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Introduction

Artificial intelligence is not only increasing electricity demand in data centers; it is changing the
electrical character of that demand. Recent research indicates that Al data centers should be treated as
a distinct load category because they combine high power density, rapid and large-scale transients, and
power-quality-sensitive behavior that differ materially from traditional IT environments (Ginzburg-
Ganz et al., 2026). Unlike conventional data centers, which often present more diversified and
comparatively stable demand, Al facilities exhibit highly variable and rapid power fluctuations driven
by both the internal power architecture of the site and the operational behavior of training and inference
workloads. These dynamics can affect not only internal power systems, but also the supporting grid,

generators, and upstream electrical infrastructure.

This distinction matters because the supporting power system does not experience Al as a simple
increase in megawatts. It experiences Al as a load that can be sustained, bursty, oscillatory, and highly
dynamic, depending on how the workload is executed. In large-scale training clusters, synchronized
compute and communication phases can create repeated power swings rather than a smooth load profile,
while inference can alternate sharply between low-power waiting states and short, intense processing
peaks (Choukse et al., 2025; Ginzburg-Ganz et al., 2026). As a result, Al is creating new challenges for
capacity planning, transient response, cooling design, ride-through performance, voltage regulation, and

long-term infrastructure resilience.

To understand these implications, it is first necessary to distinguish the two main computational modes
of Al: training and inference. Although both rely on high-performance accelerators such as GPUs and
TPUs, they produce fundamentally different electrical signatures. Training behaves more like a
sustained high-power load with repeated cyclic fluctuations, whereas inference behaves more like a

stochastic, burst-driven transient load. The following section explains these two profiles and shows why



this distinction is essential for understanding their impact on data center power systems and the wider

electricity network (Ginzburg-Ganz et al., 2026).

Power Profiles of AI Training and Inference Workloads:

Recent academic work distinguishes Al workloads primarily into training and inference, each
with a different electrical signature. Training is an offline optimization process in which model
parameters are updated through repeated forward and backward passes over large datasets, creating a
sustained and compute-intensive load that may continue for days or weeks. In contrast, inference is the
operational stage in which a trained model responds to new queries, producing a more volatile and
bursty load profile because requests arrive unpredictably and must often be served with low latency

(Ginzburg-Ganz et al., 2026).

To demonstrate these behaviors, the authors developed a controlled training simulation on a Tesla T4
GPU using a ResNet50 model and synthetic datasets. ResNet50 is a 50-layer convolutional neural
network widely used as a benchmark in deep learning research because it provides a standardized and
reproducible workload while remaining computationally intensive enough to reflect realistic training
behavior. In this case, the survey links the simulation setup to the authors’ public repository, where the

implementation details are provided (Ginzburg-Ganz, 2025).

For inference, the same survey describes a service-oriented simulation in which query arrivals are
modeled statistically using a Gamma distribution, allowing the workload to alternate between active
processing and idle waiting states. The survey attributes this stochastic workload characterization to
prior work on production LLM serving patterns (Xiang et al., 2025), which supports the use of non-

uniform arrival behavior rather than a simple uniform or back-to-back request stream.

The findings show a clear operational contrast. The training workload exhibited a sustained high-power
profile, with a mean consumption of 61.2 W and peaks of 87.0 W, reflecting the continuous, batch-
oriented nature of backpropagation. By comparison, inference showed a lower mean power draw of
51.5 W but sharper transient behavior, ramping from an idle level of 25.7 W to a peak of 91.0 W. These
results indicate that training mainly stresses energy capacity and thermal management, whereas
inference places greater stress on transient stability and short-duration power fluctuations (Ginzburg-

Ganz et al., 2026)
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Figure 1. Comparison of Al training and inference on the Tesla T4 GPU, showing differences in power profile, temperature, utilization,

and memory usage, with training exhibiting a more sustained high-power pattern and inference showing a more volatile, peak-to-idle
load profile (Ginzburg-Ganz et al., 2026).

Figure 2, shows the different electrical behaviors of Al training and inference workloads. Training
produces a more sustained and consistently high-power profile because computation proceeds almost
continuously with minimal idle time. Inference, by contrast, creates a more intermittent and burst-driven
profile, with sharp power peaks during query processing followed by low-power waiting periods
between requests. This distinction is important because it shows that AI workloads do not impose a
uniform load on the power system: training places greater emphasis on continuous capacity, whereas
inference creates stronger transient and peak-to-idle challenges for the supporting power infrastructure

(Ginzburg-Ganz et al., 2026)
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Figure 2. Tesla T4 GPU state transitions in time during an Al training and inference simulation. Note:
The gray plus signs denote initiation and completion of the training process. (Ginzburg-Ganz et al., 2026).

