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Abstract—We present ExaDigiT, an open-source framework
for developing comprehensive digital twins of liquid-cooled su-
percomputers. It integrates three main modules: (1) a resource
allocator and power simulator, (2) a transient thermo-fluidic
cooling model, and (3) an augmented reality model of the
supercomputer and central energy plant. The framework enables
the study of ‘“what-if” scenarios, system optimizations, and
virtual prototyping of future systems. Using Frontier as a case
study, we demonstrate the framework’s capabilities by replaying
six months of system telemetry for systematic verification and
validation. Such a comprehensive analysis of a liquid-cooled ex-
ascale supercomputer is the first of its kind. ExaDigiT elucidates
complex transient cooling system dynamics, runs synthetic or real
workloads, and predicts energy losses due to rectification and
voltage conversion. Throughout our paper, we present lessons
learned to benefit HPC practitioners developing similar digital
twins. We envision the digital twin will be a key enabler for
sustainable, energy-efficient supercomputing.

Index Terms—digital twins, exascale computing, energy effi-
ciency, augmented reality, data center power, electronics cooling

I. INTRODUCTION

A drastic reduction in power consumption was the key to
realizing exascale supercomputing. In 2008, DARPA published
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a study where they made projections about what it would
take to reach a target design for exascale computing of 20
megawatts (MW) per exaflop (EF) [1]. They projected that an
exascale system could be achieved in 2015, requiring between
68 and 155 MW/EF [2]. Frontier was deployed in 2021 and
achieved 1.102 EF in June 2022 using an average power of
21.1 MW [3]; its performance improved in November 2023 to
1.194 EF performance at 22.7 MW [4], and again in June 2024
to 1.206 EF at 22.8 MW [5]. To connect the dots on how this
has played out over the past 15 years, consider that in 2009
technology the projected energy cost of scaling the Jaguar
supercomputer to exascale performance would have required
about three gigawatts. This was markedly reduced down to 330
MW/EF with the advent of GPUs in the Titan supercomputer
in 2012, and further down to 65 MW/EF for Summit in 2018,
and finally down to 19 MW/EF for Frontier. At the same
time each generation of supercomputer has achieved a tenfold
increase in performance: from 2.5 petaflops (PF) for Jaguar, to
27 PF for Titan, to 200 PF for Summit, to 2 EF for Frontier.

While significant efforts in hardware optimization have
driven these drastic advancements in efficiency, we have
reached a point where the system is so highly optimized
that little room remains for further improvements. On the
operational side, two main areas of research have been instru-
mental for improving datacenter efficiency: simulations [6],
and analysis of system telemetry [7]. Additional improve-
ments necessitate innovative tools that focus on end-to-end



improvement, such as mixed-precision iterative refinement [8],
Al-based surrogate models [9], and digital twins (DTs). We
hypothesize that developing a comprehensive digital twin of
both the facility as well as the supercomputer will provide a
robust tool for end-to-end optimization across multiple facets.
DTs have emerged as a means of merging both telemetry

and simulations to develop a holistic virtual representation of
the system, bridging both the physical and virtual worlds. The
ATAA digital engineering integration committee defines a DT
as [10]:

“...a set of virtual information constructs that mimics

the structure, context, and behavior of an individual

/ unique physical asset, or a group of physical assets,

is dynamically updated with data from its physical

twin throughout its life cycle, and informs decisions

that realize value.”

Here, the mimicking structure refers to the 3D modeling of the
physical assets (racks, servers, pumps, etc.), while mimicking
behavior refers to developing either simulations or AI/ML
models, and dynamically updated speaks of telemetry data
generated from the physical twin.

DTs provide value proposition at multiple stages of the data
center lifecycle: (1) planning/design, (2) construction, and (3)
operations [11]. During the planning/design phase, the DT can
enable more informed decisions for future acquisitions, and
provide predictive capabilities of energy efficiency for future
systems. This can be accomplished via virtual prototyping
capabilities, such as the ability to virtually design and test
the cooling system, or design virtual networks to study multi-
application interactions on congestion performance. Dur-
ing the construction phase, the DT streamlines construction
costs, reduces construction waste, and reduces outages when
retrofitting systems. During the operations phase, the DT
enables predictive maintenance, extends asset life through
reliability and availability modeling, and enhances cooling
efficiency by optimizing system behavior. For these reasons
and more, digital twins are widely becoming “management
best practice” in various industries [12].

To build such a tool, we needed to be able to integrate both
system telemetry and simulation, integrate models from across
multiple domains, and demonstrate the approach through real-
world examples. To that end, in this paper we provide the
following specific contributions:

1) An open-source reusable digital twin framework for data
centers, ExaDigiT, with modular sub-components sup-
ported by telemetry and simulation,

2) Extensive verification and validation studies of the frame-
work,

3) Demonstration of the framework at exascale for Frontier.

Our paper is structured as follows: In Section II, we first
give a background of other research related to digital twin
modeling of the various facets of the data center, then in
Section III we give an overview of the ExaDigiT architec-
ture, discussing how each component was developed, then
in Section IV we discuss verification and validation of the

framework, and finally close with Section VI on conclusions
and future work. Throughout the various sections, we have
highlighted valuable lessons learned, denoted as “findings”.

II. BACKGROUND

Research towards development of digital twins for data cen-
ters has mainly been separate, siloed efforts focused on either
data center cooling, network performance, power consumption,
or visualization efforts. We discuss the history of research
for energy consumption, cooling models, and visual analytics,
identifying the state-of-the-art (SOTA) techniques in each area,
highlighting for each area how our work differs.

1) Energy Consumption Models: There have been a cou-
ple of rather extensive surveys of previous work on power
consumption modeling of data centers, which are generally
air-cooled CPU-only systems. Dayarathna and Wen [13] con-
ducted an in-depth analysis of over 200 power consumption
models. From their detailed analysis, they deduced that as
of 2015: (1) a significant portion of the research primarily
focused on the lower levels of the data center hierarchy,
often overlooking the broader perspective of the entire facility,
(2) many studies considered only a limited set of server
metrics, (3) the accuracy of these models remained a major
concern. More recently, Jin et al. [14] surveyed literature
on power consumption modeling efforts of CPU-only air-
cooled servers. They analyzed 47 different models, which
they classify into the following model categories: additive, BA
(baseline power + active power), simple regression, multiple
regression, power function, non-linear, polynomial, and other.
Regarding GPU-enabled HPC systems, Sirbu and Babaoglu’s
work [15] represents the SOTA in power systems modeling of
HPC systems. They developed a predictive model for total
system power of a hybrid CPU-GPU-MIC supercomputer.
Their model is based on three components: (1) using support
vector regression to predict power per job before the jobs are
started, (2) predicting job duration via a simple heuristic, and
(3) predicting total system power based on the measured power
of computing units. They mention that few models address
system-level prediction of power, a point that was originally
made by Dayarathna and Wen [13]. Our model focuses on
predicting the total system power at fixed time intervals as
well as modeling the losses due to energy conversion.

2) Thermo-Fluid Cooling Models: Most of the work on
data center cooling has been focused on air-cooled systems,
e.g. [16]-[18], especially focused on cooling efficiency. Zohdi
[19] presents the development of a digital twin and machine
learning framework to model an idealized air-cooled system
with thermal effects using direct numerical simulation (DNS).
The machine learning framework uses genetic algorithms to
learn the optimal parameters, such as flow rates in/out of
multiple room vents. Moreover, Zhang et al. [20] built a digital
twin for data centers called “Smart DC”. Their framework
uses a combination of Computational Fluid Dynamics (CFD),
6SigmaDC [21], demonstrated for an air-cooled data center,
along with Al in the form of XGBoost to optimize the control
parameters of the air conditioning system in order to optimize
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Fig. 1. ExaDigiT architectural overview.

the Power Usage Effectiveness (PUE) of a datacenter. They
show that their method can effectively reduce the PUE from
1.15 to 1.08. In terms of liquid-cooled systems, Heydari et
al. [22] represents the SOTA in this field, having performed
extensive analysis of liquid-cooled systems by running CFD
simulations using both Macroflow [23] for blade-level flow
loops, 6SigmaET [24] for thermal simulations of cold plates,
along with 6SigmaRoom [21] for simulating the air flow in
the room. Whereas their cooling model is based on expensive
proprietary software, our cooling model is built on an open-
source Modelica framework [25], [26] and supports modeling
the transient dynamics of the entire liquid cooling system.

