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Abstract. Accurate electrical consumption forecasting is crucial for effi-
cient energy management and resource allocation. While traditional time
series forecasting relies on historical patterns and temporal dependen-
cies, incorporating external factors — such as weather indicators — has
shown significant potential for improving prediction accuracy in complex
real-world applications. However, the inclusion of these additional fea-
tures often degrades the performance of global predictive models trained
on entire populations, despite improving individual household-level mod-
els. To address this challenge, we found that a hypernetwork architecture
can effectively leverage external factors to enhance the accuracy of global
electrical consumption forecasting models, by specifically adjusting the
model weights to each consumer.
We collected a comprehensive dataset spanning two years, comprising
consumption data from over 6000 luxembourgish households and corre-
sponding external factors such as weather indicators, holidays, and major
local events. By comparing various forecasting models, we demonstrate
that a hypernetwork approach outperforms existing methods when asso-
ciated to external factors, reducing forecasting errors and achieving the
best accuracy while maintaining the benefits of a global model.

Keywords: Time series forecasting · Hypernetworks · Multivariate ·
Multiprofile.

1 Introduction

Time series forecasting has traditionally relied on historical patterns and tempo-
ral dependencies to predict future values. However, in complex real-world appli-
cations such as electrical consumption prediction, the incorporation of external
factors has proven crucial for improving forecast accuracy [19]. These exogenous
variables provide additional context that can significantly influence consumption
patterns beyond what historical data alone can reveal.

In the specific case of electrical load forecasting, numerous studies have
demonstrated that consumption patterns are heavily influenced by external fac-
tors such as weather conditions, calendar effects, and socio-economic indicators
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[8]. Temperature, in particular, has been shown to have a strong relationship with
electricity demand, as heating and cooling needs vary significantly with ambient
temperature [2]. Additionally, calendar variables including holidays, weekends,
and seasonal patterns have been shown to capture regular variations in con-
sumption behavior effectively [19][25]. These behaviors, however, are household-
specific — e.g., a household using electric heating has a consumption more sen-
sitive to cold temperatures than a household relying on gas. This represents a
challenge to global forecasting models, which therefore have to capture specific
behaviors when predicting the consumption.

In order to forecast consumption, two strategies can be distinguished:

– Global model: A unified model trained on aggregated data across the
entire consumer population. This centralized approach facilitates compre-
hensive pattern recognition across diverse consumption behaviors, enhanc-
ing generalization capabilities while minimizing computational infrastruc-
ture requirements. Furthermore, recent architectural innovations specifically
address multi-channel time series [11][23].

– Individual models: A dedicated model trained for each consumer entity.
These specialized models capture household-specific consumption patterns
with high fidelity. While traditionally resource-intensive in terms of com-
putation and storage, recent advances in federated learning mitigate these
constraints [17], though hardware limitations for on-device machine learning
deployment remain significant.

To compare these two paradigms, we assess them on real-world data provided
by an industrial partner, containing more than 6000 households consumptions
over two years and corresponding external factors, ranging from weather data to
football1 events. As our results later demonstrate, although incorporating exter-
nal factors as features theoretically enhances performance, these lead to overall
performance degradation in global models. Conversely, individual models excel at
mapping external factors to consumer-specific responses, but introduce substan-
tial computational and storage overhead that scales linearly with the consumer
population. In particular, this approach fails to capitalize on the substantial be-
havioral similarities across consumers. Since many households share comparable
consumption patterns [20], training completely separate models results in sig-
nificant parameter redundancy, as each individual model essentially learns the
same forecasting task (electricity consumption) with variations to accommodate
specific consumer profiles. This redundancy wastes computational resources and
misses opportunities for knowledge sharing across similar consumer segments.

In order to bridge the gap between global models efficiency and individual
models precision, hypernetworks offer a promising architectural paradigm, il-
lustrated in Figure 1. Hypernetworks [7] are meta-models designed to generate
the weights of a primary task network conditioned on specific inputs. In our
context, a hypernetwork can dynamically produce customized parameters for
each consumer based on their unique embedding and current situation. This
1 Football in this paper refers to “soccer”
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approach maintains the personalization advantages of individual models while
dramatically reducing the parameter space, rather than maintaining thousands
of separate forecasting models.
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Fig. 1. Difference between global and individual models, and the proposed in-between
solution using hypernetworks.

