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Abstract—Innovative strategies and infrastructure adaptations
can support the power grid and its increasing number of data
center facilities with their highly variable, high-power load pro-
files. A machine learning (ML) Wasserstein generative adversar-
ial network with gradient penalty (WGAN-GP) model is trained
utilizing real data center server-level power profiles under ML
training workloads. Realistic synthetic profiles are produced with
satisfactory loss convergence, visual similarity, and performance
metric calculations including an RMSE below 0.1pu. A case study
is conducted to aggregate the real and synthetic power profiles
and test multi-megawatt data center loads on an IEEE 9-bus
benchmark transmission system, providing methods for future
studies for additional energy storage and uninterruptible power
supply (UPS) support and design for power electronics to manage
larger power fluctuations. These simulations for distributed and
concentrated data center load cases, that are enabled by the
proposed data generation methods, exemplify data center location
studies and reduced voltage violation potential when distributed
across the power grid.

Index Terms—Artificial intelligence (AI), generative Al,
WGAN-GP, synthetic data, variable power fluctuations.

I. INTRODUCTION

Advanced power delivery strategies designed to accom-
modate dynamics, including hybrid energy storage systems
and advanced control methods, may be able to support the
power grid and its increasing inclusion of large-scale data
centers, particularly those powering Al workloads with highly
variable second-scale load swings [1], [2]. Complex power
architectures incorporating optimized power converters and
integrated uninterruptible power supply (UPS) systems may
be employed to enhance data center reliability and improve
stability under dynamic loading conditions [3], [4]. These
developments highlight the growing importance of resilient
and dynamically responsive power electronics converters and
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energy storage architectures for supporting high power Al data
centers with variable power fluctuations.

A previous study proposed a method for synthetically gen-
erating profiles with a generative adversarial network (GAN)
machine learning model trained on the MLPerf Power ML
training power profiles, described in further detail in this paper,
to generate more power profiles without requiring tests with
Al server hardware [5]. The development of a Wasserstein
GAN with gradient penalty (WGAN-GP) can address training
instabilities found in the previous GAN model and provide
a more meaningful loss function to improve the generator’s
synthetic results [6].

This paper addresses the limited availability of public
data center power profile data, which constrains the accurate
modeling of data centers for grid reliability studies, elec-
tromagnetic transient simulations, and energy management
studies for economic generation and energy storage dispatch.
The generated data represents server-level power profiles that
are aggregated to the facility level, enabling the creation of
realistic synthetic datasets from limited available data without
requiring extensive Al accelerator computing hardware for
producing more data.

The contributions of this paper include the development of
a WGAN-GP model to accurately generate synthetic machine
learning training workload power profiles with varying lengths.
A case study is conducted to aggregate the real data and the
generated synthetic data for multi-megawatt scale data center
loads for testing on an IEEE 9-bus benchmark transmission
system. Also included is a proposal and discussion for future
hardware-in-the-loop (HIL) studies evaluating data center pen-
etration scenarios involving energy storage, UPS, and power
electronics support.
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Fig. 1. Structure overview for the developed WGAN-GP model including layers of the generator and critic. The loss function encompasses the Wasserstein-1
distance between the real and generated data distributions and includes gradient penalty calculations based on the critic score outputs.
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Fig. 2. Generator and critic losses recorded at each epoch of the WGAN-GP
model training for the groups with signal lengths 58, 59, and 158. Satisfactory
convergence of the generator and critic losses is displayed for all three of the
signal groups.

II. METHODS FOR WASSERSTEIN
GAN WITH GRADIENT PENALTY

The data center facility aggregated load data for the IEEE 9-
bus benchmark transmission system may be produced utilizing
generative AI. A WGAN-GP model was developed to produce
realistic synthetic signals based on the limited public data cen-
ter server-level power profiles. The Wasserstein GAN improves
upon a previously developed GAN model by replacing the
discriminator with a critic and using a loss function based
on the Wasserstein-1 distance between the real and generated
data distributions, which can improve training stability [7]. In
WGAN-GP, a gradient penalty is added to the critic loss to
enforce the Lipschitz constraint by penalizing large changes in
critic score caused by small variations in the real or generated
input signals to further promote the model’s stability [6]. The
generator and critic’s loss with gradient penalty applied can
be calculated with the equations:
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Fig. 3. Five real signals withheld from model training and five synthetically
generated signals are plotted following WGAN-GP model training from the
58-length signal results. There is significant visual similarity between the real
and synthetic signals.

where D(Z) represents the critic score for the synthetic signals
from the generator, D(x) is the critic score for the real data
samples, A is the gradient penalty coefficient, and V;D(Z)
represents the gradient of the critic output with respect to the
sample interpolated between the real and synthetic samples,
which is used to calculate the gradient penalty.

