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Abstract

Energy efficiency is a critical concern in modern heterogeneous
HPC systems, where CPUs, GPUs, and dense cooling infrastructure
increase both idle and peak energy demand. This paper presents
a power-centric observability framework deployed on the NSF
REPACSS system that enables non-intrusive and consistent energy
analysis across facility, rack, node, and job scopes. The framework
collects instantaneous power telemetry exclusively from out-of-
band hardware sources, including in-row cooling units, rack power
distribution units, and compute nodes accessed via iDRAC. These
measurements are stored in a time series database and processed
through a power-centric energy model that aligns heterogeneous
telemetry in time and space. A scalable query engine and web API
provide a uniform interface for deriving energy metrics across in-
frastructure and job contexts, while a lightweight Slurm epilog
integration enables optional job level energy reporting without
application modification or runtime instrumentation. Using this
unified telemetry and query framework, we conduct a multi-scope
energy characterization of the NSF REPACSS data center. The re-
sults show stable facility efficiency, efficient in-row cooling be-
havior, distinct differences in idle and peak power between CPU
and GPU nodes, and diverse non-CPU energy contributions in rep-
resentative workloads. Together, these findings demonstrate that
unified out-of-band telemetry combined with a power-centric en-
ergy model, enables practical cross-scope energy observability in
production HPC systems.
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1 Introduction

Modern high-performance computing (HPC) systems increasingly
rely on heterogeneous compute resources, including multi-core
CPUs, high-power GPUs, and specialized accelerators to support
scientific simulation, AI workloads, and data-intensive applications.
Although these resources deliver high throughput, they also in-
troduce significant energy challenges, including high idle power
consumption, increased thermal density, and growing cooling and
power delivery overheads at the node, rack, and facility scales. As a
result, understanding and optimizing the energy behavior through-
out the computing system has become an important requirement
for sustainable and cost-effective HPC operation.

Currently data center efficiency is commonly measured through
Power Usage Effectiveness (PUE), which compares total facility
energy consumption with the energy used by IT equipment. While
PUE provides a useful aggregate metric, it offers limited insight
into where energy is consumed within the system, how cooling
and power infrastructure respond to workload dynamics, or how
individual jobs contribute to overall energy use. In production envi-
ronments, system operators often face the “siloed data” challenge,
where power telemetry is fragmented across disjoint sources such
as rack PDUs, cooling controllers, and node level management in-
terfaces, making cross-layer correlation manually intensive and
prone to error. These limitations become more pronounced in het-
erogeneous systems, where CPU and GPU nodes exhibit drastically
different thermal footprints.

At the same time, both system operators and users increasingly
require fine-grained energy visibility to inform job scheduling and
performance optimization. Prior work has shown that energy-aware
system optimization benefits from telemetry spanning facility, rack,
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node, and application levels [11]. In practice, however, such visibil-
ity remains difficult to achieve without intrusive instrumentation
that may impact application performance or violate security poli-
cies in shared research environments. Furthermore, users typically
lack direct access to energy information associated with their spe-
cific jobs, preventing the community from adopting energy-efficient
programming practices.

This paper presents a power-centric observability framework de-
ployed on the NSF-funded REPACSS (REmotely-managed Power
Aware Computer Systems and Services) data center at Texas Tech
University. Our framework bridges the gap between facility opera-
tions and user level accounting by collecting instantaneous power
telemetry from out-of-band (OOB) hardware layers, including in-
row cooling (IRC) units, rack PDUs as well as compute nodes, and
composing these signals into unified energy views. By focusing on
OOB telemetry, we provide a non-intrusive solution that remains
persistent across OS reboots and application execution.

Our contributions are summarized as follows:

(1) Unified multi-source power telemetry collection. We
design and deploy a resilient metric collection pipeline that
gathers continuous power data from heterogeneous sources,
including in-row cooling (IRC) units, rack level PDUs, and
compute nodes via Dell iDRAC. Measurements are collected
using standard management protocols (SNMP and Redfish)
and stored in a time series database for persistent, system-
wide visibility.

