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Abstract

Energy demand forecasting at large scale is a critical challenge for modern power
grid operators, especially as the transition to all-electric systems, the integration of
renewables; and evolving consumption behaviors introduce greater variability and
complexity. In an industrial partnership with Creos Luxembourg S.A., this PhD
thesis addresses the needs of grid management through a comprehensive exploration
of scalable, accurate, and practical solutions to electricity consumption forecasting
at the household level.

The first axis of this thesis targets scalability in forecasting solutions. Existing
state-of-the-art machine learning models often suffer from significant computational
costs, rendering them impractical for large-scale and frequent deployment. This
manuscript introduces Transplit, a novel transformer-based forecasting architecture
that exploits the inherent seasonality of consumption data by encoding entire
seasonal cycles (e.g., days) as compact vectors. This approach dramatically reduces
the sequence length processed by the model, resulting in a lightweight method
capable of training on thousands of households with minimal hardware (including
CPUs), while achieving competitive accuracy against deep learning baselines, paving
the way for fine-grained, frequent grid state estimation at population scale.

The second research direction focuses on peak demand forecasting, essential for
operational safety, economic dispatching, and load balancing, yet under-addressed
by classical error metrics (MSE, MAE) that flatten out local maxima. To overcome
this limitation, we propose DeDiPeak, a framework comprising new Peak Prediction
Performance (P3) metrics — specifically designed to assess forecasted peaks on both
timing and amplitude — with a deblurring diffusion model. This diffusion post-
processor can be plugged into any forecasting model to selectively enhance peaks,
leading to significant improvements in peak-specific accuracy without degrading
the overall error. Empirical results show up to a 36% gain in peak forecasting
quality over benchmarks, not only on electricity consumption, but also on a broad
spectrum of real-world datasets.

The third axis investigates the leverage of external factors, such as weather,
holidays, and special events, in global forecasting models. While traditional
models often degrade when incorporating such exogenous variables, we show that
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a hypernetwork-based architecture can bridge this gap by dynamically generating
consumer-specific model weights conditioned on compact embeddings that represent
both household identity and contextual factors. Evaluated on multi-year, multi-
household datasets containing both consumption records and aligned external
signals, our hypernetwork approach consistently outperforms classical, global, and
expert-mixture models, achieving individual-level accuracy without a costly per-
consumer model maintainance, and enabling fast adaptation to changing consumer
populations.

Finally, to a lesser extent, this thesis explores the emergent use of Large
Language Models (LLMs) in power system optimization, and especially their ability
to solve the Optimal Power Flow (OPF) problem by querying LLMs with graph-
and table-based representations of realistic power grids. We show that LLMs can
be adapted to reliably solve OPF instances, with their performance improving as
model size and tailored training increase, thereby opening new perspectives for
cross-domain modeling in the energy sector.

Together, these contributions advance the state of the art in scalable grid
analytics, robust peak event prediction, multi-factor consumption modeling, and
cross-disciplinary energy system optimization. The resulting frameworks are directly
applicable within the industrial context of Creos Luxembourg S.A., encouraging the
deployment of next-generation forecasting tools, which are critical for tomorrow’s
smart grids.
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Introduction

With the energy sector transitioning from fossil fuels to renewable generation
and all-electric appliances, power grid operators face new challenges including
weather-dependent evolving consumption patterns and shorter planning horizons
that make accurate load forecasting critical for grid stability. This chapter
introduces these challenges through the presentation of three main contributions:
Transplit (a lightweight transformer for seasonal time series), DeDiPeak (a
diffusion-based approach for peak forecasting), and contextual hypernetworks for
personalized forecasting, all developed in partnership with Luzembourg’s grid
operator Creos S.A.
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1.1 Context: towards an all-electric society

Over the last decade the energy ecosystem has entered an unprecedented tran-
sition: fossil-fuel based production is being progressively replaced by distributed
renewable generation, while end-users switch to all-electric appliances for mobility,
heating and industry. Although this paradigm shift is indispensable from a sustain-
ability perspective, it also compromises the real-time balance that modern power
systems are designed to maintain. In particular, distribution system operators
must now cope with (i) larger forecast errors caused by weather-dependent genera-
tion, (iz) rapidly evolving consumption habits (e.g. electric vehicles, heat pumps),
and (iii) the decreasing planning horizon imposed by regulatory and market rules.
Precise and reliable short-term load forecasting has therefore become important
for operational security, preventive maintenance and even optimal economic dis-
patch [NTN*20; HF16]. Luxembourg is no exception to this trend, where the
national grid operator Creos Luxembourg S.A., our industrial partner, is tasked
with ensuring the stability of the electricity network in the face of these challenges.
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Figure 1.1: Important localized overconsumption can lead to network overloads,
which threaten the stability of the power grid.

1.2 Limitations of state-of-the-art forecasting
pipelines

The recent wave of deep-learning based time-series models — recurrent [ZM98;
YSL*19], convolutional networks [MS22], transformers [VSP*17; whXW*21; ZZP*21]
and, more recently, diffusion approaches [RSST21] — raised the accuracy bar quite
significantly. Yet their applicability at population scale remains limited:

2
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1. Scalability. Training large models for every smart-meter individually or re-
training a global model on millions of meter-hours quickly becomes exorbitant
in CPU/GPU time and energy consumption. This tension gave rise to the field
of Frugal Machine Learning [EVHT21; PG21], which calls for resource-aware
forecasting solutions.

2. Peak-centric accuracy. Standard error metrics such as MAE/MSE smooth
out local maxima, while distribution system operators are very interested in
peaks that threaten network stability [DMD*21; ABC*05]. Models optimised
for average behaviour often predict shy peaks (low amplitude, wrong timing)
as illustrated in Fig. 4.2.

3. Multi-factor interactions. Electrical demand depends on exogenous
variables—weather, calendar events, socio-economic context—whose impact
is customer-specific. Global architectures struggle to exploit these heteroge-
neous signals, whereas individual models capture them but at an unrealistic
operational cost.

1.3 Research objectives

The overarching goal of this thesis is to devise scalable, accurate and practical
forecasting methodologies that fulfill industrial-grade requirements. Concretely,
three intertwined questions are being addressed:

RQ1 How can the computational footprint of deep sequence-to-sequence forecasters
be reduced without sacrificing predictive power?

RQ2 How can one quantify and subsequently improve the prediction of demand
peaks that critically drive grid dimensioning?

RQ3 How can external factors be integrated into large-scale models while still
accounting for household-level behaviors?

RQ4 Can emerging Large Language Models (LLMs) contribute to core power-
system optimisation tasks such as the Optimal Power Flow (OPF) problem?

1.4 Methodological overview

To answer these questions, we propose a three-axes research programme:
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1. Transplit: a Transformer tailored for Seasonal Time Series. We
introduce TRANSPLIT, a lightweight encoder—only Transformer that exploits the
strong daily/weekly periodicity of electricity load. A Slice-to-Vector-to-Slice (SVS)
module converts entire seasons (e.g. days) into compact embeddings, so that the
self-attention mechanism operates on 30 vectors instead of 720 raw points for a
monthly context window. This architectural simplification divides both training
time and GPU memory by up to three orders of magnitude while retaining accuracy
on standard benchmarks such as the ECL, WEATHER, TRAFFIC and ETTM2
time series datasets. Moreover, TRANSPLIT can be retrained on ~6000 households
in <30 minutes on a single CPU, opening opportunities for frugal, population-scale
forecasting.

2. DeDiPeak: Deblurring Diffusion for Peak Forecasting. To restore
sharpness lost during point-wise optimisation, we introduce DEDIPEAK, a plug-
and-play post-processor that performs the last steps of an inverse heat-dissipation
diffusion model [RHS22; HS22b]. Two dedicated metrics, the Peak Prediction
Performance scores P3g and P3,,, jointly evaluate timing and amplitude errors,
overcoming the limitations of traditional indicators. Applied to the outputs of
any base forecaster, the diffusion module selectively enhances local maxima and
yields up to a 36% improvement in peak accuracy on electricity, traffic, weather
and financial datasets, with negligible degradation of the global MSE.

3. Contextual Hypernetworks for Personalised Forecasting. Finally,
we tackle the integration of exogenous variables through a hypernetwork that
dynamically generates household-specific weights conditioned on both customer
embeddings and contextual features (temperature, holidays, sport events, etc.).
The resulting architecture reconciles the efficiency of a single global model with the
precision of per-user fine-tuning, outperforming strong baselines (Informer, NHits,
expert mixtures) by up to 16 % on a two-year, 6000-meter dataset provided by
Creos.