The WGAN-GP model was trained using power profiles
from servers performing machine learning training workloads
from the MLPerf Power open-source database [9]. This dataset
consists of machine learning training power profiles from
models DLRM-DCNv2, GPT-3, Llama 2 70B LoRA, ResNet,
SSD, 3D U-Net, and BERT. The machine learning profiles
used in this study have a high resolution with samples every
2.005 seconds, and the profiles show significant transient
power fluctuations as high as 50%. The dataset was cleaned
and categorized by signal length and whether the measurement
was AC or DC power. The DC signals ranged in length from
40 to 1702 sample length. The signal lengths of 58, 59, and
158 samples were the largest subsets with 304, 202, and 458
signals recorded for each length, respectively. For each signal



TABLE I
WASSERSTEIN GENERATIVE ADVERSARIAL NETWORK WITH
GRADIENT PENALTY TRAINING PERFORMANCE METRICS

Signal Length Wasserstein Dist.  Mean Diff.  STD Diff. Classifier Acc. JS Div.  RMSE [pu]
58 0.014499 0.000572 0.000141  0.543375 + 0.046817*  0.022181 0.089284
59 0.013435 0.000018 0.004263  0.469062 £+ 0.072618*  0.021352  0.098213
158 0.010350 0.000386 0.000735  0.668089 + 0.062973*  0.025474  0.021862
Excellent / Ideal Thresholds [8] <0.15 < 0.05 < 0.10 <0.60 < 0.05 < 0.10
Good / Tolerable Thresholds [8] < 0.25 < 0.10 < 0.20 < 0.65 < 0.10 < 0.20

*To provide a representative classifier accuracy considering the real variability between signal groups, the STD across 200 repeated tests for each group

is included.
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Fig. 4. Real signals withheld from model training and synthetically generated
signals are plotted following WGAN-GP model training from the 158-length
signal results. Despite comparatively larger generator loss variability, the
longer 158-length generated signals still show significant visual overlap with
the real data withheld from model training.

group, 20% of the signals were held out from training and
reserved for evaluation.

A structural overview is provided in Fig. 1, illustrating the
layers and hyperparameters of both the critic and generator.
The architecture employs mirrored dense layers of sizes 256,
512, and 1024 with the LeakyReLU(«=0.2) activations. The
generator also utilizes BatchNormalization(momentum=0.8).
Some of the initial hyperparameters were adapted from Kaneva
et al. and subsequently tuned to improve model performance
[8]. These include a latent noise dimension of 40 for the
58- and 59-length signals and 105 for the 158-length signals,
keeping a latent noise dimension to sample length ratio close
to 67%. A critic-to-generator update ratio of 10:1, a batch
size of 128, and 1000 training epochs were adapted from the
reference architecture [8], while a typical value of 10 was set
for the gradient penalty coefficient [6].

III. EXAMPLE STUDIES AND MODEL VALIDATION

In this study, the WGAN-GP model was trained using the
three largest DC signal groups, each with quantities above
100. The 58- and 59-length signals have very similar power
profiles, and each total approximately two minutes of data.
The 158-length signal power profiles are distinct from the
58- and 59-length profiles, and they contain approximately
five minutes of data. The model was designed to account for

these two different time scales, and future improvements to this
WGAN-GP model can refine the hyperparameters, adjusting
for varying signal lengths to expand the model’s generalization
to different workloads.

The generator and critic losses for all three WGAN-GP
trainings are visualized in Fig. 2 and show satisfactory con-
vergence and stabilization over 1000 epochs. For the 58- and
59-length signals, both losses exhibit an initial transient phase
before steadily converging toward a small residual gap near
zero, consistent with the correlation between loss convergence
and training stability [7]. Despite the comparatively noisier
generator loss, 158-length signal losses still converge to a
slightly larger residual gap and stabilize by the end of the
WGAN-GP model training.

