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Accurate load forecasting at multiple grid levels is essential for future smart
grids, ranging from aggregated control area forecasts for balancing supply
and demand to forecasts of individual end-consumer loads for demand-side
management and energy management systems. We present a comprehensive
benchmark for load forecasting across grid levels, comprising three datasets
that represent a transmission system operator control area, low-voltage
grid feeders, and individual end consumers. We evaluate ten methods for
short-term load forecasting and find that Transformer-based approaches
consistently outperform established methods, reducing forecast error by 6.6—
10.7 %. To analyze the impact of architectural design, we introduce YAformer,
a flexible Transformer architecture that integrates modifications from prior
work and is optimized via hyperparameter optimization. However, the stan-
dard Transformer achieves superior performance, suggesting that these
architectural modifications are not required for accurate load forecasting.
We further evaluate the Transformer-based time-series foundation model
Chronos-2, which demonstrates competitive zero-shot performance on two
datasets but fails to accurately capture special events in the TSO data. De-
tailed analyses reveal model-specific strengths and weaknesses, and ablation
studies highlight the importance of long input contexts, covariates and con-
tinuous retraining — aspects that are often overlooked in the time-series
forecasting literature.
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nRMSE normalized RMSE

RelLU rectified linear unit
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TFT Temporal Fusion Transformer
TSFM Time-Series Foundation Model
TSO transmission system operator

YAformer yet another Transformer

1 Introduction

The transition toward a climate-neutral energy system affects elec-
tricity demand and supply. Electrification of the heat, transport,
and industrial sectors is increasing overall demand, while the grow-
ing integration of decentralized renewable generation at medium-
and low-voltage levels introduces greater variability. As a result,
maintaining the real-time balance between supply and demand be-
comes more challenging, and existing grid infrastructure reaches its
limits during periods of peak load or high generation [54]. In this
context, smart grid technologies aim to improve the utilization of
existing assets [40], but their effectiveness relies on accurate elec-
trical load forecasting across multiple levels of the energy system.
At the extra-high voltage (EHV) and the high voltage (HV) level,
forecasts support dispatch and outage planning as well as balanc-
ing energy procurement; at the low voltage (LV) level, they enable
congestion management, demand response, and storage scheduling;
and at the client level, they are essential for energy management
and peak shaving. These applications are characterized by differing
data properties, ranging from relatively stable and aggregated time
series at the EHV and the HV level to highly heterogeneous and
volatile patterns at the low-voltage and client levels, often with
abrupt changes due to newly installed assets. At the same time, the
ongoing rollout of measurement infrastructure, such as smart me-
ters, is increasing data availability, creating new opportunities for
data-driven forecasting approaches. The integration of covariates,
such as weather data and calendar information, is crucial to achieve
accurate load forecasts [19].

Recent publications on time-series forecasting make use of the
Transformer model [46], including Transformer variants particu-
larly designed for time-series forecasting, such as LogSparse Trans-
former [33], Temporal Fusion Transformer (TFT) [35], Informer [52],
FEDformer [53], Autoformer [48] and PatchTST [38]. Since many
different time-series Transformer models exist, the present paper
analyzes which of the architectural modifications proposed in the
literature are beneficial for electrical load forecasting, in order to
derive recommendations for practical use cases.

Time-Series Foundation Models (TSFMs) [34] are a new paradigm
in time-series forecasting. TSFMs are pretrained on a variety of
time-series datasets and applicable to new time series in a zero-
shot setting without the need for additional training. Most TSFMs
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are built on Transformers, underlining the need for analyzing the
architectural design of time-series Transformers.

When new forecasting methods are proposed, such as the time-
series Transformers and TSFMs, it is important to benchmark them
against established methods to evaluate whether they improve the
model accuracy over the state of the art [23]. Because data char-
acteristics vary across load aggregation levels, the present paper
benchmarks Transformers and TSFMs against established methods
on three different datasets, representing the transmission system
operator (TSO) level, the LV feeder level, and the client level.

In this context, our contributions are as follows:

(1) We select and process three highly relevant and represen-
tative datasets for benchmarking of newly developed load
forecasting methods across grid levels, representing a TSO
control area, LV grid feeders and individual end consumers.

(2) We study the effect of Transformer architectures on the
forecast accuracy by introducing YAformer, a flexible Trans-
former architecture that integrates multiple modifications
from architectures proposed in the literature and is opti-
mized with a hyperparameter optimization (HPO).

(3) We compare standard Transformers, YAformer and the TSFM
Chronos-2 [2] with seven established forecasting methods
and one baseline and highlight their advantages and disad-
vantages in terms of forecast accuracy and runtime.

The remainder of the paper is structured as follows: Section 2
presents the related work on time-series Transformers, TSFMs and
benchmarking. Section 3 introduces YAformer and the comparison
methods. Section 4 presents the datasets and experimental setup.
Section 5 describes the results, which are discussed in Section 6.
Section 7 concludes the paper and highlights potential future work.

2 Related Work

Electrical load forecasting has a long history, with first approaches
dating back to the 1940s [25]. Since then, it became an active field
of research, with recently more than 1,000 publications published
annually!. Despite the large number of publications in the field,
literature reviews on load forecasting largely agree that there is
a small set of established methods that are frequently used in re-
search and in practice [18, 26, 43]. This includes statistical meth-
ods like Autoregressive Integrated Moving Average (ARIMA), ma-
chine learning methods like k-Nearest Neighbor (kNN) and gradient
boosting machines, and deep learning methods like multilayer per-
ceptrons (MLPs), convolutional neural networks (CNNs) and long
short-term memory (LSTM) networks.