3) Visual Analytics: There has also been work primarily
focused on the visualization aspects of supercomputers, with
efforts mainly targeting HPC monitoring [27]-[29], visualizing
file system activity [30], and visualizing network traffic [31]-
[33]. Bergeron et al. [29] and Riha et al. [28] represent the
SOTA in HPC monitoring. Our visual analytics approach is
unique in that it combines telemetry and simulations in a
single environment, supporting both augmented reality (AR)
and dashboard, enabling the replay of live system telemetry
or launching “what-if” simulation experiments.

To summarize, there has been a significant amount of re-
search investigating either power or cooling or visualizations,
but a conspicuous lack of research attempting to build a
comprehensive open-source tool for holistically modeling the
system. The one exception that we are aware of is the work by
NVIDIA [34], which uses Cadence 6SigmaDCX and NVIDIA
Modulus [35] to model an air-cooled data center, NVIDIA Air
for modeling the network via Cumulus virtual machines, and
NVIDIA Omniverse for managing and visualizing 3D assets.
While we initially experimented with these tools, the toolkit
did not provide support for modeling liquid-cooled systems,
resource allocation, and energy consumption; therefore we
decided to forge our own open-source framework.

In this work, we present our development of an open-
source digital twin framework, which is currently designed for
modeling liquid-cooled systems. The open stack of software
consists of a Python-based Resource Allocator and Power

Simulator (RAPS) module, a Modelica-based thermo-fluids
cooling model, and C++-based 3D interactive augmented
reality model utilizing Unreal Engine 5 (UES), as shown in
Fig. 1.

III. EXADIGIT ARCHITECTURE

In this section we first give an overview of the high-level
ExaDigiT architecture, and then step through the process of
development from requirements analysis, technical specifica-
tions, and then discuss the details of the various compo-
nents. Fig. 1 shows the architectural overview of the various
components of ExaDigiT. There are three main modules that
we develop: (1) RAPS, (2) a cooling model, and (3) visual
analytics capabilities. The RAPS module can replay workloads
from telemetry, reschedule them, or simulate synthetic work-
loads on the supercomputer to analyze the resulting energy
consumption; further details are provided in Section III-B. The
cooling model simulates thermo-fluid dynamics and control
of the Central Energy Plant (CEP), which itself includes
three components: (1) a thermo-fluid model for predicting
temperatures (7°), pressures (II), and flow rates (Q); (2) a
control system model for predicting the staging of cooling
towers, hot/cold water pumps, and heat exchangers; and (3)
a sub-module for predicting the system PUE. This will be
discussed in further detail in Section III-C. Both RAPS and
the cooling model can be interfaced either via a terminal
console, the web-based dashboard, or the augmented reality
environment for visual insights, which will be discussed in
Section III-D and shown in Fig. 6.

Each module of the digital twin generally falls into one of
the following five categories [36]:

(L1) The descriptive twin models the physical assets using
both CAD models such as 3D modeling files (e.g.,
Autocad/Revit), as well as game engines (e.g., Unreal
Engine, Unity, or NVIDIA Omniverse).

(L2) The informative twin incorporates the telemetry data to
provide real-time data insights into the physical twin.

(L3) The predictive twin utilizes telemetry data to develop
data-driven predictive models using AI/ML.
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(L4) The comprehensive twin leverages modeling and simula-
tion techniques to provide virtual prototyping capabilities
that are able to address “what-if” scenarios — generally
not in real-time.

(L5) The autonomous twin uses techniques such as reinforce-
ment learning to learn to make autonomous decisions for
system optimization.

These levels relate to each other as depicted in Fig. 2. This
paper covers using L1 for visualization, L2 for validation, and
L4 for modeling and simulation. AI/ML L3 models are built on
telemetry data, and therefore are fundamentally interpolative
and thus often do not extrapolate well [37]; however, they can
generally be inferenced in real-time. L4 simulations, based on
first principles, are the primary engine of digital twins [38];
unlike AI/ML models, they generally require a longer devel-
opment time, and utilize telemetry data for validation. They
are also more computationally expensive, generally making
real-time operation unfeasible. Despite these challenges, L4
simulations are extrapolative and can be effectively used for
virtual prototyping. An alternative approach is to use the sim-
ulations to generate data to train a machine-learned surrogate
model, which has the advantage of being able to run in real-
time, but can also be used to model virtual prototypes [39].
Reinforcement learning (L5) is used primarily for training
autonomous agents that can be used to make control decisions
in order to optimize processes. An example of L5 would be
training an agent to perform automated setpoint control for
improved cooling efficiency by minimizing setpoint overshoot
of proportional-integral-derivative (PID) controllers [40].

Finding 1. Simulations are the primary building blocks of
digital twins. However, machine-learned models should also
have a significant role for modeling system workloads, i.e., ap-
plication fingerprinting. Furthermore, system telemetry plays
critical roles in our development of machine-learned models
and for validation.

A. Requirements Analysis and Gathering

At the project’s outset, we interviewed several HPC engi-
neers to conduct a requirements analysis—our goal was to
identify potential use cases for the digital twin and pinpoint
opportunities for demonstrations. We list some of the potential
use cases here that resulted from those discussions:

Understanding dynamic energy consumption and losses
in the system, as well as visualizing energy consumption
on a per-job basis.

Virtually extending the cooling system to support a
secondary HPC system in the future, and evaluating its
impact on cooling performance of the current system (an
idea further explored in [41]).

Understanding temperature problems in the past and
problems with cooling loops by visualizing heat maps
in the system.

Early detection of thermal throttling—when the system has
to reduce CPU or GPU clock frequency to reduce the heat
generated by the system.

Understanding how weather correlates to GPU tempera-
tures on the system.

Understanding water quality issues and how they affect
system performance. Water-based coolants can suffer
from biological growth in the blade-level cooling system
causing blockage to specific nodes. Can these types of
blockages be detected?

Studying effects of SCADA cybersecurity attacks, e.g.,
[42], [43].

Using visualization to debug Slingshot network conges-
tion, i.e., identify hot spots in the system.

All of these use cases directly impact performance, power
consumption, and operational efficiency. From our analysis,
we identified several categories for potential use cases: aug-
mented reality, forensic analysis and diagnostics, predictive
modeling, failure detection, operational optimization, “what-
if” scenarios, and virtual prototyping.



Finding 2. From discussions with various stakeholders in-
cluding HPC engineers and project managers from both data
centers and industrial suppliers, we found that there was a
significant need to develop a robust comprehensive digital twin
framework for data centers. Such a tool would be valuable for
forensic diagnostics and augmentations of operational systems
as well as virtual prototyping for future systems.

The second step in developing the DT involved gathering all
the required technical specifications covering the various facets
of the architecture, such as converter efficiency curves for rec-
tifiers and voltage converters, pump curves, thermal resistance
curves of cold plates, etc. Gathering such information involved
many challenges, such as contacting several different organiza-
tions, working with different file formats, etc. Understanding
and documenting the various technical requirements will be
helpful for future developments of digital twins, especially if
standard exchange formats can be developed for specifying all
the necessary information required to build the DT.

Finding 3. DT development is a holistic effort requiring ev-
eryone to be on board, making it challenging to get started; it
touches every aspect of the organization, crossing boundaries
of the system and organizations. To effectively integrate digital
twins with the procurement lifecycle, it is important to identify
the stakeholders for each component subgroup to ensure the
model is ready as the system comes online.

B. Resource Allocator and Power Simulator

Our requirements analysis and gathering revealed the need
for a module that could accurately simulate resource allocation
and power prediction. Therefore, we have developed the RAPS
module, which is a tight integration of both the job scheduler
in concert with dynamic power consumption calculations,
which we describe in detail in this section. Algorithm 1 shows
the pseudocode for the RAPS module. An initial array of jobs
is created either synthetically or from telemetry data, where
each job is characterized by: (1) the number of nodes required,
(2) the wall time, and (3) CPU/GPU utilization traces' for
a given trace quanta.” Jobs from telemetry may be replayed
using the physical twin’s scheduling policy, or may use a built-
in scheduler, as described in III-B4, which is also used for
synthetic jobs. Time is advanced every second and power is
computed at every second for the system; however, the cooling
model is only called every 15s during the simulation.

