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Abstract—Artificial intelligence (AI) is a transformative tech-
nology that is having an increasing impact on our lives. The
growing use of AI is driving the need for data centers around
the world. Data centers supporting AI applications require a
considerable amount of energy with some projections indicating
that AI’s energy needs could account for as much as 21% of all
electricity usage by 2030. Therefore, characterizing these data
center loads is critical for both generation planning and system
operations. This paper presents a generic open source load model
for AI datacenters that can be used for grid-level analysis and
simulation. The proposed framework characterizes AI datacen-
ter behavior through a modular representation integrating the
temporal dynamics of IT and stochastic server workloads. By
capturing correlations between IT load, facility power, and Power
Usage Effectiveness (PUE) under diverse operational scenarios,
the model can be integrated with both steady-state and transient
grid studies. The model is validated using real and synthetic
workload traces collected from GPU-based inference clusters,
demonstrating strong agreement with measured power profiles
and sub-minute load fluctuations. Grid impact studies on a 39
bus New England test system further illustrates its application
in assessing impacts of datacenters on frequency dynamics. The
model aims to provide researchers and system planners with
a transparent, extensible tool that can be used to evaluate the
interaction between AI datacenters and evolving electric grids.

Index Terms—Large Language Models, Datacenter Power,
Electrical Grid, Load Modeling, Open Source, Energy Optimiza-
tion, Demand Response.

I. INTRODUCTION

AI use is expanding rapidly across nearly every sector
transforming how we work, communicate and make decisions.
This surge in AI adoption has fueled an unprecedented demand
for various types of data centers that process and store massive
volumes of data. Unfortunately, these data centers are energy
intensive, consuming vast amounts of electricity for compu-
tation, cooling etc. placing significant stress on the power
grid. Sustainable and efficient integration of any large load
like a data center with the power grid requires comprehensive
characterization of the load behavior.

AI data centers workloads can be dynamically distributed
across multiple geographically separated sites to balance per-
formance, cost and energy efficiency. Distributed operation
means that computing demand can shift spatially across re-
gions and temporally throughout a day and week (based
on user activity, energy prices and network latency). These

temporal and spatial profiles of datacenter electricity demand
are highly volatile, burst-prone, and stochastic. Unlike tra-
ditional IT workloads characterized by relatively stationary
consumption, AI-driven compute, memory, and cooling loads
exhibit strong correlations with batch scheduling, GPU uti-
lization cycles, and network congestion patterns. As a result,
the aggregate load on the grid becomes highly variable and
stochastic, making it challenging to predict and manage power
demands in real time.

Existing tools for grid analysis typically rely on static
or generic load representations without incorporating the
dynamic signatures of AI workloads. Consequently, there
is a need for representative, scalable, and open-source AI-
datacenter load models to better assess system-level impacts
such as frequency deviations, voltage transients, and conges-
tion interactions under realistic AI operation cycles. To address
this gap, we present OALS- Open-source AI-Datacenter Load
Simulator, a framework designed to emulate high-resolution
power demand patterns driven by AI computation traces. The
simulator integrates synthetic and empirical workload charac-
terizations with power system testbeds, enabling reproducible
analysis of grid responses to AI-induced load dynamics.

OALS supports hybrid modeling through parametric and
data-driven modules, allowing flexibility to capture time-
dependent GPU cycles, cooling feedback loops, and workload-
switching regimes. By providing an open-source founda-
tion, OALS promotes transparent benchmarking, collabora-
tive model refinement, and cross-domain integration between
power systems and datacenter researchers. The tool thus acts
as a unifying platform bridging AI workload telemetry with
electrical network simulation domains.