Transplit and Dedipeak, in particular, are not only studied on electrical con-
sumption time series, but also evaluated on more general time series datasets,
allowing for broader usage outside of the scope of electrical load consumption
forecasting.

1.5 Industrial partnership and datasets

All methods were developed and evaluated in close collaboration with Creos
Luxembourg S.A., which granted access to an anonymised dataset of more than 6 000
smart meters, as mentioned above. Public benchmarks (ECL [Dat14], Weather,
Traffic) were additionally used to ensure replicability and external validity.

4
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1.6 Outline of the manuscript

The remainder of this manuscript is organised as follows. Chapter 2 reviews
the literature on general time-series forecasting — more specific background will
be added in respective chapters. Chapter 3 introduces Transplit and its frugal
training procedure. Chapter 4 formalises the P3 metrics and details the DeDiPeak
framework. Chapter 5 presents the hypernetwork architecture for context-aware
forecasting. Chapter 6 investigates the use of LLMs for Optimal Power Flow.
Finally, Chapter 7 summarises the findings and discusses future work.

1.7 Contributions

For the reader’s convenience we recap below the main contributions delivered
throughout the thesis:

Transplit — a seasonal-aware transformer that achieves up to 940x faster
training on CPU than competitive deep models, enabling nationwide deploy-
ment on commodity hardware.

P3 metrics — first reproducible indicators (P3s,, P3¢) dedicated to peak
demand evaluation, released as an open-source Python package.
DeDiPeak — a diffusion-based post-processor that lifts peak forecasting
accuracy by up to 36 % without degrading global MAE.

Hypernetwork architecture — a compact, plug-and-play module that
injects external factors and household embeddings into a single global model,
outperforming state-of-the-art individual and mixture baselines by up to
16 %.

First evidence of LLM-based OPF solving — demonstrating the feasi-
bility of leveraging large language models for core power-system optimisation
tasks.

Added together, these results advance the state of the art in frugal grid analyt-
ics, peak-centric evaluation, multi-factor forecasting and cross-disciplinary energy
optimisation, made to specifically fit Creos Luxembourg’s needs.
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Background

This chapter introduces the common background on time series forecasting for
the contributions in this thesis, as well as the dataset provided by Creos, reqularly
mentioned and used in the next chapters.

Contents
2.1 From Statistical to Machine Learning Approaches. .. 8
2.2 Neural Network Architectures for Time Series . . . . . 8
2.3 The CREOS dataset . . . ... ............... 9
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Time series forecasting has evolved significantly last decades, transitioning from
classical statistical approaches to sophisticated deep learning architectures. This
progression has been driven by increasing data availability, growing computational
power, and the need to address complex forecasting challenges across various
domains.

2.1 From Statistical to Machine Learning Ap-
proaches

Early forecasting methodologies were predominantly based on statistical time
series models that leveraged temporal patterns such as seasonality. The Autore-
gressive Integrated Moving Average (ARIMA) model [BJ76] illuminated these
traditional parametric approaches, alongside exponential smoothing techniques
[Gar85]. While these methods provided acceptable baseline performance, they
exhibited significant limitations when confronted with non-linear data patterns and
struggled to effectively incorporate multiple information sources.

The emergence of machine learning techniques marked a new shift in the
forecasting landscape. These approaches demonstrated superior capability in
handling data non-linearity and complex temporal dependencies. The recent
exponential growth in computational resources and the availability of sophisticated
learning frameworks have further accelerated the adoption of machine learning-
based forecasting models, leading to a proliferation of novel architectural proposals.

2.2 Neural Network Architectures for Time Se-
ries

Among neural network approaches, Long Short-Term Memory (LSTM) networks
have been extensively used for time series forecasting tasks, and, to a minor extent,
continue to be subjects of active research [LCY*18; YSL*19]. These recurrent
architectures excelled at capturing long-term dependencies in sequential data,
making them particularly suitable for temporal forecasting applications.

However, the introduction of the transformer architecture by Vaswani et
al.[VSPT17] marked a new turn for sequence modeling — originally in natural
language processing, and subsequently found widespread application in time series
forecasting. Multiple transformer-based models have been proposed specifically
for forecasting tasks, including the Informer [ZZP*21], Reformer [KKL20], and
Autoformer [whXW*21]. These architectures primarily differ in their attention
mechanisms, which are strategically modified to reduce computational complexity
while maintaining or improving forecasting accuracy.

Recent innovations have further advanced the field through specialized tech-
niques. Patching strategies, as very well represented by PatchTST [NNS*23],

8
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decompose time series into overlapping subseries to improve both computational
efficiency and model performance. These approaches leverage the inherent seasonal
properties of time series data to optimize architectural design for enhanced time
and resource efficiency.

More computer-vision inspired architectures more recently emerged, such as
diffusion models or VQ-VAEs. These architectures will be further treated in specific
background sections in the following chapters.

Overall, the continuous evolution of these architectures reflects the ongoing effort
to balance forecasting accuracy with computational efficiency, while addressing the
diverse challenges present across different time series forecasting applications.

2.3 The CREOS dataset

In the first months of the PhD, Creos shared a dataset containing the con-
sumption time series from 6,010 smart meters. The consumption is measured in
kWh every 15 minutes, over a period of two years, from January 1, 2020, 0:00 to
December 31, 2021, 23:45. To reduce consumption noise and to align with time
series benchmarks, the frequency of the dataset is reduced to hourly measures by
summing the consumption within every hour.
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Transplit: Faster and Cheaper Seasonal
Forecasting at Scale

Transformer models have made significant progress in seasonal time series
s forecasting, but their high computational costs and training time have limited
practical adoption. We introduce in this chapter Transplit, a global lightweight

transformer-based model that learns typical seasonal patterns to efficiently forecast
multiple time series while running several times faster than state-of-the-art models

— even on a single CPU —- with competitive performance across domains like

10 power consumption forecasting.
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3.1 Context

Time series with seasonal patterns are omnipresent across various domains, from
weather patterns and traffic flows to energy consumption. These datasets present
unique challenges for forecasting, particularly when the underlying patterns evolve
over time due to external factors. Traditional, statistical forecasting approaches
have relied on historical data combined with domain-specific features, while more
recent neural network-based methods have demonstrated promising results across
different applications.

However, the increasing availability of high-frequency data through modern
methods has introduced new challenges. While recent deep learning approaches
achieve impressive accuracy, they often require substantial computational resources
and training time, making them impractical for scenarios requiring frequent model
updates to adapt to evolving patterns. This limitation is particularly evident in real-
world applications where patterns change due to various factors such as climatic,
societal and economic context changes. These computational challenges, among
others, led to the emergence of the Frugal Machine Learning field [EVHT21|[PG21],
which aims to develop low-resource models without compromising accuracy.

In line with these challenge responses, we introduce Transplit, a transformer-
based model designed for efficient seasonal time series forecasting. Transplit exploits
the seasonal properties of time series by means of a novel encoder/decoder method.
The key principles of this method is to slice the time series and map the obtained
slices to a base of curve patterns. This enables efficient processing of temporal
patterns while maintaining high accuracy with reduced resource requirements,
making it suitable for deployment on low-cost hardware configurations without
requiring specialized resources like GPU.

To demonstrate the genericity and effectiveness of Transplit, we conduct exten-
sive evaluations across different types of seasonal time series, including weather
patterns, traffic flows, and electricity consumption data. In particular, we present
an in-depth case study in the context of electricity demand forecasting on the
CREOS dataset, where accurate predictions at scale are crucial for grid management,
maintenance scheduling, and load-demand planning.

Our results show that Transplit achieves comparable accuracy to the best-
performing methods while being significantly faster (3 to 940 times) when trained
on a single CPU, making it particularly suitable for applications requiring frequent
model updates to adapt to evolving patterns while operating under computational
constraints.

12
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3.2 Background

Among ML-based approaches, we can distinguish two categories of learning
models.

Small models on individual time series: The first category consists in train-
ing one model per individual. The model learns the time series profile (e.g. power
consumption from a single user) and predicts future variation according to its charac-
teristics (e.g. the user’s habits). This is a task historically achieved by models such
as random forests (RF), SVMs, LSTMs or linear regressions [PKA*21][GHC™19].
A very recent example of such a model is Neural Prophet (2021) [THP*21], which
has been applied notably to traffic flow forecasting [ZHB24], as well as to electric
load consumption [SFF22]. Recently, Mallen et al.also found a lightweight and
simple method based on the Koopman operator theory to make “in phase” long-
term forecasts [MLK21], particularly useful when applied to seasonal data such as
consumption load. Although these recent models perform well, they have to be
trained on a per-user basis, which rapidly becomes expensive to deploy at large
scale.