The Transformer is a deep learning model developed for ma-
chine translation [46] that led to improvements in many domains,
including language modeling [39], computer vision [11] and tab-
ular data [24]. The Transformer was also adopted for time-series
forecasting [49] and electrical load forecasting in particular [51].
Many Transformer architectures for time-series forecasting exist,
including LogSparse Transformer [33], TFT [35], Informer [52],
FEDformer [53], Autoformer [48] and PatchTST [38]. The archi-
tectural modifications of these models include LSTM layers [35],

1A SCOPUS search for publications with "load forecast*" in the title returned 1,398
documents published in the year 2025 alone.

LogSparse attention [33], convolutional attention [33], ProbSparse
attention [52], attention based on autocorrelation [48], max pool-
ing [52] (called "self-attention distilling" in [52]), time series decom-
position [53] and patched inputs [2, 38]. However, the evaluations
in these publications do not generalize to electrical load forecasting,
as they are often performed on datasets from different domains, fo-
cusing on long forecast horizons, and neglecting exogenous features
which are important for electrical load forecasting [18]. While works
on electrical load forecasting with Transformers show their poten-
tial [15, 21, 51], an evaluation of multiple Transformer architectures
on electrical load datasets representing different aggregation levels
is currently missing.

Recently, TSFMs were introduced, which are generalized time-
series forecasting models trained on large amounts of time-series
data from different domains, often including synthetic data, thereby
being applicable to new time series in a zero-shot setting (i.e., with-
out being trained on data from the particular time series). The
TSFMs Moirai [47], Moirai-2 [36], TimeGPT [14], Lag-Llama [41],
Chronos [3] and Chronos-2 [2] are based on Transformers. While
time-series Transformers are predominantly used for TSFMs, other
architectures also exist, including TabPFN-TS [27], which is based
on a tabular Transformer model, and TiRex [4], which is based on an
extended LSTM. We select Chronos-2 for the experiments, because
it handles covariates well and outperforms other TSFMs on several
electrical load forecasting datasets [7, 22, 32].

With the development of TSFMs, large benchmark datasets for the
evaluation of forecasting models were introduced, but the ability
to generalize the results to electrical load forecasting is limited.
The Monash Time Series Forecasting Archive [16] contains 25 time
series datasets, including two electrical load datasets, but it does not
incorporate covariates. BuildingsBench [12] contains synthetic and
real load time series from buildings, including calendar features but
no weather data. Fev-bench [44] comprises 100 forecasting tasks,
including electrical load data from ENTSO-E and from the Global
Energy Forecasting Competitions (GEFComs) [26]. Shchur et al.
[44] compare multiple TSFMs on fev-bench and find that Chronos-
2 [2] performs best, but no comparisons are made to models trained
from scratch. GIFT-Eval [1] contains only one electrical load dataset,
which does not incorporate covariates. Therefore, the present paper
evaluates Chronos-2 and models trained from scratch on a variety
of electrical load datasets representing different aggregation levels.

Complementary work evaluates the usage of TSFMs for peak load
forecasting in the LV grid [29]. Their work focuses on probabilistic
forecasting and specialized metrics for peak forecasting, whereas
our work focuses on deterministic forecasting, experiments across
grid levels, and evaluations of overall forecast accuracy.

3 Methodology

This section introduces a flexible Transformer architecture, the
comparison methods, and the hyperparameter optimization.?

3.1  YAformer: a flexible Transformer architecture

We introduce yet another Transformer (YAformer), a flexible archi-
tecture that integrates architectural modifications to the standard

2Code is available on GitHub: https://github.com/KIT-IAl/load- forecasting-benchmark
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Fig. 1. Overview of the YAformer architecture based on an encoder-decoder
Transformer. The inputs go through patching, CNN and LSTM layers. Sparse
self-attention and max pooling can be optionally added in the encoder and
decoder layers. The last linear layer produces a point forecast for the next
H time steps. Figure based on [46].

Transformer proposed in prior work. Its design is controlled by a set
of hyperparameters, allowing to represent a variety of time-series
Transformer variants. This allows us to systematically compare an
optimized YAformer model with the standard Transformer, thereby
quantifying the impact of architectural modifications on forecasting

accuracy. An overview of the model architecture is given in Figure 1.

The model gets the past load, past covariates and future covariates
as input. The basis of YAformer is the standard encoder-decoder
Transformer [46] adapted for time series. For context length C, the
encoder gets C vectors as input, each representing the load and
covariates (weather data and calendar information) of one past time
step. These vectors have one entry for the load and one for each
covariate, so their size dp,st equals the number of covariates plus
one. The vectors go through a linear layer to embed them in the
hidden dimension dpodel- A stack of njayers Transformer encoder

layers creates context-aware embeddings, using self-attention with
keys K, values V and queries Q to retrieve information from the
embedded input series. The encoder output has dimension C X dodel-
The decoder gets H vectors as input for a forecast horizon H, each
representing the covariates of one future time step, so their size
dfuture €quals the number of covariates. Like in the encoder, these
vectors are embedded to dimension dpoqe] via a linear layer. A stack
of Nayers Transformer decoder layers create context-aware embed-
dings, using self-attention to retrieve information from the output
of the previous layer and cross-attention to retrieve information
about the past time steps from the encoder output. The decoder
output has dimension H X dpodel and goes through a stack of dense
layers with rectified linear unit (ReLU) activation and a final linear
output layer with one unit to create a point forecast of dimension
H x 1, containing the forecast values for the next H time steps.

