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Abstract

Our study presents a benchmark of ten time-
series foundation models to quantify their ac-
curacy–energy trade-off in zero-shot forecasting.
Using an in-house and a public dataset (School
and MeteoSwiss; univariate and multivariate vari-
ants), a fixed sliding-window protocol (context
512, horizon 64), and dual energy instrumenta-
tion (external PDU and CodeCarbon), we report
sMAPE and NMAE accuracy metrics alongside
runtime, energy (Wh), and Energy per Billion
Parameters. Results show pronounced dataset de-
pendence in accuracy, while efficiency is primar-
ily architecture-driven: Chronos-Bolt achieves
consistently low energy and latency, TimesFM
attains the best MeteoSwiss accuracy at low en-
ergy cost, and Moirai-MoE exhibits substantially
higher energy expenditure for comparable errors.
This work informs decision-makers, developers,
and end-users about the energy requirements of
time-series foundation models and highlights the
importance of considering energy alongside accu-
racy when evaluating models for adoption, while
encouraging the systematic reporting of accu-
racy–energy trade-offs.

1. Introduction
Energy consumption has become a pivotal non-functional
attribute of modern software systems. Regardless of its exe-
cution environment, the energy consumed by an application
not only dictates components usage and operational costs,
but also impacts the environment. Consequently, measuring
the energy usage of software has emerged as a cornerstone
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of sustainability research, allowing for optimisations to be
applied after the collection of such measurements. More
specifically, the need for measurement has gained attention
as the use of generative Artificial Intelligence (AI) increases;
even when environmental impacts are not considered by the
decision-makers, the operational costs of serving chatbots or
other large AI models are directly linked to their energy con-
sumption (Samsi et al., 2023; International Energy Agency,
2025; Alzoubi & Mishra, 2024).

Software and AI workflows use diverse computational pat-
terns and resources (specialised accelerators, high data par-
allelism, memory intensity, communication-bound opera-
tions), bringing challenges to track their consumption (Tsc-
hand et al., 2025). Regarding AI workloads, the latter do
not consume the same amount of energy due to varying
characteristics, such as token length, batch size, hardware
configuration, GPU resource sharing strategies, vocabulary
sizes, and more (Samsi et al., 2023; Argerich & Patiño-
Martı́nez, 2024).

Measuring AI energy usage presents significant challenges.
Indeed, requests can be distributed in the cloud; mod-
ern infrastructure handles parallelised processes and multi-
threading, while underlying hardware is abstracted through
virtualisation. To quantify energy usage, three methods have
been identified according to Fischer et al. (Fischer, 2025):
(1) static approaches, assuming constant power draw; (2)
dynamic approaches, tracking compute utilisation through
code; (3) external approaches, taking measurements at the
power socket (Bouza et al., 2023). In addition, a fourth
method is the intra-node approach, which is more precise
but necessitates specific equipment, such as a Baseboard
Management Controller (BMC).

In dynamic approaches, software tools are explored by the
research community due to their real-time capabilities and
ease of integration. However, their measurements lack gran-
ularity due to restricted access to certain on-board compo-
nents or hardware subsystems. One of the most well-known
tools is CodeCarbon1, which is widely recognised as the
best tool to integrate into AI processes (Bouza et al., 2023;
Jay et al., 2023; Ludvigsen, 2025). Other alternatives are

1https://github.com/mlco2/codecarbon
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CarbonTracker (Anthony et al., 2020), Zeus (Chung et al.,
2025a), MLPerf power (Tschand et al., 2025), or Ecolog-
its (Rincé & Banse, 2025) or AI Energy Benchmarks (Neu-
ralWatt, 2025).

Alternate software tools exist for system-wide measure-
ments, also called software power meters: the most well-
known projects are Scaphandre2 and PowerAPI (Fieni et al.,
2024), as well as the Perf Linux utility (Jay et al., 2023),
all proposing different features. However, even if they can
measure specific processes and/or components, such tools
are less mature and precise than physical power meters. Be-
sides the most interesting energy assessment tools already
presented, a large variety of them have been released during
the last years (Boavizta, 2025).