Bigger models on many profiles: The second category relies on a single
model for several customers. These models will generalize different behaviors of
the time series, discern user’s profile, and prolong their curve according to their
shape. The biggest advantage of these approaches is that we only need to train
the model once to forecast every user’s time series, including those of new comers.
In particular, approaches such as LogTrans [LJXT19], the Reformer [KKIL20],
then the Informer [ZZP*21] and most recently — at the time of the contribution
— the Autoformer [whXWT21] derived from it have been suggested for efficient
long-term forecasting. The main differences between these approaches lie in their
inner attention mechanism — i.e. what to focus on to forecast the next steps — that
is changed to lower the computation complexity. Since time representation is also
important for efficiency, Kazemi et al.also proposed Time2Vec [KGE*19], a method
to reduce the dimensionality of sequences while preserving essential information,
leading to improvement in terms of computational complexity.

3.3 Proposed approach
3.3.1 Motivations

In most applications, seasonal time series forecasting can be performed at
different granularity levels: local to global temperature for weather forecasting,
street traffic to overall traffic in a city, or residential to global electrical load
forecasting. Local forecasting provides greater details, but is also problematic due
to the computational cost increase, and sometimes harder to perform accurately
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Figure 3.1: Simple, yet efficient architecture of Transplit: (1) the input time
series is split into seasons; (2) Slice2Vec converts each cycle into a vector; (3) the

transformer forecasts vectors (4) which are converted back to a time series with
Vec2Slice.

due to unpredictable events — for example, a consumer finally decides to cook
him /herself instead of ordering food, changing the local consumption time series. In
other terms, at the local level, more data is involved and models need to constantly
take change in consumption into account. At higher granularity, however, time series
are smoothed and the effect of deviation in individual behavior is less noticeable.

In this regards, the last category of approaches presented in section 3.2 is very
promising due to its single model design which significantly reduces the amount
of models to train. Still, these models are not entirely applicable to seasonal
forecasting as they require high computation power and time to train, which is
problematic when models need to be retrained often.

There is therefore a need for lighter models, requiring less computational power
and time, with at least similar performances. With this in mind, we introduce
Transplit, a lightweight load forecasting model. To design it, we started from the
observation that recent models are processing time series one value at a time, i.e. a
sequence of n values results in an inner representation of n vectors to process. Our
solution then consists in reasoning in processing blocks of seasons (e.g. consumption
days) rather than single values.

3.3.2 Transplit

From these observations, we propose Transplit, along with a seasonal encoder
and decoder. Transplit is also an encoder-only forecasting model based on the
original transformer [VSP*17], then being composed of multi-head attention layers
with a simple full attention mechanism. The architecture of the model is presented
in figure 3.1.
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3.3.3 Season tokenization

The architecture introduces a novel approach to load forecasting by processing
the time series data in meaningful segments. Instead of analyzing individual data
points, the method divides the load curve into fixed-period slices. These slices are
then matched against a dictionary of characteristic curve patterns, enabling their
conversion into numerical vectors. This dictionary vectors can be assimilated to
tokens, although the encoding process in itself doesn’t correspond to tokenization,
as the result is a combined sum of the different vectors of the dictionary.

The forecasting process operates by predicting a weighted combination of these
characteristic patterns to generate each future slice of the load curve. Multiple
slices are sequentially predicted and joined together to construct the complete
load forecast. This segmentation-based approach allows the model to capture and
reproduce complex temporal patterns while maintaining computational efficiency,
and aims to be much more suited for seasonal datasets than embedding them into
arbitrary-sized and overlapping patches.

Before presenting our model itself, we introduce a new module called Slice to
Vector to Slice (SVS), composed of two parts:

o Slice2Vec: A layer placed at the very beginning of the model, that splits
the input time series into many slices of a fixed size, and then convert them
into vectors;

e Vec2Slice: Another layer, placed at the very end of the model, that converts
back the output vectors into slices of time series, to finally concatenate them.

Simpler processing for seasonal time series. The key concept of SVS for
load forecasting is to recognize typical seasons from a wide range of profiles, and
to embed all the necessary information of one cycle into one vector.

SVS also allows for the model to capture temporal dependencies within each slice,
while still maintaining the ability to capture long-term dependencies across different
slices. This is achieved through the use of convolutional layers in Slice2Vec, which
can capture local patterns within each slice, and attention layers in the main
model, which can capture global patterns across different slices. As opposed to
patches [NNS*23], slices don’t overlap and enable a coherent per-season inner
representation of the time series.

Slice2Vec

As described in figure 3.2, Slice2Vec takes a sequence X € RY, where L = mxT
is the input sequence length which is a multiple of a period T'. X is split into m
periods of size T, that we denote (Xk)k;e{l ..... m}l.

IConcretely, if the period T is one day, then X* is the k" day of the input.
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For each X*, we define a vector V* with the following convolution product:
Vie{l,...,n},VF = X" F (3.1)

where n is the chosen size for the vectors, V¥ is the i'! coefficient of V¥, and F*
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is a convolution filter of size T'. Since X* and F'* have the same size, the convolution
product is also equivalent to the sum of their term-wise product. The filters are
modified during the training phase with gradient descent, so that they match the
shape of typical days of consumption.

The idea is then to obtain a vocabulary of different profiles of curves during one
period, and to construct one vector based on which elements of the vocabulary are
most similar with the input slice. This therefore allows the model to “reason” in
terms of entire days instead of individual values.

We should also note that the SVS module shares some similarities with VQ-
VAEs [VV*T17a], as both employ a code book to represent data. However, the SVS
approach does not involve quantization. Its code book is constructed by extracting
the weights of a convolutional layer, and comprises a variety of distinct raw shapes
that are utilized for time series decomposition — in contrast to VQ-VAEs, which
store semantic vectors.

Vec2Slice

In order to transform a vector V’* back in a T-sized slice of time series called
Y'*, the filters F' are weighted according to the coefficients of V¥, then summed:

YE =3V (3.2)

as illustrated in figure 3.3. The slices Y* are concatenated to form the output Y.
It is important to underline that Vec2Slice is not the inverse function of Slice2Vec,
i.e. Vec2Slice(Slice2Vec (X)) # X.

Vec2Slice shares the filters weights with Slice2Vec. The filters are thus used
twice: to recognize the input and to match the shape of the expected output.

As an example, in the use case of load forecasting, the period T" for SVS (Slice
to Vector to Slice) is set to 1 day, so that the model can reason in terms of days.
The input of the decoder is a sequence repeating the same vector, corresponding to
the average of the input days embeddings — semantically representing the average
typical day of the input.

Taking this as a starting point, the role of the decoder is then to alter each day of
the sequence to make the prediction, considering the context from the encoder.

Multivariate time series embedding

The SVS module essentially consists in one convolutional layer with a kernel
size and a stride as large as the season length. The number of input channels of this
convolutional layer is adapted to consider multivariate time series, i.e. the shape
of the weights is set to (n x L x C), where C'is the number of input and output
channels. Hence, each channel of the time series is associated with n distinct filters.
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3.4 Evaluation

3.4.1 Research Questions

Transplit is designed to be lighter and faster than state-of-the-art solutions
for medium- and long-term forecasting, while maintaining their performance. As
frugality is the main purpose of Transplit, we start by investigating RQ1: How fast
can Transplit be optimized on seasonal data and how does it compare to existing
solutions? Transplit also needs to be on par with existing solutions regarding
accuracy (RQ2): can Transplit maintain state-of-the-art performances?

Given the Transplit’s focus on seasonality, we also explore wether Transplit
could be extended to non-seasonal datasets, or if this represents a fair limitation of
the model (RQ3).

Finally, we will study its applicability to bigger CREOS dataset, corresponding
to a specific domain (RQ4): how does Transplit perform on electrical consumption
forecasting?

3.4.2 Models

The aforementioned state-of-the-art approaches are time series transform-
ers [WZZ122]: Autoformer [whXW721], Informer [ZZP*21], Reformer [KKL20]
and a vanilla Transformer architecture [VSPT17]. Classical models such as LSTMs
are disregarded as it has been shown that transformers perform better for load
forecasting [whXW™21][ZZP*21][KKL20]. All of these approaches fall into the
same category as Transplit, 7.e. one global model for all users.

Although other approaches that build one model per household could also have
been evaluated, their cost (in terms of resources) far outweigh their supposed gain
in accuracy, rendering them impractical to compare with.