The following architectural modifications can be added via hy-
perparameters:

o Patching: Neighboring past input vectors are concatenated
before going through the linear embedding layer. The patch
size p determines the number of vectors that are concate-
nated. Since p vectors get concatenated, the encoder input

is transformed from dimension C X dp, to ; X (dpast * P)-

e CNN layers: To encode local information, the linear embed-
ding layer is replaced by a stack of convolutional layers
with dpodel filters. The number of convolutional layers is
controlled by a hyperparameter ncony and the kernel width
by a hyperparameter weony.

e LSTM layers: Before the Transformer layers in the encoder
and decoder, a stack of LSTM layers processes the embedded
vectors sequentially.

e Max pooling: After each Transformer encoder layer, max
pooling is used to reduce the length of the series. The pooling
width wpay is controlled by a hyperparameter.

e Sparse attention: Sparse attention restricts the self-attention
mechanisms in the encoder and decoder to use information
only from the vectors of previous vectors with a logarithmic
distance to the embedded position (the vector itself and 1,
2,4, 8, ... steps before). A hyperparameter is used to switch
between full attention and LogSparse attention [33].

3.2 Comparison methods

The following methods are selected for comparison, comprising
a number of established methods [18, 26, 43] as well as recently
developed Transformer models [35, 46] and the TSFM Chronos-
2 [2].

Persistence baseline. The baseline predicts the load value from
the same hour on the last observed day that has the same type as
the predicted day, distinguishing between three types: workday,
Saturday, and Sunday/holiday.

Linear model. Like the models from Zeng et al. [50], the linear
model gets a feature vector as input and predicts the next H values.
The model consists of a single linear layer with nge,ryres X H weights.
It is a global model, meaning that the weights are shared for all time
series. The feature vector is the concatenation of C past vectors,



containing the load and covariates for the previous time steps, and
H future vectors, only containing the covariates for the future time
steps.

Light Gradient Boosting Machine (LightGBM). LightGBM [30] is a
machine learning method that builds an ensemble of decision trees
using gradient boosting. It is designed to train efficiently and handle
large datasets with high performance. We train H individual models
that predict the H future values based on past observations and
future covariates.

Multilayer perceptron (MLP). The MLP gets a flat vector as input,
which is the concatenation of the C past and H future vectors. Mul-
tiple fully-connected layers with ReLU activation are stacked on top
of each other. The final layer is a linear output layer with H units
returning the forecast values.

Convolutional neural network (CNN). The CNN gets a sequence
of C + H vectors as input. The load value in the future vectors is set
to zero as it is not known at prediction time. Multiple convolutional
layers with a stride of one are stacked on top of each other. The
number of filters and the filter width are controlled via hyperparam-
eters. The output of the last convolutional layer is flattened and fed
into a stack of fully-connected layers with ReLU activation, where
the last layer has H units and linear activation to create the forecast
values.

Long short-term memory (LSTM). A hyperparameter for the LSTM
allows to switch between an encoder-decoder model and an encoder-
only model. The inputs to the encoder and decoder are the same
as with YAformer. The vectors get embedded to dimension dyodel
by linear layers. The encoder and decoder are bidirectional LSTMs.
The last hidden vector of the encoder is fed to the decoder as its first
hidden vector. The decoder output for each future time step goes
through a stack of linear layers and a final output layer with one
unit to create the H forecast values. In the encoder-only variant, all
input vectors are fed to the encoder LSTM stack, whose output is
flattened and goes through a stack of linear layers and a final output
layer with H units to create the H forecast values.

N-HITS. N-HITS [6] is a stack of MLPs, each of which returns a
time series with a different time resolution. The forecast is finally
computed as the sum of the returned (interpolated) time series.

Transformer. We use a standard encoder-decoder Transformer [46].

It gets the same inputs as YAformer, but does not make use of the
architectural modifications introduced for YAformer.

Temporal Fusion Transformer (TFT). TFT [35] is an encoder-de-
coder model, receiving the same inputs as YAformer. The first layer
of the encoder and decoder is a variable selection layer. It is fol-
lowed by unidirectional LSTM layers and a single Transformer layer.
Causal masking is used in the attention mechanism to prevent the
Transformer layer from using information of time steps after the
prediction time step.

Chronos-2. Chronos-2 [2] is a TSFM based on a Transformer with
patched inputs. It is pretrained on a large dataset containing real
time series data from various domains, as well as synthetic data

with covariate dependencies. It is the best open model on the GIFT-
Eval benchmark, particularly outperforming the TSFMs Moirai [47],
TimesFM [9] and TabPFN-TS [27].

3.3 Hyperparameter optimization (HPO)

The architecture modifications of YAformer can be controlled via
model hyperparameters. Note that the standard Transformer is a
special case of YAformer with patch size 1, zero CNN and LSTM
layers, pooling width 1 and full attention. The hyperparameters of
all models (YAformer and the comparison models) are optimized
using Bayesian Optimization in weights and biases [5] with 100
hyperparameter configurations. All deep learning models are trained
with AdamW [37] and the mean squared error loss function, one
validation per epoch on TransnetBW and ten validations per epoch
on the other datasets, using early stopping with a patience of ten
validations without improvement. The best hyperparameters found
with the HPO are given in Appendix A.

4 Experimental Setup

This section describes the three datasets, the task definition and
metrics, and the rolling evaluation scheme used in the experiments.