In this paper, we introduce a novel approach using hypernetworks and consumer-
specific embeddings that enable global models to differentiate between individ-
ual households. These compact embeddings require minimal storage compared
to full individual model parameters while preserving household-specific informa-
tion. Our experimental results demonstrate that the hypernetwork architecture
is the only one in the tested benchmark to leverage external factors to reduce
forecasting error — and ultimately get the lowest error, beating state-of-the-art
models by up to 16% — while conventional approaches result in performance
degradation. This improvement enables more accurate, individualized forecast-
ing within a computationally efficient framework.

2 Background

Time series forecasting has evolved from classical statistical methods to advanced
deep learning architectures. Traditional approaches like ARIMA [16] rely on
temporal dependencies within univariate series but struggle with incorporating
exogenous variables effectively. More recently, neural network-based models have
demonstrated significant improvements in handling complex time series tasks.
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Transformer-based architectures [18] have been adapted for time series fore-
casting, with models like Informer [26] addressing the quadratic complexity lim-
itations of vanilla transformers. N-HiTS [1] extends the interpretable N-BEATS
framework [15] by introducing hierarchical interpolation and multi-rate data
processing for improved performance across multiple horizons.

When it comes to electricity load forecasting, a critical challenge is to effec-
tively incorporate multiple information channels, including historical consump-
tion and various exogenous factors. Recent architectures specifically target this
multivariate challenge: iTransformer [11] revolutionizes time series modeling by
treating individual features as tokens and timestamps as channels, inverting
the traditional approach. PatchTST [13] applies patching strategies to decom-
pose time series into subseries, enabling more robust feature extraction. Lately,
CARD [23] introduced channel attention mechanisms that dynamically weight
the importance of different input variables.

These models however still have to process the input time series to figure out
the consumer’s profile, which can be highly different from one time series to an-
other. Additionally, recognizing consumers profiles may also require longer input
time series (e.g. in order to analyze their behaviors during vacations). Mixture
of Experts (MoE) models [9] offer another approach to handling heterogeneous
patterns in time series data. These architectures dynamically route inputs to
specialized subnetworks, allowing the model to develop expertise given a spe-
cific embedding. Mixture of Linear Experts (MoLE) [12] extends this concept by
creating embeddings that represent input characteristics in order to create this
embedding, further improving adaptability to diverse time series behaviors.

Hypernetworks [7] represent a powerful paradigm where one network gener-
ates the weights for another. In the domain of time series, this approach has
shown particular promise for addressing distribution shifts in time series [3] and
has been applied to implicit neural representations as demonstrated in Hyper-
Time [4]. Hypernetworks are especially relevant for our work as they can ef-
ficiently generate consumer-specific parameters from compact embeddings, po-
tentially capturing individual household behaviors without requiring separate
models for each consumer.

In the context of electricity load forecasting, these architectural innovations
offer promising directions for improving prediction accuracy while maintaining
computational efficiency. Our work builds upon these foundations to address
the specific challenges of capturing consumer-specific responses to exogenous
factors.

3 Hypernetworks for Time Series Forecasting

3.1 Problem Formulation

We address the task of forecasting electrical consumption time series for a di-
verse set of consumers while incorporating various external factors. Let X =
{x1, x2, . . . , xN} represent the set of N consumer entities, each with its own
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hourly electrical consumption time series. For each consumer xi, we denote its
consumption at time t as xi,t ∈ R. Additionally, we have a set of numerical ex-
ternal factors Φ = {ϕ1, ϕ2, . . . , ϕk} (additional time series, such as temperature)
and categorical external factors C = {c1, c2, . . . , cm}.

Our objective is to predict future consumption values yi,t:t+h := xi,t+L:t+L+h

for a horizon h for every consumer i, given historical consumption xi,t:t+L for
an input length L and external factors Φt:t+L and Ct:t+L.

