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Abstract—As exascale systems increasingly rely on hardware
overprovisioning to sustain throughput under strict power limits,
accurate, fine-grained power prediction becomes critical. We
present a machine learning framework leveraging lightweight,
always-on NVIDIA DCGM telemetry from the Perlmutter super-
computer to predict runtime GPU power consumption, designed
with real-time deployment constraints in mind. Using a month-
long production telemetry dataset for training and evaluation, we
demonstrate that a generic, application-agnostic model achieves
an average Root Mean Squared Error (RMSE) of 50 W. Spe-
cialized application-aware models for dominant workloads (e.g.,
Chroma, VASP) further reduce prediction error by up to 48%
compared to generic models, while combining DCGM metrics
with historical power data improves accuracy by up to 15.8%
over power-only models with negligible inference latency. Our
framework provides a scalable building block for dynamic power
management systems that allow the hardware-overprovisioned
systems to reclaim performance otherwise lost to static power
caps.

Index Terms—HPC power consumption, GPU power predic-
tion, machine learning

I. INTRODUCTION

With data center power usage projected to rise sharply in the
coming years [1], HPC centers are increasingly compelled to
operate under strict power limits. To sustain improvements in
system throughput under these constraints, centers are adopt-
ing the hardware-overprovisioned system model [2], where the
aggregate peak power of the hardware intentionally exceeds
the site’s available power capacity.

In hardware-overprovisioned systems, Dynamic Power
Management (DPM) is crucial: by quickly directing power to
where it is most needed, it maximizes system throughput while
staying within the power limit. DPM has proven effective on
CPU systems, for example, PowerSched [3] reduces power
consumption of the Hawk [4] cluster by 20% with no perfor-
mance loss [5]. However, GPU-accelerated systems have yet
to see documented production-scale DPM deployment despite
their dominance in HPC power consumption. This motivates
the need for methods that can support future real-time power-
aware control, including frameworks for fast and accurate
prediction of dynamic power usage.

Prior work often formulates power consumption prediction
as estimating aggregated metrics such as average or peak
power before job execution [6], [7]. While these approaches
offer improvements over imposing a system-wide, uniform
power limit, they fail to capture fine-grained runtime power
dynamics and consequently oversimplify the highly variable

power consumption patterns of HPC workloads [8], [9]. Previ-
ous attempts at fine-grained power prediction, while advancing
the state-of-the-art [10], [11], often rely on complex, deep-
stack telemetry or are not validated against the highly diverse
scientific workloads found in production HPC environments,
making them infeasible for real-time deployment. To address
this critical gap, we propose a machine learning (ML) pre-
diction framework that performs short-term (e.g., 10 to 30
seconds) per-GPU power consumption predictions. We train
and evaluate prediction models using a month-long production
telemetry dataset from Perlmutter [12], an HPE Cray EX
system based on NVIDIA A100 GPUs at the National Energy
Research Scientific Computing Center (NERSC). Our main
contributions are as follows:

• We develop an ML-based approach for runtime GPU
power prediction designed for real-time deployment, us-
ing only lightweight, always-on telemetry collected via
NVIDIA Data Center GPU Manager (DCGM) [13].

• We provide a generic model training approach, us-
ing application-agnostic telemetry data to predict future
power consumption for arbitrary applications, achieving
an average Root Mean Squared Error (RMSE) of 50 W
across different application categories.

• We introduce an application-specific model training
methodology, further reducing prediction error by up to
48% compared to generic models, using isolated teleme-
try datasets across five production HPC applications,
Chroma, VASP, E3SM, ATLAS, and Espresso, which
collectively account for over one-third of Perlmutter’s
total GPU time [14].

• We demonstrate that incorporating DCGM metrics, be-
yond historical power consumption alone, improves
power prediction accuracy, achieving up to a 15.8%
reduction in RMSE over power-only models.

Utilizing standard NVIDIA DCGM metrics, our method is
readily applicable to all NVIDIA GPU systems and can be
extended to other vendors’ GPUs where lightweight activity
metrics are available. With negligible inference latency and
reliance on lightweight telemetry, our method is well-suited
for real-time deployment and provides a key building block
for DPM on hardware-overprovisioned systems.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work and highlights how our approach
differs. Section III describes the data collection process and



analysis, followed by a description of our methodology in
Section IV. Section V presents the evaluation results, and
Section VI discusses future directions for further enhancing
our prediction framework. Finally, Section VII concludes the
paper.

II. RELATED WORK

A substantial body of prior work has addressed power opti-
mization across the HPC system stack, beginning with coarse-
grained, system-level modeling that estimates average or peak
job power for capacity planning and resource provisioning
[7], [15]. In production environments, power management is
typically enforced through static mechanisms such as uniform
power capping or Dynamic Voltage and Frequency Scaling
(DVFS), often at the cost of reduced performance. Several
large HPC centers have explored these approaches to stay
within prescribed power budgets and to understand their
system-wide performance impact. For example, CINES (the
National Computer Center for Higher Education in France)
reduced GPU frequencies on Adastra from 1.7 GHz to 1.5
GHz [16] to lower power consumption. The Flatiron Insti-
tute [17] has experimented with reducing peak GPU power
in one of its clusters from 400 W per GPU to 225 W.
Similarly, system-wide power-capping experiments have been
conducted on MIT’s Supercloud HPC system, where GPUs
were limited to 60% of their maximum power [18]. While
effective at constraining total power usage, these system-level,
static policies do not adapt to workload dynamics and therefore
cannot optimize performance under a fixed power envelope.