To avoid over-relying on a single hardware platform, the study also repeated the analysis on Google’s
TPU v5e-1. The TPU results confirmed the same overall pattern observed on the Tesla T4: training
maintained a sustained high-power profile with relatively stable utilization and thermal buildup,
whereas inference produced a more dynamic and transient load pattern with rapid state changes. This

strengthens the argument that the operational distinction between training and inference is structurally

consistent across Al accelerator platform.
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Figure 3. Comparison of TPU temperature, utilization, and memory usage during Al training and inference on Google’s TPU v5e-1,
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highlighting the different operating characteristics of each workload type (Ginzburg-Ganz et al., 2026).
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Al Training vs. Al Inference: Complete Comparison

The table below summarizes the key differences between Al model training and Al model inference.

Aspect

Al Model Training

Al Model Inference

Core Function

Offline process used to develop, refine,
and optimize the model using large
datasets.

Online process in which a trained
model responds to user queries and
generates predictions.

Power Profile
Type

Sustained high-power demand with
repeated cyclic fluctuations.

Highly volatile, bursty, and stochastic
transient load.

State Transitions

Rapid sequential cycling between
forward pass, backward pass, and
communication phases, with minimal
idle time.

Abrupt switching between idle waiting
periods and active query-processing
states.

Average Power

Generally higher mean power demand
over time (e.g., 61.2 W in one Tesla T4
simulation).

Generally lower mean power demand,
but with greater short-term variability
(e.g., 51.5 W in one Tesla T4
simulation).

Peak Power

Repeated high peaks during compute-
intensive phases, though not always the

Sharp, sudden peaks that may exceed

managed.

Behavior T —— training peaks in short intervals.
Thermal Gradual rise toward a relatively stable |Rapid thermal fluctuations with less
Behavior high-temperature operating condition. |sustained heat buildup.
Hardware Near-sustained high accelerator Rapid oscillation between low
Utilization utilization, often approaching full usage. |[utilization and short bursts of activity.
SIS O R B iy Lower and relatively stable memory
Memory Usage [loccupancy due to model parameters, save associated with serving queries
gradients, and batch data. & £4 '
Primary Stresses overall energy capacity and Stresses transient stability and power
Infrastructure . . . . o
Stress cooling systems through sustained load. ||quality through rapid load switching.
In some cases, greater temporal .
. o o1 . In some cases, greater locational
Operational flexibility because jobs may be flexibility. but constrained by latenc
Flexibility scheduled, deferred, or checkpoint- bk y y

requirements and service expectations.




Grid-Side Technical Challenges and Reliability Risks

Why AI Workloads Are Becoming a Grid and Genset Issue ,The issue with Al is not only
that Al data centers consume more electricity. The more important issue is that Al workloads change
how power is drawn. Recent academic work describes Al data centers as a distinct load category because
they combine high power density, rapid and large-scale transients, and specific power-quality effects
that are materially different from traditional data center loads. In practical terms, this means Al demand
is not simply larger; it is also faster, sharper, more oscillatory, and more difficult for the grid to manage

than conventional IT demand (Ginzburg-Ganz et al., 2026).

At the workload level, the problem begins with the operating behavior of large Al clusters. In hyperscale
training environments, tens of thousands of GPUs often run in synchronized iterations. Each iteration
contains a compute-heavy phase, where power draw rises sharply, followed by a communication-heavy
phase, where power demand falls significantly. Because these cycles repeat continuously across very
large clusters, they create repeated power swings rather than a stable demand profile. Microsoft, OpenAl,
and NVIDIA describe these swings as a core challenge of frontier Al training, noting that the amplitude
increases as jobs scale and that, in extreme cases, aggregate consumption can oscillate by tens of

megawatts within a single data center (Choukse et al., 2025).

Industry evidence supports the same conclusion from a power-infrastructure perspective. ABB
characterizes Al load behavior as a combination of dynamic load cycles and overload peaks. Their
white paper notes that Al systems can fall to 40% or less of UPS capacity during lower-intensity
phases and then rise to 90% or more within milliseconds during model training or inference. In more
complex real-world profiles, server clusters may oscillate between 50% and 90% load every few
seconds while also generating 120% spikes during distributed training synchronization. This means
that Al facilities should not be understood as simple high-load sites; they are better described as high-

density, dynamic, and peak-sensitive electrical loads (ABB, n.d.).
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Figure 4. Al workloads can combine repeated dynamic load cycles with short-duration overload peaks, creating a hybrid electrical
profile rather than a steady continuous load. Note. adapted from ABB (n.d.).