3.2 Model Architecture

Our proposed architecture consists of three main components: (1) an embed-
ding layer for categorical variables, (2) a hypernetwork that generates consumer-
specific weights, and (3) a linear forecasting model with these consumer-specific
weights. The hypernetwork itself can be seen as a weights generator — that
outputs matrices for the linear model — and essentially shares the same archi-
tecture than an image decoder [14]. An overview of the pipeline is illustrated in
Figure 2.
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Fig. 2. Overview of the hypernetwork pipeline
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Embedding Representation for Categorical Variables. For each categor-
ical external factor cj ∈ C, we learn a dense embedding representation:

ej = Embed(cj) ∈ Rdj (1)

where dj is the embedding dimension for factor j. Specifically, when cat-
egorical features are related and complementary, we sum their embeddings as
follows:

eevent =

{
eno event, if ceventk = 0 for all k∑

k∈{k|ceventk=1} eeventk , otherwise
(2)

All categorical embeddings are reshaped to matrices of size (p, q) and stacked
together to form the hypernetwork input, as shown in Figure 3. The resulting
input tensor is denoted zi,t. The output matrices predicted by the hypernetwork
have proportional dimensions from the inputs, and are of shape (p × u, q × u),
where u is the upscaling factor.
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Fig. 3. Illustration of example embeddings. Each consumer ID and other known cat-
egorical features are transformed to embeddings, which are reshaped and stacked to-
gether to form the Hypernetwork input.

Forecasting Mechanism. The hypernetwork Hθ with parameters θ takes the
concatenated features zt and generates the weights for a consumer-specific linear
forecasting model:
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Wi,t = Hθ(zi,t) ∈ RL×h×p (3)

where p = k + 1 is the input dimension to the linear model, corresponding
to the number of input time series; L is the input length, and h is the forecast
horizon.

The consumer-specific weights Wi,t are then used in a linear model to pro-
duce the final forecasts. For each consumer i at time t, the input to the linear
model includes both historical consumption values xi,t:t+L ∈ RL and the numer-
ical external factors Φt:t+L ∈ Rk×L.

The forecast for the next h time steps is then computed as:

ŷi,t:t+h = Wi,t ·


xi,t:t+L

ϕ1,t:t+L

. . .
ϕk,t:t+L

 (4)

Loss Function and optimization. We jointly optimize the hypernetwork
parameters θ along with all categorical feature embeddings ei by minimizing the
Mean Squared Error (MSE) between predictions and ground truth:

min
θ,{ei}

N∑
i=1

∑
t∈T

∥ŷi,t:t+h − yi,t:t+h∥2 (5)

where N is the number of consumers, T is the set of time points in the
training data, ŷi,t:t+h represents the predicted values, and yi,t:t+h represents
the ground truth values.

It is worth noting that unlike traditional neural networks where weights are
directly optimized, in our approach, the hypernetwork parameters θ are op-
timized such that they can generate effective consumer-specific weights Wi,t

for the linear forecasting model. This approach allows the model to dynami-
cally adapt to different consumers’ consumption patterns while leveraging shared
knowledge across the entire consumer base.

3.3 Experimental setup

Dataset. We collected a dataset comprising hourly data over a period of two
years (2020 and 2021):

– Numerical features:
• x: Consumption data (kWh) for N = 6, 010 households and businesses

in Luxembourg, provided by the national grid operator;
• ϕtemp, ϕhum, ϕwind, ϕsun: Weather indicators — temperature (°C), humid-

ity (%), wind speed (km/h), sunlight (minutes of sun within one hour)2;
2 For simplicity purposes, these indicators are global for all consumers (weather in

Luxembourg City), as the geographical area of study is small with few local varia-
tions.
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– Categorical features:
• i: Consumer ID, ranging from 0 to 6,009;
• chour, cdw, cdm, cmonth: Timestamps data — hour of day (24 values), day

of week (7), day of month (31), month of year (12);
• csh, cph: School holiday indicator (boolean), public holiday (boolean);
• cteam1

, . . . , cteam5
: 5 booleans, indicating wether Luxembourg, Germany,

France, Belgium or Portugal will be playing in the current day or not —
which are relevant teams for the studied region.

As it is usual for electric load forecasting [6], we set a forecast horizon of 1
week (h = 168), from an input length of 2 weeks (L = 336). We compare results
with and without the inclusion of external factors, and run further experiments
where only the consumer ID is provided in addition to electrical consumption.
The dataset is partitioned chronologically into train/validation/test sets with
standard 70%/10%/20% ratios following established time series forecasting pro-
tocols [22]. We preprocess the data by standardizing consumption values, tem-
perature, and wind speed, while applying min-max normalization to humidity
and sunlight variables as these represent naturally bounded quantities.