3.4.3 Data

To answer our research questions, we evaluate those approaches on 2 benchmarks:
o The first is composed of five datasets, commonly used to compare time series
model performance [SAMT22][whXW21][ZZP*21][KKL20]:

— Weather: This dataset contains 21 meteorological indicators, such as
air temperature, humidity, etc.? The data is recorded every 10 minutes,
for the whole year of 2020. T is set to 144 to reflect the daily seasonality.

— Traffic: This dataset contains hourly measurements of traffic volume
on freeways over a period of 4 years®. The rate is 24 measures per day.
As one day again typically represents one cycle, T is set to 24.

2Max Plank Institut — https://www.bgc- jena.mpg.de/wetter/
3California Department of Transportation, San Francisco — https://pems.dot.ca.gov/
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— Electricity: We also evaluate Transplit on the electricity dataset*. The
electricity dataset is an open dataset frequently used in the evaluation of
load forecasting approach and is composed of 321 households hourly load
over 3 years (2012-2014). T' is set to 24 to reflect the daily consumption
cycles.

— ETTm2: Electricty Transformer Temperature, a critical indicator for
power grid management, collected from two counties in China [ZZP*21].
As for the previous, since electrical consumption patterns typically
exhibit daily cycles, we choose the day as the seasonality period (7" = 96).

— Exchange: This dataset contains daily exchange rates between eight
different currencies over a period of 10 years [LCY*18]. The rate is of 1
measurement per day, and 7' is then set to 7, although it doesn’t have
any clear seasonality.

e The second focuses on electricity consumption forecasting at scale, corre-
sponding to a practical application of Transplit:

— One dataset comes from CREOS and is composed of the hourly load of
6010 households over 2 years (2020-2021) within Luxembourg. We refer
to this dataset in the following as CREOS.

— For reproducibility purposes, we also evaluate Transplit on the afore-
mentioned electricity dataset.

3.4.4 Experimental settings

General configuration. We proceed to experiments by first standardizing the
values for each time series channel. Each dataset is then split into training,
validation and testing set with a ratio of 70/10/20%. To provide the model with
relevant inputs and expected outputs, we decomposed those sets into pairs of
consecutive months (2 * 720 values). The first month is given to the model as
a context, and the second month is the ground truth consumption to predict.
Each sequence passed to the model always start at midnight. Exceptionally for
exchange, due to the small size of the dataset, the input and output length are
set to 168.

We configure all baseline approaches according to the recommendation from
their authors. Regarding Transplit, we:

o set 256 filters for the SVS module and the value of T" accordingly with the

dataset being used

o use 1 encoder and 1 decoder, with a vector size (d;oq¢1) Of 84

All models are trained with respect to the MSE (Mean Squared Error) loss.
and MAE (Mean Absolute Error) is used as an additional metric.

4Electricity =~ Consumption Load —  https://archive.ics.uci.edu/ml/datasets/
ElectricityLoadDiagrams20112014
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Case study. Nevertheless, these metrics hardly reflect the accuracy of consump-
tion peaks prediction. To better compare these predictions, we also compute the
MAE on local maxima above the time series’ average value. We consider a point
as a peak if y;_1 < y; and y; > Y41 and y; > avg(y). We denote the MAE on these
specific points PMAE (Peak Mean Absolute Error). We disregard the MAPE
(Mean Absolute Percentage Error), that divides the error by the expected value to
measure a relative error. In our case, this metric is not fitted when the expected
value can be 0, which can happen when forecasting residential consumption, but also
road traffic and weather attributes such as wind speed. In electrical consumption
applications, this metric can, however, be used for the overall load forecasting, e.g.
at the scale of a neighborhood, where the total consumption is unlikely to be zero.

On error scales. Recent time series literature preprocesses dataset by applying
standardization over time series channels, and directly compares errors — typically
MSE and MAE — on these standardized values. While we maintain this practice
for comparison purposes on the dataset benchmark, we reestablish the output’s
original scale in the testing phase in the case study. This allows to express the
MAE in kWh, and also enables more realistic losses, as standardized values give as
much importance to very small consumers — where the consumption is sometimes
near zero — as heavy consumption users.

Training. The training is performed similarly to previously suggested approaches
[ZZP*21][whXW*21] using the Adam optimizer [KB15] with a learning rate of
1074, divided by 2 at every epoch. All experiments are run on an NVIDIA RTX
A2000 4GB with a batch size of 32. The CPU used for time measurement is an
Intel i7 11*" generation, and the code is available on our GitHub repository®.

3.5 Results

3.5.1 Speed and lightness

Speed. The key element of Transplit is its lightness: what is important to
distinguish here is the time taken to train these models, shown in table 3.1. We
observe that Transplit is consistently 3 times faster than NHits, for all datasets,
and 300 times faster than the Performer. This can be explained by many factors.
The first one is the length of sequence manipulated by the encoder and decoder for
cach model. Whereas the other models (except NHits and PatchTST) process 720
values as 720 vectors, our model only processes this information with 7" times less
vectors, resulting in a much shorter sequence of length 30 if 7" = 24. NHits and
PatchTST are exceptions, as they fully or partially embed time series along the
time axis, enabling them to be more efficient than other models.

Shttps://github.com/serval-uni-lu/transplit-framework
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# of Parameters CREOS Electricity Weather Traffic ETTm2 Exchange
Transplit 129,024 8m 8s 45.0s 6.2s 1m 20s 2.98s 0.39s
NHits 3,421,082 24m 41s 2m 23s 19.6s 4m 16s 9.47s 1.25s
PatchTST 4,254,738 56m 4m 32.9s Tm 9s 15.8s 2.11s
FEDformer 105,691,433 1d 16h 12m 4h 7Tm  33m 50s 7h 21m 23s 16m 21s 2m 10s
Performer 2,104,833 7h 15m 36m 3s 4m 56s 1h 4m 25s  2m 23s 18.9s
Autoformer 10,505,217 1d 12h 15m 4h 16m 35m 4s 7h 37m 28s 16m 57s 2m 15s
Informer 11,306,497 19h 37m 1h 53m  15m 29s 3h 21m 56s  7m 29s 59.4s
Reformer 5,782,529 20h 56m 4h 13m 34m 40s 7h 32m 7s 16m 45s 2m 13s
Transformer 10,518,529 1d 9h 2h 51lm  23m 26s 5h 5m 35s 11m 19s 1m 30s

Table 3.1: Number of trainable parameters and GPU training time for each model
and dataset used, for a 720 — 720 values forecast.

CREOS Electricity ‘Weather Traffic ETTm2 Exchange
Transplit 28m 10s 2m 47s 22.9s 4m 58s 11.0s 1.46s
NHits 1h 27m Tm 6s 58.4s 12m 41s 28.2s 3.74s
PatchTST 2h 36m 14m 24s 1m 58s 25m 44s 57.2s 7.58s
FEDformer 28d 4h  1d 18h 30m  5h 49m 19s 3d 3h 56m 51s  2h 48m 52s 22m 22s
Performer 5d 10h 36m 11h 59m  1h 38m 30s 21h 24m 51s 47m 37s 6m 18s
Autoformer 20d 21h 59m 1d 18h 1m  5h 45m 20s 3d 3h 5m 2s  2h 46m 57s 22m Ts
Informer 8d 13h 21m 17h 11m  2h 21m 14s 1d 6h 42m 24s 1h 8m 17s 9m 3s
Reformer 18d 19h 47m  1d 13h 49m  5h 10m 49s  2d 19h 34m 42s  2h 30m 16s 19m 54s
Transformer 13d 10h 42m 1d 3h 1m 3h 42m 3s 2d 16m 44s  1h 47m 21s 14m 13s

Table 3.2: CPU training time for each model and dataset used, for a 720 — 720
values forecast.

Memory efficiency. Nevertheless, Transplit also has significantly less parameters
to train (Table 3.1), which contributes to reduce time and required memory to
train the model. Since the model is lighter, less training is required: only one epoch
was sufficient to obtain the best results, vs. two epochs of training for the others.