Large Language Model (LLM) leaderboards focusing on en-
ergy usage are receiving increasing interest, ranking models
solely on their energy efficiency. The AI Energy score cov-
ers multiple tasks on three different GPUs capacities (Luc-
cioni et al., 2025), while ML.ENERGY provides more de-
tails on tested LLMs but with a more restricted model selec-
tion (Chung et al., 2025b;a). However, such leaderboards for
time series foundation models are not yet available. There-
fore, the objective of our study is to propose an initial mile-
stone to rank such models while taking their energy con-
sumption into account. Consequently, we formulate two
Research Questions (RQs): (RQ1) What is the energy con-
sumption of time-series forecasting models?; and (RQ2)
What is the trade-off between energy consumption and pre-
dictive performance?

Answering those questions would help practitioners be more
mindful when it comes to using foundation models. Indeed,
since such models show competitive performance compared
to many traditional and deep learning methods, their usage
could become more popular. Additionally, energy consump-
tion is a concern for many; therefore, ranking those models
with non-functional attributes, such as their energy impact,
is meaningful.

The following Sections of this article follow the traditional
scientific method. First, we present the method in Section 2,
which details the datasets, models, experiments, and metrics.
Then, results are presented in Section 3, discussed in Sec-
tion 4 and concluded in Section 5, where limitations, ethics
and further improvements are proposed.

2. Method
The goal of this work is to assess the energy consumption
of modern and well-established foundation models for time
series forecasting in relation to their predictive accuracy.
The following Subsections present a benchmarking method-

2https://github.com/hubblo-org/scaphandre

Table 1. Characteristics of the School and MeteoSwiss datasets
and their variants.

Multivariate Univariate

School

# Input Features 8 8 / 1
# Target features 8 (all buildings) 1 (single building)
Resolution 1 h 1 h
# Time steps 11,664 11,664

MeteoSwiss

# Features 8 8 / 1
# Target features 8 (all variables) 1 (temperature)
Resolution 10 min 10 min
# Time steps 105,264 105,264

ology designed to ensure fair and reproducible comparisons.
We first describe the datasets and models considered, then
introduce the experimental framework used to obtain consis-
tent energy measurements, and finally detail the evaluation
metrics employed in this study.

2.1. Datasets

In line with the study conducted in (Montet et al., 2025),
we focus on one in-house dataset and one public dataset,
referred to as School and MeteoSwiss respectively.

The School dataset reports hourly electricity consumption
from eight buildings at our engineering school in Fribourg,
Switzerland. The MeteoSwiss dataset provides meteorologi-
cal observations from the Fribourg / Grangeneuve location
at a 10-minute resolution, including variables such as atmo-
spheric pressure, wind speed, and humidity (Federal Office
of Meteorology and Climatology, 2026).

Table 1 summarises the main characteristics of these datasets
and their two variants: the original multivariate version and
a derived univariate version. Since some of the models con-
sidered in this study (see Subsection 2.2) are restricted to
univariate forecasting and therefore process each compo-
nent independently, these dataset variants enable a fairer
comparison across models.

In contrast to our previous work, we restrict this study to
only two datasets. This choice is motivated by our pri-
mary objective, which is to analyse and compare the energy
consumption of different forecasting models rather than to
evaluate predictive performance across a large collection of
datasets.
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Table 2. Overview of the models compared in the benchmark.