(2) A power-centric energy model with scalable query sup-
port. We introduce a power-centric energy model that aligns
heterogeneous telemetry across nodes, racks, and cooling
zones, and derives consistent energy views through time
alignment, aggregation, and attribution. The model is backed
by a scalable query engine and Web API, decoupling analysis
consumers from raw sensor interfaces and enabling flexible
energy queries across multiple system scopes.

(3) Lightweight job level energy reporting via Slurm inte-
gration. We integrate the observability framework with the
Slurm workload manager using an epilog-based mechanism
that enables optional job level energy reporting without ap-
plication modification or scheduler intrusion. This design
exposes job-aligned energy information to users while re-
maining compatible with production HPC workflows.

(4) Cross-scope energy analysis enabled by unified teleme-
try. Using the proposed framework, we demonstrate how a
unified out-of-band telemetry foundation enables consistent
energy analysis across multiple scopes, including facility
level PUE characterization, rack level cooling behavior, node
level CPU and GPU power profiling, and application level
component-wise energy breakdowns.

Together, these contributions provide a practical foundation for
power-centric, cross-layer power observability in heterogeneous
HPC systems. By integrating out-of-band telemetry with a unified
query interface and Slurm based job reporting, the framework en-
ables repeatable energy attribution from infrastructure to user jobs
and supports energy-aware optimization in production environ-
ments.
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2 Background

Power monitoring is a fundamental capability in modern HPC
systems, supporting performance tuning, operational efficiency,
cost control, and energy-aware scheduling. As HPC clusters grow
in scale and heterogeneity, especially with the adoption of high
power accelerators and dense cooling infrastructure, accurate and
reliable power telemetry becomes increasingly important for both
system administrators and users.

This section introduces the physical organization of the NSF
REPACSS data center, and the out-of-band telemetry context on
which the proposed power observability framework is built.

2.1 REPACSS Physical Layout Overview

NSF REPACSS data center is a heterogeneous HPC system deployed
at Texas Tech University to support compute-intensive scientific
workloads and emerging Al applications. As shown in Figure 1,
the system! spans seven racks (Rack 91-Rack 97) and consists of
110 CPU compute nodes, 8 GPU nodes (each with 4 NVIDIA H100
GPUs), storage systems, network switches, and supporting utility
nodes interconnected via InfiniBand and Ethernet networks.

REPACSS integrates power telemetry from a limited set of out-
of-band sources that cover three domains: cooling, rack level power
delivery, and compute nodes. At the infrastructure level, in-row
cooling (IRC) units expose compressor and fan power, while rack
PDUs report total rack power. At the compute level, a subset of
servers expose node input power and selected component-wise
signals (such as CPU power, DRAM power, etc.) through iDRAC.
Components highlighted in blue in Figure 1 indicate elements with
active out-of-band telemetry.

2.2 Out-of-Band Power Telemetry

Power telemetry in HPC systems is commonly obtained using either
in-band or out-of-band approaches. In-band monitoring relies on
0OS-level interfaces such as Intel RAPL [3] and NVIDIA NVML [19],
but typically requires a running OS, elevated privileges, and inte-
gration in the software stack [15].

REPACSS primarily uses out-of-band (OOB) telemetry collected
through embedded baseboard management controllers (BMCs). For
compute nodes, Dell iDRAC provides node level power measure-
ments via Redfish [2, 13]; for infrastructure equipment, facility
devices expose rack and cooling power through the standard man-
agement interface SNMPv3. This choice supports persistent mea-
surement and enables aligning telemetry with system operation
and job execution.

Together, the organization of the REPACSS system and its OOB
telemetry capabilities establish the measurement context for the
framework in Section 3.

3 Power Observability Framework Design

This section presents the design of the REPACSS power observabil-
ity framework, which provides end-to-end, power-centric visibility
into energy behavior from infrastructure components to user level
jobs. The framework is designed to be non-intrusive, scalable, and
tightly integrated with existing HPC management software.

Uhttps://www.repacss.org/resources/
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Figure 1: Physical layout of the NSF REPACSS data center across seven racks. Components highlighted in blue indicate elements
with active out-of-band power telemetry.