CPU performance. Another big advantage for Transplit is that using a CPU
instead of the GPU doesn’t significantly slow down the model’s computation time
(table 3.2), as processing smaller sequences implies smaller operations, and data
still has to be cached in the GPU, which can take a lot of time in total. Only using
a CPU, this makes Transplit 3 times faster than NHits (second-fastest model),
and 1440 times faster than the Performer (slowest model), the latter taking more
than 28 days to be trained on the CREOS dataset, whereas Transplit only needs 28
minutes (table 3.2). The non-necessity of GPU to efficiently run the model allows
it to be used on less expensive infrastructures, while being faster and conserving
good forecasting performances.
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3.5.2 Accuracy

weather traffic electricity ETTm2 exchange

Model MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Informer 1.187 0.797  1.794 0.911 1.069 0.824 0.505 0.514 0.505 0.514
Reformer 0.895 0.729 1.355 0.654 0.842 0.683 1.475 0.907 1.475 0.907
FEDformer 0.629 0.577 0.617 0.377 0.247 0.361 0.247 0.345 0.247 0.345
Performer 0.492 0.509 1.142 0.572 1.030 0.775 0.430 0.491 0.430 0.491
Autoformer 0.409 0.428 0.687 0.425 0.278 0.377 0.276 0.366  0.276 0.366
NHits 0.331 0.370 0.621 0.374 0.233 0.325 0.235 0.334 0.235 0.334
PatchTST 0.322 0.336 0.589 0.394 0.248 0.355 0.415 0.428 0.251 0.319
Transplit 0.349 0.410 0.535 0.288 0.213 0.326 0.286 0.399 0.389 0.512

Table 3.3: Performances on seasonal datasets for 1 week forecasting

Now that speed and ligthness has been assessed, it is essential to verify that
the Transplit’s architecture does not affect performance in terms of accuracy.

In table 5.1 we compare the performance of Transplit with a benchmark of
general datasets. We report the average standardized performance metrics (MSE
and MAE) for 1-week forecasting over 5 experiments on the previously cited datasets.
Transplit performs competitively on most of the seasonal datasets compared to the
other models, with the exception of the exchange dataset.

For seasonal datasets (weather, traffic, electricity and ETTm2), Transplit
achieves MSE and MAE values that are comparable to or better than transformer-
based models such as Informer, Reformer, or FEDformer. This indicates that
Transplit is well-suited for capturing seasonal patterns in this type of time series
data, while keeping a strong advantage on speed and being lightweight.

However, on the exchange dataset, Transplit has a noticeably higher MSE
(+65%) and MAE (4+60%) compared to the best models. This is likely because
the exchange data does not exhibit clear seasonality, which is what Transplit is
optimized to recognize.

Following this empirical demonstration of the strengths and limitations of the
Transplit approach depending on the characteristics of the input time series, we
conclude that while optimizing Transplit for fast and lightweight performance on
seasonal data, it comes at the cost of reduced accuracy on non-seasonal datasets
like exchange rates.

3.5.3 Case study

Back on tables 3.1 and 3.2: on the much bigger industrial dataset, we observe
that Transplit took 8 minutes to learn the 6010 consumers profiles of the CREOS
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electricity
7 days 30 days

MSE | MAE | PMAE | MSE | MAE | PMAE
Autoformer 1.09 | 0.235 | 0.398 1.22 | 0.241 | 0.408
Informer 4.02 | 0.481 | 0.566 3.93 | 0.478 | 0.578
Performer 1.09 | 0.252 | 0.396 1.13 | 0.260 | 0.411
Reformer 2.54 0.395 0.456 2.45 0.392 0.451
Transformer | 2.11 0.305 0.452 2.20 0.331 0.468
NHits 0.557 | 0.351 | 0.412 | 0.748 | 0.402 | 0.635
PatchTST 0.484 | 0.140 | 0.369 | 0.697 | 0.182 | 0.392
Transplit 0.515 | 0.162 | 0.340 | 0.607 | 0.171 | 0.381

CREOS
7 days 30 days

MSE | MAE | PMAE | MSE | MAE | PMAE
Autoformer | 0.185 | 0.210 | 0.405 | 0.204 | 0.217 | 0.429
Informer 0.201 | 0.213 | 0.450 | 0.226 | 0.231 | 0.462
Performer 0.225 | 0.230 | 0.562 | 0.248 | 0.244 | 0.601
Reformer 0.172 | 0.185 0.414 | 0.205 | 0.207 | 0.443
Transformer | 0.177 | 0.191 0.423 | 0.203 | 0.207 | 0.449
NHits 0.170 | 0.191 | 0.393 | 0.200 | 0.209 | 0.431
PatchTST 0.170 | 0.179 | 0.585 | 0.204 | 0.196 | 0.664
Transplit 0.169 | 0.183 | 0.379 | 0.191 | 0.200 | 0.430

Table 3.4: Case study: Error metrics for the electricity and CREOS datasets (kWh
scale)

dataset using a GPU, and 28 minutes on CPU — being only 4 minutes more than

NHits on GPU.

In table 5.1, Transplit successfully manages being on par with PatchTST for
all error metrics. Overall, there is a clear performance gap between medium-term
(weekly) and long-term (monthly) predictions for all models.

Bringing the original scale back also highlights difference performances among
all models in general when looking at the electricity dataset. For example, while
NHits performed better than PatchTST on the standardized scale, their rank is
reversed with the original scale.

Regarding the CREOS dataset, we notice that all models perform similarly and
manage to predict the correct consumption in average to the nearest 0.2 kW (MAE).
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Figure 3.4: Predictions of Transplit (orange) and Reformer (green), showing that

both models are able to recognize various profiles at different scales, while being
trained only once.

We eventually measure the peak MAE and notice that two different models rank
as first for this task in the two datasets: Transplit seems the most adapted model
for the electricity dataset, while PatchTST manages to get a better MAE on the
CREOS dataset. Transplit nonetheless consistently conserves good performances,
in line with other models, in both cases.

Finally, figure 3.4 shows examples of predictions for one week on the CREOS
dataset and compares it with the Reformer [KKL20], i.e. the model that shows
the best results with Transplit (Table 5.1).

3.6 Optimizing Transplit

In this section, we discuss the possibilities of Transplit (RQ3), regarding the
choice of seasonality hyperparameter, the impact of different input sequence lengths,
and custom losses that could help peak prediction for time series.

3.6.1 The seasonality hyperparameter

Transplit is designed for seasonal time series forecasting. In this section, we
explore the impact of the seasonality hyperparameter and highlight its importance.
In each seasonal dataset previously cited, it appears that seasonality is easy to
identify when analyzing the plots and knowing the context. It also appears that
this seasonality corresponds to the highest peak amplitude in a simple Fast-Fourier
Transform showing that this hyperparameter can be automatically determined.

Severe performance drops can occur when changing the Transplit’s seasonal-
ity. Figure 3.5 indeed shows that test loss is generally better when seasonality
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corresponds to periods with important amplitudes in Fourier decomposition. The
experiment conditions are the same as described in the previous sections and
repeated 5 times (720-values forecast, 70% / 10% / 20% dataset split).

3.6.2 Optimal sequence length

One of the main advantages of Transplit is the following: Since the sequence
length processed by the transformer part is significantly shortened, there is room
for larger inputs. We can then reasonably provide larger input to give more context
to the model. This task is more difficult on classical transformer models, since large
inputs result in very long sequences to process, often taking too much resources,
especially to train, if we don’t reduce the batch size.

We proceed to another experiment where the number of days given to Transplit
is variable during the training stage. More specifically, given a date, instead of
giving a fixed sequence length as input to the model, we provide to Transplit the
entire consumption history available in the dataset. To do so, we create batches
aligned on the same date, so that every item of the batch has the same shape and
can be stacked together.

Figure 3.6 shows the performance of Transplit by varying the input sequence
length. Again, Transplit is only trained once, but with random input sizes during
the training. The experiment is repeated 5 times in order to avoid randomness in
the results.

We observe a significant drop of forecasting performance starting from 6216
samples given in input for the electricity dataset — which corresponds to precisely 37
weeks (8 months) — thus confirming the existence of a limit from which the quantity
of information provided to the model brings more noise than useful information.
An interesting property is that the MAE curves show periodical waves that tend
to flatten with the sequence length. We measure that this period is of 6 weeks
Since Transplit makes one vectorial representation for each day, this means that
the sequence processed internally has a length of 6216 / 24 = 259.

The same conclusion can be taken for the traffic dataset, which presents a
different performance curve shape. The optimal input length is 168, corresponding
to 1 week of past data. With further data, the MSE slowly starts to raise, as well
as the MAE, though it tends to stabilize.

Computation time impact

Increasing the input sequence length also impacts the computation time.
Transplit has a full attention mechanism, meaning that self-attention in its encoder
has a O(n?) complexity. Figure 3.8 shows the average time taken by Transplit to
forecast 1 week from the electricity dataset, in 5 experiments. We use the same
GPU as described in the experimental setting (3.4.4) and a constant batch size of
64. The computation time first grows linearly, before rapidly doubling when the
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sequence length becomes higher than 4096.
3.6.3 Loss trade-off

In the case of electrical consumption, one key subtask of time series forecasting
is peak forecasting. To measure their performance, we then measure their PMAE
and PMSE, as defined in subsection 3.4.4. The graph shows the trade-off between
optimizing for overall mean squared error (MSE) across all time points versus
optimizing specifically for peak mean squared error (PMSE). The x-axis represents
different loss functions, ranging from 100% weight on MSE at the left extreme
to 100% weight on PMSE at the right extreme. Intermediate points represent
weighted combinations of MSE and PMSE.