Model Pred.
Type

#
Param.

Chronos Tiny (Ansari et al., 2024) Uni. 8M
Chronos Large (Ansari et al., 2024) Uni. 710M
Chronos Bolt Tiny (Ansari et al., 2024) Uni. 9M
Chronos Bolt Base (Ansari et al., 2024) Uni. 205M
Chronos 2 (Ansari et al., 2025) Multi. 120M
Moirai Small (Woo et al., 2024) Multi. 14M
Moirai Large (Woo et al., 2024) Multi. 311M
Moirai-MoE Small (Liu et al., 2024) Multi. 117M
Moirai-MoE Base (Liu et al., 2024) Multi. 935M
TimesFM 2.0 (Das et al., 2024) Uni. 500M

2.2. Foundation Models

Table 2 presents foundation models we consider in our
benchmark. The ten selected models exhibit diverse char-
acteristics: some support multivariate data (Multi.), while
others are designed for univariate series (Uni.). Further-
more, model complexity varies significantly, with parameter
counts spanning two orders of magnitude.

2.3. Experimental Framework

To conduct our measurements and benchmark, we rely on
our in-house library FoMoTSF (Pasquier et al., 2026), which
we extended to support on-the-fly energy consumption mea-
surements. This library enables a fair and reproducible
evaluation benchmark across different models, datasets, and
configurations.

2.3.1. ENERGY CONSUMPTION MEASUREMENT

Two energy measurement approaches, external and dynamic,
have been implemented into our experimental framework.
This selection allows the obtained measurements to be cross-
validated by comparing their values while observing their
variations due to their different considered scopes. Both
approaches are wrapped around the models benchmarking
phase only, excluding preparation and processing steps.

The external approach relies on a Power Distribution Unit
(PDU) with network connectivity, allowing real-time power
data to be synchronously collected by a daemon probing the
machine power drainage. The dynamic approach integrates
the CodeCarbon library, configured in its machine tracking
mode, to approximate total system energy consumption.
This setup enables a direct comparison with the external
measurement approach.

Both approaches collect the energy consumed for the bench-
mark, granularly to each configuration (model, dataset), at a
fixed rate of 0.5Hz, to avoid reading saturation of the PDU.

This integration provides three metrics related to energy con-
sumption, which are: (1) the Wh measured by CodeCarbon,
(2) the Wh measured on the PDU during the evaluation
process, and (3) the overall evaluation time.

2.3.2. ARCHITECTURE

Experiments were conducted on a server-configured work-
station powered by an NVIDIA RTX 6000 Blackwell Max-
Q GPU (96 GB VRAM, 300 W power limit), an Intel Core
i7-9700K CPU, and 32 GB of RAM. No cooling is provided
except for built-in fans, and the power supply is connected
directly to a datacenter-grade PDU3. The system runs on
Ubuntu 24.04.3 LTS.

2.3.3. EVALUATION PROTOCOL

For evaluation, we adopt a sliding-window sampling strat-
egy with a fixed stride of 16 to generate multiple input–target
pairs from each time series dataset. The chosen stride value
allows us to obtain a sufficient amount of pairs for both
datasets. These samples are then fed to the foundation mod-
els to perform zero-shot forecasting. Figure 1 illustrates this
sampling procedure.

Figure 1. Sliding window sampling on the time series dataset. Each
sample includes an input (context) and a target (ground truth for
the prediction horizon).

Throughout all experiments, we systematically use an in-
put length of 512 time steps and require the models to
predict a forecasting horizon of 64 time steps. Models
that support only univariate forecasting use the target vari-
able alone as input when applied to univariate datasets,
whereas multivariate-capable models systematically lever-
age all available variables to generate their predictions.

Regarding batch size during evaluation, we select the largest
value that fits within the available GPU memory in order
to maximise VRAM utilisation. However, given the 96 GB
of VRAM available on our machine, some smaller models
cannot fully saturate the GPU even at the maximum feasible
batch size. Consequently, the GPU may not be fully utilised
in these experiments.