1) Estimation of Power Conversion Losses: As shown in
Fig. 3, each rack of Frontier consists of four shelves, each shelf
has two chassis, and each chassis contains four active rectifiers
and eight compute blades, yielding a total of 64 blades and 32
rectifiers per rack. Each rack is directly supplied with three-
phase power from the distribution transformer switchboard.
The three-phase power is distributed over the rack supplying

I'Since our system telemetry lacks CPU/GPU utilization, we linearly inter-
polate power to utilization. In the future, we plan to use profiling to obtain
CPU/GPU/network utilization traces for a set of representative applications,
as discussed in [44].

2Set to 15s in this work to correspond with system telemetry data and will
be further discussed in Section IV.

TABLE I

COMPONENT OVERVIEW OF THE FRONTIER SUPERCOMPUTER

Component Quantity Component Power
Number of CDUs 25 GPU (Idle) 88 W
Racks per CDU 3 GPU (Max) 560 W
Chassis per Rack 8 CPU (Idle) 90 W
Rectifiers per Rack 32 CPU (Max) 280 W
Blades per Rack 64 RAM (Avg) 74 W
Nodes per Rack 128 NVMe (Avg) 30 W
SIVOCs per Rack 128 NIC (Avg) 80 W
Switches per Rack 32 Switch (Avg) 250 W
Nodes Total 9472 CDU (Avg) 8700 W

32 power rectifiers connected in parallel. The group of four
rectifiers shares a common output DC bus, providing power to
eight blades; these blades, in turn, feed power to 16 step-down
DC-DC converters that are connected in parallel.

The role of the rectifier is to convert the three-phase AC
energy supplied from the distribution transformer into constant
energy that is distributed among the blades. In every partition,
constant energy is distributed through a common DC bus,
so that in case of rectifier failure, blades are continuously
powered and should perform their job without any interruption.
Each blade consists of two isolated DC-DC step-down con-
verters, also known as Super Intermediate Voltage Converters
(SIVOCs), as shown in Fig. 3 [45], which further steps down
the 380V DC voltage from the rectifier into 48V DC voltage
that supplies power to the node. The total efficiency of the
energy CONversion 7)gysiem Of the active rectifier and the
SIVOC converter is given by:

I Rpc I Sasv
= = 1
Nsystem TIRTS P . P . ( )

and the total power conversion loss Py, is given by:

PL:PLR+PLS:PRDC(PRAC_PS4SV)7 (2)

where Pp, . is the rectifier input power, Pr, . is the rectifier
output power, and Pg,,, is the SIVOC output power. ngr
and ng is the rectifier and converter efficiency, which were
respectively determined to be 0.96 and 0.98. Therefore the
total system efficiency according to (1) is roughly® 0.94.

2) Dynamic Power Estimation: Frontier is composed of
9472 “Bard Peak” nodes, with each blade housing two such
nodes. Each node contains an AMD EPYC™ 7AS53 “Trento”
64-core 2-GHz CPU and four AMD Instinct MI250X GPUs
[2]. Each node’s power can be computed by summing its
individual components summarized in Table I:

Prode = Popy +4Papu +4Pn1c + Pramv + 2Pnv e (3)

3Note, that these efficiencies are simplifications for this discourse (yet still
within one percent of the actual value); in reality, the efficiency slightly varies
based on input power, which is discussed in more detail in [46].
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The [idle, peak] values for Popy and Pgpy respectively are
[90, 280] and [88, 560] watts. We set Prapr = 74W based
on the mean RAM power, Py;c = 20W (four per node),
and we use Pyyare = 15W (two per node). Every second in
the simulation, P,,q4. is computed for every node by linearly
interpolating between [idle, peak] power values for the time-
indexed value in the CPU/GPU utilization traces to get the
Peopy and Pgpy values. After computing P, 4, rectification
and conversion losses Pr,,, and P, are applied. Then, power
is summed at the rack level, which includes the 250W of power
[47] for each of the 32 network switches per rack:

N=128
Prack = Z Pylwde + 32Pswitch (4)

Next, the three racks associated with each cooling distribu-
tion unit (CDU) is summed, which gives 25 dynamic power
outputs, corresponding to the 25 CDUs. The power output is
multiplied by a cooling efficiency* of 0.945 before feeding it
into the cooling model, which is described in Section III-C. To
get the total system power, Pyygtem, We sum these 25 power
values and add the power cost to operate the pumps in each
of the 25 CDUs, which is a constant 8.7 kW per CDU, or
217.5 kW in total. We calculate the system at peak utilization
(9472 nodes, with CPUs and GPUs operating at full capacity)
to consume 28.2 MW and show a breakdown of the individual
power contributors in Fig. 4.

3) Synthetic Workloads: In order to model system work-
loads, we simply analyze system telemetry data to obtain
average and standard deviations for quantities such as average
job arrival time %,,4, number of nodes required, and wall
time. Then it simply generates randomly distributed values
for average CPU/GPU utilizations. We still have much work
to do on the topic of “application fingerprinting” to develop

4Computed from telemetry data as heat removed divided by power con-
sumed, discussed in Section IV-1 and plotted in Fig. 9.

more accurate models of jobs. This is an area where AI/ML
can be useful for developing a job generator. One promising
tool that can be used in this capacity is Kronos [48].

4) Modeling Job Arrival and Scheduling: RUNSIMULA-
TION submits jobs to the queue according to a Poisson process
[49], where an exponential distribution is used to model the
time between job arrivals given by:

T:_ln(l)\— U) (5)

Here, 7 represents the time interval for the next job submis-
sion, determined by a uniformly distributed random variable U
in the interval (0, 1); A, defined as the inverse of the average
arrival time ({4,4), is a configuration parameter that can be
determined from telemetry data as 1/ tavg, Where ,,4 denotes
the average interval between job arrivals. Jobs are scheduled
according to a given policy, such as Shortest Job First (SJF) or
First Come First Served (FCFS), with plans to soon implement
more sophisticated algorithms and evaluate their impact on the
overall system.

5) Output Statistics: At the end of the run, a report is
provided that outputs statistics on: (1) the number of jobs
completed, (2) the throughput (jobs/hour), (3) average power
consumed in MW, (4) total energy consumed in MW-hr, (5)
rectification and conversion losses in MW (6) CO2 emissions
in metric tons, and (7) total energy costs in USD. CO2
emissions are calculated by multiplying the average system
power Psystem by the following emissions factor from [50]:

E; = Er x 1metric ton/2204.61bs X 1/0system  (6)

where E; represents the emission intensity in CO2/MWh,
currently set at 852.3; however, this value can vary regionally
and even hourly [51].

6) Deployment: In order to make RAPS more accessible
as a useful tool for the technical staff and HPC engineers,
we deploy it on an internally hosted Kubernetes (K8s) cluster.
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This allows us to host a dashboard interface, developed in
TypeScript with React]S, shown in Fig. 6, for launching sim-
ulations to perform “what-if” scenarios and plot/analyze the
results. Each case runs in a separate K8s pod, and the results
of each experiment can be saved in the Apache Druid database
and recalled later. This type of deployment enables users to
easily perform a wide range of experiments and quickly plot
the results. The dashboard also relies on a backend HTTP
REST API for accessing telemetry data from the physical twin.

Finding 4. There are multiple approaches to accurately mod-
eling power, based on time granularity or level of detail.
We found that using a coarse-grained, job-centric simulation
— which traces CPU/GPU utilization and includes resource
allocation and power loss modeling — provides good estimates
of dynamic power for an exascale digital twin.

C. Cooling Model

Having presented the RAPS module’s ability to predict and
manage power consumption, we now transition to modeling
Frontier’s liquid cooling system, designed to rapidly dissipate
the vast amounts of energy lost as heat due to resistive loads
caused by the many voltage converters, GPUs, CPUs, and
DIMMs in the system.