More recent application-aware efforts improve upon uni-
form power capping by tailoring power limits to individual
jobs, but they largely remain static in nature and focus on
predicting aggregate metrics such as mean or maximum job
power rather than runtime behavior [6], [7]. As a result, they
still leave performance headroom unexploited, particularly
during phases where jobs operate below their allocated power
budget. Studies on leadership-scale systems such as Summit
[19] and Polaris [20], provide valuable insights into cluster-
or job-level power characteristics, yet they do not capture the
fine-grained power fluctuations required for effective DPM.
These limitations highlight the need for accurate runtime
power prediction to enable dynamic, application-aware power
management in modern HPC systems.

To capture the complex dynamics of GPU-accelerated work-
loads, recent work has advanced fine-grained, telemetry-based
prediction frameworks. These models enable application-
aware power management by utilizing low-level data, involv-
ing complex techniques like Graph Neural Networks (GNN)
[10], employing adaptive incremental learning [21], ensemble
methods [22], or leveraging architectural performance coun-
ters to forecast unseen workloads [11], [23], [24]. Despite
these significant advances, the complexity and variability of
production workloads introduce high prediction error, which
has prevented these methods from being widely integrated into
production DPM systems.

We present an ML-based, runtime GPU power prediction
framework, designed with real-time deployment constraints in
mind, using standard NVIDIA DCGM telemetry, eliminating
the need for intrusive profiling or application-specific probes.
Trained on a month-long production dataset, our generic pre-
dictor achieves an average RMSE of 50 W. Application-aware
variants—distinguished only by their training dataset—further
reduce error by 48% over the generic models. We also demon-
strate that incorporating DCGM metrics beyond historical
power usage reduces prediction error by up to 15.8% com-
pared to power-only models. By leveraging standard DCGM
metrics and a negligible inference latency of just 3 µs, this
framework provides a robust building block for dynamic power
management that allows hardware-overprovisioned systems to
maximize throughput while maintaining sustainable operation.

III. DATA COLLECTION AND ANALYSIS

A. Perlmutter System Architecture

This work was performed on the Perlmutter [12] supercom-
puter at NERSC, a heterogeneous HPE Cray Shasta system
comprising 1,792 GPU-accelerated nodes and 3,072 CPU-only
nodes. Each GPU-accelerated node includes one AMD EPYC
7763 “Milan” processor, 256 GB of DDR4 memory, four
NVIDIA A100 Tensor Core GPUs, and four HPE Slingshot 11
“Cassini” NICs. Each A100 GPU offers peak performance
of 9.7 TFLOPS (FP64) and 19.5 TFLOPS (FP64 tensor
operations), with 40 GB of HBM2 memory and 1.5 TB/s
peak bandwidth. Among the GPU-accelerated nodes, 256 have
80 GB of HBM, while 1,536 have 40 GB.

The estimated Thermal Design Power (TDP) of a 40 GB
GPU node is 2,350 W, accounting for 280 W for the CPU,
400 W per GPU, and roughly 470 W (20%) for peripherals
including memory and NICs. Perlmutter uses Slurm as its
batch system. Additional details are available online [12].

B. DCGM Telemetry Data

NVIDIA DCGM provides a rich set of lightweight
GPU metrics, enabling always-on, system-wide monitor-
ing. On Perlmutter, Lightweight Distributed Metric Service
(LDMS) [25] runs the DCGM sampler at 10-second intervals
on all GPU nodes, forwarding the collected data to the
database server via the Kafka bus [26]. This data can be
accessed either by querying the backend database or subscrib-
ing to Kafka bus through Redfish [27] endpoints for reduced
overhead and scalability. While real-time deployments can use
Kafka subscriptions to minimize overhead, in this work, we
rely on the backend database. The DCGM metrics capture
GPU functional unit activities, including FLOPS, memory, and
communication operations. Table I lists the metrics used in our
prediction models.

C. Slurm Job Submission Data

Perlmutter utilizes Slurm as its batch system. We accessed
comprehensive job data, including job name, ID, node count,
allocated node IDs, start/end times, duration, and the submit

https://www.amd.com/en/products/cpu/amd-epyc-7763
https://www.amd.com/en/products/cpu/amd-epyc-7763
https://www.nvidia.com/en-us/data-center/a100/
https://www.hpe.com/us/en/compute/hpc/slingshot-interconnect.html
https://www.hpe.com/us/en/compute/hpc/slingshot-interconnect.html


TABLE I: List of collected DCGM metrics. For simplic-
ity, the common prefixes like DCGM FI PROF PIPE and
DCGM FI DEV are omitted from the metric names.

Metric Description

fp16 active Ratio of cycles the FP16 pipe is active
(excluding HMMA).

fp32 active Ratio of cycles FP32 pipe is active.
fp64 active Ratio of cycles FP64 pipe is active.
gpu utilization GPU utilization (percentage of active

processing time).
gr engine active Ratio of cycles Graphics/Compute

Engine is active.
nvlink rx bytes Total active NVLink receive (RX) bytes.
nvlink tx bytes Total active NVLink transmit (TX) bytes.
pcie rx bytes Active PCIe receive (RX) bytes (Host

→ Device).
pcie tx bytes Active PCIe transmit (TX) bytes

(Device → Host).
sm active Ratio of cycles at least one warp was

scheduled on the Streaming
Multiprocessor (SM).

sm occupancy SM occupancy (average ratio of active
warps to max warps).

tensor active Ratio of cycles Tensor pipe is active
(IMMA, HMMA, or DFMA).

tensor hmma active Ratio of cycles Tensor HMMA pipe is
active.

dram active Ratio of cycles DRAM memory
controller is active.

mem copy utilization Memory Copy Engine utilization:
percentage of time the engine was
active during the sampling period.

memory temperature Device memory temperature (◦C).
fb free Free frame buffer memory (MiB).
fb used Used frame buffer memory (MiB).
gpu temperature GPU temperature (◦C)
power usage GPU power consumption (Watts)

TABLE II: Summary of application-agnostic and application-
specific DCGM telemetry datasets.