An overlay comparison between the generated signals of the
WGAN-GP model for the 58-length signals and signals from
the 20% real data withheld from training is shown in Fig. 3
with significant visual overlap. The 59-length signals, which
are not depicted, share significant visual similarity with the 58-
length signals. A comparison between 158-length generated
signals and their real counterparts is included in Fig. 4, which
also displays significant visual overlap.

To numerically quantify the performance of the model, six
performance metrics in Table I were computed utilizing the
normalized data of the real and synthetic signals based on
the metric calculations performed in Kaneva et al. used to
validate WGAN-GP models [8]. The calculations for aver-
age Wasserstein distance, mean difference, standard deviation
difference (STD Diff.), and Jensen-Shannon Divergence (JS
Div.) used 304, 202, and 458 generated signals for the groups
with signal length 58, 59, and 158, respectively, matching the
corresponding real signal counts. The classifier accuracy and
root mean square error (RMSE) computations used the set of
withheld real data, making up 20% of the real datasets, which
was compared against an equivalent number of generated
synthetic profiles.

The excellent average Wasserstein distance, mean differ-
ence, STD difference, JS divergence, and RMSE performance
metrics; the significant visual similarity between the withheld
real data and the generated profiles; and the convergence of
the generator and critic losses over 1000 epochs all support
the conclusion that the WGAN-GP model produces realistic
synthetic profiles (Table I). The classifier accuracy model
results yielded a wide variability of reported results depending
on the random sample of generated data compared.



z 3. .e
= {‘_} Ty
. L A Py X
(] (BT AR e W gt
: S
S
O
R4
= R5
0
0 1 2 3 4 5

Time [min]

Fig. 5. Aggregated loads including real and generated synthetic signal power
profiles to represent large data centers. Six batches of machine learning
training loads, including base loads, show load variability with multi-megawatt
changes in seconds.

- 2nd Data Center

T G3
ER e %@Dkl—@ 1075

' 1st Data
T Center ‘
B6
G: |

Static
125MW B5 — 3rd Data Center
50MVAr

R G1

Fig. 6. Diagram of the IEEE 9-bus transmission system with six aggregated
loads paired together for three data centers connected as loads at buses eight
and six. In the distributed case, the R5 load in the orange dashed box was
relocated from bus six to bus five in the dashed-dotted orange box to more
evenly distribute the data center loads over the grid.

To better characterize the variability of the results, classifier
accuracy was computed over 200 repeated samplings, each
drawing a subset of generated profiles equal in size to 20% of
the corresponding real dataset, from a pool of 2,100 generated
profiles. Given the inconsistent performance of the classifier,
the other metrics are the best identifiers for WGAN-GP model
performance. Overall, out of the six metrics tabulated, five
indicate high synthetic data quality. Future improvements
could test different approaches for potentially improving the
classifier accuracy computation and results, such as withhold-
ing a larger portion of data before training.

IV. POwWER FLOW WITH HIGHLY
VARIABLE DATA CENTER LOADS

A case study was conducted to aggregate the combined
real and new synthetic server data to produce multi-megawatt
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Fig. 7. Concentrated case where per-unit voltages at buses five, six, and eight
are recorded with aggregate loads Max, R1, R4, and R5 connected to bus six
and R2 and R3 connected to bus eight. A 38s 0.95pu voltage violation occurs
during overlapping peak periods on bus six.
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Fig. 8. Distributed case with aggregate loads Max, R1, and R4 connected to
bus six; R2 and R3 connected to bus eight; and R5 connected to bus five. This
simulation distributed load RS, relocating it to bus five clearing the 0.95pu
voltage violation at bus six.

scale data center loads of different nominal sizes and assess
the impacts on transmission systems, specifically the IEEE 9-
bus benchmark [10]. All real data and approximately 2,300
generated signals for all three signal groups were included in
the aggregation. The data center load shapes account for a
power usage effectiveness (PUE) of 1.33, where a quarter of
the load consists of a base load to account for all non-IT loads
such as cooling and lighting, calculated based on the average
of the corresponding aggregated IT power profile. This falls
within the projected PUE range for data center facility profiles
of 1.15-1.35 [11] and provides validation for the assumptions
and aggregation approach. This study assumes that the non-IT
loads have a constant power demand across time, as the focus
of this study is primarily on the Al server power draw data.
Six example load cases are visualized in Fig. 5, including
a max case where multiple batches start simultaneously and
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Fig. 9. Flowchart for the proposed future studies including an overview of synthetic aggregate data center load generation employing a WGAN-GP model, the
IEEE 9-bus benchmark transmission system, a list of proposed studies and an example diagram for data center server power support. The proposed methods
support future studies on power electronics design, transient effects of large load fluctuations, and energy storage for data center power support.