3.7 Discussion

Although Transplit excels at handling seasonal time series, it may not perform
as well when the data lacks clear seasonal patterns. This limitation should be
considered when applying the model to non-seasonal datasets.

Exploiting seasonality is nonetheless a strength: we have seen that Transplit
and its SVS module splitting the consumption curve makes the process lighter,
faster, and allows extensive sequence length computation at a low cost, although
there is no general optimal sequence length — this hyperparameter depending on
the dataset.

Overall, Transplit offers a fast and effective solution for seasonal time series
forecasting across various domains. Its ability to handle different sequence lengths
and automatically adjust the seasonal parameter makes it a flexible tool for practi-
tioners and researchers alike. One important application may include energy, where
inference and retraining might be performed frequently at a large scale, in order to
predict a detailed state of the grid in terms of electric load. However, as with any
model, it is essential to carefully evaluate its suitability for the specific problem at
hand and consider potential limitations.

Other seasonalities could be taken into account, such as weeks and years. For
example, weekly seasonality has indeed to be learned by the model in the case of
electricity load forecasting.

Conclusion

We have seen that Transplit remains on par with state-of-the-art time series
deep learning models, that are able to generalize time series profiles, allowing
detailed predictions at scale, while being several hundreds of times faster and
lighter. Its architecture allows it to be generalized to seasonal time series in a wide
range of applications; thus, this opens up the possibility to run a deep-learning
predictive model globally at a lower cost, as only one CPU is enough to keep
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Transplit efficient, making it possible to run it locally, as well as the possibility to
update the model regularly with new data.
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Figure 3.5: Test loss variation when varying the seasonality parameter on the
CREOS and Traffic datasets. The Fourier decomposition is shown below as
reference (period on the x-axis).
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Peak Forecasting Enhancement with Deblurring
Diffusion Models

This chapter introduces DeDiPeak, a framework that addresses the challenge
of accurately forecasting peaks in time series data by providing two new evaluation
indicators (P3¢ and P3g,) and implementing a deblurring diffusion model to
enhance peak prediction without sacrificing overall forecasting accuracy. The

framework aims to overcome the limitations of traditional error metrics (MSE,

MAE) that tend to flatten peaks, and empirical validation shows improved
performance compared to existing state-of-the-art approaches in peak forecasting

tasks.
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4.1 Context
4.1.1 Transplit limitations

Now that we have seen that Transplit efficiently produce qualitative forecasts,
let us have a look at some examples in Figure 4.1.

A

MMM

— X
Ytrue

— Ypred

YNNIV

— X
Ytrue

— Ypred

WM i

RN
RIRTHRTR TR YOI ASYA INTA A

Figure 4.1: Looks like Transplit fits well with different consumption patterns.
That’s great. But what about peak amplitudes (highlighted in red)? Even the
obvious ones (bottom)? That’s exactly what this chapter is about.

Ytrue

While Transplit is able to adapt to different consumption patterns, it systemat-
ically fails in predicting consumption peaks.

Disclaimer. Let us keep in mind that these are household-level consumption
patterns. We cannot know if a person will find the strength to start his washing
machine now or if they are too lazy today to gather their clothes. Maybe in the
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evening? Perhaps even this person doesn’t know. At the household level, there is an
important degree of uncertainty that makes impossible perfect forecasts, especially
with peak timings. But if there is something that we almost surely know, it is that
this person will sooner or later start his washing machine, as they will not stay
wearing dirty clothes forever. And this machine will contribute to a consumption
peak we have already seen in the past — a small pattern over 1 to 3 hours we
can find in the historical consumption. Similar logic can be thought for cooking,
vacuum cleaner, etc.

We can therefore grant to Transplit that given the uncertainty of peaks, it might
be more optimal to play it safe by predicting "shy" peaks only, as their timing and
amplitude is uncertain. However, even when the peak timing and amplitude are
evident (last plot of Figure 4.1), Transplit fails in predicting the right amplitude.
In a general manner, the peaks look smoothed.

4.1.2 MSE loss: an already-known culprit

Over the past decades, increasingly accurate models have been continuously
designed. A trend that has been accelerated considerably by recent advances in
neural network architectures [ZM98; MM18], with many promising approaches
based on LSTMs [YSL19; LCY 18], convolutional neural networks (CNN) [MS22;
LPP20], transformers [VSPT17, whXW*21; ZZP*21], and, more recently, diffusion
models [RSS*21] being suggested. In parallel, benchmarks and metrics facilitating
the comparison between new and established methodologies have been introduced
and standardized [SAM™22].

While this standardization fosters the development of the field, most stan-
dardized metrics, such as the Mean Squared Error (MSE), evaluate approaches
exclusively on their ability to optimize the average prediction, which can prove
sub-optimal for certain tasks, such as peak forecasting.

Peak forecasting can be defined as the accurate prediction of local maxima in a
time series. It constitutes a critical task in many domains such as electricity grid
management [DMD™21] or finance, where an accurate prediction of peaks enables
better resource allocation, cost savings, and improved decision-making.

Figure 4.2 visualizes the misalignment of objectives in peak forecasting by
illustrating the impact of slight variations in peak timing on the MSE, commonly
used as a loss function in time series forecasting [ZZP*21]. In this example, while
71 is overall more similar to the ground truth and provides a more accurate peak
prediction compared to 7s, its MSE is higher by a factor of two.

Consequently, models trained on the MSE will generally favour the forecast of
shy peaks (smoothed, with low amplitude) rather than predicting a right-amplitude
peak, as the latter option carries the risk of drastically increasing the loss in case
of off timing. This preference for "smooth" results aligns with findings from image
generation studies [DB16; ERO21; Barl9].

33



10

15

20

7_.
—_— Y
6 K
Y1
§5- —)72
X< 4]
o
£ 5
€
82— X7 “\\»\
1 A ?{J
0- T T T T T
0 20 40 60 80
t7 t2

Time (hours)

Figure 4.2: Example of a time series y and two different approximations ¢; and s,
with an MSE of 0.62 and 0.26, respectively.

More generally, loss functions that compare time series element-wise (e.g. MAE,
RMSE, MAPE, MSPE) strongly discourage the forecast ¢; compared to g, since
ly(t1) — 31 (t1)| is high, as well as |y(ta) — §1(t2)|; whereas |y(t2) — §2(t2)] is small.
This does generally not align with real-world requirements as, typically, a slight
offset in time is acceptable as long as the peak intensity is accurately predicted.

4.1.3 Dedipeak

In this work, we bring two new indicators to evaluate the peak forecasting
capability as a combination of peak timing and intensity. Then, to improve peak
forecasting, we propose enhancing the forecasts of existing approaches rather than
offering a stand-alone approach. To this end, we suggest a novel method that
leverages the final stages of deblurring diffusion models [RHS22; HS22b]. During
inference, these models generate time series by progressively adding finer details
to the signals, the last steps of which can be interpreted as a peak enhancement
task. To the best of our knowledge, these models have not yet been applied to time
series forecasting.

In this chapter, we introduce DeDiPeak, a framework for peak prediction that
integrates:

1. Two performance indicators P3;, and P3¢ specifically designed to assess peak
prediction performance through sliding windows and Euclidean distance;

2. The first time-series deblurring diffusion model approach enhancing peak
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forecasting capabilities by improving shy peaks generated by state-of-the-art
approaches.

We empirically validate DeDiPeak by initially assessing the peak forecasting
performance of state-of-the-art time series forecasting methods using our indicators.
Subsequently, we demonstrate the advantages of applying our deblurring diffusion
models to these methods. Finally, we compare DeDiPeak to previously proposed
approaches aimed at improving peak forecasting, such as the Extreme Value Loss or
DILATE Loss. Overall, we demonstrate that DeDiPeak enhances peak prediction
performance by up to 36%, in almost every case (96%), on our performance
indicators, regardless of the base models and datasets.

4.2 A small history with early experiments

To better understand how we ended up with a diffusion refinement model, let
us introduce how we came from Transplit to Dedipeak.

4.2.1 Analogy with image generation

The phenomenon of blurry predictions resulting from MSE optimization is
not unique to time series forecasting. This fundamental limitation has already
been encountered and addressed in the computer vision community, particularly in
image generation tasks, which offers to us valuable insights for temporal modeling.
Lessons from computer vision are particularly interesting, as images are signals
— just like time series. Images are merely two-dimensional, while time series are
one-dimensional. Let us dive in this context first.