1) Frontier’s Cooling System: Fig. 5 shows a simplified
layout of the overall cooling system for Frontier, which
contains three cooling loops joined by heat exchangers. The
cooling tower loop circulates through five cooling towers
(CT), each with four cells, totaling 20 independent cells.
The flow continues through four cooling tower water pumps
(CTWP1-4) at approximately 9000-10000 gpm; it then passes
through the five intermediate heat exchangers (EHX1-5). The
primary pump loop flows from EHXI1-5 through the four
high temperature water pumps (HTWP1-4) at approximately
5000-6000 gpm. The flow then reaches the HEX-1600 heat
exchangers, one per each of the 25 CDUs, which serve all
74 racks. In each of these 25 CDU-rack loops, flow passes
through the HEX-1600 heat exchanger to the CDU pump and
then the flow is split to serve three racks. In each rack, the
flow passes through 64 compute blades (each with two nodes),
through two CPU cold plates, and eight GPU cold plates.
Therefore, each CDU cools a total of 192 blades, or 384 nodes.

Algorithm 1 RAPS Pseudocode
1: procedure MAIN
2: Initialize scheduler
3 Generate list of jobs to be executed
4 Call RUNSIMULATION
5: end procedure
6: procedure RUNSIMULATION(jobs, timesteps)
7
8
9

for each timestep do
Add newly arriving jobs to pending queue
: Call SCHEDULEJOBS with pending jobs
10: Call TicK
11: end for
12: end procedure

13: procedure TICK > Called every second

14: Increment current time

15: for each running job do

16: if job is completed then

17: Release nodes

18: Update power state to idle

19: end if

20: end for

21: Recalculate power consumption

22: Apply rectification and conversion losses
23: if timestep mod 15 = 0 then > Update every 15s
24: Call FMU cooling model

25: Update Ul/Status

26: end if

27: end procedure
28: procedure SCHEDULEJOBS(jobs)

29: for each job in jobs do

30: if enough nodes available then
31 Assign nodes to job

32: Update power state to active
33: else

34: Add job to pending queue
35: end if

36: end for

37: end procedure

2) Modelica: Rather than using a high-fidelity computa-
tional fluid dynamics (CFD) approach, which is typically
used in air-cooled systems, we have opted to use Modelica
— a system-level modeling language that offers a good bal-
ance between advanced predictive capability and simulation
time. Modelica is an open-source, acausal, object-oriented
programming language used for modeling complex cyber-
physical systems [25]. The Modelica standard library can
be easily extended using a variety of commercial and open-
source packages. Both commercial and open-source integrated
development environments (IDEs) are available to develop and
run the Modelica model. One of the principal advantages of
Modelica lies in its acausal, declarative style which affords
a clean separation between the ordinary differential equations
(ODEs) that are being coded by the user, and the solution
procedure for the complex system of equations.



Cooling Tower Loop | Primary Pump Loop

CDU-Rack Loop

. Return
HT pumps Manifold

13,16,...,85  CDUs ‘

CT-5A-D CT-6A-D

HEX-1600

10| | ‘

HTWP 1-4.

11 12 L L)
‘ Feed Manifold

: ‘ . “| | Rack_, Rack
LE ) J Feed - =
-

Manifold Pl

Rack -
6

Processors Processors

e | I— | |
= YV

' 15,18,....87
Return Manifold 1

Fig. 5. Simplified schematic of Frontier cooling system with enumerated locations where the cooling model predicts pressures, temperatures, and flow rates.

Finding 5. For modeling the data center cooling, while there
are several commercially available tools, they offer limited
extensibility while also being cost prohibitive (on the order of
tens of thousands of dollars per year). Despite its steep learn-
ing curve, Modelica as an open-source framework provides
the best value and path for meeting our current needs, as well
as for building a vibrant digital twin community.

3) Model Dependencies: The ‘Modelica.Fluid’ library, part
of the Modelica Standard Library, solves zero-dimensional
and one-dimensional thermo-fluid flow in a variety of fluidic
components such as pipes, fluid machines such as pumps,
vessels, valves, fittings, etc [52], [53]. The governing equa-
tions are formulated based on a finite volume method with
a staggered grid scheme for momentum. The component
equations and the media models are decoupled from each other
in the ‘Modelica.Fluid’ library allowing the user to specify
incompressible or compressible media, single-component or
multi-component mixtures (including two-phases), as well
as separate correlations for pressure drop and heat transfer
coefficients [52], [53]. Different closure relations are available
based on flow regime, i.e., laminar, turbulent and transition
flow.

For the current study, the Transient Simulation Frame-
work of Reconfigurable Models (TRANSFORM) library was
utilized in conjunction with the Modelica buildings library
(MBL). TRANSFORM is a Modelica-based open-source li-
brary to enable rapid development of dynamic, advanced
energy systems with an extensible system modeling tool
[26], [54]. On the other hand, MBL provides components
for modeling building performance, including HVAC systems,
and controls [55]. Specifically, the variable fan speed-based
cooling tower model was used from MBL. All other compo-
nents are either derived from or directly accessible within the
TRANSFORM library.

4) Thermo-Fluids Model: All the sub-models shown in Fig.
5 are constructed with volumes (reservoirs) for mass sources,
resistances for pressure drops, pumps, heat exchangers, and

sensors, according to the templated layout described in [56].
The model takes as inputs wet-bulb (outdoor) temperature and
heat extracted in watts for each of the 25 CDUs. The model
produces a total of 317 outputs for each timestep of simulation
(currently 15s), which is broken down as follows. For each of
the 25 CDUs, there are 11 model outputs: work done by the
CDU pump (station 14); primary and secondary flow rates
(stations 12, 14 respectively); supply and return temperatures
and pressures (stations 12-15). For the primary pump loop, the
model outputs information related to the number of pumps and
heat exchangers staged, and power consumption and pump
speed for each of the four hot temperature water pumps
(HTWPs). For the cooling tower loop, the model outputs the
number of cooling towers (CTs) staged and power consumed
by the four cold temperature water pumps (CTWPs), and the
power consumed by the 16 CT fans. The PUE is computed by
summing the total facility energy and dividing by Pyystem.-

5) Control system model: In order to accurately model the
cooling system and predict PUE, it was necessary to model
Frontier’s control system, which enables the staging of cooling
towers, heat exchangers, and pumps. The control system logic
is divided between the CEP and the supercomputer. A detailed
overview of the control system logic is beyond the scope of
this paper; therefore, we provide a concise explanation here.’
The Modelica model captures the essentials of the control
logic, which activates once the physical cooling system begins
auto-operation, after the start-up sequence is complete. The
model is described for each cooling loop here:

e CDU-rack loop: A PID controller is used to regulate the
CDU relative percent pump speeds based on the loop dif-
ferential pressure, and a control value is used to regulate
the primary coolant flow based on a set secondary supply
temperature. Most of the PID parameters have been taken
from the physical controller where available, and tuned
using telemetry data where parameters were not available.
Both the CDU pumps are assumed to be in operation at all

5See Kumar et al. [57] for a detailed description of the cooling model.



times with the same speeds — a reasonable approximation
as evidenced by telemetry data.

o Primary pump loop: A PID controller is used to regulate
the four HTWPs. The HTWPs are staged up/down de-
pending on the relative percent pump speeds of the run-
ning pumps. The intermediate heat exchangers (EHXs)
are staged based on the number of CTs in operation.

e Cooling tower loop: The CTWP speed is regulated based
on the CT supply header pressure, which is maintained
within a given pressure range; this informs the staging
up/down of the four CTWPs in concert with the relative
percent speeds of the running pumps. The CTs are staged
up/down based on header pressure and the gradient of the
hot temperature water supply (HTWS) temperature.

Therefore, the criteria to achieve HTWS temperature stabil-
ity informs both the staging of the CTs directly and the EHXs
indirectly. This non-linearity is handled in the model via a
delay transfer function between the primary pump loop, which
requires the number of CTs, and the cooling tower loop, which
requires the HTWS temperature. Therefore, any disturbance
in a CDU would affect its control valve, which in-turn would
affect the overall system to respond as just described. Future
efforts will focus on optimizing the control parameters to
achieve better system stability such as responding quickly to
a surge in power to the CDU.

6) Exporting the Cooling Model: Using the Functional
Mock-up Interface (FMI) standard [58], the cooling model
is integrated into the digital twin framework as a Functional
Mock-up Unit (FMU). An FMU is a model which has been
wrapped in the standard FMI interface and can therefore
be used in any software or deployment scenario which has
implemented the FMI. In this effort, the Dymola IDE was used
to both develop and export the system model as an FMU. The
cooling model FMU is then imported into the RAPS module
via the FMPy Python module, which is queried from the visual
analytics module via FastAPI [59].