Dataset # Jobs # Rows

App-Agnostic – 21,536,280
Chroma 155 73,992,225
VASP 33,773 39,553,021
E3SM 504 25,117,066
ATLAS 574 8,281,380
Espresso 477 3,726,367

line (identifying the executed application binaries), directly
from the Slurm accounting logs using sacct [28].

“sacct -o submitline” command returns srun com-
mand lines, from which we extract the executable names. We
further map executable names to application names using exact
or near-exact regex matching. For example, for the VASP
application, we matched 33,773 jobs, which consist only of
executable names vasp_gam, vasp_ncl, or vasp_std.
We perform labeling as post-processing, but for the real-
time deployment, the same lightweight parsing can be done
immediately after job submission.

D. Dataset Curation for Time Series Prediction

To train time series prediction models, we prepare six
datasets collected in March 2025 on the Perlmutter supercom-
puter, as listed in Table II. The first dataset, app-agnostic,
refers to the one-day-long DCGM telemetry dataset collected
over 700 GPU nodes on the Perlmutter system without any
job or application information included. The remaining five
datasets are application-specific for Chroma [29], VASP [30],
[31], ATLAS [32], E3SM [33], [34], and Espresso [35].
Figure 1 illustrates our data pipeline, which consists of three
main stages: (1) preprocessing, where we clean and filter
the raw DCGM and Slurm datasets, (2) merging, where we
join DCGM telemetry with Slurm job records to incorporate
job-level information; and (3) splitting, where we partition
the merged dataset into distinct application categories. In
the preprocessing stage, we filter out DCGM measurements
that fall outside valid metric ranges, remove jobs with more
than 10% missing data, and apply linear interpolation to fill
remaining gaps. For Slurm data, we retain jobs submitted to
the regular and premium GPU queues only, excluding those
from shared or interactive queues. To construct application-
specific telemetry datasets, we merge the DCGM and Slurm
records using the Slurm job metadata, which includes job start
and end timestamps and the list of allocated nodes. Finally,
we divide the merged dataset into application categories, pro-
ducing inputs suitable for model training. VASP ranks among
the most widely used applications on Perlmutter [14] and has
the highest job submission count within our selected set. In
contrast, Chroma and E3SM include fewer job submissions
but have a large dataset of roughly 73 and 25 million rows,
respectively. This stems from the large node allocations per job
for Chroma and E3SM. ATLAS and Espresso also provide
sizable datasets, though smaller than the other application
datasets. For application-specific datasets, we use a strict job-
level temporal split (single split): jobs with both start and end
times before March 24 are used for training, and jobs with both
start and end times on/after March 24 are used for testing; jobs
spanning the cutoff are discarded. Finally, we store the datasets
in a tabular format such that each row is identified by the
corresponding timestamp, node ID, GPU ID for app-agnostic
datasets, and additionally with job ID for application-specific
datasets.

SLURM Data

- job_id

- start time 

- end time

- allocated nodes

DCGM Telemetry 

Data

- node_id

- gpu_id

- timestamp

- dcgm metrics

Merge

Merged Data

- job_id

- gpu_id

- node_id

- timestamp

- dcgm metrics

Preprocess

Split to 

Apps

VASP

E3SM

ATLAS

Espresso

Preprocess

  App-Agnostic

Chroma

Fig. 1: An illustration of our data preprocessing pipeline, sum-
marizing the steps from the raw DCGM and Slurm datasets
to the final processed datasets.



Fig. 2: GPU power consumption distributions for train and test
splits across five application datasets.

E. Data Analysis

To understand the overall trends and distribution characteris-
tics of the application datasets, we perform a data analysis that
highlights both the general patterns and the unique behaviors
exhibited by each application.
Power Distributions. We provide per-GPU power distribu-
tions for each dataset to identify the dense regions for power
measurements across different applications. Figure 2 shows
the distributions of application datasets for both train and
test splits. The power distributions for Chroma, VASP, and
Espresso are dominated by lower power values, with 80% of
power measurements remaining below 200 W, which corre-
sponds to half of the 400 W TDP of NVIDIA A100 GPUs. In
contrast, the power data for E3SM and ATLAS span a wider
range of the GPU power domain and exhibit a bimodal pattern.
For E3SM, most measurements fall within the 100–150 W and
200–250 W intervals. For ATLAS, the majority of samples
are less than 150 W, and also the density is moderately
high in the power range 250-400 W. Although the training
and test distributions are generally similar across applications,
certain differences are observed. For instance, ATLAS shows

noticeable differences in the proportion of high-power samples
(200 W and above) between the training and test sets, while
E3SM’s distribution differs in the 150–250 W range. These
variations highlight the importance of collecting datasets that
span sufficiently long time periods, emphasizing that both
large volumes of data and diverse samples are essential to
capture the full range of HPC application behaviors.
Job Size Distribution. Analyzing the size of jobs is es-
sential for informing power management strategies in HPC
systems, as operators must focus on workloads that consume
a substantial fraction of system-level power. Large jobs, in
particular, dominate overall power usage and therefore serve as
key targets for effective power predictions. In this section, we
analyze our application datasets to characterize the distribution
of job sizes and the total node-hours they consume on the
Perlmutter system.