3.1 Overview power observability framework and operate independently of the
host operating system and running workloads.

Power telemetry is obtained from three classes of hardware
components:

Figure 2 illustrates the end-to-end power observability framework
deployed on REPACSS. The framework follows a power-centric,
telemetry-driven workflow in which power measurements are col-
lected from cooling infrastructure, rack power delivery, and com-
pute nodes, processed by a centralized observability core, and ex-
posed as energy views at the facility, rack, node, and job levels.

On the left side of the architecture, a limited set of out-of-band
hardware sources continuously provide power measurements from
in-row cooling units, rack-level power distribution units, and in-
strumented compute nodes. These sources operate independently
of the host operating system and running workloads, enabling
non-intrusive and continuously available data collection.

The collected telemetry is ingested into a centralized power
observability core, where raw measurements are stored, normalized,
and organized according to their physical context. Within this
core, power signals from heterogeneous sources are composed into
a unified representation that supports aggregation across spatial

e In-row cooling (IRC). In-row cooling units expose electri-
cal power signals associated with cooling operation, includ-
ing compressor and fan power, enabling direct accounting
of cooling related energy consumption at the rack level.

¢ Rack power distribution units (PDUs). Rack level PDUs
report total rack power, capturing the aggregate electrical
load of each rack, including components that do not expose
fine-grained power telemetry such as network switches and
auxiliary equipment.

e Compute nodes (iDRAC). For instrumented servers, node
management controllers expose system input and output
power and, when supported, component-wise power signals
for CPUs, memory, fans, storage and GPUs.

scopes and integration over time to derive energy metrics. For each compute node, the difference between system input
On the right side of the architecture, energy information is ex- power and system output power is used to estimate power supply

posed to users through lightweight integration with the Slurm conversion losses (PSU loss), capturing energy dissipated during

workload manager. Job execution metadata is used to align power AC-DC conversion and internal power delivery.

telemetry with application runtime intervals, enabling transparent Table 1 summarizes the telemetry signals used in this study and

energy accounting at the job level without modifying applications their sampling intervals.

or interfering with the scheduler’s critical path.

3.3 Power Observability Core

The power observability core transforms heterogeneous out-of-
3.2 Out-of-Band Hardware Sensors band (OOB) telemetry into a unified and queryable energy repre-
REPACSS collects power telemetry exclusively from out-of-band sentation. As shown in Figure 2, it comprises a metric collector, a
management interfaces. These telemetry sources contribute to the time-series database, a power-centric energy model, and a query
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Figure 2: End-to-end power observability framework deployed on REPACSS

Table 1: Hardware-level power telemetry sources used in
REPACSS.

Telemetry Source Metric Units | Interval
PDU PDUTotalPower w 60.0 s
IRC CompressorPower kw 120.0 s
IRC CondenserFanPower w 120.0 s
IRC CoolDemand kW 120.0 s
Compute Node (iDRAC) | SystemInputPower w 5.0s
Compute Node (iDRAC) | SystemOutputPower w 5.0s
Compute Node (iDRAC) | Total CPUPower w 50s
Compute Node (iDRAC) | TotalMemoryPower w 5.0s
Compute Node (iDRAC) | TotalStoragePower w 5.0s
Compute Node (iDRAC) | TotalFanPower w 50s
Compute Node (iDRAC) | PowerConsumption (per GPU) | mW | 1.0s

engine with a web API, and serves as the semantic bridge between
hardware telemetry and higher-level energy analysis.

Metric collector. REPACSS continuously collects node and infras-
tructure telemetry from Redfish and SNMP endpoints. For compute
nodes, the collector leverages the Redfish TelemetryService in-
terface and subscribes to device-specific telemetry streams. Concep-
tually, the collector discovers telemetry capabilities on each node,
then registers the corresponding sources for continuous ingestion:

GET https://<node>/redfish/vi/TelemetryService
— discover telemetry channels — register sources for
push/stream ingestion.

This design avoids host-level instrumentation and provides a uni-
form collection path across heterogeneous nodes. Before storage,
lightweight preprocessing is performed, including metric identi-
fier normalization, unit handling, and mapping each sample to its
physical context (node, rack, or cooling zone).