4.1 Datasets

The proposed benchmark contains three datasets from different
load aggregation levels, thereby representing use cases in the EHV
and HV grid, the low-voltage grid and for end consumers. These
datasets are described next. An overview of the datasets is given in
Table 1.2

TransnetBW. TransnetBW is the TSO of the German state Baden-
Wiirttemberg. We download the load values for the TSO control
area for the years 2015-2025 from the ENTSO-E transparency plat-
form [13]. We transform the data into hourly resolution by taking
the mean of four quarter-hourly power values. The dataset is en-
riched with weather data for Baden-Wiirttemberg from the ERA5
reanalysis model, downloaded from Copernicus [8]. We use the
air temperature, irradiance, precipitation, wind speed at 10 meters
height and a binary holiday feature as covariates. The year 2023 is
used as validation set for the HPO and the years 2024 and 2025 are
used as test set.

FeederBW. The FeederBW dataset [45] comprises the electrical
load from 200 low-voltage feeders in Baden-Wiirttemberg in minutely
resolution, together with short-term weather forecasts associated
with the post code of each feeder. The length of the time series is
two years, ranging from 1.4.2023 to 31.3.2025. We transform the
load data into hourly resolution and take March 2023 as validation
set and the last twelve months (1.4.2024-31.3.2025) as test set. We
use irradiance, air temperature, precipitation, and a binary holiday
feature as covariates.

3All three datasets come from public sources and our preprocessed versions are made
available to foster future comparisons to our results: https://github.com/KIT-IAI/load-
forecasting-benchmark
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Table 1. Dataset characteristics.

Dataset Aggregation  Time series Period

TransnetBW  TSO control area 1 1.1.2015-31.12.2025
FeederBW LV feeders 200 1.4.2023-31.3.2025
Electricity-287 Clients 287 1.1.2011-31.12.2014

Electricity-287. To represent the client level, we use public data
from the UCI Electrical Load Diagrams?, first mentioned by Ro-
drigues and Trindade [42]. This dataset contains 370 load time series
from individual clients of an energy trading company from Portu-
gal. The data is in 15-minutes resolution, ranging from 1.1.2011-
31.12.2014. A subset of the dataset is contained in the GIFT-Eval
benchmark, there called the "Electricity’ dataset. We take a cleaned
version of the original dataset, where time series with lots of missing
data or imputation artifacts are removed [20], and reduce it further
to time series that have no missing data in the validation or test
period. The resulting dataset has 287 time series, which we trans-
form into hourly resolution. The original dataset has no weather
information, so we combine it with weather data for Portugal from
the ERAS5 reanalysis model [8]. To the best of our knowledge, we
are the first to combine the Electricity dataset with weather data
and study the effect of weather covariates on the forecast accuracy.
The same test split as in GIFT-Eval [1] and Chronos-2 [2] is used to
allow for a fair comparison, meaning that the last 10 % (8.8.2014 —
31.12.2014) are used as test data. We use the same portion of data
(15.3.2014 - 7.8.2014) as validation set.

4.2 Task definition and metrics

The task addressed in this work is to forecast the hourly loads
for the next four days (96 hours) based on past observations and
past and future covariates. We see this as representative for many
applications, which often require planning more than one day ahead.
Forecasts are generated with a stride of one hour, i.e., at every hour,
the next 96 values are predicted. For the datasets with multiple time
series (FeederBW and Electricity-287), individual forecasts for every
time series are made. The deep learning models are trained with
a global training strategy, which was found to be superior to local
and multivariate models [17, 21, 38], whereas LightGBM is trained
as local models.

In addition to the weather and holiday covariates, the models
trained from scratch get covariates as input that are derived from
the timestamp, namely the hour of day, day of week and month (all
cyclically encoded as two features).

We use the mean absolute error (MAE) to evaluate the forecasts
for the TransnetBW and FeederBW datasets. To account for the
different magnitudes of the time series in the Electricity-287 dataset,
the normalized MAE (nMAE) is used instead of the MAE. The nMAE
is the MAE divided by the mean of the time series’ absolute ground
truth values in the test period. The metrics are computed per time
series on the entire test set and the mean of all time series is reported
as the final metric value. Results for additional metrics are reported
in Appendix B.

*https://archive.ics.uci.edu/dataset/321/electricityloaddiagrams20112014

4.3 Retraining

For the datasets with at least one year test period (TransnetBW
and FeederBW), new models are trained every month, using the
last month as validation data and everything before as training
data. This allows the models to adapt to potential concept drifts.
For the Electricity-287 dataset, a static split into training (1.1.2011-
14.3.2014), validation (15.3.2014—7.8.2014) and test data (8.8.2014—
31.12.2014) is used.

4.4 Statistical Comparison

For statistical evaluation of the observed performance differences,
we apply Diebold-Mariano tests (DM tests) [10] on the per-series
loss differentials between competing forecasting models. For each
dataset and model, the absolute error per sample is averaged over the
forecasting horizon, yielding one aggregated loss value per series
and forecast origin. For each pair of models, we compute the corre-
sponding loss differentials. For each series, we separately perform
two one-sided DM tests, resulting in two p-values corresponding to
the hypotheses that either model 1 or model 2 achieves significantly
lower predictive loss. A model is counted as significantly better
for a given series if the corresponding one-sided DM test rejects
the null hypothesis at the 5% significance level. We implement the
DM test in Python following the implementation of the R forecast
package [28].

5 Results

This section describes the forecasting results on the three datasets,
as well as runtimes and ablation studies.

5.1 Model comparison

We present the model comparison on the three datasets in Figure 2.
All models outperform the baseline on all three datasets. The im-
provement of the best model compared to the baseline is 59.6 % on
TransnetBW, 42.3 % on FeederBW and 23.3 % on Electricity-287, in-
dicating that it is easier to outperform a simple approach on highly
aggregated data than on the more volatile LV feeder and client-level
data.