The grid concern becomes more severe when these oscillations are viewed in the frequency domain.
The Microsoft-led study explains that the problem is not only the amplitude of the power swing, but
also its frequency spectrum. Because Al training jobs are periodic and synchronized, they can emit
oscillations that align with critical resonant frequencies in the power system. The paper identifies utility
concern in the approximate range of 0.1-20 Hz and shows FFT energy concentrated around 0.2-3 Hz,
close to known resonant modes of turbine-generator shafts and long transmission lines. Under those
conditions, Al load behavior can contribute to sub-synchronous resonance, voltage flicker, equipment

stress, and, in severe cases, physical damage to power infrastructure (Choukse et al., 2025).

These same characteristics create broader grid-side challenges. The survey by Ginzburg-Ganz et al.
(2026) explains that Al data centers affect the power system across multiple layers: long-term planning,
real-time operations, system stability, power quality, economics, and environmental footprint. At the
planning level, the mismatch is structural: data center facilities can often be deployed within 12 to 24
months, while new generation may require five years or more, and transmission upgrades often require
five to ten years. At the operating level, rapid Al load changes are difficult to forecast and can drain
balancing reserves; the same survey cites a case where a data center ramped down by more than 400
MW in 36 seconds. At the stability level, simultaneous disconnection of large Al facilities can create
grid events of their own; one cited disturbance led to the sudden loss of approximately 1.5 GW of data
center load following a transmission event. At the power-quality level, the high concentration of UPS
systems, server power supplies, and cooling drives can introduce harmonic distortion, voltage flicker,

sag, and swell into the system (Ginzburg-Ganz et al., 2026).
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Figure 5. High-level summary of the main grid-side challenges associated with hyperscale Al data centers.

note, adapted from Ginzburg-Ganz et al. (2026)

Impact from the Genset Perspective:

From a generator-set perspective, the significance of Al workloads is very clear: the challenge is
not only how much load is connected, but how violently and how often that load changes. ABB
explicitly notes that Al load behavior reflects upstream not only to the grid, but also to the generator,
where dynamic fluctuations can cause voltage and frequency instability and overload peaks may exceed
generator response capability. Their question is direct and highly relevant for standby power suppliers:

Is the grid or generator ready to handle Al loads—even if the UPS is? (ABB, n.d.).

For gensets, this matters because repeated fast load swings force the engine-generator system to respond
to persistent step-load behavior, not just a single block-load event. In traditional standby design, a genset
may be evaluated for start-up and defined transient acceptance. Al workloads change that profile.
Instead of one major transient followed by stabilization, the generator may be exposed to repeated ramps,
repeated peaks, and oscillatory duty cycles. Microsoft’s work explains that these cyclical fluctuations
can excite resonances in upstream turbine-generator powertrains, increasing the risk of mechanical
fatigue or shaft failure, especially when oscillations align with natural frequencies in the generation and

delivery system (Choukse et al., 2025).



This issue is reinforced by industry commentary on Al infrastructure stress. Uptime Institute notes that
when many GPUs operate in synchronization, simultaneous spikes across multiple servers can exceed
the rated capability of row-level power systems and that Al compute clusters can, in some cases, reach
150% of their steady-state maximum power levels. The same source warns that under severe fluctuation,
supporting power systems may be pushed beyond their design assumptions, increasing the risk of
overheating, shorter component life, unexpected trips, and higher total cost of ownership. Uptime also
advises that, for dedicated Al training environments, engine generators are among the power-system
elements most exposed to the full severity of the fluctuations, and that even correctly sized generators
may struggle with rapid cycles such as facility load stepping from 45%—-50% to 80%—85% within a
second and then dropping back after only a few seconds, repeatedly, at the expense of reduced life or

outright failure (Donnellan, 2025).

The genset consequence can therefore be summarized in four points. First, repeated Al-driven load
swings can increase the risk of frequency excursions because the governor must respond more
aggressively and more often. Second, fast transients can produce voltage instability and greater
alternator stress. Third, if the oscillation frequency aligns with generator or grid resonance
characteristics, the result can be mechanical fatigue and accelerated wear. Fourth, repeated overload
peaks or extreme step changes can shorten maintenance intervals and reduce expected life unless the
generator is shielded through upstream power architecture, load smoothing, or storage support (ABB,
n.d.; Choukse et al., 2025; Donnellan, 2025).