Time-series storage (TimescaleDB). All telemetry is stored in
TimescaleDB to support long-horizon, SQL-native analytics over
high-volume measurements. Its relational model simplifies joins
with system metadata and enables efficient ad hoc queries for de-
bugging, reporting, and offline analysis.

Power-centric energy model. The energy model encodes relation-
ships among hardware entities and defines preprocessing rules
required for cross-source analysis. Because sensors operate at het-
erogeneous sampling intervals, the model performs time alignment,

missing sample handling, and energy integration over arbitrary
intervals. These transformations enable higher level analyses used
throughout this work, including PUE derivation, rack level power
accounting, node level component breakdowns, and job-aligned
energy attribution.

Query engine and web API (FastAPI). The query engine exposes
the energy model through a Web API implemented with FastAPI.
It supports queries across system, rack, and node scopes, as well
as instantaneous power, interval-averaged power, and integrated
energy metrics. By abstracting access to raw SNMP and Redfish
endpoints and avoiding direct database interaction, the observabil-
ity core provides a stable and uniform interface for administrator
monitoring and user-facing job energy analysis.

3.4 Job Level Energy Reporting via Slurm

REPACSS exposes energy information to users through native inte-
gration with the Slurm workload manager using an epilog-based
mechanism. The integration is implemented via EpilogSlurmctld?
and executes outside the scheduler’s critical path, requiring no cus-
tom Slurm plugins or application modifications.

Job level energy reporting is enabled in an optional manner.
Users request energy profiling at submission time by attaching a
comment to the job:

sbatch --comment=power_profiling {job_script}.sh

This design leverages an existing Slurm interface and preserves
compatibility with standard job workflows.

Upon job completion, the epilog script captures job metadata,
including the job ID, allocated nodes as well as execution time
window and forwards these parameters to the power observability
query API The API returns the corresponding job-aligned energy
results derived by the observability core.

The resulting job level energy report (Figure 3) provides time
series power traces for major components and an aggregated energy
decomposition across CPUs, memory, storage, fans, and power
conversion losses. Reports are written to a user accessible location
and referenced directly in the Slurm job output.

Currently, job-level energy attribution assumes exclusive node
allocation, as the underlying iDRAC telemetry reflects whole node
power consumption. Energy accounting for multiple jobs sharing

2https://slurm.schedmd.com/prolog_epilog.html


https://slurm.schedmd.com/prolog_epilog.html

Power-Centric Observability for HPC Systems: Design, Deployment, and Evaluation on REPACSS

01 Raw Telemetry Data 02 Power Time Series

PEARC 26, July 26-30, 2026, Minneapolis, MN, USA

03 Energy Decomposition
Total Energy Consumption (kWh)

Timestamp | Hostname | Source FQDD | Value |Units| _MetricName
1/30/26 14:40:02 | pc-97-16 i 24 | W 1000 —— CPU
1/30/2614:40:07 | 1pc-97-16 275 | W Memory
1/30/2614:40:12 | 1pc-97-16 i ics| 289 | W
1/30/26 14:40:16  rpc-97-16 226 W _. 800 ~— Storage
1/30/2614:40:21 | 1pc-97-16 ics| 478 | W z —— Fan
1/30/26 14:40:26 | rpc-97-16 i 545 | W < 600
1/30126 14:40:31 | rpc-67-16 a2 W g SystemInput
1/30/26 14:40:35 | rpc-97-16 ics| 539 | W g —— SystemOutput
1/30/26 14:40:40 | rpc-97-16 i 453 | W & 400 Job 30300 N
1/30/2614:40:45 | 1pc-97-16 44 W 0.176 kWh 1.0%
1/30/26 14:40:49 | rpc-97-16 i ics| 463 | W 200
1/30/2614:40:54 | 1pc-97-16 489 W
1/30/2614:40:59 | 1pc-97-16 ics| 463 | W 0 o
1/30/2614:41:04 | 1pc-97-16 i ics| 550 | W < Py 22.4%
1/30/26 14:41:08  rpc-97-16 49w Qxh'- “xk o
1/30/2614:41:13 | rpc-97-16 ics| 497 | W V@"b " o @\3
1/30/26 14:41:18 | rpc-97-16 i 467 W B\ P\ o
1/30/2614:41:22 | 1pc-97-16 a9 | W Time (local)
1/30/2614:41:27 | 1pc-97-16 i ics| 503 | W

Memory WM Storage W= PSUloss mmm Fan
= CPU m== Others

Figure 3: Example job level energy report generated by REPACSS, showing time-series power traces and a component-level

energy breakdown over the job execution interval

a node is not supported in the current implementation. Extending
the framework with power models to enable fine-grained energy
attribution under node sharing is left as future work.