The Transformer achieves the lowest forecast error on the Trans-
netBW and FeederBW datasets, whereas it is outperformed by
Chronos-2 on the Electricity-287 dataset. Note that the training
set of the Electricity-287 dataset is contained in the pretraining data
of Chronos-2, so the evaluation on this dataset is not zero-shot.

On all three datasets, the best models are based on time-series
Transformer architectures; namely, the two best models on Trans-
netBW (Transformer and YAformer) and the four best models on
FeederBW and Electricity-287 (Transformer, Chronos-2, YAformer
and TFT). The best Transformer model achieves 8.3 %, 6.6 %, and
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Fig. 2. Benchmarking results on the three datasets.

10.7 % lower forecast errors than the best non-Transformer model
(CNN, LSTM and N-HITS) on TransnetBW, FeederBW and Electricity-
287, respectively. The Transformer outperforms YAformer on all
three datasets, indicating that the architectural modifications do not
improve the forecast error compared to that of a standard Trans-
former.

The forecast performance of Chronos-2 varies greatly across
the three datasets. Chronos-2 is the best model on the Electricity-
287 dataset, and second-best on the FeederBW dataset, but has a
much larger MAE than the best models on the TransnetBW dataset.
A closer look at the model performance over the test period in
Figure 3a reveals that Chronos-2 has large errors around holidays
(e.g., 1.1.2024, 28.3.2024, 1.5.2024, 3.10.2024, the Christmas period,
17.4.2025, 3.10.2025). Figure 4 shows four forecasts where Chronos-2
exhibits large errors. The beginning of January is characterized by
low loads due to winter holidays, and Chronos-2 fails to adjust the
load to normal levels after the holiday period. Chronos-2 predicts
a higher load on Good Friday (29.3.2024), potentially because the
previous holiday (6.1.2024) did not affect the load because it was
on a weekend. Ascension Day (9.5.2024) is predicted correctly, but
Chronos-2 does not predict the long weekend. Before Christmas,
many people take the full week off, and 24.12.2024 is not an official
holiday, so Chronos-2 predicts a load that is too high. We evaluated
Chronos-2 on TransnetBW with additional binary features for long
weekends and school holidays, which reduces its MAE to 180 MW,

but it is still outperformed by the deep learning models trained from
scratch.

On the FeederBW dataset (Figure 3b), the forecast errors are
higher in winter, when the load is generally higher, with spikes
in April and around Christmas. In this case, the Transformer out-
performs Chronos-2, especially from September to November. On
the Electricity-287 dataset (Figure 3c), Chronos-2 outperforms the
Transformer consistently, except for the Christmas period, where
both models exhibit large errors.

The forecast error for forecast horizons ranging from one hour
to four days are shown in Figure 2d-f. LightGBM is the best model
for one-step forecasts on the TransnetBW dataset. Chronos-2 is
good for short forecast horizons, outperforming all other models for
two to six hours horizon on TransnetBW, for the first six hours on
FeederBW, and for the first 31 hours on Electricity-287. The error
of the Transformer increases less with longer horizons, making it
the best model for long horizons.

The results of the DM tests to compare the models per time series
are given in Figure 5. For each pair of models, the number in the
figure is the fraction of time series where one model is significantly
better than the other model with p < 0.05. The TransnetBW dataset
contains only one time series, so the fraction of time series can
only be 100% or 0%. Transformer and YAformer are not significantly
different, and they outperform all other models significantly. On
the FeederBW dataset, the result is mixed, with the Transformer
outperforming Chronos-2 on 46% of the time series, but vice versa on
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Fig. 3. Comparison of the forecast error of the Transformer and Chronos-2 over time.

20% of the time series (and no significant difference on the remaining
time series). On the Electricity-287 dataset, Chronos-2 has the best
nMAE, but it outperforms the Transformer only on 14% of the time
series, whereas the result is vice versa on 39% of the time series (and
no significant difference on the remaining time series). The reason
is that Chronos-2 is particularly good on difficult time series with a
high nMAE, but it is outperformed on many time series with lower
nMAE.
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Table 2. Runtimes for one model training, one inference (one forecast for all time series), and annual total runtime (12 - training + 8760 - inference).

TransnetBW FeederBW Electricity-287

Model Training Inference  Annual Training  Inference Annual Training  Inference Annual

[h:mm:ss] [ms] [hrmm:ss] [h:mm:ss] [ms] [hh:mm:ss] [hh:mm:ss] [ms] [hh:mm:ss]
Baseline - 14 0:00:12 - 266.25 0:38:52 - 373.4 0:54:30
Chronos-2 - 78.3 0:11:26 - 11,160.7 27:09:27 - 16,015.6 38:58:16
CNN 0:03:53 5.4 0:47:29 0:36:06 28.1 7:17:19 1:42:37 35.8 20:36:37
LightGBM 0:18:42 1.2 3:44:36 10:04:12 269.7 121:29:46 50:20:28 239.3 604:40:32
Linear 0:05:59 5.2 1:12:39 0:37:22 38.5 7:17:19 1:11:35 38.9 14:28:16
LSTM 0:10:07 15.3 2:03:37 0:49:03 74.6 9:59:32 2:40:34 55.2 32:14:51
MLP 0:05:29 5.2 1:06:29 0:47:05 38.5 9:30:42 2:48:51 29.2 33:50:27
N-HITS 0:06:45 59 1:21:49 0:48:18 39.2 9:45:20 3:09:58 41.5 38:05:39
TFT 0:14:08 10.8 2:51:12 1:24:45 46.1 17:03:44 5:17:30 75.2 63:40:58
Transformer 0:11:40 6.4 2:21:00 1:34:26 72.5 19:03:48 5:03:10 60.6 60:46:50
YAformer 0:11:33 6.3 2:19:32 0:50:25 82.6 10:17:04 5:07:09 95.2 61:39:42