What the Alpha (o) Value Means

The survey paper provides an important generator-dynamics perspective through the variable alpha
(). In the authors’ synchronous-generator model, a is the damping characteristic, defined as K/D,
where K is the generator’s inertia constant and D is the generator’s droop constant. In simple terms, o
represents how strongly and how quickly the generator-governor system reacts when exposed to Al-
driven load oscillations. It is therefore not an Al workload variable by itself; it is a generator response
parameter used to examine how the genset behaves when Al load fluctuates rapidly (Ginzburg-Ganz
et al., 2026).

The practical importance of a is that it highlights a trade-off between stability and equipment stress.
The survey shows that as o increases from 0.01 to 100, the generator response becomes stiffer and
more effective at suppressing frequency and rotor-angle deviations. For example, the frequency
RMSE falls from 0.2090 Hz at o = 0.01 to 0.0073 Hz at o = 100, while rotor-angle RMSE declines
from 17.9674 degrees to 6.9838 degrees across the same range. However, the same study also states
that this faster stabilization comes at a cost: high a requires the generator to react more aggressively,
which places greater transient stress on the hardware. Conversely, lower a reduces overshoot and

stress but allows oscillations to continue for longer, increasing the risk of instability. The authors



identify a = 1.00 as an intermediate condition that offers a more balanced result, restricting hazardous
excursions without imposing the excessive rigidity associated with the highest damping values

(Ginzburg-Ganz et al., 2026).
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Figure 6. Generator dynamic response under fluctuating Al load, showing how different alpha (o) values affect power, frequency, and

rotor-angle behavior. Note. Adapted from Ginzburg-Ganz et al. (2026)

This is an important message for generator suppliers. From a genset perspective, the question is not
simply whether the machine can accept a nominal load step. The deeper question is whether the full
engine-generator-control system can sustain persistent, high-frequency, Al-driven volatility without
excessive wear, instability, or degraded life. In other words, Al is redefining what “generator
readiness” means for the next generation of high-density data center power systems (Ginzburg-Ganz

et al., 2026).

Strategic Implication

Al data centers create a different design conversation. The requirement is no longer only nameplate
capacity. The requirement is dynamic resilience: the ability to tolerate rapid ramps, repeated peaks,
oscillatory behavior, and power-quality-sensitive duty cycles over time. This is why Al-ready
architecture increasingly depends on coordination across gensets, UPS topology, load smoothing,
control strategy, and, in some cases, energy storage. ABB’s white paper makes this point through its
emphasis on generator-friendly topology, high-impedance interfaces, load-profile smoothing, and

transient filtering to reduce the stress seen by both the UPS and the generator (ABB, n.d.)



Mitigation Strategies and Solutions:

The challenge created by Al workloads cannot be solved with a single device or a single policy.
The technical issue begins inside the compute cluster, but its consequences propagate through the UPS,
the generator, the utility interconnection, and, in some cases, the wider grid. For that reason, the most
credible mitigation strategy is not a standalone fix, but a layered operating model: first, reduce volatility
as close as possible to the IT load; second, buffer what remains inside the facility; third, use workload
flexibility to support the grid when needed; and fourth, strengthen the surrounding grid, data-sharing,
and policy framework so that the system can plan for large, dynamic loads more accurately. This is also
the direction reflected in both the Al-grid survey literature and the Microsoft/OpenAl/NVIDIA
stabilization work. (Ginzburg-Ganz et al., 2026; Choukse et al., 2025; NERC, 2025).

Data Center-Side Solutions
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Figure 7. Data center-side solutions for Al workload power management and sustainability.
Note. Adapted from Technical challenges of Al data center integration into power grids—A survey, by E. Ginzburg-Ganz, P. Lifshits,
R. Machlev, J. Belikov, Z. Krieger, and Y. Levron, 2026, Energies, 19, Article 137. https://doi.org/10.3390/en19010137