Finding 6. Using a simplified system-level Modelica model
vields good transient solutions. Any additional improvement
in fidelity would need to be weighed against model complexity
which affects model convergence and simulation time.

D. Visual Analytics

After discussing the backend modeling for resource allo-
cation, power consumption, and thermo-fluidic cooling, we
discuss how to interface with the models to visualize insights.
For users, it is important to have effective ways to interact with
the DT. This enables the realization of value offered by the
combined system, either by providing a good overview of what
is happening within the system, or by exploring details that are
otherwise only accessible with major efforts. Visual analytics
in the context of digital twins helps users to interact effectively
with the DT to discover new insights [60]. We primarily
explored augmented reality (AR) as a visual analytics tool,
but also experimented with the RAPS dashboard interface, as
discussed in Section III-B6, for launching simulations and for
plotting statistics.

Representing the physical asset in a 3D virtual space simpli-
fies spatial information correlation more intuitively than using
more complex data analysis techniques. With this in mind, we
implemented a virtual representation of Frontier and the CEP
in UE5® as shown in Figure 6, as viewed through a Microsoft
HoloLens 2 AR headset. The visualization allows for system
interaction, 3D navigation, and the querying of simulation
and telemetry data. Users can run this from their desktops
or laptops, or as an AR application. Also, in AR it is possible
to overlay the information onto the physical system, gaining
information and insights that are otherwise not realizable. An
interactive or programmable level of detail was the key to
make our UES model performant and responsive with the large
number of components and associated telemetry present in the
system.

Finding 7. For a complex system such as Frontier, with its
volume, variety, and velocity (3Vs) of data, we found that
augmented reality coupled with dashboards is one of the most
effective ways to provide timely visual insights into the system.
This allows us to seamlessly navigate the system complexity
and its simulations, both in space and time, from system
overview to blade and component-level views.

IV. VERIFICATION, VALIDATION, & FUNCTIONAL TESTS

The National Academy of Sciences, Engineering, and
Medicine (NASEM) recently published a report of findings
and recommendations for digital twins [62]. One of their key
recommendations was to deeply embed verification, validation,
and uncertainty quantification (VVUQ) into the development
of digital twins. Following such advice, we prioritized exten-
sive V&V of our power and cooling models after the initial
development phase, and also have implemented UQ into our
RAPS module. We see verification as running some basic
tests to see if the model is performing as expected, whereas
validation involves comparing the models with more extensive
system telemetry data. In this section, we discuss V&V related
to the power and cooling of our DT, while also demonstrating
telemetry replay for multiple historical scenarios.

Table II shows the telemetry data used to validate the digital
twin. This set of telemetry data closely follows what Shin et al.
[7] collected and analyzed from the Summit supercomputer,
due to the proximity of the operational use cases our work
aims to address.

Finding 8. We observe that one of the most effective ways to
perform verification and validation studies of the power and
cooling models is by replaying system telemetry at multiple
levels through the digital twin.

1) Cooling model V&V: A validation study of the entire
cooling model, as shown in Fig. 7, was conducted using ~24
hours of 2024-04-07 telemetry data from the CEP and the
datacenter down to the level of the CDU. The only inputs to the
model is the power supplied to the 25 CDUs (and associated
three racks per CDU) and the wet-bulb (outside) temperature.

6See Maiterth et al. [61] for a detailed description of the augmented reality
model.



Fig. 6. ExaDigiT interfaces: AR model as projected in meeting room (left), terminal interface (top-right), and web-based dashboard (bottom-right).

TABLE II
SPECIFICATION OF TELEMETRY DATA USED FOR VALIDATION

RAPS
Inputs

Model Schema (Resolution, Length)
jobs: List[Dict]:
job_name: str
job_id: int
node_count: int
start_time: float
cpu_power: List[float] (15s, variable length)
gpu_power: List[float] (15s, variable length)
measured_power: List[float] (1s)

Output

Cooling Model
Inputs

Model Schema (Resolution, Length)
rack_power: List[float] (15s, 25)
wetbulb_temperature: float (60s)
{htw,ctw}_flow_rates: List[float] (15s, 25)
cdu_temps: List[float] (15s, 25)
cdu_pump_speeds: List[float] (15s, 25)
cdu_pump_power: List[float] (15s, 25)
facility_flow_rates: List[float] (2m, 2)
{supply,return}_temps: List[float] (Im~10m, 2)
{supply,return}_pressures: List[float] (30s~10m, 2)
{htwp,ctwp}_pump_power: List[float] (10m, 4)
{htwp,ctwp}_pump_speed: float (2m)
num_{ctwp,htwp,ehx,ct}_staging: int (variable)
pue: float (15s interpolated)

Outputs (CDU)

Outputs (CEP)

The power supplied to the CDUs for the validation exercise
was calculated in terms of heat removed by the cooling water:

H=p-Q AT ¢ ™

where H is the extracted heat measured in watts, p is the
density of water in kg/m?, Q is the flow rate in the CDU-
rack loop in m?3/s, AT is the temperature differential caused
by the heat exchanger in °C and c is the specific heat capacity
of water in J/(kg - °C).

Comparing model predictions with telemetry data reveals
several insights. For most parameters, such as those in Fig. 7,
the model performs well and is able to predict the response
of the physical cooling system to the change in the compute
load. Overall, both the root mean square error (RMSE) and the

mean absolute error (MAE) of the parameters shown in Fig. 7
are within reasonable bounds. The model predictions for the
CDU secondary supply temperatures, although not displayed,
exhibit greater fluctuation than the physical system, which
does a good job maintaining the temperature at the setpoint.
This discrepancy will require further investigation.

The comparison between the PUE predicted by the model
and that calculated from telemetry data are shown in Fig.
7(d). The model-predicted PUE is within 1.4 percent of the
telemetry-based PUE for the range of data tested. Calculations
for both the model-predicted and telemetry-based PUEs are
based on power consumption Payx from the following aux-
iliary systems: CDU pumps, HTWPs, CTWPs and CT fans.
Low-power auxiliary systems, such as air-handling systems,
were not modeled or included in the PUE calculations.

2) RAPS V&V: We performed initial verification of RAPS
by predicting idle and peak power, and also included a
High Performance Linpack (HPL) [63] benchmark. To set the
system at idle, we simply set CPU and GPU utilizations to
zero on all nodes; to test the HPL core phase, we set all four
GPUs on each node to 79% utilization and the CPU to 33%
utilization (inferred from telemetry data); to test peak power,
we set all CPU and GPU utilizations to 100%. Table III shows
the results of this study. Fig. 8 shows synthetic benchmark
tests including HPL and OpenMxP [64] in conjunction with
the cooling system predictions of primary return temperature.

3) Functional Tests: After verifying the model could pre-
dict idle, HPL core phase, and peak power well, we used
RAPS to replay 183 days of telemetry data from Frontier, from
2023-09-06 to 2024-03-18. Results are summarized in Table

TABLE III
RAPS POWER VERIFICATION TESTS
Tests Nodes Telemetry (MW) RAPS (MW) % Error
Idle power 9472 7.4 7.24 2.1%
HPL (core) 9216 21.3 22.3 4.7%
Peak power 9472 27.4 28.2 3.1%
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IV. Each 24-hour replay takes about nine minutes to run with
cooling, or just three minutes without; the entire analysis takes
about an hour when running the different days in parallel on
a single Frontier node. Average conversion losses amount to
1.14 MW (6.74%) which works out to about $900k per year.

Fig. 9 shows a 24-hour period replay, which includes 1238
jobs in total, 400 of which are single-node jobs, and four
back-to-back HPL 9216-node jobs, among others. This plot
illustrates the instantaneous system power, Py q¢em, With both
predicted values (in red) and measured values (in black);
the energy efficiency, 7system (green), as defined in (1); the
cooling efficiency (blue), defined as 7cooting = H, /Psystem;
and the system utilization (orange), calculated as the ratio of
active nodes to the total available nodes.