4 Experiments

This section evaluates the proposed power observability framework
through multi-scope energy analyses conducted on the REPACSS
system. Using the unified telemetry, power-centric energy model,
and query interface described in Section 3, we construct energy
views that capture both system level behavior and user facing
workload characteristics.

Our evaluation covers four analysis levels: (i) facility level energy
effectiveness through PUE derived from power delivery and cooling
telemetry, (ii) rack level characterization of in-row cooling behavior,
(iif) node level power profiling of CPU and GPU compute nodes,
and (iv) application level energy analysis of representative HPC
workloads using job-aligned telemetry.

Together, these experiments illustrate how a limited set of out-
of-band power measurements can be composed into consistent
energy views that support both system level understanding and
energy-aware optimization from the user perspective.

PUE Over Time

1.301 | Note: 3 cluster down event(s), 48 IRC missing reading(s) | == Normal FUR
L J X Cluster Down (PUE=0)
IRC Missing (PUE=1)

& A0 A g N
N o o o o

Figure 4: PUE over time for REPACSS from initial operation
through January 2026. Points corresponding to cluster down-
time (PUE = 0) and missing or incomplete in-row cooling
(IRC) telemetry (PUE = 1) are excluded from efficiency anal-
ysis.

4.1 Facility Level Energy Effectiveness

Power Usage Effectiveness (PUE) is a standard metric for evaluat-
ing facility energy efficiency, defined as the ratio of total facility
energy to IT equipment energy. In REPACSS, PUE is computed
using aggregated rack level PDU energy as a proxy for IT load and
in-row cooling (IRC) telemetry to account for cooling overhead.

Figure 4 shows the PUE of REPACSS from initial operation
through January 2026. Under normal operation, PUE remains stable,
with most values between 1.20 and 1.26. PUE = 0 indicates cluster
downtime, while PUE = 1 reflects missing or partial IRC teleme-
try rather than ideal efficiency; these intervals are excluded from
further analysis.

After filtering, REPACSS exhibits an effective PUE centered
around 1.23 over its operational lifetime. This indicates that ap-
proximately 80-82% of facility energy is delivered to IT equipment,
with the remaining 18-20% primarily attributable to in-row cool-
ing. Short-duration PUE drops occur when IRC systems operate
intermittently and do not represent steady-state behavior.

Overall, these results place REPACSS within the efficiency range
reported for well-optimized enterprise and research HPC facilities,
demonstrating that localized in-row cooling can support stable and
energy-efficient operation in a heterogeneous production environ-
ment.

4.2 Rack Level Cooling Behavior

At the rack level, we evaluate how effectively in-row cooling (IRC)
units convert electrical power into delivered cooling. This analysis
connects facility level efficiency metrics PUE with localized thermal
behavior observed at the rack scale.

The analysis uses the IRC telemetry signals summarized in Ta-
ble 1. Specifically, CompressorPower and CondenserFanPower repre-
sent the electrical input to the cooling system, while CoolDemand
serves as a proxy for delivered cooling output. All three signals
are sampled at 120 s intervals and collected exclusively through
out-of-band interfaces.

Cooling efficiency is quantified using the coefficient of perfor-
mance (COP), defined as:

CoolDemand
COP = . 1)
CompressorPower + CondenserFanPower
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IRC Rack-Level Energy Usage Comparison
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Figure 5: Weekly compressor and condenser fan energy con-
sumption for each in-row cooling (IRC) unit over a represen-
tative one-week window with complete telemetry. Compres-
sor energy dominates total cooling-system input across all
monitored zones.