Hyperparameters. We set the upscaling factor u to 24, which fits with the
daily seasonality characteristics of electricity consumption. Given this factor and
the needed sizes of the output matrices (336 × 168), we have to make inputs
of size 14 × 7. To achieve this, we concatenate two 7 × 7 matrices, leading to
49-dimensional vectors. One reason for this choice is the flexibility this concate-
nation offers: one could easily change the number of weeks in the input length
or forecast horizon by getting shapes of 7a× 7b. For consumer IDs, we allocate
twice the embedding capacity (7 × 7 × 2) to capture the more complex behav-
ioral patterns associated with individual users. These embedding tensors are
concatenated along the channel dimension before being processed by the model
through four residual blocks, ultimately generating weight matrices of dimen-
sion 336 × 168 that map input sequences to forecast horizons. Experiments are
repeated 10 times to reduce randomness effects.

Baseline models. One natural additional solution to experiment with is Mix-
ture of Linear Experts [12], as they demonstrate strong performance in general
time series forecasting. Especially, each expert can specialize in specific groups
of consumers, and embeddings can simply be used to attribute expert impor-
tance. We consider three MoLE variants, MoLE_DLinear, MoLE_RLinear and
MoLE_RMLP, the latter consisting in two dense layers expert models. 16 ex-
perts are used, as this setting allowed the good performance shown in [12]. When
using categorical features, we use the same embeddings as for hypernetworks,
which are then linearly mapped to a probability distribution vector that assigns
experts importance.

Baseline models also include state-of-the-art forecasting models with a focus
on multiple channels processing: iTransformer (2024 [11]), CARD (2024 [23]),



Electrical Consumption Forecasting using Hypernetworks 9

NHits (2023 [1]), PatchTST (2022 [13]), RLinear (2022 [10]). For completeness,
we include ARIMA as a classical statistical baseline which, despite its compu-
tational complexity, often provides competitive performance for structured time
series forecasting tasks. Since the baseline models are designed for continuous
multivariate time series, we adapt categorical features for fair comparison. For
most categorical variables, we employ one-hot encoding to create additional bi-
nary channels. However, for the high-cardinality consumer ID feature, this ap-
proach would create an impractical number of channels. Instead, we learn low-
dimensional embeddings for consumer IDs and repeat these embeddings across
the temporal dimension, maintaining consistent representation while controlling
dimensionality. The code is available on Github3.

Finally, we compare these results with individual RLinear models being
trained for every individual consumer — not predicted by the hypernetwork
— in contrast with global models cited above.

Infrastructure. We use a Quadro RTX 8000 49GB GPU for all the experi-
ments.

4 Results

Table 1. MSE and MAE values for different models and datasets. Models denoted
with an asterisk * are not meant to handle categorical features: the consumer’s ID
embedding is provided in additional time series channels

Model No external factor Consumer ID only + External factors

MSE MAE MSE MAE MSE MAE

Our method - - 0.1771 0.1872 0.1734 0.1805
MoLE_DLinear 0.1788 0.1899 0.1798 0.1891 0.1807 0.1904
MoLE_RLinear 0.1786 0.1836 0.1795 0.1844 0.1787 0.1839
MoLE_RMLP 0.1774 0.1820 0.1788 0.1832 0.1778 0.1826
Individual RLinears* - - 0.1741 0.1819 0.1725 0.1792
RLinear* 0.1806 0.1901 0.1874 0.1990 0.1888 0.2044
iTransformer* 0.1834 0.1867 0.1866 0.1894 0.1969 0.1966
CARD* 0.1759 0.1816 0.1760 0.1817 0.1765 0.1822
NHits* 0.1757 0.1849 0.1759 0.1851 0.1763 0.1854
PatchTST* 0.1759 0.1817 0.1762 0.1822 0.1768 0.1856
ARIMA 0.1780 0.1893 - - - -

Our experimental results demonstrate several key findings regarding the per-
formance of various time series forecasting models, as shown in Table 1. The

3 https://github.com/serval-uni-lu/hypernetworks-time-series

https://github.com/serval-uni-lu/hypernetworks-time-series
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comparison across different input configurations yields important insights for
model selection and deployment in real-world scenarios. The standard error is
always < 10−4 in the table, with two minor exceptions. More detail is provided
in appendix.