The first line of defense is to prevent raw Al workload volatility from reaching the source. Battery
Energy Storage Systems (BESS) are among the most immediately deployable mitigation tools for Al
data centers because they can be installed far faster than major generation or transmission upgrades and
can reduce the volatility seen by the grid at the point of common coupling. Recent survey literature
identifies on-site BESS as a key solution for smoothing rapid Al power fluctuations, supporting low-
voltage ride-through, and enabling deliberate load shaping inside the facility (Ginzburg-Ganz et al.,
2026). A visible market example is XxAI’s Memphis expansion: Reuters, citing the Greater Memphis
Chamber, reported that the site includes what the Chamber described as the world’s largest deployment

of Tesla Megapacks for data center operations, while Time reported that Tesla Megapacks were intended


https://doi.org/10.3390/en19010137

to help strengthen the local grid during periods of peak demand. Tesla’s own energy materials further
indicate that Megapack-based grid-forming controls can provide sub-cycle voltage and frequency
support, inertial power response, droop response, and system-strength functions, making advanced
BESS relevant not only for backup and load smoothing, but also for stabilizing Al-related power

transitions. (Ginzburg-Ganz et al., 2026; Reuters, 2025; Time, 2025; Tesla, 2025)

A second layer is power smoothing at the compute level. Microsoft’s study organizes this into two
forms. The first is software-based smoothing, where secondary workloads are injected during low-
activity intervals to maintain a more stable power floor. The second is hardware-based smoothing,
where GPU firmware enforces programmed ramp-up and ramp-down behavior, minimum power
floors, and stop delays. The software method is flexible and deployable without new hardware, but it
can create energy waste and performance overhead. The hardware method is cleaner operationally and
can offer more reliable control, but it still consumes additional energy and may not be sufficient on its
own when utility requirements for dynamic range are very strict. For that reason, the most credible
architecture is not software only or hardware only, but a combined design in which GPU-level
smoothing handles fast ramps and corner cases while rack-level or facility-level storage handles the

larger energy-balancing task. (Choukse et al., 2025).

The same principle appears in vendor-side infrastructure design. ABB’s Al-ready UPS guidance
shows that Al loads can oscillate rapidly and generate overload peaks above normal rated conditions,
which means the surrounding power electronics must be chosen not only for steady-state capacity, but
for dynamic behavior under repeated disturbance. ABB’s approach combines higher-performance
UPS architectures, DC-link support, and, in medium-voltage designs, a generator-friendly topology
with high-impedance interfaces, modular conversion blocks, load-profile smoothing, and transient
filtering. From an operator’s perspective, the message is practical: if AI workloads are expected to be
volatile, the supporting power path should be designed to absorb, segment, and damp the variability
before it reaches the generator or the grid. (ABB, n.d.).

A third internal lever is efficiency and design discipline. Operators should not treat Al energy
management as only a battery problem. Google’s full-stack measurement work shows that the real
footprint of Al serving is shaped not only by the accelerator itself, but also by host CPUs, DRAM, idle
provisioned capacity, and overall data center overhead. That reinforces the value of higher server
utilization, better cooling control, tighter host configuration, and avoiding overprovisioned supporting
hardware. In practical terms, mitigation also includes using power caps, limiting boost states where

appropriate, matching hardware types more closely to workload needs, and improving cooling



automation so that thermal systems respond more proportionally to real demand. (Elsworth et al.,

2025; Ginzburg-Ganz et al., 2026).

Collaborative Operating Models

The most important operational advantage of Al, compared with many traditional data center loads, is
that part of it is inherently flexible. Training jobs can often be paused and resumed using
checkpoints, while inference jobs can sometimes be routed geographically if latency requirements
allow. This flexibility changes the grid conversation: instead of treating Al as a purely inflexible
demand block, operators can increasingly position it as a controllable large load that supports system
balancing under stress. The survey literature frames this as a collaborative solution domain, alongside

load curtailment and spatial shifting of workloads. (Ginzburg-Ganz et al., 2026).

Collaborative Solutions
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* Pause Al training workloads
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Figure 8. Collaborative solutions between data centers and grid operators for power management.
Note. Adapted from Technical challenges of Al data center integration into power grids—A survey, by E. Ginzburg-Ganz, P. Lifshits, R.
Machlev, J. Belikov, Z. Krieger, and Y. Levron, 2026, Energies, 19, Article 137. https://doi.org/10.3390/en19010137

This point is reinforced by Duke University’s load-flexibility work. Duke’s Nicholas Institute
estimates that the existing U.S. system could accommodate approximately 76 GW of additional load
at 0.25% curtailment, rising to 126 GW at 1% curtailment, without new capacity expansion in the
baseline framing of the study. The practical implication is highly relevant for Al infrastructure:
modest reductions in uptime or short-duration curtailment windows can unlock a large amount of
otherwise stranded system headroom, allowing new facilities to connect faster while larger

infrastructure catches up. In other words, the fastest path to scale is not always “build more generation
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first”; in many cases, it is “build flexibility into the Al operating model.” (Nicholas Institute for
Energy, Environment & Sustainability, 2025).