5.2 Runtime The same holds for Chronos-2, which also benefits from covari-

Training and inference runtimes for all models are given in Table 2
(evaluated on a single high-performance computing (HPC) node
with an NVIDIA A100 GPU with 40 GB VRAM, 19 CPU cores of
an Intel Xeon Platinum 8368 and 128 GB RAM). The training time
is the average time needed to train a global model. The inference
time is the average time needed to create a forecast for all time
series in a dataset (one for TransnetBW, 200 for FeederBW, 287
for Electricity-287). The deep learning models trained by us are
evaluated with a batch size equal to the number of time series, i.e.
all time series are put into a single batch, whereas Chronos-2 is
evaluated with a maximum batch size of 32, which resulted in the
fastest throughput. We calculate the annual runtime in a scenario
where the models are retrained every month and a forecast is made
at every hour for the next 96 hours. This means that twelve models
are trained and 8760 forecasts are made per year, so the annual
runtime consists of twelve trainings and 8760 inference instances.
This annual runtime is visualized in Figure 6, with the training
part dashed. For the models trained by us, the annual runtime is
dominated by the training time, which comprises almost all of the
annual runtime. The inference time is fast, ranging between 5 ms
and 95 ms per inference on the three datasets, so that it is barely
visible in Figure 2. Chronos-2 is used as a pretrained model, so it has
zero training time in our scenario. This makes it the fastest model
overall on the TransnetBW dataset, where only one time series
needs to be forecast. On the other datasets, which have 200 and 287
time series, the slower inference time of Chronos-2 outweighs the
fact that it has zero training time.

5.3 Ablations

Figure 7 shows results of ablated models, where covariates are re-
moved, static training instead of monthly retraining is performed,
and the context length is altered.

Covariates. Covariates are important to achieve the lowest fore-
cast errors. This holds for all three datasets, as the Transformer
with all features is always better than the univariate Transformer.

ates. The improvement by the integration of covariates is large on
the TransnetBW and FeederBW datasets, which are largely influ-
enced by behind-the-meter photovoltaic power generation. The
effect is smaller, but also important, on the Electricity-287 dataset,
where some of the load is also driven by weather effects. Apart
from weather covariates, calendar features are important on the
TransnetBW and Electricity-287 datasets, as the industrial activity
is reduced during holidays, leading to a lower electrical load.

Continuous retraining. On TransnetBW and FeederBW, a rolling
evaluation is performed on a monthly basis, meaning that new
models are trained every month. The previous month is used as
validation data, and all data before that as training data, so that
models can adapt to concept drifts due to newly installed appliances
or changed consumption patterns. We compare the retrained Trans-
former to a static model that is only trained once per year. The
retrained Transformer outperforms the static counterpart on both
datasets, signifying that retraining helps the model to adapt.

Context length. Figures 7d-f show the forecast error of Chronos-2
with one week, two weeks, one month context and the full context
length of 8192 time steps. The forecast accuracy of Chronos-2 im-
proves with longer contexts on all three datasets. With only one
week context, Chronos-2 barely outperforms the baseline, but it
quickly improves with longer contexts. Using the maximum context
of 8192 time steps gives only a small improvement over using one
month context.

6 Discussion

Transformer-based models are effective for load forecasting on all
tested grid levels. On the three datasets, the improvement over the
best non-Transformer model is considerable, with 6.6-10.7 % lower
errors for the best Transformer compared to the best other method.
This includes datasets with different characteristics, such as highly
aggregated TSO load and more diverse and volatile LV feeder loads
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Fig. 7. Ablation results on test data for models without weather data (no weather), without covariates (univariate), and without retraining (static), as well as

reduced context length for Chronos-2.

and client loads, where time series from multiple hundred mea-
surement points are available. After hyperparameter optimization,
Transformer models are effective for all these data types.

The architectural modifications to the Transformer - including
patching, CNN layers, LSTM layers, max pooling and sparse atten-
tion — are not successful in reducing the forecast error. Instead,
the standard Transformer outperforms the flexible YAformer after
hyperparameter optimization by a small margin. This finding is
further strengthened by the fact that the standard Transformer also
outperforms the established Transformer-based model TFT in our
experiments. Although the standard Transformer is a subclass of
YAformer, the larger hyperparameter search space of YAformer hin-
ders the HPO in finding the optimal configuration. In fact, there is
no guarantee that the Transformer configuration (or the configura-
tion of any other model) after HPO is the global optimum, but we
had to restrict the HPO to 100 evaluations per model for practical
reasons.

Chronos-2 delivers accurate zero-shot forecasts for diverse time
series, but it has particular weaknesses with rare events and long
horizons, which lead to larger overall errors on the TSO data. While
Chronos-2 is very accurate for short forecast horizons between
a few hours up to one day, it is outperformed by models trained
particularly for the datasets at hand for longer horizons. On the
TransnetBW data, it exhibits large errors around holidays, where it
needs to incorporate not only the lower industrial activity on the

holiday, but also indirect effects such as long weekends and school
holidays. Future work can try to improve the results from Chronos-2
by designing additional features or by fine-tuning the model.

The advantage of Chronos-2 is that no dataset-specific training
is required. Training a model from scratch takes between half an
hour and five hours, depending on the dataset and model. This
computational cost is saved with Chronos-2. On the other hand,
Chronos-2 is a very large model, resulting in slower inference times.
Inference times for our models are below 100 ms for creating one
forecast for all time series in a dataset, whereas Chronos-2 needs
up to 21 seconds. Therefore, Chronos-2 is useful when inference
time plays a minor role, e.g. because few time series need to be
forecasted or forecasts are only made once per day. For continuous
forecasts during the day and for scenarios with many time series,
dataset-specific models can be advantageous.