Figure 3 presents the distributions of total node-hours
grouped by the number of nodes allocated for job submis-
sions. We observe that E3SM jobs contribute the majority
of node-hours at the 512-node scale, reflecting their tendency
toward large, system-spanning allocations. For Chroma, most
of the node-hours are spent by large jobs allocating 256 or
more nodes. Similarly, ATLAS shows substantial node-hour
contributions from jobs allocating 64, 256, and 512 nodes. In
contrast, VASP exhibits a smaller scale of parallelism, with
jobs allocating at most 150 nodes and the bulk of node-
hours arising from jobs using four or fewer nodes. Espresso
jobs primarily allocate 8 or 16 nodes, representing small-sized
workloads relative to the other applications.
Temporal Power Consumption Analysis. Prediction of
power consumption is a fundamentally challenging task when
temporal fluctuations are observed. We analyze the temporal
characteristics of power consumption to assess the predictabil-
ity of power across different applications. We first look at
the average of the differences of power consumption with
the Mean Absolute Power Change (MAPC) metric defined as
follows:

MAPC =
1

n− 1

n−1∑
t=1

|Pt+1 − Pt| (1)

where n is the total number of power measurements, Pt and
Pt+1 are the per-GPU power consumption at time t and t+1,
respectively. Figure 4 shows the MAPC values of applications.
E3SM has the highest MAPC with 53 W, followed by Chroma
and VASP with 29 W. ATLAS and Espresso show relatively
lower variability with 27 and 21 W MAPC, respectively.

The above analysis highlights substantial heterogeneity in
GPU power behavior across applications, job sizes, and run-
time, underscoring the need for prediction models that capture
both temporal dynamics and application-specific characteris-
tics. Motivated by these observations, we next describe our
machine learning methodology for GPU power prediction.

IV. METHODOLOGY

To perform forecasts by capturing the complex temporal
patterns in time-series data, ML methods provide promising
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Fig. 3: Total node hours grouped by number of allocated nodes
across application datasets.

solutions. In this section, we describe our ML-based approach
and the formulation of the power prediction problem.

A. Background

Recurrent Neural Network (RNN) architectures are specif-
ically designed for time-series prediction by incorporating
feedback loops to utilize past data for future predictions [36].
A common issue with RNNs is the vanishing gradient problem,
where gradients’ magnitude decreases exponentially as they
are backpropagated through time, making it difficult for the
model to learn long-range dependencies [37]. In this study, we
utilize Long Short-Term Memory (LSTM) [38] architecture,
which includes a gating mechanism to control information flow
and achieve better performance than vanilla RNNs. LSTMs
introduce memory cells that replace each recurrent node in
RNNs. Each memory cell stores an internal state and uses
three multiplicative gates to regulate information flow [39].

Chroma VASP E3SM ATLAS Espresso
Application

0

20

40

60

M
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C
 (W
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Fig. 4: Mean Absolute Power Change (MAPC) across all
applications, showing the average fluctuation over consecutive
power consumption measurements.

The input gate, it, controls how new inputs influence the
internal state, the forget gate [40], ft, determines how much
of the existing state is kept or discarded, and the output gate,
ot, determines how the internal state contributes to the cell’s
output.

Subsequent developments include the Bi-directional LSTM
and Stacked LSTM [41], to further enhance prediction perfor-
mance, and the simpler GRU (Gated Recurrent Unit) model
with reduced parameter count and faster training [42]. More re-
cently, the transformer model [43] introduced the self-attention
mechanism, revolutionizing deep learning and fostering the
widespread integration of attention mechanisms across various
neural network architectures. These models exhibit robust data
analysis and strong feature extraction abilities and are the
backbone of large language models (LLMs), but they can
increase drastically in the number of parameters and may
require large amounts of data. To keep both the model and
training lightweight, here we focus on LSTMs.

B. Problem Formulation

We formulate the time series prediction problem by a
prediction model f that takes a history window of length S
and predicts a horizon of length H as follows:

ŷt+H , . . . , ŷt+1 = f(XN
t , XN

t−1, . . . , X
N
t−S ; θ), (2)

where t represents the current time-step, θ refers to model
parameters, XN

t is the input data for time step t with N fea-
tures, and ŷ denotes the predictions. Our feature set includes
the DCGM metrics that encapsulate power consumption, as
previously listed in Table I, to predict the future GPU power
consumption. Figure 5 illustrates the prediction task we formu-
late for GPU power prediction. We emphasize that the model
produces predictions for a single GPU.

C. Model Training and Implementation

Our training approach is structured along two dimensions:
1) univariate or multivariate,
2) application-specific or generic.

Figure 6 illustrates our model training and evaluation pipeline
based on these design choices. We develop, train, and compare
models using only univariate power consumption data with
models trained on the full set of DCGM features, including
power. This approach allows us to assess the contribution
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Fig. 5: An illustration of GPU power prediction by the pre-
diction model f , over a prediction horizon H , using features
of size N ×S, where N is the number of DCGM metrics and
S is the past window length.

of additional DCGM metrics to forecasting future power
consumption.