For operators, that means the operating model should be explicit. Training should be checkpoint-
enabled, schedulable, and curtailment-ready. Inference should be mapped by latency class, so that
non-critical or latency-tolerant services can be routed to locations with better power availability, lower
carbon intensity, or lower congestion. This does not eliminate the grid problem, but it converts part of
the Al load from a rigid liability into a controllable asset. (Ginzburg-Ganz et al., 2026; Nicholas
Institute for Energy, Environment & Sustainability, 2025).

Grid-Side and Policy Solutions

Even the best internal mitigation is not enough if the grid cannot see, model, and plan for the load
correctly. NERC’s recent large-load work makes this point directly: data collection and sharing are
foundational because planners and operators cannot assess security, reserves, or interconnection needs
accurately without validated information on demand characteristics, ride-through settings, ramp
behavior, and site modifications over the project lifecycle. NERC also points to a broader modeling
gap: Al and other emerging large loads are spiky, controllable, and power-electronic-intensive, yet
existing modeling practices do not consistently capture those characteristics. (NERC, 2025, 2026).
That is why the next layer of mitigation has to come from the utility and policy side. This includes
faster and more disciplined interconnection processes, project-lifecycle data reporting, validated
dynamic models, and stronger coordination between load owners, transmission planners, balancing
authorities, and reliability coordinators. It also includes more intelligent commercial frameworks:
dynamic pricing, interruptible service structures, flexible interconnection agreements, and “causation
pays” approaches for cost allocation where large single loads drive major upgrades. The survey
literature also identifies grid-enhancing technologies—such as Dynamic Line Ratings, advanced
power-flow control, and topology optimization—as an important way to unlock more capacity from
the existing network while larger transmission and generation projects are still under development.

(Ginzburg-Ganz et al., 2026; NERC, 2026).
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Figure 9. Grid-side and policy solutions for integrating Al data centers with power grids.
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Conclusion: Recommended Solution Framework for AI Workloads:

Solution Layer H Main Objective H

Recommended Action

Why It Matters

1. Shape the IT
load at source

Reduce raw Al
volatility before it
reaches the electrical

Apply GPU/server-level power
smoothing, ramp-rate controls,
workload-aware scheduling,
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passing full workload
volatility upstream

inside the facility

duration transients

feasible, grid-forming inverter
capability

system appropriate
2. Buffer Absorb rapid swings, ?riﬁli?cit]?l]rzesi,nzd\;jﬁgfg UPs Stabilizes the load seen
fluctuations peaks, and short- e by the genset and the

utility connection point

3. Protect genset

Limit mechanical and
electrical stress on

Use generator-friendly
topology, appropriate sizing
margins, smoothing, storage

Reduces the risk of
frequency excursions,
voltage instability,

workloads

performance standby/prime power support, and coordinated fatigue, and reduced
systems : .
controls equipment life
Use checkpoint-enabled o
. . Improves resilience and
Convert part of the  |training, curtailment . .
4. Operate Al as . .2 . can unlock grid capacity
a flexible load demand from rigid to |participation, and selective without waitine for maior
controllable spatial shifting of suitable & J

infrastructure expansion
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Solution Layer H Main Objective H Recommended Action H Why It Matters

Share load characteristics, Helps utilities model,
5. Strengthen s s . .
utilit Improve visibility and |[ramp behavior, ride-through  |interconnect, and manage
y planning accuracy settings, and project-lifecycle |large dynamic loads
coordination . . o\
updates with grid entities more accurately

Use flexible interconnection  |[Ensures Al expansion is

6. Support grid Enable sustainable models, dynamic pricing, cost- ||supported by a stronger

and poll.cy long-term Al growth |lallocation reform, and grid- planning and regulatory
adaptation . .

enhancing technologies framework
7. Define Al- Move beyond Design for ramps, repeated Reflects the real
ready power by |nameplate capacity as |peaks, oscillatory duty, and operational demands of
dynamic the main design power-quality-sensitive next-generation Al data
resilience criterion behavior centers

In summary, Al-ready power infrastructure should not be judged only by installed capacity, but by its
ability to manage rapid, repeated, and power-quality-sensitive load changes across the full chain of IT
load, UPS, storage, genset, and grid interface.
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