compute under energy constraint. 

11.4 The emerging equilibrium: AI as an energy-industry customer and co-designer 
The deepest change in the next plateau is institutional. AI companies become major industrial 
customers of the energy sector. But they also become co-designers of energy infrastructure 
because their demand is large, predictable enough to plan around, and flexible enough—if 
designed well—to provide grid services. 

As customers, AI operators will negotiate power contracts, invest in interconnection, and 
potentially sponsor new generation projects. They will influence where transmission is built, 
where substations are expanded, and where new manufacturing capacity for transformers and 
switchgear is justified. Their presence will shape regional energy development in ways that 
would have seemed implausible in the earlier software-centric era. 

As co-designers, AI operators may help create new grid products and operational models. For 
example, an AI campus can act as a controllable load that helps stabilize frequency, absorb 
excess renewable generation, or reduce load during emergencies. If the facility can adjust 
consumption quickly, it becomes part of the grid’s flexibility toolkit. This can reduce the need for 
some expensive peaking capacity. But to achieve this, AI operators must design their training 
operations to tolerate modulation, and grid operators must trust that modulation commitments 
will be honored. 

The equilibrium will therefore likely involve contractual and technical integration: power 
purchase agreements tied to flexibility commitments, pricing structures that reward 
curtailment, and monitoring systems that verify compliance. This is a new kind of relationship 
between tech and energy: not simply buying kilowatt-hours, but trading flexibility, reliability, 
and investment commitments. 

This emerging settlement also has governance implications. Once AI is a major energy customer, 
policy debates will intensify around allocation. Who gets priority during shortages? How are 
costs shared? What emissions standards apply? What community benefits are required? The 
energy industry is heavily regulated because its outputs are essential. If AI becomes a major 
driver of energy demand, AI infrastructure may inherit some of that regulatory attention. 



53 
 

The plausible end state is not a world where AI stops scaling. It is a world where scaling is 
negotiated through energy systems. The frontier will be defined not only by algorithms and 
GPUs, but by the ability to integrate with the grid, to operate flexibly, and to sustain legitimacy 
as a large industrial actor. That is the new plateau: the point where the AI industry becomes an 
energy-industry peer, and where progress is produced by a co-designed settlement between 
computation and power. 

 

12. Conclusion: What Changes When AI Looks Like Heavy Industry 
The gigawatt era is not simply “more AI.” It is a category change. When training clusters reach 
city-scale power draw and industrial-scale construction tempo, the limiting factors stop being 
purely computational and become infrastructural, civic, and institutional. AI begins to behave 
like heavy industry: it requires long-lead electrical equipment, stable interconnection, heat 
rejection capacity, and a durable social license to operate. That shift reshapes who can compete, 
how fast iteration can happen, what kinds of models are economically viable to train, and what 
forms of governance become unavoidable. 

The most important consequence is that capability growth becomes tied to the pace of the 
energy system. Software can iterate weekly; grid upgrades and permitting move on multi-year 
clocks. That clock mismatch forces a settlement: either AI training adapts to the grid through 
flexibility and efficiency, or it pushes the grid through capital and political leverage. In practice, 
both will happen. The next frontier will be decided by organizations that can do machine 
learning, energy strategy, industrial procurement, and community governance simultaneously. 
This is not a romantic picture of innovation, but it may be the true picture of the next plateau. 

12.1 The core synthesis in one paragraph 
Gigawatt-scale AI training marks a regime shift in which the bottleneck moves from “how many 
GPUs exist” to “how quickly power, cooling, and permits can be secured and operated reliably.” 
In this regime, vertical integration and construction tempo become competitive advantages, 
supply chains for transformers and switchgear become as strategic as accelerator procurement, 
and local externalities—water use, emissions, noise, and disruption—become binding 
constraints through permitting and public trust. The frontier gap widens because only a small 
number of actors can mobilize the capital, logistics, and operational discipline required, while 
the energy system becomes a co-evolving partner and constraint that reshapes training 
paradigms toward efficiency, flexibility, and a new compute-energy settlement. 

12.2 Practical takeaways for engineers, policymakers, and the public 
For engineers, the key takeaway is that frontier training is now a full-stack system problem. The 
success of a training run depends as much on network fabric stability, storage throughput, and 
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fault tolerance as on model architecture. But above that, it depends on thermal and power 
realism. Designs that look plausible on a whiteboard can fail in summer heat, in humidity, or 
under curtailment events. Engineering excellence in the gigawatt era means treating power and 
cooling as first-class design objects, not as facility afterthoughts. It also means designing training 
operations to survive steady-state partial failure, because large clusters are always somewhat 
broken. The practical mindset shift is from “build a cluster” to “operate an industrial machine 
that never truly stops.” 