3https://www.rnx.ch/e3meter/smart
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2.4. Evaluation Metrics

In order to report model accuracy on both uni- and multi-
variate time series, we use scale-independent metrics such
as sMAPE and NMAE instead of traditional metrics like
MSE or MAE.

sMAPE (Symmetric Mean Absolute Percentage Error) eval-
uates the relative error as a percentage, symmetrically pe-
nalising over- and under-predictions. NMAE (Normalised
Mean Absolute Error) expresses the total absolute error
relative to the total magnitude of the true values.

For multivariate forecasting, metrics are computed per com-
ponent and averaged to yield a single aggregated perfor-
mance score across all target variables.

We also report the execution time (in seconds) and the total
energy consumption (in Wh) for each model and dataset
pair. To relate the energy cost of a model to its architec-
tural complexity, we introduce the EBP (Energy per Billion
Parameters) metric, which normalises the measured energy
consumption E by the number of trainable model parame-
ters P . EBP is computed as shown in Equation (1).

EBP = E × 109

P
(1)

Together, these metrics capture predictive accuracy, compu-
tational efficiency, and energy efficiency, enabling a compre-
hensive comparison of forecasting models under practical
constraints.

3. Results
This Section presents the results of the experiments as de-
scribed above. We first compare the forecasting accuracy
of the foundation models across the four datasets. We then
report resource usage in terms of inference time, energy
consumption, and the EBP metric. Finally, we analyse trade-
offs between forecasting accuracy and energy consumption,
inference time, as well as differences between CodeCarbon
and PDU measurements on the MeteoSwiss-Uni dataset.

3.1. Forecasting Accuracy

Table 3 reports the forecasting errors of all foundation mod-
els across all datasets, measured using sMAPE and NMAE
metrics. Chronos-Bolt Base and Chronos Large achieve the
best performance on the School dataset, while TimesFM ex-
hibits the lowest errors on the MeteoSwiss datasets. In con-
trast, the smaller variants of Moirai, Moirai-MoE (Mixture
of Experts) and Chronos exhibit the weakest performance,
consistently ranking last across datasets.

Overall, the newer Chronos model family, such as Chronos
Large and Chronos Bolt Base, consistently ranks among

the top performers, often appearing as the best or second-
best option. These results further highlight the influence
of dataset characteristics on model performance, indicating
that no single model really dominates across all datasets.

3.2. Resource Usage

Table 4 summarises the results obtained in terms of resource
usage. The total time taken for the entire benchmark is
indicated, alongside the energy it consumed and the EBP
metric. The Chronos Bolt models in both sizes often outper-
form the others: they are among the fastest models while
being fairly energy-efficient. Non-MoE Moirai models also
present significant efficiencies. In contrast to the accuracy
performances shown in Table 3, dataset characteristics do
not influence results, with similarities found across datasets
regardless of their size or dimensionality.

The total evaluation time varies significantly, both across
models and across datasets. Some models take much more
time compared to others, especially the Moirai ones. The
Moirai-MoE models demonstrate the highest latency, cer-
tainly due to their specific architecture and the way their
implementation handles inference. As for datasets, the dif-
ferences between univariate and multivariate versions de-
pend on the model, but this gap turns out to be negligible if
Moirai or Chronos 2 models are used. However, the total
evaluation time does not linearly fit the dataset sizes; de-
spite the MeteoSwiss dataset being 10 times bigger than the
School one, its total evaluation time is rather around 9 to 54
times longer.

The amount of energy used is sometimes correlated with
the model sizes, but not systematically: indeed, compara-
ble models such as Chronos Large & Moirai-MoE Base or
Chronos Tiny & Chronos Bolt Tiny do not consume the
same amount of energy, with the latter reflecting a gap of
one order of magnitude on the MeteoSwiss multivariate
dataset. This gap is highlighted by the EBP metric, which
shows a high variability of values. As for the model flavours,
such as small and large variations, the amount of energy sig-
nificantly raise with larger variations, except for the Chronos
Bolt family.