A. Related Work

Recent research in AI-driven datacenter power systems
emphasizes predictive and real-time power management to
enhance efficiency and reduce operational and environmental
costs [1]. Studies by Wang et al. highlight the role of data-
centers in grid-aware load balancing, turning variable demand
into a controllable resource for system stability and economic
benefit [2]. Machine learning based forecasting and workload
allocation methods have been used for internet datacenter
adaptability [3] but these models are not representative of
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GPU-dominated large AI datacenters. Recent sustainability-
focused models address carbon-aware operation and multi-site
optimization [4]. Testbeds that use hardware like Converter-
based emulators [5], [6] and hierarchical VPP/control architec-
tures [7]. have been used to reproduce sag and load-variation
responses in the grid. Despite these advances, most existing
models emphasize energy efficiency or economic coordination
at the IT or facility level, while limited attention has been
given to the dynamic grid-level implications of AI workload
variability datacenter integration [8]. For security purposes,
data center operators do not share detailed hardware emulated
models. In order to advance research and help develop solu-
tions to efficiently manage the grid, it is important to create
open source dynamic models that can be used to analyze grid
impacts as well as control schemes for stable grid operations.
Table.I shows the properties of existing methods and the
proposed OALS including existence of an AI GPU model,
implementation of sub-second load dynamics, IT workload to
power consumption, and open-source availability.

TABLE I: Comparative analysis

Model category AI
GPU
model

Sub-sec
dynamics

IT to
Power

Open-
source

Load forecasts
[1], [2]

x x ✓ x

ML-based work-
load [3]

x x ✓ x

Sustainability
models [4]

x x ✓ x

Hardware/ Emu-
lator [5], [6]

✓ ✓ ✓ x

OALS ✓ ✓ ✓ ✓

B. Contributions

The main contributions of this work are summarized below:
1) We propose a unified, data-driven stochastic framework

for generating realistic GPU utilization traces represen-
tative of modern AI datacenter workloads. The model
integrates probabilistic formulations for capturing the
diverse temporal and statistical features of AI compute
clusters.

2) A complete datacenter power model is developed, link-
ing IT load behavior to facility power consumption
through thermal and Power Usage Effectiveness (PUE)
relationships.

3) The generated traces are validated against empirical
measurements from the MIT SuperCloud dataset.

4) All datasets, Python models, and simulation scripts are
released as part of an open-source toolkit to facili-
tate benchmarking, system studies, and collaborative
research on AI datacenter grid interactions.

II. SIMULATOR MODEL

A modular approach is utilized to design the simulator. The
datacenter loads include (i) IT Power dynamics (ii) Cooling
power dynamics (iii) Ancillary services power. The server

power data for datacenters can be obtained by utilizing open-
source or proprietary data that capture real-world power con-
sumption from heterogeneous computing clusters [9]. OALS
is built such that if such data are available to the user, then
it can be directly used in the simulator. However, such data
are often not available and we create stochastic models to
create data that emulate actual datacenter power consumption
patterns. Fig.1 gives the overall structure of the simulator.

Actual Datacenter Trace Data 
(If available)

Stochastic server utilization model

User defined trace parametersEstimate trace parameters

Choose 𝜌𝜌𝑎𝑎 or 𝜌𝜌𝑏𝑏

𝜌𝜌𝑎𝑎 𝜌𝜌𝑏𝑏

Aggregate IT Load Calculation Cooling & Ancillary Load Model𝑃𝑃𝐼𝐼𝐼𝐼

𝑢𝑢(𝑡𝑡)

Total Load Aggregation

𝑃𝑃𝐼𝐼𝐼𝐼 𝑃𝑃𝑎𝑎

Output and Grid Impact Analysis

Fig. 1: OALS Simulator Overview

A. Load model for AI compute clusters

For the AI datacenters which handle the computation work-
loads, the IT load is dominated by GPU servers, with smaller
contributions from CPUs, memory, and networking gear.
These datacenters handle multiple complex AI tasks including
training, inference, mini-batch processing and communication.
The power consumption for each GPU is given by,

pG(t) = pG,i + (pG,m − pG,i)uG(t) (1)

where, pG,i and pG,m are the idle and maximum power of the
GPU and uG(t) is the GPU utilization at time t. The GPU
utilization pattern is different for each of the different tasks
handled by the datacenter. Table. II gives the characteristics
associated with the different workloads handled by the server.

