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Abstract: This paper addresses the key question of planning for the exponential growth in electricity demand driven by the
hyper-growth of Al/DL data centres. Problems addressed using traditional probabilistic planning approaches are difficult to
model because they involve complex, nonlinear, and high spatial-temporal correlations, as in packed Al computing workloads.
Researchers introduce a new approach to generating high-fidelity stress-inducing load profiles that present worst-case scenarios
for distribution grid operation using Generative Al, specifically Conditional Diffusion Models. A custom version of the IEEE
distribution test feeder dataset is adapted for this study, which includes artificial intelligence workload patterns that can be
generated. By conditioning the diffusion process on peak computing events and thermal thresholds, Researchers obtain realistic
grid stress scenarios that are not captured by standard historical data interpolation. Researchers implemented it using Python
and PyTorch for model training, and OpenDSS for power flow validation. Numerical simulations indicate that the developed
generative-based attack procedure can more accurately locate hidden grid instability (e.g., voltage collapse and transformer
thermal overload) than conventional Gaussian-based Monte Carlo methods. This work offers utility planners a powerful Al
toolkit for proactively addressing grid risks associated with the exploding telecommunications infrastructure.
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1. Introduction

The rapid pace of digitisation in the global economy has led to exponential growth in electricity demand—a trend thoroughly
examined by Feuerriegel et al. [10] in recent studies on energy transition. Much of the growth is due to the surge in hyperscale
data centres serving as power-hungry training platforms for Al workloads — a trend corroborated by previously published
computational infrastructure studies [3]. Contrary to the conventional industrial schema, Al-scale data centres exhibit unique
consumption patterns characterised by supercharged power density, all-day-round base load, and quasi-random spikes during
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model training, as reported in a host of studies, including Deng et al. [13]. Current distribution grids were conceived decades
ago, assuming a passive load and gradual demand growth, an architectural constraint noted in the authors' legacy grid planning
studies in Alavi et al. [1]. The penetration of large Al-focused digital loads increases local congestion, endangers voltage
stability, and increases the wear-and-tear rate of important infrastructure such as transformers and substation feeders, above
what is demonstrated in previous studies via infrastructure stress modelling [13]. These situations highlight a fundamental
deficiency in the current planning processes: the lack of consideration for major operational conditions [14]. Classical planning
methods: These are traditional planning methodologies that rely on historical load data and a deterministic forecast-assumption
framework (see the empirical power system planning work by Dwivedi et al. [6]).

Nevertheless, the exponential growth of Al workloads marks a clear departure from historical consumption trends, making base
extrapolation heuristics for future workloads less effective (a finding supported by trend-divergence analyses reported in
previous work [9]). The failure of conventional models to capture rare, though extreme, loading conditions is of great concern,
with significant impacts on grid security, underscoring the need for radically new planning philosophies, as discussed in risk-
based grid studies by George et al. [4]. To overcome this hurdle, this paper presents a new vision for distribution grid planning
that uses Generative Artificial Intelligence [15]. In particular, our paper investigates the use of conditional diffusion models,
enabling robust stress testing of grid infrastructure as a direct application inspired by proven generative modelling frameworks
that are effective in neighbouring engineering domains [12]. Generative Models have also been promoted as a new state-of-
the-art modelling technique, outperforming previous approaches such as Generative Adversarial Networks in generating high-
quality, diverse, and stable fake data, as shown in comparisons conducted by other business researchers [16]. By fitting a
diffusion model to both historical grid data and theoretical Al-consumption profiles, the presented method can generate
synthetic load scenarios that capture the long tail of events—i.e., rare but highly impactful situations that have not yet
materialized but continue to be statistically possible given current Al adoption trajectories as could previously be visualized in
probabilistic risk modeling exercises from previous work [10].

The key contribution is the conditioning engine that facilitates the directed generation of high-stress scenarios — in essence,
targeted testing of grid models to elicit hidden vulnerabilities, an idea already operationalised in stress-testing frameworks
studied by Gilardi et al. [7]. The physical and economic limitations of distribution infrastructure underpin this work. Upgrading
a grid is both capital- and time-intensive, with the planning process for such upgrades sometimes taking years or even decades,
a phenomenon also known as the long lead time found in infrastructure investment analyses by academics. In contrast, Al-
driven load growth happens at software speed, creating a dangerous rift between the increasing demand and infrastructural
evolution - a rift noted in techno-economic works of prior art [5]; [11]. Energy operators thus need cutting-edge tools that can
accurately predict the explosion of Al so they can prepare for the outlook. This research will enable that capability by
transitioning from deterministic peak-load analysis to a probabilistic planning framework that accounts for the stochastic nature
of Al workloads, as advocated by researchers in next-generation planning methodologies [3]. By integrating Conditional
Diffusion Models into the planning loop, our work enables proactive reinforcement strategies tailored to learning from practical
and synthetic stress scenarios that could impact the network as a whole. The central role of Generative Al as a safeguard for
the physical backbone of the digital economy is a foundation laid out across forward-looking grid resilience studies.