Now we can begin to envision ways to improve overall
efficiency through virtual modifications to Frontier’s DT. The
first idea we tested was modifying Frontier to use “smart load-
sharing rectifiers”. The rectifiers reach an optimal efficiency
of 96.3% at 7.5 kW, but near idle the efficiency drops 1-2%.
Instead of sharing the chassis load across all four rectifiers,
rectifiers are dynamically staged on as needed, so that rectifiers
are always operating at their peak efficiency regions. While
this modification yielded only a modest efficiency gain of
0.1%, it translates into a not so insignificant yearly cost savings
of approximately $120k, based on the same 183 days of data in
Table IV. A second test, inspired by [65] and [66], focused on
switching the Frontier DT to direct 380V DC power, instead
of AC power. This modification substantially increased the
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Fig. 9. Telemetry replay validation test of 24-hour period on 2024-01-18 for
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system efficiency from 93.3% to 97.3%, a potential savings of
$542k per year, while also reducing the carbon footprint by
8.2%.

Finding 9. Considerable losses are incurred during both AC-
DC rectification and DC-DC voltage conversion. Frontier
exhibits an average conversion loss of 1.1 MW and maximum
of 1.8 MW. Such losses must be accounted for in digital twins,
especially when using such a tool to study energy efficiency.

V. GENERALIZING EXADIGIT

While we initially developed ExaDigiT to model Frontier,
we later worked on generalizing the framework to be able
to support development of a variety of architectures. To this
end, we determined to use a number of JSON files for input
specification, to minimize the level of code changes that must
be made to model a particular system. For example, the gen-
eralized version of RAPS inputs configuration files describing
the system architecture, the cooling system, the scheduler, and
the power system. A pluggable architecture was developed for
reading different types of bespoke telemetry datasets. We are
still actively working to extend RAPS to handle multi-partition
systems, such as Setonix, which have separate partitions for
CPU-only nodes and CPU+GPU nodes. A secondary challenge
for generalization is addressing shared node configurations,
where each node may be shared by multiple users. This
generalized approach has recently been used by others [67]
to model Italy’s MarconilO0 supercomputer, along with an
associated PM100 open telemetry dataset [68].



TABLE IV
DAILY STATISTICS OF DT FROM TELEMETRY REPLAY OF 183 DAYS.

Parameter Min Avg Max  Std
Avg Arrival Rate, tqvg(s) 17 138 2088 331
Avg Nodes per Job 39 268 5441 626
Avg Runtime (m) 17 39 101 14
Jobs Completed 32 1575 5157 1171
Throughput (jobs/hr) 1.3 66 215 49
Avg Power (MW) 102 169 23.0 2.4
Loss (MW) 052 1.14 1.84  0.15
Loss (%) 626 674 836 0.11
Total Energy Consumed (MW-hr) 129 405 553 64
Carbon Emissions (tons CO,) 53 168 229 26

For the thermo-fluids model, an automated cooling system
model (AutoCSM) method was developed that automates
much of the process of developing cooling systems for digital
twins [41]. AutoCSM, based on Python, inputs a JSON input
specification of the architecture of the system, and outputs an
initial model of the system, which can then be compiled into
an FMU. Currently, AutoCSM outputs Modelica code, but in
the future can be extended to support other system modeling
languages such as JuliaSim [69]. We have plans to use the
AutoCSM approach to model Marconil00’s cooling system
[70].

Our augmented reality model has been used by others to
develop AR models for both Finland’s LUMI and Australia’s
Setonix supercomputers [71]. To simplify the development
process, we also plan to extend the code to support dynamic
asset generation based on JSON configuration files. Further-
more, we plan on using an OpenXR based implementation to
be able to support a variety of head-mounted displays, such
as MetaQuest and Apple Vision Pro.

VI. CONCLUSIONS & FUTURE WORK

We presented the development of a comprehensive digital
twin framework for modeling liquid-cooled supercomputers
called ExaDigiT,” comprising three main modules: a Resource
Allocator and Power Simulator (RAPS), a thermo-fluidic cool-
ing model, and an AR-based visual analytics module. An ex-
tensive amount of work went into modeling the various aspects
of the supercomputer and central energy plant. ExaDigiT’s de-
velopment revealed several important insights: (1) simulations
provide the foundational building blocks DTs, with machine
learning being important for workload characterization; (2)
in modeling power and cooling, it was important to strike
a balance between fidelity and complexity, achieved through
job-centric power simulations and system-level thermo-fluid
simulations; (3) augmented reality is an effective means of
interactively visualizing the complexity of the digital twin;
(4) system telemetry replay is vital for model verification and
validation to evaluate the trustworthiness of DTs; (5) modeling
the up to 1.8 MW of power losses due to rectification and
voltage conversion will be key to using the DT for energy
efficiency studies.

7 Available at https://exadigit.github.io.

By considering a comprehensive model of the entire super-
computer, we can study complex cross-disciplinary transient
behaviors to provide insights into operational strategies, “what-
if” scenarios, system diagnostics, as well as serving as a design
tool for virtual prototyping. The development of an open-
source framework for comprehensive modeling of digital twins
has significant implications in multiple areas, particularly for
the design of future energy-efficient supercomputers. There
has been considerable interest among supercomputing centers
around the world in both using and contributing to our
ExaDigiT framework. To accommodate the growing interest
in such a tool, we have organized an ExaDigiT community,
which currently has 93 global participants. This group meets
monthly with workgroups meeting regularly to advance the
framework’s development, use case studies, and its application
across various supercomputer architectures.

While the digital twin framework presented in this paper has
focused on asset visualization (L1), telemetry (L2), and mod-
eling and simulation (L4), we aim to focus future efforts on
developing data-driven models (L3), such as machine-learned
models of workloads, and reinforcement learning agents (L5)
that provide continuous feedback to the physical twin. Such
agents will enable the creation of a “living” DT [72], [73] that
operates alongside the physical twin. We hope our efforts will
stimulate and enable more energy-efficient supercomputers in
the future, by providing a powerful, comprehensive framework
along with fostering a global community of researchers to
work together toward building a strong future for sustainable
energy-efficient supercomputing. In the long term, investigat-
ing multi-scale approaches to bridge discrete event simulators,
such as Gem5 [74], SST/Macro [75], and SimGrid [76], with
comprehensive digital twins for end-to-end optimization will
be key for advancing the state of the art [77].
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Appendix: Artifact Description/Artifact Evaluation

I. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS

A. Paper’s Main Contributions

We built a comprehensive digital twin framework, and
exemplify it at exascale using the Frontier supercomputer. For
this, we developed three main modules: (1) a resource allocator
& power simulator (A7), (2) a thermo-fluidic cooling model
(As), and (3) an augmented-reality model (Aj3). Using these
our main contributions are:

C1 A open-source digital twin framework for data centers,
ExaDigiT, with modular sub-components supported by
telemetry and simulation.

(5 Extensive verification and validation of the framework.

C'3 Demonstration of the framework at exascale for Frontier.

B. Computational Artifacts

The computational artifacts are listed here along with their
respective URLs and DOlIs:

A https://code.ornl.gov/exadigit/raps
(10.11578/dc.20240627.4)

Ag https://code.ornl.gov/exadigit/datacenterCoolingModel
(10.11578/dc.20240628.5)

Aj https://code.ornl.gov/exadigit/exadigitUES
(10.11578/dc.20240214.1)

The following table relates the computational artifacts to their
contributions and related paper elements:

Artifact ID  Contributions Related
Supported Paper Elements
A Cy Table IIT
Al 03 Table 1V
A Cs Figure 8b
Ay Oy Figure 7
Ay Oy Figure 8a
Az Cs Figure 6

II. ARTIFACT IDENTIFICATION

For each artifact, A, A, and As, we provide its relation
to contributions, expected results, expected reproduction time,
artifact setup, artifact execution, and artifact analysis.

A. Computational Artifact A;

The Resource Allocator and Power Simulator (RAPS) mod-
ule is used to schedule workloads on the digital twin and
compute dynamic power consumption and related statistics.
RAPS is able to either replay historical data that has been run
on Frontier, or dynamically schedule synthetic workloads. It
also interfaces with the cooling model As to predict cooling
dynamics. In the paper, RAPS was used to generate Figs. 4,
8, and 9, as well as Tables III and IV.