While these different workloads follow a certain pattern,
the parameters defining these patterns are often stochastic. We
propose stochastic models for each of the different types of
workloads handled by GPUs. Thus, uG(t) in (1) can be defined
using the models u1(t), u2(t), u3(t), andu4(t) depending on
the type of workload as given below:

1) Steady inference/evaluation workloads: During deep
learning inference tasks or batched inference process, the
GPU remains active servicing requests (steady utilization) with
occasional drops during queue-empty events, I/O stalls, or
model reloads. This can be modeled as a shot-noise process
with Poisson arrival times superimposed on a Gaussian mean
level. That is,

u1(t) = µH −A1

∑
k

1[Tk, Tk+Dk)(t), (2)
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TABLE II: AI Datacenter GPU workload characteristics

Trace
ID

Workload
Type

Signature/
Temporal
Pattern

Mean
Util.
(%)

Dominant
Phases

T1 Continuous
Inference /
Evaluation

Nearly flat,
sustained
plateau with
short dips

80–85 Minimal;
compute-
bound

T2 Distributed
training and
Gradient
Synchroniza-
tion

Irregular tall
spikes sepa-
rated by long
idle gaps

<30
(avg)

Queue / Net-
work Latency

T3 Mini-Batch
Training
(Moderate
Batch)

Rhythmic,
high-
frequency
oscillations

45–55 Compute ↔
I/O Alterna-
tion

T4 Full-Batch
or Compute-
Bound
Training

Strongly
periodic,
high-
amplitude
waveform

70–90 Compute-
Limited

where, µH is the mean utilization, and 1[Tk, Tk+Dk)(t) is an in-
dicator function which takes a value 1 if t ∈ [Tk, Tk+Dk) and
0 otherwise. A1 and Dk denote the amplitude and duration of
random dips which are drawn from a uniform distribution.The
dip arrival times {Tk} follows a Poisson process with rate λ.

2) Distributed training and gradient synchronization: For
communication-triggered GPU activity or in distributed setups,
GPUs alternate between high computation phase (due to
matrix operations) and idle phase (gradient synchronization
via all-reduce). The utilization can be modeled as an on-off
renewal process with random pulse arrivals:

u2(t) =
∑
k

Uk 1[Tk, Tk+Dk)(t), (3)

where inter-arrival times follow a poisson distribution, service
durations Dk and Uk follow a general distribution (Eg. Uni-
form). This captures sparse, high-intensity bursts typical of
asynchronous inference or gradient exchange.

3) Mini-batch training: Training workloads are quasi-
periodic, where each cycle includes a high phase (with forward
pass, backward pass matrix operations), and short synchroniza-
tion (I/O or CPU-GPU coordination pauses between batches)
steps. Each iteration (cycle) of length Tn is decomposed into
an active fraction ϕn:

u3(t) =

{
UH + ηH(t), t ∈ [Cn, Cn + ϕnTn),

UL + ηL(t), t ∈ [Cn + ϕnTn, Cn+1),
(4)

The uncertainty or variability within each phase is charac-
terized by zero-mean perturbations ηH(t) ∈ N (0, σ2

H) and
ηL(t) ∈ N (0, σ2

L). The cycle period and duty cycle are also
taken as random values, Tn∼N (T̄ , σ2

T ) and ϕn∼Beta(a, b).
4) Compute-Bound Training (Full-Batch Regime): Highly

optimized training runs exhibit periodic high duty cycles
corresponding to forward, backward, and optimizer steps. The

dynamics should have a consistent amplitude and frequency to
replicate the repetitive compute pattern rather than stochastic
load. This pattern can be modeled using a low-jitter sinusoidal
approximation given by:

u4(t) = u0 +A sin(2πft+ ϕ) + ε(t), (5)

where, u0 is the base utilization, A is the change drawn from
a gaussian distribution, and frequency f = 1/T̄ reflects the
iteration rate producing the characteristic periodic utilization
pattern of compute-saturated GPUs.