2. Review of Literature

Traditionally, distribution grid planning has been described using deterministic methods and diluted probabilistic methods, as
extensively discussed in the classical power system planning literature [6]. Pioneer studies were more concerned with how peak
demand could be satisfied by sizing transformers and conductors using load-duration curves (as described in historical
engineering textbooks consulted by Alavi et al. [1]). With the emergence of distributed energy resources, such as solar PVs and
electric vehicles, stochastic optimisation and Monte Carlo simulation-based methodologies have attracted academic interest, as
evidenced by the probabilistic planning framework proposed in prior works [9]. These methods improved on deterministic
models, but characterising uncertainty using Gaussian forms or Copula-based dependence structures was often required to
understand how it affected system response, as described in the authors' critical analyses of statistical models [12]. Even with
its small extension, the proposed methods are fine for residential and commercial loads. Still, they cannot model heavy-tailed,
extremely volatile distributions featured by modern digital infrastructure issues, as emphasised in independent load research
papers [4]. The literature reports a gap in modelling loads with high variance and significant temporal correlation, which are
common in large-scale computing environments such as data centres [11].

Alongside developments in power system models, deep learning has revolutionised time-series forecasting in energy systems.
Recurrent Neural Networks and Long Short-Term Memory models have been extensively used for short-term load forecasting,
achieving accuracy gains (indirectly compared to researchers through benchmarks [2]). But forecasting and stress testing are
fundamentally different exercises. Forecasting aims to predict the most likely future occurrences. At the same time, stress
testing is designed to investigate low-probability, high-impact events, a conceptualisation that scholars Gilardi et al. [7]
emphasised in their risk assessment work. More recently, Generative Adversarial Networks (GANSs) have been used to produce
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synthetic load profiles for stress testing, with adversarial training techniques used to capture real-world distributions, in the
manner of early generative power system studies by Epstein et al. [10]. Even though they have potential, GAN-based solutions
are troubled by training instability and mode collapse: only a subset of scenarios is generated, as extensively studied in
generative modelling research. This limitation becomes particularly serious for grid planning, as unmodeled extreme events
can translate into cascading failures [3]. This weakness has been highlighted in resilience-oriented studies [13].

The recent development of denoising diffusion probabilistic models represents a breakthrough in generative modelling. Inspired
by computer vision, diffusion models have shown better stability and expressiveness in modelling complex data distributions,
a claim confirmed by state-of-the-art Al benchmarking studies [5]. The broader Al literature reminds us of their power for
conditional generation, that is, generating desired synthetic content with tight control over the synthesised output given
contextual input, a capability studied earlier in the context of conditional modelling [8]. In the field of power systems, diffusion
models are still underused. Most of the literature available considers uncertainty from renewable generation but lacks
consideration of load-side stress testing, a point explicitly recognised in recent survey papers by Dwivedi et al. [6].

Furthermore, the unique issue of Al data centre hypergrowth has received less study. The majority of works focus on the
impacts at the transmission level or on the internal efficiency of data centres, but pay less attention to the distribution-level
effects on utilities that need to be addressed, as emphasised by scholars in infrastructure impact assessment studies [11]. No
system integrates the latest Generative Al methods, coupled with robust analysis of power flow dynamics, to gauge the
distribution grid's resilience during Al-driven demand. This is the gap that this study addressed by combining insights from
power engineering, deep learning, and risk management into a unified framework and laying a theoretical foundation for
Conditional Diffusion Models as one of the main planning tools — work that aligns well with recent interdisciplinary research
trends [12].

3. Methodology

The way our approach is embedded in this paper is a solid, coherent pipeline specifically woven to integrate Generative Al
with grid-based planning workflows while doing as little harm as possible to their existing elegance. The approach begins with
data preparation or conditioning: historical (e.g., smart meter) readings are pre-processed to form the baseline; theoretical
profiles serving Al-specific systems are derived from computing intensity and cooling cycles.