3.3. Accuracy–Energy Trade-off

Figure 2 illustrates the trade-off between the energy con-
sumption measured by the PDU (Wh) and the forecasting
error (NMAE). The scatter plot shows that most foundation
models form a cluster around an NMAE of ∼ 0.65 with an
energy consumption below 5 Wh, indicating a favourable
balance between accuracy and efficiency. TimesFM stands
out with the lowest NMAE while maintaining a similarly
low energy footprint. In contrast, although Moirai-MoE
Base achieves the second-best forecasting accuracy, its eval-
uation incurs a substantially higher energy cost, reaching

4
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Table 3. Forecasting performance of foundation models on a prediction horizon of 64 time steps, evaluated in a zero-shot setting. The best
score per row is in bold; the second best is underlined.

Moirai Moirai-MoE Chronos Chronos Bolt CH2† TFM‡

Metrics Small Large Small Base Tiny Large Tiny Base

School-Uni sMAPE 28.87 24.36 27.99 24.27 24.46 21.52 23.31 22.14 45.56 23.87
NMAE 0.342 0.283 0.340 0.287 0.298 0.261 0.269 0.260 0.728 0.274

School-Multi sMAPE 23.40 20.46 22.65 20.25 21.85 19.90 20.29 19.40 33.14 21.38
NMAE 0.269 0.235 0.263 0.233 0.257 0.232 0.230 0.223 0.458 0.248

MeteoSwiss-Uni sMAPE 42.27 41.67 41.60 39.75 44.22 41.81 40.94 39.36 41.12 32.18
NMAE 0.658 0.645 0.622 0.580 0.716 0.60 0.663 0.646 0.642 0.521

MeteoSwiss-Multi sMAPE 66.53 64.07 63.17 63.29 65.44 61.16 64.72 62.16 62.14 59.04
NMAE 0.759 0.845 1.230 0.870 0.892 0.88 0.860 0.933 0.683 0.627

† CH2 = Chronos 2, ‡ TFM = TimesFM 2.0.

704 Wh. Its smaller variant may be a good alternative, as it
consumes roughly five times less energy while still achiev-
ing the third-best NMAE. Overall, these results confirm that
smaller models generally exhibit lower energy consumption,
highlighting a clear accuracy–efficiency trade-off.

3.4. CodeCarbon vs. PDU Energy Measurement

The two energy measurement approaches we used are con-
trasted in Figure 3. The model rankings of both approaches
are strongly correlated, confirming that software-based tools
can effectively capture relative energy differences. The PDU
consistently reports slightly higher energy consumption than
CodeCarbon across nearly all models: this gap is expected,
as the PDU captures the complete machine power drainage,
including power loss from the power supply unit, the cool-
ing and auxiliary components that software-level tools have
no access to. Except for TimesFM 2.0, the gap between the
two approaches is around 6 %.

However, measurements of the lightest models clearly show
CodeCarbon values higher than the PDU ones, which is
physically not possible. This situation shows the importance
of performing measurements that can be verified.

3.5. Inference Time

While Subsection 3.2 reports the total evaluation time for
each model, we focus here on single-sample inference time.
Figure 4 shows the time required by each foundation model
to generate a forecast for one sample, using a context length
of 512 time steps and a forecasting horizon of 64 time steps.
Although inference times generally follow the same trend as
validation times, some models, such as Chronos-2, Moirai
Large, and Moirai Small, exhibit among the longest valida-
tion times in Subsection 3.2 while remaining highly com-
petitive in single-sample inference. Overall, as expected,

smaller models tend to achieve lower inference latency.

4. Discussion
In this study, we address two main research questions:
(RQ1) what is the energy consumption of foundation mod-
els for time series forecasting, and (RQ2) how does energy
usage trade off against forecasting performance? To address
these questions, we conducted an extensive benchmarking
study of several foundation models evaluated on four in-
house datasets, using a unified evaluation protocol and con-
sistent metrics to ensure a fair and systematic comparison.

The difference in total evaluation time among dataset sizes
can be explained by the fact that the batch size used for
smaller models cannot be increased as high as the number
of predictions to be performed, leading to less efficient
inferences.