five other cases with random distributions across time. Large
dynamic power fluctuations were captured, including an ap-
proximate 30MW loss in demand over a few seconds in the
max case where the two minute data ends and the servers
could be sitting idle for the next large job.

A diagram of the IEEE 9-bus transmission system with
connection locations for the six aggregated profiles is included
in Fig. 6. In the first power flow simulation study, referred
to as the concentrated case, aggregate loads Max, R1, R4,
and RS were connected to bus six and R2 and R3 were
connected to bus eight. These loads were adjusted to have
a power factor of 0.95 and were simulated with time steps of
10ms. The per-unit voltages at buses five, six, and eight are
visualized for this five minute simulation in Fig. 7 where a
38s 0.95pu voltage violation occurs during overlapping peak
periods between loads connected at bus six.

A second simulation distributes the data center loads of bus
six as an example of varied grid impact based on location.
The violation is mitigated without additional energy storage
support. The per-unit voltages shown in Fig. 8 display that
the distributed data center loads successfully avoided the
0.95pu voltage violation and showcase how the proposed
synthetic data generation method enables grid hosting and
impact studies. The high variability of data center loads and
the high parallelization of training profiles can cause large
swings in load shape and increase the likelihood of voltage
violations. Distributing the data centers across different areas
of the power grid could help integration in regions lacking
energy storage support.

V. DISCUSSION

The power flow simulation comparing between the concen-
trated and distributed data center cases shows that there is real
application at higher sampling rate for data generated through
the WGAN-GP model. The overview included in Fig. 9 shows
proposals for broader applications of this paper’s methods to

HIL, energy storage, transient analysis and mitigation, and
hosting capacity studies which could support the development
of energy storage and UPS support and the design for power
electronics systems.

Future work could study optimal power support for reducing
the effects of fluctuating data center loads on both the facility
and the grid. This includes power electronics and short-term
energy storage, such as UPS and supercapacitor systems, as
well as battery energy storage systems (BESS) for longer-
term energy management. Energy dispatch, HIL, and hosting
capacity studies could use the generated aggregate profiles to
evaluate grid response to variable data center loads, including
the response time of grid resources, coordination between
transmission and distribution systems, and the effects of vary-
ing levels of data center penetration.

Improvements to the model and its performance metric cal-
culations could further support its accuracy, such as improving
the classifier accuracy computation, including frequency do-
main or spectral comparison of signals, and further optimizing
the model for differing length signals and step sizes. The
implementation of a ConvlD-WGAN-GP could potentially
further improve the model [8]. Further model improvements
and more comprehensive validation could expand its applica-
bility to datasets with different sampling rates.

The model optimized for higher resolution datasets could
support longer term studies using newly released data sources
if more is made publicly available, such as 0.1s resolution
profiles and year long data sets from the National Laboratory
of the Rockies (NLR), formerly NREL [12]. The release of
microsecond resolution data could support studies for electro-
magnetic transient (EMT) analysis for data center Al training
load fluctuations.

VI. CONCLUSION
An advanced generative Al model, a Wasserstein generative
adversarial network with gradient penalty (WGAN-GP), was



developed to generate synthetic data of varying signal lengths
from real server load profiles measured under AI training
workloads, achieving satisfactory performance with RMSE
below O.1pu. A novel case study aggregated the real and
synthetic data to form multi-megawatt data center load shapes
for evaluating data centers on the IEEE 9-bus benchmark
transmission system.

A comparison of concentrated and distributed data center
load cases showed reduced voltage violation potential when
data centers are distributed across the grid, demonstrating
that the synthetic data can support grid-level power flow
analysis. The methods proposed in this paper applied to higher
resolution data could support the specification and design of
uninterruptible power supplies and power electronic converters
at the subsystem level and of energy storage at the grid
level, enabling the integration of data center transient loads,
specialized controls, and electromagnetic transient evaluation.
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