Relation To Contributions

Table III, related to contribution C, verifies system power
under three specific conditions: idle, peak power, and during
the core phase of an High Performance Linpack (HPL) 9216-
node run. Fig. 9, associated with contribution C'3, was created
by replaying 24 hours of telemetry data collected on 2024-
01-18, using RAPS, which includes an HPL benchmark run
and is representative of large workloads on an exascale su-
percomputer. Table IV, also related to C5, was generated by
replaying 183 days of Frontier telemetry data, providing daily
job scheduling and power consumption statistics.

Expected Results

Table III is expected to show both telemetry and RAPS pre-
dictions of power for three test cases: idle power, peak power,
and HPL core phase, with RAPS predictions anticipated to
be within approximately 5% of the telemetry data. Fig. 9 is
expected to display energy efficiency, cooling efficiency, mea-
sured and predicted power, and system utilization. Table IV
provides a statistical analysis of 183 days of telemetry data,
from 2023-09-06 to 2024-03-18, replayed through RAPS. It
summarizes the minimum, average, maximum, and standard
deviations for values such as: average arrival rate, average
nodes per job, average runtime, throughput (jobs per hour),
average power (MW), loss (MW), loss percentage, total energy
consumption (MW-hr), and carbon emissions (CO;).

Expected Reproduction Time (in Minutes)

The artifact setup times varied between 30 minutes to one
hour, with execution times ranging from one to two minutes
for smaller datasets and up to one hour for larger datasets.

Artifact Setup (incl. Inputs)

Hardware: Any computer that can run Python.

Software: The RAPS module runs on any operating system
that supports Python 3.9. If RAPS is being used in conjunction
with the cooling model, the cooling model requires either
Linux (glibc >= 2.34) or Windows 10 (or later).

Datasets/Input: The inputs specific to the paper elements
are as follows. For Table III, the inputs are defined as the
test workload in workload.py, with specific settings
for each test case, including the idle test (CPU=0, GPU=0),
HPL core phase test (CPU=0.33, GPU=4x0.79), and peak
power test (CPU=1, GPU=4). For Fig. 9, the inputs include
job details such as job_name, job_id, node_count,
time_start, cpu_power, and gpu_power from the
“slurm/joblive” and “jobprofile” telemetry parquet files dated
2024-01-18. For Table IV, the required inputs are similar job
details from the telemetry parquet files spanning from 2023-
09-06 to 2024-03-18.



Installation & Deployment: To set up the environment, first
install Python 3.9. Then, download the source code by running
the command git clone https://code.ornl.gov/
exadigit/raps. After downloading, set up the Python
environment using pip install -e . to complete the
installation. The deployment can also be done via a Docker
container, which is defined by a Dockerfile. Use the command
docker build -t raps . to build the container, and
the command docker run —-it raps to run it.

Artifact Execution

Table III involves two tasks: (T1) running the test workload
using the command python main.py -w test,and (T2)
obtaining telemetry data for idle, peak, and HPL core cases. To
determine idle and peak power, historical data from Frontier
was searched, and for HPL power, the sum_node_power
field was used from the telemetry data. The Fig. 8 workflow
also consists of two tasks: (T1) running RAPS using the
command python main.py -o —-plot power loss
-f /data/slurm/joblive/date=2024-01-18
/data/jobprofile/date=2024-01-18 to replay
job sequences from 2024-01-18 and compute power and
energy consumption losses, saved as parquet files; and (T2)
calculating the heat extracted from telemetry data as described
in the “Artifact Analysis” section. Similarly, Table IV for
RAPS involves two tasks: (T1) running RAPS for each input
day using a similar command as above and can be automated
with the meta_run.sh script found in the scripts
directory. The -o switch directs RAPS to output job
statistics to simulation_results/.../stats.out.
(T2) calculating output statistics, such as average arrival
rate, average nodes per job, and average runtime,
using the telemetry.py module for each date, for
example, by running python -m raps.telemetry
-f /data/slurm/joblive/date=2024-01-18
/data/jobprofile/date=2024-01-18. Note:
for users without access to Frontier telemetry data,
the open PMI100 dataset may be used instead, which
involves  downloading  job_table.parquet  from
https://zenodo.org/records/10127767 and then running the
command python main.py —--system marconilO0
-f /data/job_table.parquet.

Artifact Analysis (incl. Outputs)

Table III requires only the collation of both RAPS
predictions and telemetry results to compute the per-
centage error. For Fig. 9, the energy efficiency of the
system is calculated using the formula 1 — P, where
P, represents the energy conversion losses. Loss values
are obtained from the loss_history.parquet file,
and the “Power with Losses” data is retrieved from the
power_history.parquet file. System utilization is out-
put as util.parquet. The “Cooling Efficiency” is com-
puted as Ncooting = H /P, where the heat extracted H is
calculated from Equation 7. Table IV involves collating all
data from running both main.py and raps.telemetry

for 183 days and computing the minimum, average, maximum,
and standard deviation values.

B. Computational Artifact As

A, is a Modelica-based model of Frontier’s cooling system,
which models the transient thermo-fluid dynamics within the
Central Energy Plant (CEP). The artifact can be run either as
a standalone module (using heat inputs H from Equation 7) or
in tandem with RAPS A; (using RAPS power outputs). Fig. 7
was created using the cooling model as a standalone module
with heat inputs from system telemetry, whereas Fig. 8 was
created using the cooling model with RAPS power outputs.

Relation To Contributions

The high-level relationship to contribution C5 is demon-
strated through two figures. Fig. 7 uses telemetry data from
2024-04-07, which was input into the cooling model to gen-
erate validation plots for flow rate, temperature, pressure, and
Power Usage Effectiveness (PUE). Fig. 8 employs data from a
synthetic test workload fed into the cooling model to produce
a plot that verifies how the average cooling distribution unit
(CDU) primary return temperature changed over time in
relation to the total power of the system.

Expected Results

The expected results for the specific paper elements are as
follows. For Fig. 7, there should be a good agreement between
the predictions produced by the cooling model and the real
telemetry data. For Fig. 8, when the cooling model is run with
the synthetic benchmark test, the total power is expected to
align with the power observed from real system observations
using those benchmarks. Additionally, the average CDU pri-
mary return temperature is expected to exhibit a trend similar
to the total power over time.

Expected Reproduction Time (in Minutes)

For Figs. 7 and 8, the artifact setup took approximately 5-30
minutes, execution took 12-25 minutes (involving obtaining
power and weather inputs and processing them through the
cooling model), and analysis (including setup and plot gener-
ation) took about 5 minutes each.

Artifact Setup (incl. Inputs)

Setup of the thermo-fluids model:
Hardware:
e Computer (min. 1 GB RAM and 400 MB storage).
Software:
« Dymola (version 2022x 64-bit)
https://www.3ds.com/products/catia/dymola
— Windows 10 (or later) with Microsoft C/C++ compiler,
Linux: SUSE/11, RHEL/6.6, Ubuntu/22.04 with gcc.
e Modelica (version 4.0.0) https://github.com/modelica/
ModelicaStandardLibrary/releases
« Modelica Libraries
— TRANSFORM Library (version 0.5) https://github.
com/ORNL-Modelica/TRANSFORM-Library



— Modelica Buildings Library (version 11.0.0) https://
github.com/Ibl-srg/modelica-buildings

o FMPy (version 0.3.16) https://github.com/
CATIA-Systems/FMPy

Datasets/Input: For Fig. 7, the inputs include (1) facility
telemetry data with 25 CDU power values and (2) wet-
bulb temperatures collected every 15 seconds over 24 hours
from real facility telemetry; predicted power was derived by
applying Equation 7 to this data to calculate the heat removed
on 2024-04-07. For Fig. 8, the data is generated from a
synthetic test workload that included an HPL run on 9216
nodes for one hour, an OpenMxP run on 2800 nodes for one
hour, and a Max Power run on 9472 nodes for three hours.

Installation & Deployment: To set up the cooling model,
first install Dymola version 2022x 64-bit from the Dassault
Systemes website. Then, install the TRANSFORM library
by cloning it from the ORNL-Modelica GitHub repository,
and the Modelica Buildings Library (MBL) by cloning it
from the LBNL GitHub repository. Next, clone the cooling
model repository from the A, URL given in Section L.B.
Open the setup.mos file in a text editor and update the
library locations if necessary. Launch Dymola, navigate to the
Simulation tab, and run the setup.mos script or manually
load the libraries. The cooling model is then deployed as a
Functional Mock-up Unit (FMU).