Regarding forecasting accuracy, we cannot identify a sin-
gle foundation model that consistently outperforms all oth-
ers, as the differences in error across models generally
fall within a similar range. Nevertheless, Chronos-Bolt
models, together with Chronos Large, tend to achieve the
strongest overall performance, while TimesFM remains the
top-performing model on the MeteoSwiss datasets. This
observation is consistent with the conclusions of our previ-
ous study (Montet et al., 2025). We therefore recommend
applying our methodology to specific use cases.

Regarding resource usage, our results show that the longest
evaluation processes do not necessarily consume more en-
ergy. Since energy consumption is the product of power
draw and operating time, these processes suggest that the
machine is being underutilised. A tuning phase aiming for
optimal occupation of the machine should be performed to
obtain efficient provisioning. More specifically for GPUs,

5
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Table 4. Forecasting resource usage of foundation models on a prediction horizon of 64 time steps, evaluated in a zero-shot setting. The
best score per row is in bold; the second best is underlined. The total evaluation time (time) is in s, and the energy measured by the PDU
(energy) is in Wh.

Moirai Moirai-MoE Chronos Chronos Bolt CH2† TFM‡

Metrics Small Large Small Base Tiny Large Tiny Base

School-Uni
Time 54.29 56.15 212.38 733.18 13.12 67.85 9.07 8.64 56.52 27.04

Energy 0.02 0.25 17.18 74.34 0.28 6.38 0.06 0.07 0.13 1.32
EBP 1.43 0.80 146.83 79.51 35.00 8.99 6.67 0.34 1.08 2.64

School-Multi
Time 59.88 56.14 213.30 733.61 35.87 484.77 13.18 12.85 55.89 163.37

Energy 0.18 0.19 16.93 74.11 2.46 51.45 0.21 0.29 0.13 7.78
EBP 12.86 0.61 144.70 79.26 307.50 72.46 23.33 1.41 1.08 15.56

MeteoSwiss-Uni
Time 3231.27 2995.12 4451.45 9483.94 81.54 613.64 54.32 56.03 3028.16 233.06

Energy 0.73 1.67 162.79 626.82 3.32 62.12 0.70 0.75 1.30 9.92
EBP 52.14 5.37 1391.37 670.40 415.00 87.49 77.78 3.66 10.83 19.84

MeteoSwiss-Multi
Time 3117.37 3193.61 4643.36 9500.64 283.70 4564.87 89.13 90.85 3118.82 1513.76

Energy 0.70 1.66 163.21 703.41 23.62 492.20 2.04 2.30 0.87 69.07
EBP 50.00 5.34 1394.96 752.31 2952.50 693.24 226.67 11.22 7.25 138.14

† CH2 = Chronos 2, ‡ TFM = TimesFM 2.0.
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Figure 2. Comparison of the foundation models trade-off between energy consumption, measured with the PDU (log scale), and forecasting
errors (NMAE) on the MeteoSwiss-Uni dataset.

the batch size parameter greatly influences their usage fac-
tor.

The EBP metric serves as a key indicator of architectural
efficiency, showing a uncorrelated relationship between en-
ergy consumption and model size. This relation becomes
evident when comparable models show vastly different en-
ergy profiles: some models are significantly better optimised
regardless of their parameter count. In accordance with our

contextual experience, we can state that Moirai-MoE small
is the worst choice in terms of energy efficiency and is not
even better in terms of forecast accuracy.