Long contexts, covariates and continuous retraining are impor-
tant to achieve the lowest electrical load forecast errors. This means
that univariate TSFMs will likely not succeed in achieving the lowest
possible forecast errors. Comparisons on datasets without covari-
ates, like the original UCI Electrical Load Diagrams, can indicate
which models capture autocorrelated energy demand patterns, but
are to be taken with caution because they do not show the full
picture.

Deterministic forecasts do not cover the uncertainty of a forecast.
This is especially relevant for volatile time series like FeederBW



and Electricity-287. On both datasets, it is difficult to make good
point forecasts due to the volatile and unpredictable pattern of the
load, so that even the best models sometimes exhibit large errors.
In such cases, it can be beneficial to create probabilistic forecasts
that cover the uncertainty in form of predicted distributions. Future
work can extend our benchmarking to probabilistic forecasting
models. Chronos-2 offers the capability to predict quantiles. The
deep learning models from our work can be extended to probabilistic
models by replacing the linear output layer with a probabilistic
output layer and training the models with the pinball loss function.
We agree with scholars [18, 23] that benchmarking of electrical
load forecasting methods on different public datasets, with com-
parable test splits and metrics, is necessary to establish the state
of the art in electrical load forecasting. Therefore, we provide a
comparison of a large set of methods on three datasets. We share
our preprocessed datasets publicly, together with the predictions of
all evaluated models, to allow for future comparisons to our results®.
The achieved forecast errors might be unrealistically low for
real applications. For example, real-time measurements of past load
values might become available only after a few hours or days, but are
assumed to be available immediately in our experiments. In addition,
we have used weather data that is not available at the forecast
time in practice, such as reanalysis data or short-term weather
forecasts. However, our primary goal is to compare models under
fair conditions, which we achieve by using the same data for all.

7 Conclusion & Outlook

The present paper presents a benchmark for electrical load fore-
casting across grid levels, including three datasets representing the
TSO level, the LV grid feeder level and the end consumer level. In a
comparison of time-series Transformers and the TSFM Chronos-2
with established machine learning and deep learning methods for
electrical load forecasting on the three datasets, Transformer-based
models outperform the established methods across all grid levels,
reducing the forecast error by 6.6-10.7 %. The standard time-series
Transformer outperforms YAformer, a flexible Transformer with
patching, CNN layers, LSTM layers and sparse attention. This in-
dicates that the standard architecture is already a strong model,
and architectural modifications are not needed and can even lead
to worse accuracy as it makes hyperparameter optimization (HPO)
more difficult due to an extended hyperparameter search space.
The TSFM Chronos-2 gives competitive forecasts on the feeder and
client levels, being particularly accurate for short forecast horizons,
but it is outperformed by specialized models on the TSO level and
it is comparably slow in inference.

All our datasets and results are made publicly available to enable
benchmarking of new approaches against our results, as well as to
allow for an extension to probabilistic models in the future. We plan
to integrate the best approaches into the Energy Arena® [31] for
continuous performance comparisons under realistic operational
conditions. Ensembling of forecast models could improve the results
beyond single-model forecasts.

SThe datasets and results are available on GitHub: https://github.com/KIT-IAI/load-
forecasting-benchmark
Chttps://energy-arena.org
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Table 3. Number of trainable parameters per model on the three datasets.

Model TransnetBW  FeederBW  Electricity-287
CNN 8,263,904 7,710,304 3,692,768
Linear 940,128 456,288 940,128
LSTM 13,855,456 117,325,408 117,327,456
MLP 2,966,624 14,127,200 6,457,440
N-HITS 7,308,894 48,654,500 24,865,431
TFT 195,828 696,810 741,748
Transformer 1,078,657 3,304,961 279,361
YAformer 4,350,849 2,823,297 8,608,769

Table 4. Test results on the three datasets evaluated with the mean absolute error (MAE), the root mean square error (RMSE), the normalized MAE (nMAE)
and the normalized RMSE (nRMSE). The best result is highlighted in bold.

Model TransnetBW FeederBW Electricity-287
MAE RMSE nMAE nRMSE MAE RMSE nMAE nRMSE MAE RMSE nMAE nRMSE
(MW]  [MW]  [%] (%]  [kW] [kW]  [%] (%]  [kW]  [kW] (%] (%]
Baseline 355.3 487.1 5.49 7.53 5.51 9.24 33.5 51.8 56.1 566.5 10.35 16.79
Chronos-2 186.5 280.0 2.88 4.33 3.22 491 19.4 28.4 42.2 407.0 7.92 12.95
CNN 156.5 211.1 2.42 3.26 3.66 5.41 22.2 31.3 47.3 430.2 8.97 13.34
LightGBM 186.0 259.8 2.87 4.01 3.49 5.31 21.1 30.6 43.6 377.3 8.86 13.08
Linear 237.7 322.2 3.67 4.98 3.99 6.00 24.2 34.4 54.1 508.7 9.76 14.08
LSTM 163.8 217.5 2.53 3.36 3.41 5.05 20.6 29.2 48.2 453.1 9.10 13.77
MLP 166.0 222.4 2.57 3.44 3.64 5.40 22.0 31.1 47.9 438.3 8.98 13.25
NHITS 160.5 215.7 2.48 3.33 3.60 5.32 21.8 30.7 47.5 4453 8.92 13.33
TFT 191.3 259.5 2.96 4.01 3.30 5.01 20.0 28.9 44.1 413.3 8.51 13.47
Transformer 143.6 191.7 2.22 2.96 3.18 4.82 19.2 27.8 40.6 378.9 7.99 12.56
YAformer 148.4 199.8 2.29 3.09 3.24 4.90 19.6 28.4 42.7 415.1 8.18 12.77
A Hyperparameters B Additional metrics
The hyperparameters of the best configurations found with the HPO The mean absolute error (MAE), root mean square error (RMSE),
are given in Table 5 and the resulting model sizes in Table 3. normalized MAE (nMAE) and normalized RMSE (nRMSE) results

on the test sets of the three datasets are given in Table 4.
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Table 5. Model hyperparameter search range and the best configurations found with a Bayesian Optimization HPO for each dataset.