5) Aggregate Cluster Power: For a cluster with N GPUs
running heterogeneous workloads, the total IT power is,

PIT(t) =

NG∑
G=1

pG(t), (6)

B. Cooling and Ancillary Services Load Model

The cooling load is determined by the Power Usage Ef-
fectiveness (PUE) which is a ratio of total energy used by
the facility and the energy used by the IT equipment, such as
servers and storage. A lower PUE indicates greater efficiency,
as it means a smaller portion of energy is being used for non-
IT functions like cooling and power distribution. The non-IT
or ancillary power of the datacenter is given by,

Pa(t) = β(t)PIT(t), (7)

where, β is the PUE of the datacenter. In the proposed model
The PUE, β varies with IT loading to reflect cooling system
efficiency given by,

β(t) = β0 + k
PIT (t)

PIT,0
(8)

where k is the sensitivity coefficient and PIT,0 is the rated IT
capacity. The final combined load model is given by:

PDC(t) = PIT (t) + Pa(t) (9)

The above open source model can be accessed from our
github repository [10].

III. SIMULATOR USE CASES

In this section, we discuss two use cases for the simulator.
In the first case we compare multiple GPU traces with actual
GPU traces obtained from the MIT supercloud dataset and in
the second case study we use the simulator for grid impact
analysis using a 39-bus New England test system.

A. Validation Case Study

To validate the traces produced by the proposed stochastic
load models, we compare the synthesized GPU power traces
against empirical data from the MIT SuperCloud dataset. This
dataset is a publicly available repository of GPU and CPU
telemetry collected from large-scale AI training and inference
workloads. The MIT SuperCloud traces include measurements
of GPU utilization, power, and memory bandwidth for thou-
sands of training jobs executed on heterogeneous clusters,
making them suitable as a reference benchmark.
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Each synthetic trace type (T1–T4) is compared with corre-
sponding workload segments in the MIT dataset exhibiting
similar operational patterns (e.g., steady inference, bursty
inference, mini-batch training, and communication-limited
phases). The parameters used are given in Table.III

TABLE III: Simulation parameters for GPU utilization

Model Parameter Nominal Value / Range

T1
{µH , σ, λ} {0.85, 0.02, 0.02s−1}

Dk 3-10 s
Ak Uniform(0.1, 0.4)

T2
Dk 3-10 s
Uk Uniform(0.8, 1.0)

λ 0.02 s−1

T3
{T̄ , σT , UH , UL} {10s, 1s, 0.7, 0.2}

ϕn Uniform(0.6, 0.8)

ηH , ηL N (0, 0.052)

T4 {A, u0, f} {0.25, 0.75, 8s−1}
Noise N (0, 0.032)

Fig. 2: Actual and simulated traces for T1

Fig.2 shows the actual and simulated traces for the contin-
uous evaluation workload. It can be seen that the simulated
trace effectively replicates the actual trace dynamics. Similar
traces are obtained for all the different workloads.

The similarity between the simulated and actual traces
are quantified using multiple statistical comparison metrics.
Autocorrelation Function (ACF) similarity is used to capture
the temporal persistence of fluctuations and it is given by the
normalized ℓ2 distance between ACFs, eACF = ∥ρsim(τ) −
ρMIT(τ)∥2, captures temporal persistence of load fluctuations.
Information loss between the actual and simulated traces is
analyzed using the Kullback–Leibler (KL) divergence, DKL
and distributional similarity is analyzed using the two-sample
Kolmogorov–Smirnov distance, DKS.

The values in Table.IV demonstrate that the proposed
stochastic models closely replicate the statistical and temporal
behavior of actual GPU traces. The low autocorrelation error
values (eACF < 0.1 for T1 and T2) indicate that the simu-
lated traces successfully reproduce the short- and medium-
range temporal dependencies present in steady and event-
driven workloads. The corresponding KL-divergence values
confirm that the probability distributions of utilization for these
workloads are statistically consistent with the empirical data,

TABLE IV: Comparison between actual and simulated traces

Workload
Type

eACF DKL DKS

T1 0.0878 3.0274 0.8795
T2 0.0765 2.4508 0.1466
T3 0.1644 0.5870 0.1790
T4 0.2011 1.7187 0.2320

while the KS-statistics (DKS < 0.2 for most cases) further
validate their distributional similarity.