For policymakers, the takeaway is that AI infrastructure is now a grid-planning and governance 
issue, not merely an innovation issue. Interconnection queues, transformer scarcity, and cost 
allocation rules will shape national AI capability as much as venture capital will. Regulatory 
frameworks designed for incremental load growth will strain under step-change AI projects, and 
the legitimacy of these projects will depend on transparent cost allocation and enforceable 
externality limits. Policymakers should expect conflicts over who pays for upgrades, how 
demand response and curtailment are structured, and how environmental review is enforced. If 
policy aims to capture economic upside without destabilizing communities, it must treat AI 
campuses like other large industrial entrants: require clarity on operating profiles, ensure 
monitoring is real, and align incentives so that benefits are proportional to burdens. 

For the public, the takeaway is that “data center” understates what is being built. A gigawatt-
class training campus is an industrial energy consumer with visible impacts and long-term 
commitments. Communities are rational to ask detailed questions about water sourcing, 
generator use, air quality monitoring, noise mitigation, and how grid upgrades will affect rates. 
They are also rational to negotiate for durable benefits rather than one-time promises. At the 
same time, it is useful to recognize the trade: these facilities can bring tax base, infrastructure 
investment, and strategic economic positioning. The practical civic goal is not to accept or reject 
blindly, but to insist on measurable commitments and credible enforcement so that the 
project’s costs do not become a permanent local burden. 

Across all three audiences, a single principle stands out: transparency is not decoration. It is an 
engineering requirement for legitimacy. In the gigawatt era, the fastest way to lose time is to 
lose trust, because trust failures turn into permitting delays, litigation, and political resistance. 
The cheapest mitigation is often early disclosure and enforceable guardrails. 

12.3 A disciplined forecast: what to watch over the next 12–24 months 
Over the next 12–24 months, the most informative signals will not be model marketing claims. 
They will be infrastructure and governance signals that reveal whether the gigawatt settlement 
is stabilizing or fracturing. 
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First, watch interconnection outcomes and upgrade timelines. If large AI projects routinely 
secure multi-hundred-megawatt and gigawatt-scale interconnections faster than expected, it 
will indicate utilities and regulators are adapting—either through streamlined processes, special 
contracts, or accelerated investment. If projects stall in queues or face transformer delays, it will 
confirm that physical bottlenecks are the new ceiling. Public filings and local utility planning 
documents often reveal whether upgrades are proceeding on schedule or slipping. 

Second, watch the evolution of power contracts and curtailment provisions. The key question is 
whether large AI loads become meaningfully dispatchable. If operators accept robust demand 
response commitments, build storage to smooth load, or publicly integrate with grid flexibility 
programs, it signals a move toward a cooperative compute-energy settlement. If instead they 
rely heavily on on-site generation to avoid grid constraints, it signals a more adversarial 
settlement with higher externalities and likely higher conflict. 

Third, watch cooling and water governance. The most likely flashpoints are not abstract carbon 
debates but practical water and noise disputes during heat waves. If operators shift toward 
reclaimed water, disclose seasonal usage profiles, and adopt measurable mitigation, conflict 
may be containable. If water use surprises communities or if “closed-loop” claims are perceived 
as semantic evasions, backlash will grow. Heat wave periods will act as real-world stress tests of 
both thermodynamics and legitimacy. 

Fourth, watch permitting and enforcement. The crucial difference between narrative and reality 
will be whether monitoring is visible and whether commitments are enforced. If regulators 
require stronger reporting, if communities secure binding benefit agreements, and if violations 
trigger meaningful consequences, the governance environment is hardening. If monitoring 
remains opaque and enforcement light, conflicts will likely escalate because communities will 
conclude that the only lever is political opposition. 

Fifth, watch the procurement story beyond GPUs. GPUs will remain salient, but transformers, 
switchgear, and specialized cooling equipment will increasingly determine timelines. The 
strongest signal that infrastructure is becoming moat is when these industrial components 
become headline constraints in public planning discussions, not just insider supply chain chatter. 

Finally, watch the algorithmic response to energy constraint. If frontier labs begin to emphasize 
efficiency, sparsity, and training paradigms that reduce energy per capability gain—rather than 
simply scaling dense compute—this will signal that the energy settlement is shaping the 
technical frontier. If progress remains dominated by brute-force scaling, it will signal either that 
energy constraints are being temporarily masked by capital and generation expansion, or that 
the resulting externalities are being deferred rather than solved. 
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A disciplined forecast in this regime should resist drama. The gigawatt era will not end AI 
progress, but it will change its governance and its economics. The next 12–24 months will show 
whether the industry learns to behave like a responsible industrial actor—co-designing with the 
energy system and communities—or whether it attempts to outrun constraints through sheer 
capital and speed. The difference will determine not only who leads the AI frontier, but whether 
the frontier remains socially sustainable. 
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