Our use of application-specific datasets is motivated by the
hypothesis that models trained on isolated datasets can better
learn application-specific patterns of the target applications
than generic models trained on diverse application-agnostic
data. To evaluate this hypothesis, we train six models: one
generic model using the application-agnostic dataset and five
application-specific models using the corresponding applica-
tion datasets. Each application-specific model is evaluated on
its respective test set. For the generic model, we assess its
performance by testing it on the five application test sets,
enabling a direct comparison with the application-specific
models across all applications.

For the experimental setup, we set the prediction horizon
to H = 3, providing multi-step predictions over a 30-second
window with 10-second granularity. The input sequence length
is set to S = 12, utilizing the previous 2 minutes of data,
and we apply sliding windows with a stride equal to 1.
Our architecture consists of a stacked LSTM network with
5 layers of 512 hidden units each, implemented in PyTorch
2.9. To prevent overfitting, we apply a dropout rate of 0.2.
Optimization is performed using the Adam optimizer [44]
with Mean Squared Error (MSE) as the loss function. We
employ a ReduceLROnPlateau scheduler with an initial
learning rate of 0.001, a decay rate of 0.5, and a patience of
10 epochs. The model is trained for 50 epochs using a random
seed of 42 for reproducibility. We reserve the final 20% of the
training data for validation to perform model selection based
on the lowest validation loss. While these hyperparameters
were optimized for our specific dataset, they remain adaptable
to different system scales or workload characteristics.

D. Baseline Methods

In addition to the ML-based training approaches described
in the previous section, we compare our method against two
categories of baselines: static power estimation methods and
traditional time-series models for dynamic prediction. The
static baselines include oracle mean, an idealized predictor
that assumes the true average GPU power consumption of a
job is known in advance and predicts that value exactly, and

train mean, which generates constant application-level power
predictions by averaging GPU power consumption across the
training set for each application. For dynamic prediction,
we consider two time-series baselines: persistence, which
uses the most recently observed value as the forecast for
future timesteps, and a simple moving average (SMA), which
predicts using the mean of observations over a fixed historical
window. For SMA, we use a window length of 12 to match
the sequence length of our LSTM models.

V. EVALUATION

In this section, we evaluate our ML-based prediction frame-
work by comparing application-specific and generic models, as
well as models trained using univariate power data versus mul-
tivariate DCGM telemetry data. Beyond providing aggregated
accuracy metrics for evaluation and performance comparison
across models, we provide an analysis of prediction error
distributions and temporal prediction behavior in comparison
to the actual GPU power consumption.

A. Metrics

We evaluate our method using aggregated error metrics,
including Root Mean Squared Error (RMSE), Mean Absolute
Percentage Error (MAPE), and the regression score R2 defined
as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)
2
, (3)

MAPE =
100

n

n∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ , (4)

R2 = 1−
∑n

i=1 (yi − ŷi)
2∑n

i=1 (yi − ȳ)
2 , (5)

where yi and ŷi represent the actual and predicted GPU power
consumption of ith sample, respectively, and n denotes the
total number of prediction samples, ȳ denotes the average of
the actual power consumptions. RMSE is particularly informa-
tive because it penalizes larger prediction errors more heavily
than Mean Absolute Error (MAE), making it well-suited for
assessing deviations in power forecasts. On the other hand,
MAPE provides a percentage level error, useful for assessing
the prediction quality by providing a normalized metric. R2,
often referred to as the coefficient of determination, calculates
the proportion of variance in the actual GPU power consump-
tion that is explained by the prediction model, relative to a
constant mean predictor.

B. Generic and Application-Specific Model Performance

In production HPC environments, job submissions can typ-
ically be associated with particular applications through user-
provided job names or the executables invoked. This enables
power prediction frameworks to select between application-
specific models when application identity is known, and
generic models for cases where the application is not iden-
tifiable. Accordingly, our evaluation mirrors this usage such
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Fig. 6: Model training and evaluation procedure. We train generic and application-specific models with single-feature (power)
and multi-feature input. The performance is evaluated on test data from five different production workloads.

that application-specific models are tested on their respective
application test sets, whereas the generic model is evaluated
on all test sets to provide a consistent basis for comparison.

Figure 7 summarizes the performance of different model
configurations across the three evaluation metrics. Models
trained with the full feature set are shown in blue, while
univariate power-only models are shown in green. Darker
shades indicate application-specific models, whereas lighter
shades denote generic models. Overall, application-specific
models achieve the best performance across all metrics and
consistently outperform generic models that use the same fea-
ture set. Comparing RMSE between application-specific and
corresponding generic models for each application, we observe
substantial accuracy gains. For Chroma, the RMSE is reduced
by 48% compared to generic models, decreasing from 54.46 W
to 28.22 W. Significant improvements are also observed for
VASP, E3SM, and ATLAS, with RMSE reductions of 10.3%,
12%, and 12.5%, respectively. In contrast, Espresso shows no
meaningful improvement. We attribute this to the relatively
small dataset available for Espresso, as previously shown in
Table II. A similar trend is observed for R2, where application-
specific models exhibit notable gains, with improvements of

up to 0.52 compared to generic models.