Data Sources Edge Node Conditional Diffusion Control Center
Model Core
Smart i
G Meters Noise &5

Reverse Diffusion

V= ™\ | - L 154
(©) = N A2 7Y
t.';“/,crz': g Local k\_ & 4 AC ' 4

\ s "9 Generator Risk
‘ . Renewable | E Hoat
Energy, : N eatmap
¥/ co Stress Encrypted Model
“' b Scenario  ,stress Signal Updates
Conditioning Data Aterts
—
- ;
- B E &
- -+ —) - \&B,
Data Sources Edge Node Sy";:‘;:c Stress Control Center
aro

Figure 1: Structure of the conditional DM for grid stress testing

Figure 1 shows a simplified, visually appealing sequence-style representation of the conditional DM-based architecture outlined
for grid stress testing, demonstrating the clean end-to-end process from data collection to system-wide decisional aid. At its
core sits ‘core data sources’ like smart meters, renewable energy assets and SCADA sensors — all pumping out real-time
operational and environmental readings. These measurements are streamed to the edge node, where local preprocessing
reduces noise, normalises signals, and extracts basic features useful for stress analysis. The pre-processed data then undergoes
conditioning for stress conditions, in response to which structured depictions of the stress are formed and transmitted as encoded

Vol.2, No.4, 2025 3



stress-signal pressure data at the input of the conditioned diffusion model core. It is at this central step that our enhanced
diffusion model introduces controlled noise, enforces continuation conditions, and performs backward diffusion to generate
realistic synthetic stress scenarios that represent rare or extreme gridded events. These hypotheticals — as well as the updated
model parameters, which they’re constantly refining with new data — are piped back into the control centre, where grid
operators play around with visual tools like risk heatmaps and alert dashboards. Operators use these tools to detect
vulnerabilities, assess potential cascading effects, and anticipate risky situations in advance. Reducing the elements to just
what’s necessary, Figure 1 lays bare the operational pipeline for conditional diffusion-based grid stress testing: ingest/upload
eventful sensor data via a handful of competing routes, converge it into intelligent stress scenario generation, and pair it with
actionable analytics for operational decision-making.

These data sets are merged to create a hybrid training set that represents loading conditions on a distribution grid. Central to
our method is the training of the Conditional Diffusion Model. Researchers leverage a U-Net architecture as a backbone,
equipped with attention mechanisms to capture temporal relations in load. The forward mode of the noise addition process,
during which Gaussian noise is repeatedly added to the clean load profiles until they become indistinguishable from random
noise, thereby enabling learning to extract information. The reverse process, the generative phase, then again helps a neural
network drive out this noise step by step, thus forming realistic load profiles. Importantly, this inverse problem is formulated
with respect to a particular stress vector (Al penetration and severe weather), in terms of its embedding parameters. Once these
synthetic scenarios are generated, a filtering step selects the most distinct arching and severe presence profiles. These profiles
are then fed into a power flow analyser using the Newton-Raphson method to compute nodal voltages, line currents, and
transformer loadings. The final step is to calculate robustness, which provides information on how often and to what extent the
limit value has been exceeded. This single-stream end-to-end operation connects the generative model directly to the physical
constraints of the grid, enabling a closed-loop power system test bench for Al-emic hyper-growth.

4. Data Description

The test is performed on a mixed dataset of size 488. The baseline loads are also extracted from the IEEE 123-nodetest feeder
standard configuration and include the load topological location and the residential load base parameter. To simulate the
unpredictable exponential rise of Al, Researchers augmented this existing dataset by injecting artificial data centre load profiles.
These profiles were generated using alternating computation to power consumption ratios derived from open-source server
benchmark data. The active and reactive powers are measured per hour; these are the measurements in the dataset. The 488
runs are a mixture of seasonal casts (To focus on high-stress days in summer and winter, when Al compute load will generally
be higher) within the overlay of varying levels of Al compute. Thereby, the model is trained with regular operational settings
as well as regarding theoretical extreme load cases.

5. Result

The results of the stress tests show a significant difference in the system's performance between traditional-style planning cases
and CDM-generated time series. The distribution grid model was shown to have weaknesses when synthetic Al load hyper-
growth profiles are present, which remain hidden when using Gaussian distributions. The forward diffusion transition kernel
can be given as:

T
q(xy7 1 X0) = thl q(X¢ | Xe—q)whereq(x¢ | X¢—1) = M (Xi 2V, 1 — Bexe—1, BeD)

Table 1: Performance attributes comparison

)

Attributes Description | Gaussian Model | Diffusion Model | Improvement % | Validation Set | Threshold Limit
Peak Load Error 12.5 3.2 74.4 1200 5.0
Voltage Sag Depth 0.92 0.88 4.3 0.96 0.90
Thermal Overload 105 128 21.9 110 100
Ramp Rate Deviation 15.4 45.2 193.5 42.0 20.0
Scenarios Generated 500 500 0.0 500 500