Hyperparameter Search range TransnetBW  FeederBW  Electricity-287
CNN
Context length C 168, 336, 720 336 168 336
Patch size 1,4,8,24 8 24 24
Kernel width 3,57 3 7 5
Convolutional layers 1,2,3 1 1 1
Max pooling width 1,2,4,8 1 1 1
Dense layers 1,2,3 2 1 2
Dense units 128, 256, 512, 1024 1024 512 1024
Batch size 128, 256, 512 256 128 512
Learning rate (0.0001, 0.001) 0.00079 0.00016 0.00014
Dropout (0.0, 0.2) 0.00 0.09 0.12
LightGBM
Context length C 168 168 168 168
Learning rate (0.01, 0.3) 0.153 0.0492 0.0519
Minimum child samples (1, 200) 32 58 7
Number of estimators (1, 250) 248 232 211
Linear
Context length C 168, 336, 720 720 336 720
Batch size 128, 256, 512 512 512 512
Learning rate (0.0001, 0.001) 0.00012 0.00010 0.00017
Dropout (0.0,0.2) 0.15 0.08 0.05
LSTM
Context length C 168, 336, 720 720 720 720
Architecture encoder, encoder-decoder encoder encoder encoder
Patch size 1,4,8,24 4 4 4
LSTM layers 1,2,3 2 3 3
dimnodel 32, 64, ..., 1024 128 512 512
Dense units 128, 256, 512, 1024 512 1024 1024
Dense layers 1,2,3 1 1 1
Batch size 128, 256, 512 256 128 128
Learning rate (0.0001, 0.001) 0.00080 0.00037 0.00012
Dropout (0.0,0.2) 0.19 0.04 0.08
MLP
Context length C 168, 336, 720 336 336 336
Layers 1,2,3 2 2 2
Units 128, 256, 512, 1024, 2048 512 2048 1024
Batch size 128, 256, 512 512 256 512
Learning rate (0.0001, 0.001) 0.00019 0.00018 0.00012
Dropout (0.0,0.2) 0.00 0.12 0.09
N-HITS
Context length C 168, 336, 720 168 336 720
Blocks (1,1,1), (2,2,2), (3,3,3) (1,1,1) (2,2,2) (3.3,3)
Kernel size (1,1,1), (2,2,2), (4,4,4), (2,2,1), (8,4,1), (16,8,1) (2,2,1) (8,4,1) (16,8,1)
Downsample (1,1,1), (24,12,1), (40,20,1), (60,8,1), (168,24,1), (180,60,1) (40,20,1) (180,60,1) (60,8,1)
Dense units 32, 64, 128, ..., 1024 512 1024 256
Batch size 128, 256, 512 256 512 128
Learning rate (0.0001, 0.001) 0.00025 0.00014 0.00010
TFT
Context length C 168, 336, 720 720 336 720
dinodel 32, 64, 128, 256, 512 32 64 64
Mheads 1,2,4,8 1 4 4
Batch size 128, 256, 512 128 128 128
Learning rate (0.0001, 0.001) 0.00049 0.00010 0.00035
Dropout (0.0,0.2) 0.04 0.03 0.02
Transformer
Context length C 168, 336, 720 720 720 720
Mlayers 1,2,3,4 1 3 4
 nodel 32, 64, 128, 256, 512 256 256 64
Mheads 1,2,4,8 1 4 4
Dense layers 1,2,3 1 2 1
Dense units 64, 128, 256, 512 64 256 128
Batch size 128, 256, 512 128 512 512
Learning rate (0.0001, 0.001) 0.00028 0.00017 0.00033
Dropout (0.0, 0.2) 0.17 0.10 0.07
YAformer
Context length C 168, 336, 720 336 720 720
Patch size 1,4,8,24 1 1 1
Weony 13,5 5 1 5
LSTM layers 0,1,2 0 1 0
Mlayers 1,2,3,4 1 1 2
nodel 32, 64, 128, 256, 512 512 256 512
Npeads 1,2,4,8 2 1 8
Attention full, sparse full sparse full
Max pooling width 1,2,4 4 1 1
Dense layers 1,2,3 2 2 1
Dense units 64, 128, 256, 512 128 128 256
Batch size 128, 256, 512 256 128 512
Learning rate (0.0001, 0.001) 0.00014 0.00038 0.00056
Dropout (0.0,0.2) 0.05 0.11 0.10




	Abstract
	1 Introduction
	2 Related Work
	3 Methodology
	3.1 YAformer: a flexible Transformer architecture
	3.2 Comparison methods
	3.3 hyperparameter optimization (HPO)

	4 Experimental Setup
	4.1 Datasets
	4.2 Task definition and metrics
	4.3 Retraining
	4.4 Statistical Comparison

	5 Results
	5.1 Model comparison
	5.2 Runtime
	5.3 Ablations

	6 Discussion
	7 Conclusion & Outlook
	Acknowledgments
	References
	A Hyperparameters
	B Additional metrics