C. Comparison to Baseline Methods

Figure 7 shows the performance of static and dynamic base-
line methods (last 4 red and orange bars in each panel). The
static train mean predictor, which uses the training-set mean
power, consistently performs worst across applications. This
mirrors conventional static approaches, such as nvidia-smi’s
power-profiles [45], which estimate power from application
identity rather than runtime behavior. Its limitations are most
pronounced when training and test power distributions differ
(Figure 2), with RMSE exceeding 80 W. The oracle mean
predictor, which assumes perfect knowledge of the test-set
mean, performs better as expected. Yet, our application-
specific runtime power models outperform oracle mean for
most workloads, especially those with substantial temporal
fluctuations, demonstrating the advantage of dynamic, fine-
grained prediction. The gap is smaller for applications like
Espresso and ATLAS, whose power is relatively flat (Figure 4),
making mean-based estimates more effective.

Among the dynamic baselines, SMA provides a stronger
point of comparison than the static predictors, indicating that
short-term temporal smoothing alone can already capture part

Fig. 7: Performance metrics for application-specific and generic models, using all DCGM features and only power, on test
datasets across applications. Note that lower RMSE and MAPE, and higher R2 imply better prediction performance.



of the local power dynamics. By contrast, the persistence
baseline performs poorly overall, suggesting that simply ex-
trapolating the most recent observation is insufficient to model
the fluctuations in GPU power. SMA yields performance
comparable to, and in some cases better than, the generic
models, suggesting that generic cross-application predictors
may not always exploit temporal structure more effectively
than a lightweight history-based heuristic. This observation
highlights the difficulty of learning broadly transferable power
models across diverse applications without application-specific
adaptation. At the same time, it reinforces our main re-
sult: once application-specific information is incorporated, the
learned models consistently surpass both static and time-series
baselines, including SMA. These results therefore suggest
that while simple temporal baselines can remain competitive
for generic prediction, application-specific learning is key to
achieving the best overall accuracy.

D. Contribution of DCGM Metrics on Model Performance

We further investigate the contribution of DCGM metrics
to power consumption prediction by comparing multivariate
models that incorporate the full set of DCGM features with
univariate models that use only historical power consumption
as input. This comparison isolates the extent to which addi-
tional telemetry improves predictive accuracy beyond what can
be learned from power history alone.

As shown in Figure 7, incorporating DCGM metrics yields
a considerable improvement in Chroma, with a 15.8% reduc-
tion in RMSE with respect to the power-only version of its
application-specific model. On the other hand, the performance
improvements for VASP and E3SM are modest, with 4% and
2.5%, respectively. Models that use all DCGM features provide
slightly worse results for ATLAS and Espresso. Our analysis of
temporal power characteristics shows that E3SM, Chroma, and
VASP exhibit the highest average power fluctuations between
consecutive time steps, as indicated by the highest MAPC
values among the five applications in Figure 4. These results
suggest that, for workloads where power dynamics are strongly
correlated with recent power history, univariate models may
already capture much of the predictive structure, whereas
multivariate telemetry offers additional value primarily for ap-
plications with more complex or variable behavior. In addition,
incorporating the full set of DCGM telemetry expands the
feature dimension from 1 to 20, substantially increasing the
complexity of the learning problem. Under such conditions,
ML models generally require larger training datasets to re-
liably learn meaningful patterns [46]. For applications with
comparatively limited data, such as Espresso and ATLAS, this
increased feature dimensionality may reduce the effectiveness
of multivariate models.

E. Error Analysis for Best Performing Models Across Appli-
cations

Model Performance Across Different Metrics. To compare
model performance across applications, we jointly examine

RMSE, R2, and MAPE, which provide complementary per-
spectives on prediction quality. RMSE, expressed in Watts,
offers an intuitive measure of absolute prediction error and
is lowest for Espresso, with an RMSE of 37 W. However,
because Espresso operates at a lower power range, mostly less
than 200 W, than the other applications (Figure 2), RMSE
alone does not fully capture relative prediction accuracy. In
contrast, MAPE normalizes the error by the ground-truth
power consumption, enabling a fairer comparison across ap-
plications with different power profiles. Under this metric,
ATLAS exhibits the best prediction accuracy with a 13%
MAPE, followed by Espresso with 17%. Looking at the R2

metric, the best models for each application have values
spanning between 0.47 and 0.81. We note that moderate R2

values do not necessarily indicate poor predictive performance
in time-series data with high intrinsic variability, where a large
fraction of the signal variance is inherently unpredictable [47].

Our results suggest that analyzing the predictions with
respect to various error metrics provides multiple perspectives
to assess the quality of forecasts for HPC applications. While
using metrics that provide errors in Watts can guide DPM
methods to take into account power emergencies, percentage-
based metrics give a general understanding of model prediction
quality with respect to the individual power consumption range
of applications.
Temporal Analysis of Predictions. As all the metrics agree,
E3SM stands out as the most challenging application to predict
future power consumption. Our earlier analysis of MAPC,
shown in Figure 4, shows that the temporal power consumption
characteristic of per-GPU power consumption in E3SM has the
highest average magnitude of fluctuations between consecutive
time-steps. Figure 8 presents representative timelines from
production runs, comparing actual GPU power consump-
tion with one-step-ahead predictions generated by the best-
performing model for each application. As shown in Figure 8a,
E3SM exhibits highly dynamic GPU power consumption,
rapidly fluctuating between 100 and 300 W with no obvious
repetitive patterns. Such volatility increases the difficulty of
accurate power prediction; nevertheless, when latent temporal
structure exists, LSTM models can still learn and exploit
application-specific power dynamics. In contrast, Figure 8b
illustrates a VASP workload whose GPU power varies within a
narrower range of approximately 100 to 200 W and displays a
more regular pattern. In this case, the prediction model closely
tracks the measured power consumption despite the ongoing
fluctuations. For the examples of Espresso and ATLAS shown
in Figure 8c and Figure 8d, the power consumption is mostly
steady, with rare spikes up to 300 W in Espresso.