A quantitative comparison between our two simulation models and the Classical Gaussian simulation is presented in Table 1.
Table 1 is a matrix and includes five performance metrics: Peak Load Error, VVoltage Sag Depth, Thermal Overload Percentage,
Ramp Rate Deviation, and Number of Scenarios Generated. The data demonstrate that the Diffusion Model more accurately
captures the “Ramp Rate” —i.e., how quickly a customer’s demand changes — than the traditional model, which tends to smooth
over steep peaks. The Thermal Overload row indicates that the Diffusion curve is significantly steeper and predicts higher,
more realistic overload levels than the conservative Gaussian model. This increased sensitivity is quantified in the column for
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the improvement percentage in the detection of time-varying, fast, and dynamic stress conditions associated with Al Server
Farms. Conditioned reverse denoising process will be:
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Figure 2: Voltage destruction distribution

In Figure 2, Researchers display a composite bar-and-line plot of the SoS for the likelihood and magnitude of voltage
destruction across the car DVRP problems (in 488 simulation instances). The vertical bars in Figure 2 show whether some
specific nodal voltages are occurring in the bins from nominal voltage to a large under-voltage condition. Blue bars are worlds
generated by the Conditional Diffusion Model, and grey bars are standard Monte Carlo simulations. As shown in the distribution
plot, data generated by diffusion exhibit fat-tailed distributions and occur much more frequently in the critical deviation region.
The superimposed red trend line indicates the time-integrated probability that the system will become unstable. Figure 2 visually
demonstrates that the developed Al-enriched planning approach effectively uncovers severe voltage drop incidents that today's
methods label as statistically insignificant. The lower-voltage ranges are biased in the Al-generated data, indicating that this is
an effect of concurrent high-power computing loads operating on feeder voltage profiles. In particular, the contingency-
dispatched scenarios revealed a large number of frequent feeder-end voltage disruptions. Considering baseline cases, voltage
drops would, in general, remain under 5%; in generative Al cases, a multitude of examples were found where the voltage
dropped by less than 7% throughout synchronised data centre training phases. This suggests that the bursty nature of Al
workloads, combined with congested residential background traffic, is causing transient voltage instability that current solutions
do not capture. Simplified Evidence Lower Bound (ELBO) loss function can be expressed as:

‘Csimple(e) = IE:t,Xo,e[” €— 69( (-xtXO +.1- ate' t, C) ”2] (3)

Nodal active and reactive power balance equations are:

Np
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Ng
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Robust grid stress minimisation objective with soft penalties will be:
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Table 2: Stress test critical destruction analysis

Node Location Violation Type Duration Hours Severity Level Max Deviation Recovery Time
Feeder Head A Thermal 4.5 High 125 2.0
Node 68 Dist Voltage 1.2 Medium 0.91 0.5
Substation Main Frequency 0.1 Low 59.9 0.0
Data Centre Bus Harmonic 6.0 Critical 8.5 6.0
Lateral Line 4 Current 3.2 High 140 1.5

Table 2 presents the number of grid destructions found at locations and connections during benchmark execution in the stress-
testing scenario. Table 2 breaks down occurrences by Node Location, Violation Type, Duration (Hrs), Severity, and Max
Deviation. The DCB (Data Centre Bus) row is particularly interesting, as it logs a Critical severity for Harmonic distortion for
6 hours straight — those are the non-linear switching power supplies in Al/DL servers. Feeder Head A: High severity Thermal
destruction is present on the main supply line, indicating that baseload demand is causing overheating. Table 2 is the diagnostic
report, which helps grid operators know exactly where infrastructure struggles to withstand synthetic Al usage — it instructs
targeted, not generic, reinforcement.

500 4

400 4

[
1=
=1

Load (MW)

~
=1
i=3

100 4

(9 9 of
o C\-\'a( Q¥ o o\ Ce“‘ ot VWP

pC
\'N ) Data

Figure 3: Cumulative load impact comparison

In Figure 3, as Researchers slide down the waterfall, the Maximum Concurrent Users (Graph Frequencies > Histogram) and
Percentiles graphs are shown. A comparison of peak demand across different load components in the waterfall graph for the
total feeder peak demand under stress is presented in Figure 3. Base Residential Load is in the leftmost column of the chart.
The next three floating columns are EV Charging, HVAC Cooling, and the huge Al Data Centre Load. The right column, with
the heading Total Aggregated Peak, is coloured red, indicating that it exceeds the feeder's safe operating limit. Visual emphasis:
The Al Data Centre Load block is made huge, apparently defying the laws of physics (like a boner), suggesting it's some hyper-
growth thing. Its goal is to quantify exactly how much AT workloads are adding to the grid’s capacity problems. While other
stuff accounts for more of the overall growth, Al is pushing the system toward the overloadful zone known as this test. In
addition, the thermal analysis conducted on distribution transformers provided us with important information. The robust
planning model showed that the transformers were on plan for mid-load growth, but massively undersized for tail risks left
over by the model. The study results indicated that several large transformers were overloaded during certain contingency
generation scenarios in the high Al case, exceeding 20% of their nominal rating for extended periods.