4.1 Impact of External Factors

Perhaps the most surprising finding is that incorporating external factors gener-
ally degrades model performance across almost all architectures. This contradicts
the common assumption that additional information should improve predictive
accuracy. Only individual models and our hypernetwork approach exhibit im-
proved performance when leveraging external factors, with decreases in both
MSE and MAE compared to using consumer ID only or no external factors.

This exceptional behavior of hypernetworks suggests they possess a unique
ability to effectively filter and use external information without introducing ad-
ditional noise or complexity that harms prediction accuracy. The architecture’s
approach to handling multiple input channels appears fundamentally more ef-
fective than competing methods.

Consumer ID Embeddings. The performance when using only consumer ID em-
beddings as additional channels provides insights into how different models han-
dle the introduction of this information. The MoLE models are the only global
ones to improve the forecasting quality with the consumer ID provided — they
are, however, with the hypernetworks, the only models designed to handle this
specific input. Models not explicitly designed for this purpose always show a
small degradation of performance. Despite not being optimized for categorical
features, Transformer models still perform reasonably well in this scenario.

4.2 Performance Across Model Architectures.

The Hypernetwork architecture exhibits superior performance compared to other
models by successfully imitating the individual models approach and getting
closer to its final performance, achieving the second lowest MSE (0.1734) and
MAE (0.1805) when incorporating external factors. This represents a notable
improvement over traditional approaches and even other deep learning models.
CARD and NHits follow closely behind, with NHits demonstrating particularly
strong performance (MSE: 0.1763, MAE: 0.1854), making it a viable alternative
when no external factors are available.

Interestingly, the classical Arima model (MSE: 0.1780, MAE: 0.1893) remains
competitive despite being significantly less complex than the deep learning ap-
proaches. This suggests that for certain forecasting tasks, traditional statistical
methods should not be dismissed outright.
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4.3 Cost

Training time. Our hypernetwork approach achieves a favorable trade-off be-
tween computational resources and prediction accuracy. While generating consumer-
specific weights introduces additional computational overhead during training
compared to global models, this cost is substantially lower than training indi-
vidual models for each consumer. Specifically, our approach reduces training time
by 7 hours (approximately 70%) compared to individualized RLinear models.

Memory. The memory efficiency of our approach is particularly notable. The
consumer embeddings require only 589K parameters (2.4MB), whereas individ-
ual linear models for all 6,010 consumers demand 3.392 billion parameters. This
represents a parameter reduction factor of over 5,700×. Extrapolating to a real-
world deployment with 1 million consumers, our approach would require only
megabytes of storage compared to approximately 2.3TB for individual models.
This dramatic reduction in model size not only decreases storage requirements
but also eliminates the significant I/O overhead that would occur when loading
individual models from disk during inference — a practical consideration not
captured in our GPU-only-based timing experiments.
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4.4 Generalizing consumers embeddings

As consumers might evolve over time, with new ones arriving and others leaving,
embeddings often need to be updated. This can be achieved by optimizing the
embeddings in order to reduce the final forecasting error. One advantage of
this method is that this task can be easily parallelized, and the hypernetwork
model itself doesn’t necessarily need to be retrained. Figure 5 reveals that our
hypernetwork approach, when trained on merely 8% of the consumer base (500
out of 6010 consumers), outperforms competing models across the entire dataset,
given consumers’ embeddings after training. This adaptive capability presents a
significant advantage in dynamic real-world settings where consumer populations
continually evolve, as the model maintains strong predictive performance while
requiring minimal retraining.
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Fig. 5. Performance evaluated on the full dataset when only a portion of the 6010
consumers is used to train models

4.5 Ablation studies

Inclusion of categorical features. As several models are not explicitly de-
signed to handle categorical features, it is important to verify that these models
are not penalized by such inclusions. Results in Table 2 show that categorical
features have overall no significant impact on their performance, with MSE vary-
ing by at most 5× 10−4 and MAE by at most 7× 10−4. Some models even show
marginal improvements with categorical features (e.g., NHits exhibits lower MSE
and MAE with categorical features included). This stability might suggest that
the performance degradation observed in Table 1 is predominantly attributable
to numerical features rather than categorical ones.
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Table 2. Performance (± standard error) with and without categorical features, for
models that only handle numerical time series as inputs (asterisked in Table 1)