To examine temporal prediction behavior in more detail, we
compare application-specific and generic models for Chroma
using the full set of multivariate DCGM features in Figure 9.
The application-specific model closely tracks the recurring
GPU power spikes exceeding 200 W, while the generic model
exhibits noticeable lag and larger absolute errors, as illustrated
in the lower panel of Figure 9.

Because our model predicts GPU power up to 30 seconds



into the future at a 10-second granularity (three prediction
steps), we analyze prediction accuracy at each step to assess
performance degradation over the prediction horizon. Fig-
ure 10 reports the RMSE for each prediction step across all five
applications. As expected, prediction error increases for later
steps; however, this increase remains bounded, with RMSE
rising by at most 10% from the first to the third step.

Our observations show that temporal power consumption
characteristics provide critical insight into the predictability of
future GPU power usage. While highly fluctuating workloads
are inherently more challenging to forecast, applications that
exhibit recurring temporal patterns remain predictable despite
significant power variability.
Analysis of Error Distributions. Beyond aggregated accuracy
metrics, we analyze the distribution of prediction errors to

provide a more transparent view of model reliability. Figure 11
shows the cumulative distribution functions (CDFs) of absolute
prediction errors across all applications, with the 75th and
90th percentiles indicated by yellow and red dashed lines,
respectively. This perspective enables DPM frameworks to
quantify the likelihood that prediction errors remain below
a given power threshold, expressed in Watts. Among the
evaluated workloads, E3SM exhibits the lowest prediction
reliability, with a 90th percentile error of 106 W, indicating
a non-negligible risk of large errors in approximately 10%
of predictions. In contrast, the remaining applications demon-
strate substantially higher predictability, with absolute errors
below 41 W in 75% of the predictions, and below 76 W in
90% of the predictions.

In addition to analyzing error distributions, we examine

(a) E3SM: highly dynamic power consumption fluctuating between
100 and 300 W.

(b) VASP: accurate prediction of repetitive power fluctuations be-
tween 100 and 200 W.

(c) Espresso: mostly stable power with occasional spikes up to
300 W.

(d) ATLAS: steady power behavior (120 –125 W) with prediction
error below 10 W.

Fig. 8: One-step-ahead GPU power predictions for four representative production HPC applications. Dashed red lines denote
model predictions, while solid blue lines indicate actual GPU power consumption. Each time step corresponds to a 10-second
interval.
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Fig. 10: RMSE of 1-, 2-, and 3-step ahead predictions of the
best models across applications.

how prediction errors vary across different power regimes by
computing RMSE separately for fixed intervals of actual GPU
power consumption. Figure 12 reports the RMSE for each
50 W power interval across all applications. In general, RMSE
increases at higher power levels, a trend that is expected and
does not significantly impact overall prediction accuracy be-
cause high-power intervals contain substantially fewer samples
than lower-power ranges (Figure 2). An exception is observed
for E3SM, where RMSE remains elevated in the 100–150 W
interval, despite this range containing a relatively large number
of samples. This behavior confirms that E3SM exhibits lower
prediction accuracy even in well-populated power regimes.

F. Feature Selection and Analysis

Our multivariate models use all DCGM features listed in
Table I. In addition to providing models that use all features
and only power, we conduct a feature-selection study to further
evaluate the accuracy with a limited set of features. We
use Pearson correlation to calculate the pairwise correlations
across all metrics, including power. We retain metrics with cor-
relation, |ρ| ≥ 0.3, to power, and for any pair with inter-feature
correlation |ρ| ≥ 0.8, we keep the metric with the highest cor-
relation to power. This yields feature sets of size 11/9/6/10/9
(including power) for Chroma/VASP/E3SM/ATLAS/Espresso.
The selected features correspond to expected drivers of power
(utilization/SM activity, memory activity). A detailed descrip-
tion of selected features and correlation matrices can be found
in appendix Section IX-A.

Training and evaluating models on selected features changes
RMSE by at most 0.8 W, indicating the LSTMs are largely
insensitive to redundant metrics. While reduced sets remain
an option to minimize overhead, using all features is practical
to avoid workload-specific tuning.

VI. DISCUSSION

A. Towards Production Deployment of Dynamic Power Man-
agement on Hardware-Overprovisioned Systems

In the exascale era, the gap between hardware’s theoretical
peak power and facility power budgets continues to grow,
necessitating hardware over-provisioning [2], [48], where total

Fig. 11: CDFs of absolute prediction error for the best-
performing models across applications.

TDP exceeds site capacity. Operating near physical limits
reduces safety margins, making precise control essential. Our
predictive framework is motivated by this setting: by fore-
casting power 30 seconds ahead, LSTM-based models could
enable a DPM system to apply caps only when needed, thereby
limiting performance loss while keeping total power draw
within site constraints.
End-to-End DPM Integration. Our method addresses prac-
tical deployment requirements by relying only on NVIDIA
DCGM telemetry on Perlmutter and a compact LSTM archi-
tecture. Relative to larger sequence models such as Transform-
ers, these models use far fewer parameters and support fast
inference, with an average model-only latency of about 3 µs
per prediction. Although a closed-loop DPM demonstration is
beyond the scope of this work, the predictor is intended as
a building block for such systems. A plausible deployment
strategy is a distributed design with node-local DPM agents
to avoid centralized bottlenecks. The measured runtime costs

Fig. 12: Prediction error (RMSE) by power range and for each
application.