Rack-level Cooling COP (1-week measurement)

——- AvgCOP=588

(=2}

Coefficient of Performance (COP)
b b = e

Juy

irc-91-5

irc-92-5 irc-93-3 irc-94-5

Rack

irc-95-3 irc-96-5

Figure 6: Derived rack-level cooling coefficient of perfor-
mance (COP) for each IRC unit over the same one-week
window. The average COP across all units is 5.88, indicat-
ing stable and efficient cooling behavior.

Figure 5 shows cooling-system energy usage across six IRC units
during a one-week period selected to ensure continuous and com-
plete telemetry coverage. Across all cooling zones, compressor
power dominates total electrical input, while condenser fan power
contributes only a small fraction, consistent with expected in-row
cooling operation. Figure 6 shows the corresponding derived COP
values, which remain stable across units with an average of 5.88
over the selected interval, indicating efficient and consistent cooling
performance at the rack level.
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4.3 Node Level Power Behavior

To understand how power is distributed within individual com-
pute nodes, we analyze static power profiles under idle and peak
operating conditions for representative CPU and GPU nodes.

CPU node Idle vs Peak Power Distribution

&

Idle
418W

\\

= CPU mmm  Storage
s Memory W Others

mmm PSU loss = Fan

Figure 7: Idle and peak power distribution for a represen-
tative CPU node, showing the contribution of major com-
ponents including CPU, memory, fans, power supply losses,
and other system components.

GPU node Idle vs Peak Power Distribution
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Figure 8: Idle and peak power distribution for a represen-
tative GPU node, showing the contribution of major com-
ponents including GPU, CPU, memory, fans, power supply
losses, and other system components.

Figure 7 shows the power composition of a representative CPU
node under idle and peak conditions. At idle, power is dominated
by baseline system components, while peak operation is primarily
driven by increased CPU activity and fan power. As utilization rises,
fan power becomes a significant secondary contributor, reflecting
higher cooling demand under sustained compute load.

Figure 8 shows a markedly different profile for GPU nodes. Idle
power is substantially higher due to the presence of accelerator
hardware and associated cooling overhead. Under peak load, total
system power increases sharply, with GPUs accounting for the ma-
jority of consumption. Fan power and power supply losses also grow



Power-Centric Observability for HPC Systems: Design, Deployment, and Evaluation on REPACSS

noticeably, indicating that cooling and power delivery overheads
form a larger fraction of total energy compared to CPU nodes.

These observations highlight that GPU nodes incur both higher
idle baselines and larger non-compute energy overheads. Such char-
acteristics have important implications for energy-aware sched-
uling, as consolidating workloads and minimizing idle time on
accelerator nodes can yield disproportionate energy savings at the
system level.

4.4 Application Level Energy Analysis

This subsection shifts the focus to a user perspective by examining
the energy behavior of representative HPC applications. Energy is
attributed using job-aligned out-of-band telemetry, but the analysis
is organized around application workloads rather than scheduling
constructs. We analyze five representative HPC applications exe-
cuted on a single CPU node. Each application is run ten times, and
node level telemetry is aggregated over the execution interval to
obtain energy breakdowns across major system components.

Application-level Energy Breakdown
100%

80% A

— —

22.4% 19.3% 21.1%
60% 13.5%
13.5%

40% A

20% A

Percentage of Total Energy Consumption

0% -

hpcg amg pennant snap LAMMPS
Application
== CPU === Storage mmm  PSU Loss

Memory  Wmm Fans W Others

Figure 9: Component-wise energy breakdown across repre-
sentative CPU applications.

Figure 9 shows that CPU energy dominates total consumption
across all applications, accounting for roughly 49-54%. Memory
energy forms a substantial secondary component (13-22%), with
memory-intensive workloads exhibiting the highest shares. Fan
energy remains relatively stable (3-6%), while power supply conver-
sion losses contribute 5-9% of total energy. The remaining energy,
grouped as “Others,” reflects uncore activity and system overheads
and accounts for 16-21%, with higher fractions observed in control-
heavy workloads.

These results indicate that a significant portion of application
energy is consumed outside the CPU cores themselves. Memory
subsystems, uncore activity, cooling, and power delivery losses

PEARC 26, July 26-30, 2026, Minneapolis, MN, USA

together represent a non-trivial share of total energy, underscoring
the need for component-aware energy analysis beyond CPU-centric
metrics.