The preprocessing-limited workload (T4) exhibits compar-
atively higher errors across all metrics, primarily due to its
irregular burst structure and asynchronous idle periods, which
are more difficult to represent using low-order stochastic
kernels. A visual inspection reveals that the dynamics are
similar and thus they can be used as representative traces for
power system studies.

B. Case Study 2: Grid Impact Analysis

To analyze the impacts of AI datacenters on the grid, we
design a test system based on the 39-bus 3 area New England
test system. The dynamic model parameters like generator,
machine and governor parameter values are obtained from
[11], [12]. The system is modified by placing two datacenters
in area-1 at buses 26 and 27 as shown in Fig.3. The datacenter
load is approximately 30% of the total area loads.

Fig. 3: Modified 39-bus New England system with DC loads

Each datacenter load is modeled using the composite
stochastic framework described in Section II, comprising
random combinations of the workload types (T1–T4). The
resulting facility power trace, shown in Fig.4, exhibits both
low-frequency and high-frequency variations arising from het-
erogeneous AI workloads. The frequency response is obtained
using a detailed differential algebraic equations based dynamic
model of the 3-area test system [13] simulated in MATLAB.

The system frequency response under this scenario is pre-
sented in Fig.5. Initially, the network operates under nominal
loading conditions with tightly bounded frequency oscillations.
At t = 200 s, the two datacenters are connected to the grid. It is
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Fig. 5: System Frequency with datacenter loads
evident from the figure that on connecting the datacenter loads,
the system experiences a noticeable increase in steady-state
stress, characterized by larger amplitude and higher-frequency
oscillations. The AI datacenter introduces oscillations in fre-
quency with a nadir of 59.8Hz and the highest RoCoF of -
0.1Hz. These values could worsen with under situations where
the oscillations are additive. The oscillatory behavior arises
due to the stochastic, burst-driven power variations of the
AI workloads and the limited inertial contribution datacenter
loads. This behavior highlights the potential of large-scale AI
compute centers to modify the low-inertia dynamics, demand-
ing advanced control and grid-support strategies for stable
integration in future power systems.

The results demonstrate the value of the proposed OALS.
It is important to note that the simulator is extendable to
different data centers types by adapting the components and
their stochastic behavior in the model described in Section II.
Thus, OALS is a general framework that can be used by both
the research community as well as utilities to advance the
planning, operation and integration of various types of data
centers into the grid.

IV. CONCLUSION

This paper presents an open-source simulation framework
for modeling electrical behaviors of AI DCs and analyzing

their impacts on power system dynamics. The proposed ap-
proach bridges high-performance computing workload charac-
teristics with grid-interactive load modeling through a hierar-
chy of stochastic, thermal, and converter-level representations.

Validation against real-world GPU traces confirms the
model’s ability to reproduce the temporal signatures and statis-
tical profiles of diverse AI workloads with high fidelity. When
integrated into a benchmark power system, the simulations re-
veal that AI datacenters can amplify frequency oscillations and
impose additional stress on conventional generation controls
due to their high variability and low inertia.

The presented framework provides a scalable and transpar-
ent model for studying large-scale AI infrastructure in future
low-inertia grids. This is the only open access generic AI data
centers load simulator currently available to the power systems
research community. The base components can be modified
to develop more realistic and customizable models for system
simulation and impact analyses. The alpha version of the sim-
ulator is currently available for public use and the team plans
to continue developing follow on versions in the future. This
includes incorporating adaptive converter controls, storage and
UPS modeling and power-water aggregated models to extend
the simulator’s applicability to transmission-level planning and
interdependent infrastructure resilience analysis.
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