Model With categorical features Without categorical features

MSE MAE MSE MAE

iTransformer 0.1969 ± 0.0013 0.1966 ± 0.0012 0.1966 ± 0.0014 0.1971 ± 0.0012
CARD 0.1765 ± 0.0000 0.1822 ± 0.0001 0.1764 ± 0.0000 0.1822 ± 0.0001
NHits 0.1763 ± 0.0002 0.1854 ± 0.0005 0.1768 ± 0.0002 0.1861 ± 0.0005
PatchTST 0.1768 ± 0.0001 0.1856 ± 0.0001 0.1767 ± 0.0001 0.1857 ± 0.0001
RLinear 0.1888 ± 0.0000 0.2044 ± 0.0001 0.1890 ± 0.0000 0.2048 ± 0.0001

Importance of different external factors. Table 3 demonstrates the sig-
nificant contribution of each external factor to model performance. The experi-
ment incorporating all external factors achieves the lowest error, while removing
any category of factors leads to performance degradation. Temporal indicators
emerge as the most critical component, with their removal causing the largest
increase in error, followed by weather indicators and perhaps more interestingly
football events. We also observe that including more external factors systemati-
cally decreases the standard error, thus making the performance less uncertain.
Overall, these results quantitatively validate the hypernetwork’s capacity to ef-
fectively integrate diverse external signals, capturing complex interdependencies
between seemingly disparate factors and the target variable.

Table 3. MSE and MAE values (± standard error) for the hypernetwork model with
and without groups of external factors

Removed data MSE MAE

Weather indicators 0.1768 ± 0.0008 0.1865 ± 0.0013
Date & time indicators 0.1777 ± 0.0010 0.1875 ± 0.0018
Football events 0.1761 ± 0.0004 0.1850 ± 0.0009
∅ 0.1734 ± 0.0002 0.1808 ± 0.0004

5 Discussion

Mixed role of external factors. The findings from our study challenge the pre-
vailing assumption that integrating more external factors naturally enhances
forecasting accuracy. Our results indicate that, for most models, the inclusion of
additional external factors often leads to performance degradation. This suggests
that the signal-to-noise ratio introduced by these external factors may not al-
ways be beneficial, highlighting the complexity involved in effectively leveraging
such data.
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Linearity of the forecasting process. While the end forecast is inherently linear
and may not capture complex patterns directly [24], the linear weights them-
selves are dynamically generated by the hypernetwork, which is nonlinear. This
unique capability allows the linear model to adapt to more complex situations by
tailoring weights to individual consumer behaviors, effectively making the final
forecast nonlinear w.r.t. the input embeddings.

Adaptability. Hypernetworks present a notable exception by using external in-
formation without compromising performance, showcasing their capability in
adapting to the varying significance of different input channels. New consumer
embeddings can effectively be added over time to adapt to the demand evolu-
tion, which makes this solution suitable for real-world scenario. Encoders could
be used in the future to be more effective than gradient descent in order to
optimize these new embeddings.

Future work. Long time series embedding models [5][21] could be used to create
consumers embeddings optimized to serve as hypernetwork’s input. This would
allow even faster profile embedding without having to apply gradient descent.
More complex models than simple linear models could also be considered as
for the hypernetwork’s output. As already suggest with MoLE models, adding
simple layers to the output model could potentially increase the performance.

6 Conclusion

In conclusion, our investigation into leveraging hypernetworks for electrical con-
sumption forecasting reveals their potential as a robust alternative to traditional
methods. By successfully exploiting external factors without degrading model
performance for a reasonable cost, hypernetworks offer a promising direction
for future research, especially in applications requiring the integration of diverse
data channels. The results highlight the need for continued exploration into mod-
els that effectively balance complexity and accuracy, with improvements yet to
be made to optimize new consumers embeddings, overall encouraging advance-
ments in time series forecasting, especially with real-world applications.

Acknowledgment

The authors would like to thank Creos Luxembourg S.A. for its support and
valuable feedback.