Autoencoders

The blurring artifact induced by MSE loss can first be observed in autoencoder
architectures for image reconstruction. When trained to minimize pixel-wise MSE,
these models systematically produced overly smooth, blurred reconstructions that
failed to capture fine-grained details and sharp transitions — a phenomenon
analyzed, among others, by [PKD"16].

Several alternative loss functions have been proposed to mitigate this issue,
including perceptual losses [JAF16], adaptive loss functions [Bar19], and various
forms of adversarial training objectives. However, these early approaches pro-
vided only incremental improvements while introducing additional computational
complexity.

GANs

A paradigm shift occurred with the introduction of Generative Adversarial
Networks (GANs) [GPM™14] — rather than directly optimizing MSE or similar
pixel-wise losses, GANs train a generator network to fool a discriminator through
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an adversarial objective. This approach effectively bypasses the averaging effect
of MSE by encouraging the generator to produce samples from the actual data
distribution rather than its mean.

VQ-VAEs

The next major advancement came with Vector Quantized Variational Autoen-
coders (VQ-VAEs) [VVT17b; RVV19], allowed to encode images into discrete token
representations, converting the continuous pixel space into tokens, from discrete
vocabulary. This token conversion allows generative models to train on the latent
space instead of the pixel space directly, avoiding the classical drawbacks of the
MSE loss. We therefore distinguish two stages: (1) VQ-VAE training and (2)
generative model training.

This discrete tokenization approach proved highly effective, leading to the de-
velopment of DALL-E by OpenAl [RPG*21], which demonstrated high capabilities
in text-to-image generation using a Transformer architecture [VSP*17]. The key
insight was that by discretizing the representation space, the model could avoid
the averaging artifacts inherent in continuous optimization while leveraging the
powerful sequence modeling capabilities of Transformers [ERO21; CRC*20].

Diffusion

Most recently, diffusion models have emerged as the dominant paradigm for
high-quality image generation, in particular denoising diffusion probabilistic models
(DDPMs) [HJA20; SSK™20; DN21a]. These models learn to gradually denoise
random noise into coherent images through a series of denoising steps, effectively
learning to reverse a forward diffusion process that gradually adds noise to real
images.

Initially, diffusion models operated directly in pixel space [HJA20], which, while
producing exceptional quality, suffered from significant computational overhead.
Later, subsequent work demonstrated substantial efficiency gains by performing dif-
fusion in learned latent spaces rather than raw pixel space [RBL"22b]. Noteworthy
examples include the (famous!) Stable Diffusion [RBL22b] and similar latent dif-
fusion models, which achieve state-of-the-art results while reducing computational
costs, thanks to the lower dimensionality of the diffusion space.

4.2.2 Using a GPT-like architecture

Given the context for image generation above, the first natural transition from
Transplit to a more peak-efficient forecaster — i.e. no blurry predictions — is to
use Transplit not to predict the consumption in the original space (in kWh), but
to predict consumption tokens, which would result from a VQ-VAE trained on
consumption time series.
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Figure 4.3: A VQ-VAE model converts time series into discrete tokens, enabling
prediction in the token space rather than directly on time series values, potentially
avoiding point-wise metric limitations.

We adapted here the VQ-VAE architecture for time series data. This implemen-
tation builds upon the official VQ-VAE codebase!, with 2D convolutional filters
replaced by 1D convolutions to accommodate the temporal nature of our data.

The architecture includes a vocabulary of 256 32-dimensional vectors with a
compression ratio of 24:1 (i.e., one week of hourly consumption yields a sequence of
7 tokens). This configuration achieves reconstruction MSE below 1075, indicating
near-perfect reconstruction. The high reconstruction quality can be attributed to
the fact that the embedding dimension is not lower than the input dimensionality,
resulting in minimal information loss. Visual inspection confirms that reconstructed
consumption curves match the original data with high fidelity.

From the authors [VVT17b], adapted to PyTorch: https://github.com/Mishalaskin/vqvae

37


https://github.com/MishaLaskin/vqvae

10

15

This tokenization approach successfully converts continuous consumption time
series into discrete representations. We are now ready for the model approach.

MinGPT

Autoregressive language models, particularly GPT-style architectures, have
demonstrated impressive capabilities in sequential token prediction tasks [RWC'19;
BMR"20; RPG*21]. Given their success in modeling discrete token sequences,
these architectures present a more natural choice than the vanilla encoder-decoder
Transformer architecture used in Transplit for predicting consumption tokens.

We implemented this approach using the open-source MinGPT framework?,
which provides a clean, minimal implementation of the GPT architecture. The
overall pipeline, illustrated in Figure 4.4, combines VQ-VAE tokenization with
autoregressive token prediction.

AN AN

l
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!\ Mﬂ
1 [
\ A I\ i | hr wd
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Figure 4.4: MinGPT architecture for time series forecasting: a GPT-like model
trained to predict subsequent tokens in tokenized consumption sequences.

Despite the theoretical promise of this approach, empirical results were dis-
appointing. The MSE increased dramatically to 0.313 for 30-day forecasts and
0.274 for 7-day horizons, compared to Transplit’s performance of 0.191 and 0.169
respectively. The tokenized approach failed to preserve essential consumption
patterns, resulting in significant degradation of overall forecasting accuracy.

2Andrej Karpathy repository: https://github.com/karpathy/minGPT
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DDPM

Motivated by the exceptional generative capabilities of DDPMs in computer
vision [HJA20; SSK*20], we explored their application to conditional time series
generation. Following the paradigm of text-conditioned image generation [RBL*22a;
SCS*22], we conditioned DDPMs on historical consumption data to generate future
consumption patterns.

The conditioning mechanism allows the diffusion process to incorporate temporal
dependencies from past observations while generating diverse, high-quality future
trajectories. Classifier-free guidance is used in this context [HS22a]. Figure 4.5
demonstrates the model’s ability to generate consumption patterns from the same
initial noise, with different guidance factors controlling the trade-off between
diversity and conditioning strength.

While the generated patterns exhibit visually appealing characteristics with
well-defined peaks, quantitative evaluation revealed limited improvement over the
GPT-based approach. The DDPM achieved MSE values of 0.289 for 30-day and
0.269 for 7-day forecasts — marginally better than MinGPT but still substantially
inferior to Transplit’s performance. The inference time moreover was unexpectedly
high: 30 seconds to process a batch of 32 samples, which corresponds to roughly
10 days to forecast nearly one million samples.

These results highlighted a critical limitation: while these generative approaches
could produce visually compelling forecasts with prominent peaks, they came at
the cost of overall forecasting accuracy. Our objective was not to sacrifice general
forecasting quality for peak enhancement, but rather to refine the subdued peaks
observed in Transplit’s predictions (Figure 4.1) while maintaining competitive MSE
performance.

This realization led us to reconsider our approach and ultimately motivated
the development of our refinement-based methodology, which we describe in the
following sections.

4.3 Background and Related Work

4.3.1 Time series and peak forecasting

A subdomain of time series forecasting, peak forecasting, aims to accurately
predict the maximum value of a given variable and its timing in a given interval. In
the energy sector, for instance, an accurate prediction of peak load demand is vital
for grid operators, energy retailers, as well as customers [DMD™21]. Interestingly,
most of the research on electricity demand has been split into either predicting
the timing of a peak [LB19] or its intensity [DMD*21], but rarely both simulta-
neously [XXW12], a shortcoming reflected in the field’s metrics: Peak Absolute
Percentage Error (PAPE), a derivate of MAPE, for intensity and Hit Rate (HR)
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for timing [XXW12]. Ideally, peaks should be directly contained within the time
series forecasts instead of requiring dedicated models.

Regarding research from the machine learning perspective, several works have
attempted to address the limitations of traditional metrics, [DZP*19] proposed a
recurrent model specifically designed to recognize the advent of extreme events
and adjust their values based on historically similar events in the input time series.
The model is optimized with a loss derived from the field of extreme value theory,
called Extreme Value Loss (EVL). Another notable contribution, particularly in
handling both the timing and magnitude of events, is the DILATE loss [LT19].
This loss function is distinctive as it simultaneously optimizes models for temporal
dynamics and amplitudes, using an approach to penalize discrepancies in both
timing and intensity of predicted vs. actual events. DILATE aims to bridge the
gap in forecasting models by focusing on the alignment of time series data, but,
however, doesn’t focus on peak accuracy.