On the energy measurement approaches, software-based
power meters typically rely on estimation models (RAPL for
CPUs or NVML for GPUs). At very low machine utilisation,
these estimations can become unreliable due to how they
sample rest states or background system processes. This
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Figure 3. Comparison of PDU and CodeCarbon energy measure-
ment on all model across the MeteoSwiss Univariate dataset. The
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Figure 4. Computational times taken by each model to generate a
forecast for one single sample of MeteoSwiss-Uni dataset.

finding highlights a critical limitation: while software tools
are suited for ranking high-power models, they may lack
the granularity required for lighter models. Users must
therefore make sure that their measurement solution is suited
to their context and must also ensure that the measurement
period is long enough to collect a representative amount of
measurements. Moreover, a high sampling frequency of the
instant power drainage is required to capture transient power
spikes, regardless of the used approach.

Our evaluation also reveals that while integrated software
tools like CodeCarbon effectively capture relative energy
differences for model comparisons, they should be used
with caution for absolute measurements. Relying on these
values as ground truths in production deployments may in-
troduce imprecisions, potentially leading to under-evaluated
environmental impacts.

Our results indicate that evaluation time does not always
follow the same trend as single-sample inference time. This
finding suggests that some models handle batched data more
efficiently than others. Regarding the Chronos and Chronos-
Bolt models, their longer evaluation times can be partially
explained by additional preprocessing steps made by our
library, a required step to properly format the input time
series. However, the notably slow evaluation times observed
for the Moirai models cannot be fully explained by our ex-
perimental setup, indicating that the official implementation
provided by their providers is inefficient.

5. Conclusion
This study provides a comprehensive benchmark of ten time-
series foundation models, establishing a critical baseline
for evaluating the accuracy-energy trade-off in zero-shot
forecasting. Our findings highlight that while forecasting
accuracy is heavily dependent on the dataset, energy effi-
ciency is primarily a product of model architecture. Besides,
the introduced Energy per Billion Parameters (EBP) metric
revealed an uncorrelated relationship between energy use
and model size.

In terms of accuracy, no single model dominates all scenar-
ios. Chronos-Bolt Base and Chronos Large achieved the
best performance on the School datasets, while TimesFM
2.0 exhibited the lowest errors on the MeteoSwiss datasets.
As for their efficiency profiles, Chronos-Bolt models con-
sistently demonstrated low energy consumption and latency.
Conversely, the Moirai-MoE Base model incurred a sub-
stantially higher energy cost—reaching 568 Wh on the
MeteoSwiss-Uni dataset—for comparable errors, making it
the least efficient choice in this benchmark.

While software tools like CodeCarbon effectively capture
relative energy differences between models, they can pro-
vide unreliable measurements for the lighter models. More-
over, the evaluation process should be long enough to obtain
a significant number of measurements to ensure a certain
degree of accuracy. Physical PDU measurements remain the
ground truth, as they capture complete machine drainage,
including cooling and auxiliary components; although it
is preferable that the machine is occupied at its maximal
capacity.

Finally, if one wants to determine which models reach a
better trade-off between forecast accuracy and energy usage,
we encourage them to apply our methodology to obtain un-
biased and meaningful information suited to the specificity
of their use cases.
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Limitations
The experiments were conducted on a single machine: con-
sequently, the results may vary across different hardware
configurations. Our measurement of the whole machine con-
sumption via the PDU includes power loss from auxiliary
components and power supply unit inefficiencies, which
may not generalise to datacenter-scale environments with
different cooling or power-sharing strategies.

To ensure consistency, we selected the largest batch size
that fit within the available 96 GB of VRAM. However,
smaller models often could not fully saturate the GPU even
at maximum feasible batch sizes. This lack of full GPU util-
isation means that the recorded energy consumption might
not reflect the peak efficiency these models could achieve in
a production environment.

The observed performance, particularly regarding execution
time and energy expenditure, is heavily influenced by the
models’ official software implementations. For example, the
Moirai models exhibited notably long evaluation times that
cannot be fully explained by our experimental setup alone.
These results may therefore reflect current implementation
bottlenecks rather than the theoretical limits of the model
architectures themselves.
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Our model evaluation process has required substantial usage
of compute time that also involves a GPU. With prototyping
and failed runs, we estimate that all our experiments occu-
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