References

1. Challu, C., Olivares, K.G., Oreshkin, B.N., Ramirez, F.G., Canseco, M.M.,
Dubrawski, A.: Nhits: Neural hierarchical interpolation for time series forecast-
ing. In: Proceedings of the AAAI conference on artificial intelligence. vol. 37, pp.
6989–6997 (2023)



Electrical Consumption Forecasting using Hypernetworks 15

2. Chen, Y., Xu, P., Chu, Y., Li, W., Wu, Y., Ni, L., Bao, Y., Wang, K.:
Short-term electrical load forecasting using the support vector regression (svr)
model to calculate the demand response baseline for office buildings. Ap-
plied Energy 195, 659–670 (2017). https://doi.org/https://doi.org/10.1016/
j.apenergy.2017.03.034, https://www.sciencedirect.com/science/article/
pii/S0306261917302581

3. Duan, W., He, X., Zhou, L., Thiele, L., Rao, H.: Combating distribution shift for
accurate time series forecasting via hypernetworks. In: 2022 IEEE 28th Interna-
tional Conference on Parallel and Distributed Systems (ICPADS). pp. 900–907.
IEEE (2023)

4. Fons, E., Sztrajman, A., El-Laham, Y., Iosifidis, A., Vyetrenko, S.: Hypertime: Im-
plicit neural representation for time series. arXiv preprint arXiv:2208.05836 (2022)

5. Fraikin, A., Bennetot, A., Allassonnière, S.: T-rep: Representation learning for time
series using time-embeddings. arXiv preprint arXiv:2310.04486 (2023)

6. Gasparin, A., Lukovic, S., Alippi, C.: Deep learning for time series forecasting: The
electric load case. CAAI Transactions on Intelligence Technology 7(1), 1–25 (2022)

7. Ha, D., Dai, A., Le, Q.V.: Hypernetworks. arXiv preprint arXiv:1609.09106 (2016)
8. Hong, T., Fan, S.: Probabilistic electric load forecasting: A tutorial review. Inter-

national Journal of Forecasting 32(3), 914–938 (2016). https://doi.org/https:
//doi.org/10.1016/j.ijforecast.2015.11.011, https://www.sciencedirect.
com/science/article/pii/S0169207015001508

9. Jacobs, R.A., Jordan, M.I., Nowlan, S.J., Hinton, G.E.: Adaptive mixtures of local
experts. Neural computation 3(1), 79–87 (1991)

10. Li, Z., Qi, S., Li, Y., Xu, Z.: Revisiting long-term time series forecasting: An
investigation on linear mapping (2023), https://arxiv.org/abs/2305.10721

11. Liu, Y., Hu, T., Zhang, H., Wu, H., Wang, S., Ma, L., Long, M.: itransformer:
Inverted transformers are effective for time series forecasting (2024), https://
arxiv.org/abs/2310.06625

12. Ni, R., Lin, Z., Wang, S., Fanti, G.: Mixture-of-linear-experts for long-term time
series forecasting. In: International Conference on Artificial Intelligence and Statis-
tics. pp. 4672–4680. PMLR (2024)

13. Nie, Y., Nguyen, N.H., Sinthong, P., Kalagnanam, J.: A time series is worth 64
words: Long-term forecasting with transformers. arXiv preprint arXiv:2211.14730
(2022)

14. van den Oord, A., Vinyals, O., Kavukcuoglu, K.: Neural discrete representation
learning (2018), https://arxiv.org/abs/1711.00937

15. Oreshkin, B.N., Carpov, D., Chapados, N., Bengio, Y.: N-beats: Neural ba-
sis expansion analysis for interpretable time series forecasting. arXiv preprint
arXiv:1905.10437 (2019)

16. Parzen, E.: Some recent advances in time series modeling. IEEE Transactions on
Automatic Control 19(6), 723–730 (1974)

17. Savi, M., Olivadese, F.: Short-term energy consumption forecasting at the edge: A
federated learning approach. IEEE Access 9, 95949–95969 (2021). https://doi.
org/10.1109/ACCESS.2021.3094089

18. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser,
Ł., Polosukhin, I.: Attention is all you need. Advances in neural information pro-
cessing systems 30 (2017)