Instructions for deploying FMU to RAPS: In Dymola,
navigate to the File menu and select the Export option.
Choose FMU (Functional Mock-up Unit) as the export type
and select FMI 2.0 with “co-simulation” as the FMU type.
Click “Export” to generate the FMU file. Then, copy the
filename. fmu to the RAPS/models folder and update the
FMU_PATH in the config/frontier/cooling. json
file to point to the new FMU file location.

Artifact Execution

The general workflow for using the cooling model consists
of first passing power and weather inputs to the model. All
inputs were collected at 15-second intervals within a user-
defined time frame, and originated from synthetic or telemetry
replay workloads. After inputs were received, the cooling
model generates outputs specifying various temperatures, pres-
sures, flow rates, and other measurements of both Frontier’s
cooling system and the CEP. The values of those outputs
were then processed and displayed in the RAPS A; console
interface, and could also be saved for later data analysis.

For Fig. 7, 24 hours of telemetry data from 2024-04-07
were analyzed including: total system power, an array of 25
CDUs power values, and weather conditions recorded every 15
seconds. These data inputs were fed into the cooling model
using the command python runFMU.py, which produced
FMU results into a .csv file. The resulting data were then
plotted using python plot_sys_data.py to visualize
the cooling model’s predicted flow rate, temperature, pressure,
and PUE compared to telemetry data.

For Fig. 8, RAPS was used to run a synthetic workload
consisting of four benchmark tests over a simulated period

of eight hours. This duration was chosen to capture a com-
prehensive snapshot of each benchmark’s performance. Due
to the synthetic nature of the workload, a constant weather
temperature of 290K was applied at each timestep. The cooling
model generates 317 outputs, including the primary return
temperatures for each CDU. Fig. 8 was produced using the
command: python main.py -c¢ -t 8h -w test -p
Tr_pri.

Artifact Analysis (incl. Outputs)

The artifact is a Modelica-based thermo-fluid cooling model
developed in the Dymola IDE and deployed as a Functional
Mock-up Unit (FMU). It accepts 25 CDU powers and a
wet-bulb temperature as inputs, simulates transient dynamics,
and returns 317 outputs, including temperatures, pressures,
flow rates, and other specific variables related to the Frontier
supercomputer and its CEP. For the specific outputs related
to the paper elements, Fig. 7 displays the cooling model
predictions (in red) compared with telemetry data (in black)
for the CDU and CEP. Fig. 8 shows the average CDU
primary return temperature alongside the total system power
for synthetic benchmark tests.

C. Computational Artifact A3

As is the augmented reality (AR) implementation of the
digital twin, called exadigitUE5. It is implemented using
UnrealEngine5.1 and can run on a desktop computer with
Microsoft HoloLens 2 as AR Head Mounted Display (HMD).
Az allows simulations to be instantiated from A; and A,
and displays system telemetry onto the 3D scene. The AR
environment is used to interact with the different parts of the
system and provides an interface to the other modules of the
digital twin.

Relation To Contributions

In general, A3 relates to both C; and C5 as it serves as
a foundational building block of our framework, which can
be reused to visualize similar systems, as demonstrated with
Frontier. Specifically, in relation to the paper elements and C's,
Fig. 6 illustrates exadigitUES in action, presenting telemetry
data and simulations of the exascale system Frontier. The
digital twin is projected onto a desk in a meeting room, viewed
through the camera of a Microsoft HoloLens 2, capturing a
first-person perspective with an AR overlay feature of the
HMD. A laptop visible in the background runs exadigitUES,
streaming the visualization to the HMD, allowing the user to
select cabinets to inspect and telemetry data to display. The
CDUs show the results of a simulation step of Artifact Ay,
while the rectifiers and GPUs, although barely visible, display
telemetry data from a data replay on 2023-09-11, covering a
single 15-second snapshot around 0:00-0:30. The system is
interactive and operates in real-time, with data display and
simulation results requiring user-initiated queries.



Expected Results

The expected result for the specific paper element, Fig. 6, is
the reproduction of a visualization that illustrates interaction
with the digital twin. This figure highlights user interaction
with the system, demonstrating the usability of contribution
Cj5. The figure also includes a scr eenshot of the dashboard and
terminal console. The terminal console is simply a snapshot
A1 RAPS of the screen output for telemetry replay of 2024-
01-18 as described in Section II.A. The dashboard interface
shown in Fig. 6 is a snapshot of an HPL run replay from
2024-04-22 Frontier telemetry. Note, running the dashboard
requires building and deploying the RAPS Docker container
with Server as described in the RAPS README.md file;
the details of this process are not included in this artifact
description.

Expected Reproduction Time (in Minutes)

Artifact Setup (with dependencies): ~ 4h
Artifact Execution: ~ 10min

Artifact Setup (incl. Inputs)

Setup of exadigitUES5:
Hardware:

« Windows Computer (HoloLens2 requirement)
e Microsoft HoloLens2

« Frontier (optional)

« Frontier Telemetry Service (not public)

Software:

« exadigitUES: https://code.ornl.gov/exadigit/exadigitue5/-/
tags/0.2.0-SC24-submission

e Unreal Engine 5.1: https://github.com/EpicGames/
UnrealEngine/tree/5.1 Version: commit 9bd9c84

o Microsoft Windows (dependency for HoloLens2)

o Visual Studio 2022 (Version 17.9.2)

o Microsoft-OpenXR-Unreal: https://github.com/microsoft/
Microsoft-OpenXR-Unreal/ Version: commit 5¢2d81b

o MixedReality-UXTools-Unreal: https://github.com/
microsoft/MixedReality-UXTools-Unreal/ Version:
commit 89f04fe

« WorldLockingTools: https://github.com/microsoft/
WorldLockingTools-Unreal Version: commit f929156

Datasets/Input: At the time of writing, exadigitUES in-
gests data in three ways: synthetic data, as outlined in the
README.md under ExternalResources/process_sample.py;
stored local data from the Frontier telemetry service, which is
not publicly accessible; and telemetry data obtained via API
calls to the Frontier Telemetry Service, also not available to
the public. For Figure 6 specifically, the input used was a

stored local dataset—a 15-second snapshot captured around
0:00-0:30 on 2023-09-11.

Installation & Deployment: Installation instruction in
README.md https://code.ornl.gov/exadigit/exadigitue5/-/
blob/0.2.0-SC24-submission/README.md?ref\ _type=tags

Setup: git clone --recurse-submodules
git@code.ornl.gov:exadigit/exadigitue5.git
or git clone —--recurse-submodules https:
//code.ornl.gov/exadigit/exadigitueb.git
Install Unreal Engine 5.1 from the EpicGames Installer
or https://github.com/EpicGames/Unreal Engine/tree/5.1
(Note: repository access required, see instructions
https://www.unrealengine.com/en-US/ue-on-github.)

For UEFMI, follow the installation guide at
https://github.com/ORNL-Modelica/UnrealEngine-FMIPlugin
(see README.md#Installation).

Running: For sample data run ExternalResources/
process_sample.py (prior pip install pandas
pyarrow).

Artifact Execution

To generate the paper elements using exadigitUES, first load
the project in Unreal Engine 5.1 and select the preferred mode
(Viewport, Standalone Game, or VR-Preview). For Fig. 6,
open the pre-compiled project and load the VRDemo level,
where a table-sized Frontier model appears at table height,
anchored by scanning a printed QR code with the headset.
Using the Hand-Menu, load the selected components and the
Central Energy Plant, then trigger the Telemetry Step to load
input data for a specified timestep. Follow this by triggering
the Simulation Step to execute artifact Al, which visualizes
results on various gauges (temperature, pressure, and flow) on
the CDU representations. Finally, capture a screenshot within
the headset. Detailed usage instructions are available in the
exadigitUES documentation.

Artifact Analysis (incl. Outputs)

The artifact described is an Augmented Reality visualization
of the digital twin, which is able to both ingest and display
telemetry data, display the central energy plant, and run the
simulation as described in A;. This can also be executed
directly from a desktop, without the HMD. Specific Artifact
Output for exadigitUES:

« AR interaction and experience with the digital twin of

Frontier.
« Alternatively desktop interaction and experience with the
digital twin of Frontier.
Specific Output for the paper elements (Description):

o Fig. 7: A fancy screenshot as seen through the HMD by

the user, as a raw image capture.