on Perlmutter suggest that such a design is feasible: data
acquisition takes less than 50 µs for 20 DCGM metrics read
from Kafka, data preprocessing requires about 5 ms, inference
takes about 3 µs, and power enforcement completes in less than
0.1 s. Altogether, the end-to-end latency remains below one
second, well within the 10-second DCGM sampling interval.
Acceptable Prediction Error. Prediction quality must also
be evaluated in the context of the objective. Since acceptable
error depends on system- and site-level policy, we report both
error distributions and summary statistics. The error CDFs
in Figure 11 provide a way to estimate the probability of
exceeding a given power threshold, while RMSE captures the
penalty of large mispredictions. The predictor performs well
for many production workloads, achieving MAPE values of
10% for Chroma and 13% for ATLAS, though highly variable
workloads such as E3SM remain more challenging, with a
MAPE of 27%. In production HPC environments, both the mix
of deployed applications and the execution characteristics of
existing workloads may change over time. Such evolution can
reduce the accuracy of prediction models trained on historical
data. However, the lightweight nature of our approach makes
periodic retraining practical. Our model training experiments
are performed using a single GPU node on Perlmutter and
complete within at most ten hours for the largest datasets. As
a result, retraining does not impose significant overhead in
terms of either resource usage or training duration, enabling
models to be updated as workload characteristics evolve.

B. Limitations and Future Directions

Job-level Prediction and Accuracy Improvement. Our cur-
rent framework predicts runtime power usage for individual
GPUs. While these predictions are robust, there remains a
significant opportunity to further optimize accuracy. Since
the job is the fundamental unit for resource scheduling and
power management, a logical progression is to transition
from individual device modeling to predict the spatial average
power across all GPUs within a job allocation. By integrating
Slurm metadata, we can synchronize and aggregate concurrent
runtime data across a job’s GPU pool, effectively mitigating
device-level noise, as shown in the prior power analysis of
the E3SM code [49]. We anticipate that this shift toward job-
centric prediction will enhance the accuracy of our models.
Evaluation Across Architectures and AI Workloads. While
this study uses a production dataset from an NVIDIA A100
GPU-based system, a key strength of our approach is its
potential for cross-platform portability. The framework is
readily applicable to any NVIDIA GPU with DCGM metrics
and is expected to be straightforward to adapt to AMD (via
rocm-smi [50]) and Intel (via oneAPI/intel-gpu-tools [51])
GPUs, with the same data collection and model training
process. Our analysis focused on the most frequently used
applications in month-long production jobs and has not yet
been validated on emerging AI workloads. AI jobs can show
highly dynamic power behavior, including large fluctuations
during training [52], and recent studies have started exploring
GPU power capping for modern AI and LLM workloads [53].

Evaluating cross-vendor platform applicability, especially on
production systems dominated by AI workloads, is a primary
direction for future work.

VII. CONCLUSION

As HPC systems increasingly rely on GPUs to meet growing
computational demands, power availability has emerged as
a primary operational constraint. To maximize throughput
under strict power budgets, modern platforms often operate
in hardware-overprovisioned regimes, increasing the risk of
power excursions and underscoring the need for effective
dynamic power management (DPM).

In this work, we present an ML-based GPU power pre-
diction framework designed for production HPC workloads.
By capturing fine-grained temporal dynamics, the framework
delivers short-term, per-GPU forecasts suitable for real-time
DPM. Using a month-long production telemetry dataset for
evaluation, we demonstrate that while generic models trained
on application-agnostic DCGM telemetry achieve robust per-
formance with an average RMSE of 50 W, application-specific
models further reduce error by up to 48%. We also show
that incorporating DCGM metrics beyond historical power
consumption improves power prediction accuracy by up to
15.8% compared to the power-only models. The framework’s
practical utility is further highlighted by its negligible 3 µs
inference latency and reliance on lightweight, system-wide
telemetry, making it promising for production deployment.
Future work will focus on integrating these predictive models
into system management stacks, such as batch schedulers
and node-level power managers. Ultimately, this framework
offers a scalable path toward the sustainable operation of
overprovisioned systems, reclaiming performance otherwise
lost to rigid, static power caps.
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IX. APPENDIX

A. Correlation Analysis of DCGM Metrics

In this section, we provide additional details for the feature
selection and analysis conducted on 20 DCGM metrics for
each of the application datasets. Table III outlines the selected
features for each application according to the feature selection
methodology described in Section V-F. Figure 13 shows the
correlation matrices for each application, providing a detailed
view of pairwise feature correlations computed using Pearson
correlation.

TABLE III: Selected DCGM features per application after
correlation-based filtering.

Feature Chroma VASP E3SM ATLAS Espresso

fb free
fb used ✓ ✓
fp16 active
fp32 active ✓ ✓
fp64 active ✓
gpu utilization ✓ ✓ ✓ ✓
gr engine active ✓ ✓
nvlink rx bytes
nvlink tx bytes ✓
pcie rx bytes ✓ ✓
pcie tx bytes ✓ ✓
sm active ✓
sm occupancy ✓ ✓
tensor active ✓
tensor hmma active ✓ ✓
dram active ✓ ✓ ✓
gpu temp ✓ ✓ ✓ ✓ ✓
mem copy utilization ✓ ✓ ✓ ✓ ✓
memory temp ✓ ✓ ✓ ✓ ✓
power usage ✓ ✓ ✓ ✓ ✓



Fig. 13: Feature correlation matrices for each application.
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