This long-term stress shortens the lifetime of insulation, especially for risk-averse values, as researchers evaluated in the present

work. The generative model efficiently generated alternative stressors, such as localised overload events and global system-
wide synchronisation events. It is therefore the case that the latter has guided us toward a deeper understanding of the entire
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possible state space of power grid failures. Comparison of error statistics between results from both Brownian motion-based
scenarios and observations of real extremes in validation sets supported the greater realism of our model. The profiles generated
retained the complex temporal correlations and high ramp rates characteristic of computing loads, which probabilistic models
often smooth out; therefore, strategies developed based on these results — such as the optimal choice of capacitance bunk and
the storage capability of a battery system — offer more sound solutions. The stress test reveals that if no attention is given to
the distributional characteristics of Al loads, one will have a too-optimistic picture of grid health; in contrast, even though the
generative approach offers a realistic but sad view of how much space we're ready for infrastructure.

6. Discussions

The results of this study emphasise the disruptive influence that Generative Al can have on critical infrastructure planning. The
difference in answers between the CDM and traditional probabilistic approaches is a clear illustration of a lack of control over
an abysmally failing industry paradigm: normality. Al data centre workloads, liable to undergo a step-change in the lab and to
have very high power density at scale, don’t sit on a nice, normal distribution. Researchers were able to adequately capture the
highly complex, non-linear dependencies characterising these modern loads using diffusion models. The detection of significant
voltage ITs and thermal TLs invisible to the Gaussian model test reveals that utility operators may currently be underestimating
the risk associated with rapidly spreading new digital facilities. This ability of the diffusion model to represent black swan
scenarios enables a defensive planning posture, in which the grid is hardened against worst-case outcomes rather than optimised
for average-case conditions.

Moreover, operational considerations and how these differences should be applied need to be outlined. The high ramp-rate
destructions detected suggest that typical static-capacity increases from larger wires may be insufficient. To cope with
millisecond-level surges caused by Al training workloads, the grid needs swift-response energy sources, such as battery storage,
alongside solid-state transformers. The large harmonic distortion observed at the Data Centre Bus indicates that power quality,
rather than simply power quantity, will be a significant issue. To meet this, grid codes and connection standards for hyperscale
computing centres will need to be updated. The study suggests that both utility providers and tech companies should work
together to share training schedules and information on power-use patterns to train more accurate generative models. In the
end, this work illustrates the importance of strong planning in Al. The stress-testing method proposed here offers a rigorous,
empirically grounded approach for measuring resilience, ensuring the physical constraints of the power grid do not become a
chokepoint on digital innovation.

7. Conclusion

This work is the first to demonstrate that Generative Al-Enhanced Robust Planning can effectively reduce the harm caused by
Al load hypergrowth. By constructing and implementing the CPU-based CDM, Researchers introduced a new method for
stress-testing distribution grids with realistic extreme scenarios that conventional methods cannot predict. To demonstrate that
diffusion models can effectively model the volatile patterns of resource consumption in data centres, Researchers used 488
complex data points. The results, presented via extensive histograms and waterfall charts and quantified in detailed performance
Tables, show that the existing grid power infrastructure can be prone to specific voltage and thermal instabilities induced by
synchronised Al workloads. The impressive results of the generative model in capturing these edge cases make a strong case
for its utility in planning. Thus, Researchers believe that incorporating Generative Al into grid management is no longer a
luxury but a necessity if reliable energy delivery is desired in an ever-growing, digitised world. The present study paves the
way for many research and development directions. First, the presented framework can be further extended by adding a real-
time hardware-in-the-loop simulation. Validation of the findings with real hardware measurements could also be performed by
directly integrating the generative output into physical grid simulators to gain deeper insight into transient stability. Secondly,
Researchers can extend the scope of analysis to include Multi-Energy Systems. Given the integrated nature of on-site cooling
and backup generation relied upon by data centres, for example, integrating diffuse models to capture the interdependence
among electricity, gas, and water networks might provide a more holistic measure of resource adequacy. Third, integrating
Graph Neural Networks into the diffusion architecture is a promising direction for future work.
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