5 Related Work

Energy-aware operation of large scale HPC systems has motivated
extensive research on power monitoring infrastructures and power
measurement methodologies. Cluster-scale monitoring frameworks
such as LDMS [1] and DCDB/Wintermute [14] show scalable, high-
frequency telemetry collection and aggregation, primarily target-
ing administrator-oriented monitoring and online analytics. Mon-
STer [13] further shows the practicality of correlating scheduler
metadata with out-of-band telemetry obtained via Redfish, enabling
low overhead job correlation using BMC sensors. Complemen-
tary studies compare power sensing interfaces, such as AC me-
ters, IPMI/BMC sensors, and in-band counters such as RAPL and
NVML, and report substantial variation in accuracy, granularity,
and temporal stability across interfaces [7, 10]. Other work explores
statistical or model based techniques to infer per process or per
job energy consumption from coarse grained telemetry [4, 8, 12].
More recently, benchmark driven approaches have examined power
behavior of GPU accelerated systems and Al workloads, includ-
ing power-constrained throughput optimization [5] and energy-
aware I/O and communication paths [9]. In contrast to these efforts,
REPACSS focuses on power observability across multiple hardware
layers by explicitly composing cooling, rack, and node out-of-band
measurements into a unified energy model that supports facility
level efficiency analysis (e.g., PUE), cross-layer validation, and scal-
able, long-horizon querying.

Recent studies show that making energy information visible to
users is important for energy-aware application optimization. Shin
et al. [18] show that exposing low-overhead energy telemetry to
users enables practical analysis of performance-energy trade-offs
on leadership-class systems. In addition, tools such as ClusterCock-
pit [6] focus on visualizing job-level performance and power data
through web-based interfaces. Recent studies further analyze en-
ergy consumption of Al and LLM workloads, particularly inference,
highlighting the dominance of inference energy cost and the sensi-
tivity to software stacks [17] and configuration choices [16].

These efforts typically rely on in-job instrumentation, specialized
runtimes, or benchmark-style execution. REPACSS complements
this line of work by enabling transparent, opt-in job level energy
reporting through native Slurm epilog integration. Energy account-
ing is performed post-run using persistent out-of-band telemetry,
without modifying applications or introducing new submission
interfaces. As a result, the framework simultaneously supports
infrastructure level energy analysis and routine job level energy ex-
posure, making it well suited for production-oriented HPC systems
and shared research platforms.

6 Conclusion

This paper presented a power-centric observability framework for
heterogeneous HPC systems and evaluated its design through de-
ployment on the NSF REPACSS system. By composing out-of-band
telemetry from in-row cooling units, rack level power distribution
units, and node level iDRAC interfaces, the framework provides
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a unified pipeline from raw power sensing to facility, rack, node,
and application aligned energy views, without requiring intrusive
instrumentation or modifications to user applications.

Using this infrastructure, we conducted a set of multi-scope
energy analyses that demonstrate the value of cross layer power ob-
servability. Facility level analysis shows stable and competitive PUE
behavior derived directly from cooling and power-delivery teleme-
try. Rack level results highlight efficient and stable in-row cooling
operation. Node level profiling reveals clear differences between
CPU and GPU based platforms in idle power, peak consumption,
and cooling overhead. Finally, application level studies illustrate
how workload characteristics shape component-wise energy distri-
bution, showing that non-CPU components such as DRAM, uncore
subsystems, and power conversion losses account for a significant
fraction of total energy.

In summary, these results underscore that meaningful energy
understanding in modern HPC systems requires coordinated analy-
sis across compute, cooling, and power-delivery subsystems. The
proposed framework enables such analysis by combining persistent
out-of-band telemetry with a power-centric energy model and a uni-
fied query interface that decouples energy analysis from raw sensor
access. Lightweight Slurm integration further makes job-aligned
energy information routinely accessible in production environ-
ments. This work demonstrates that practical, cross-scope energy
observability can be achieved using existing management inter-
faces, and provides a foundation for future work on energy-aware
scheduling, system optimization, and workload characterization in
heterogeneous HPC systems.
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