19. Wang, Y., Chen, Q., Hong, T., Kang, C.: Review of smart meter data analytics: Ap-
plications, methodologies, and challenges. IEEE Transactions on Smart Grid 10(3),
3125–3148 (May 2019). https://doi.org/10.1109/tsg.2018.2818167, http://
dx.doi.org/10.1109/TSG.2018.2818167

https://doi.org/https://doi.org/10.1016/j.apenergy.2017.03.034
https://doi.org/https://doi.org/10.1016/j.apenergy.2017.03.034
https://doi.org/https://doi.org/10.1016/j.apenergy.2017.03.034
https://doi.org/https://doi.org/10.1016/j.apenergy.2017.03.034
https://www.sciencedirect.com/science/article/pii/S0306261917302581
https://www.sciencedirect.com/science/article/pii/S0306261917302581
https://doi.org/https://doi.org/10.1016/j.ijforecast.2015.11.011
https://doi.org/https://doi.org/10.1016/j.ijforecast.2015.11.011
https://doi.org/https://doi.org/10.1016/j.ijforecast.2015.11.011
https://doi.org/https://doi.org/10.1016/j.ijforecast.2015.11.011
https://www.sciencedirect.com/science/article/pii/S0169207015001508
https://www.sciencedirect.com/science/article/pii/S0169207015001508
https://arxiv.org/abs/2305.10721
https://arxiv.org/abs/2310.06625
https://arxiv.org/abs/2310.06625
https://arxiv.org/abs/1711.00937
https://doi.org/10.1109/ACCESS.2021.3094089
https://doi.org/10.1109/ACCESS.2021.3094089
https://doi.org/10.1109/ACCESS.2021.3094089
https://doi.org/10.1109/ACCESS.2021.3094089
https://doi.org/10.1109/tsg.2018.2818167
https://doi.org/10.1109/tsg.2018.2818167
http://dx.doi.org/10.1109/TSG.2018.2818167
http://dx.doi.org/10.1109/TSG.2018.2818167


16 F. Bernier et al.

20. Wang, Y., Chen, Q., Kang, C., Xia, Q.: Clustering of electricity consumption be-
havior dynamics toward big data applications. IEEE transactions on smart grid
7(5), 2437–2447 (2016)

21. Wang, Y., Wu, H., Dong, J., Qin, G., Zhang, H., Liu, Y., Qiu, Y., Wang, J., Long,
M.: Timexer: Empowering transformers for time series forecasting with exogenous
variables. arXiv preprint arXiv:2402.19072 (2024)

22. Wu, H., Xu, J., Wang, J., Long, M.: Autoformer: Decomposition transformers with
auto-correlation for long-term series forecasting. Advances in neural information
processing systems 34, 22419–22430 (2021)

23. Xue, W., Zhou, T., Wen, Q., Gao, J., Ding, B., Jin, R.: Card: Channel aligned
robust blend transformer for time series forecasting (2024), https://arxiv.org/
abs/2305.12095

24. Zeng, A., Chen, M., Zhang, L., Xu, Q.: Are transformers effective for time se-
ries forecasting? In: Proceedings of the AAAI conference on artificial intelligence.
vol. 37, pp. 11121–11128 (2023)

25. Zhang, C., Zhou, J., Li, C., Fu, W., Peng, T.: A compound structure of
elm based on feature selection and parameter optimization using hybrid back-
tracking search algorithm for wind speed forecasting. Energy Conversion and
Management 143, 360–376 (2017). https://doi.org/https://doi.org/10.1016/
j.enconman.2017.04.007, https://www.sciencedirect.com/science/article/
pii/S0196890417303126

26. Zhou, H., Zhang, S., Peng, J., Zhang, S., Li, J., Xiong, H., Zhang, W.: Informer:
Beyond efficient transformer for long sequence time-series forecasting. In: Proceed-
ings of the AAAI conference on artificial intelligence. vol. 35, pp. 11106–11115
(2021)

https://arxiv.org/abs/2305.12095
https://arxiv.org/abs/2305.12095
https://doi.org/https://doi.org/10.1016/j.enconman.2017.04.007
https://doi.org/https://doi.org/10.1016/j.enconman.2017.04.007
https://doi.org/https://doi.org/10.1016/j.enconman.2017.04.007
https://doi.org/https://doi.org/10.1016/j.enconman.2017.04.007
https://www.sciencedirect.com/science/article/pii/S0196890417303126
https://www.sciencedirect.com/science/article/pii/S0196890417303126

	Leveraging External Factors in Household-Level Electrical Consumption Forecasting using Hypernetworks