While both approaches show promises for peak forecasting, they have their
limitations. EVL necessitates a custom-made recurrent-based model and cannot
benefit from advances in time series forecasting. In contrast, DILATE is computa-
tionally intensive, its applicability is limited to a small number of data points, and
models trained with this loss generally underperform in peak forecasting compared
to models trained on MSE (see Table 4.3).

Therefore, we propose a pluggable approach to enhance the peak forecasting
capabilities of state-of-the-art models trained on MSE, thus benefiting from the lat-
est advances in the field while addressing their subpar peak performance. Diffusion
models emerge as a natural candidate for this enhancement step.

4.3.2 Denoising Diffusion Probabilistic Models

Another type of model for time series forecasting are Denoising diffusion prob-
abilistic models (DDPM). DDPMs are powerful generative models that learn to
generate data by inverting an information-destruction process [SWMT15]. Re-
cently, they have been successfully used to generate realistic images [DN21b;
RBL"22a], and form the basis for recently developed, state-of-the-art probabilistic
models [RSST21; LLW122]. As they are trained to reproduce a distribution, they
do not suffer from the above-mentioned drawbacks of point-wise losses and could
potentially constitute a solution for the peak forecasting issue.

They, nonetheless, exhibit limited performances in time series forecasting, which
rarely reaches the one of non-probabilistic models [LLW*22; SAM*22]. Their
long inference time and their need for significant resources also constitute major
drawbacks for real-world applications. With this in mind, we aim to introduce a
cheaper and deterministic approach.
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4.3.3 Inverse Heat Dissipation

Inverse heat dissipation models (IHDMs) use, similarly to DDPMs, the inverse
process of an information-eroding mechanism to generate new data points. Instead
of adding Gaussian noise, they, as the name suggests, are based on the physical
heat dissipation process. Initially proposed for image data, they can be adapted
to time series as well. Figure 4.6 illustrates the effect on time series of IHDMs
and DDPMs. Intuitively, the dissipation process smooths input data, until all finer
details in the data are erased.

In the following sections, we first lay out the forward process of IHDMs before
introducing the backward process, which, by deblurring or de-smoothing input time
series, ultimately generates new data points.

Forward process. The forward process is governed by the following linear partial
differential equation:

O ua,y.1) = Au(a,y.1) (4.1)

where u(z,y,t) € R is the heat profile of a physical body in two dimensions,
t € R is time, (z,y) € R? is the position vector, and A = V? is the Laplace
operator. Instead of performing multiple small incremental diffusion steps, the
equation can be solved analytically and the forward process can be performed in one
step. Using the fact that the Laplacian operator A has a finite Eigendecomposition
in frequency space®> A = VAVT where V7 is the cosine projection matrix and A
is a diagonal matrix containing the negative squared Eigenfrequencies, one can
perform a Discrete Cosine Transformation (DCT) in accordance with boundary
conditions and rewrite the forward process as [RHS22]:

u(z,y,t) = F(t)u(z,y,t =0) 19
< u(t) = exp(—At)u(t =0) (42)
where F'(t) = exp((t — t9)A) € R is an evolution operator [DZ14] and a(t) =
VTu(t) is the projection of u(¢) in the DCT space. Note that the dependency
of &1 on the DCT space variables has been omitted for readability. At the end of
the diffusion process, we add Gaussian noise with variance o2 to the blurred data
point u; such that the forward process can be expressed as a probabilistic model
and that the reverse process can branch out into different paths. Note that in
contrast to DDPMs, the forward process is entirely deterministic and only becomes
probabilistic with this step. Finally, this leaves us with the following statistical

model:
q(uslug) = N(u(t); Vexp(—Ar)VTu(t = 0),0°1) (4.3)

3A finite Eigendecomposition is only possible as the input signal is discrete. That allows for
the definition of a Nyquist limit as a natural cut-off frequency
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where we omitted the dependency of u on z and y and 7; is an arbitrary
dissipation schedule, which increases monotonically. The exact set of values
{m € [0,1]}L, is referred to as the scheduler, and the right choice of this set
influences the generative performance of diffusion models [Che23].

Backward process. The generative process is defined by approximately inverting
the blurring process with a learned deblurring process, and applying the following
equation 7' times:

p(u_1|uy) = N(u_1; fo(wy), 52]1) (4.4)

where fy refers to the U-Net and 42 is the constant sampling variance. The
denoising process generates a new data point Gy from the latent noise variable ur
by calling the U-Net T" times, every call performing a small deblurring step. IHDMs
differ from DDPMs in two crucial ways. First, the U-Net fy directly predicts the
latent representation u; of the initial data point ug instead of the noise added in
the forward process. Secondly, the IDHMs affect the different frequencies of the
original signal differently. In the forward process, higher frequencies decay faster
compared to lower frequencies, as evidenced by the fact that A,, ,, are proportional
to the negative squared frequencies in (4.3). Reversely, higher frequency parts
are generated in the later steps of the generative process. This contrasts with
DDPMs, which add white noise to the data, thereby affecting every frequency of
the signal equally until all frequencies are drowned out. A behavior we exploit in
our approach [RHS22].

Sampling Noise. Empirically, we find that the variance of the sampling noise ¢
has only a small impact on the predictive performance of the IHDM (cf. Section
4.5.3). In all our experiments, we set 6 = 0, thus making the generative model
deterministic. This greatly increases the speed of the framework, as only a single
"'sample" is generated. This ultimately makes DeDiPeak more lightweight than
other proposed approaches based on probabilistic models [RSS*21; LLW22]. A
detailed comparison is included in the Appendix.

Optimization. During training, the U-Net is tasked to predict the data point
u;_; given the u;, while u; is calculated with equation 4.2. Empirically, one uses
the following loss function to evaluate the squared difference between the prediction
fo(ug, t) and the expected value of the blurred data point from the time step ¢ — 1
given by u;_1 = Vexp(Ar;_1)V7Tuy.

£= Evtto..m) Buatau) ||| fo(ue,t) = G| (4.5)
This loss function constitutes a single Monte Carlo inference step from the
inference distribution g(u¢|ug) performed on a lower bound on the model likelihood

log p(ue) [RHS22].
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Figure 4.6: Illustrations of DDPM (denoising) and IHDM (deblurring, or desmooth-
ing) and their effects on time series.

4.3.4 Parallel with DDPMs

DDPMs consist of a forward process, which adds an incrementally increasing
amount of noise to data points, and a backward process which generates data points
from noisy latent representations. DDPMs and IHDMs both draw on the concept
of inverting an information-eroding process. The primary distinction between them
lies in the underlying mechanisms: DDPMs rely on the addition of Gaussian noise,
while IHDMs are based on the process of heat dissipation. Key differences between
the two are discussed in section 2.3 of the chapter and in 4.6.1.

Forward process. The diffusion, or forward process, is defined by gradually
adding Gaussian noise to an original data point uy over multiple steps. The data
distribution at time step ¢, given the preceding data point u;_1, is governed by the
following Markov transition kernel:
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q (ut|ut_1) = N(ut, @tut_l, 5',5]1) (46)

Utilizing the reparametrization trick (u; = ayuy_q + /0s6s, with ¢ ~ N (0, 1))
as well as the fact that one can sample u; at arbitrary time steps in a closed form,
the forward process can be written as

q (wlug) = N(ug; g, 0y1) (4.7)

Here a; = [I\_y @; and oy = 3} 64— 1)~y & ;. Similarly to IHDMs, DDPMs
incorporate a scheduler, namely {(ay,0;) € [0,1]*}];, which can be arbitrarily
chosen, under the constraint that the noise amplitude o; increases monotonically
and the factor oy monotonically decreases. With every forward step, the information
contained in ug is gradually lost such that in the limit £ — oo the data distribution

q(ugug) = N(uy;0,1).

Backward process. Generated data points are sampled from the joint distribu-
tion pg(ug.r) of the learned denoising process which is an approximation of the true
denoising distribution g(up|ur) i.e. the inverse process of the diffusion process:

=

po(we—|uy); po(w_1|uy) = N (we_y; po(ue, t), Xg(uy, t))

(4.8)
Here pp and >y are the outputs of a trainable U-Net fy, tasked to predict
the latent variable u;_; from u;. By invoking this U-Net 7" times—each call
executing a small denoising step as per Equation 4.8—a new data point 4 is
ultimately generated. The mathematical justification for this approach can be
found in [SSK*20]. Essentially, if the denoising steps are sufficiently small and
U is expressive enough, the model can accurately capture the target distribution.
Empirically, the quality of the generated samples can be improved by modeling the
denoising process as a function of the noisy latent variable u; and time t, rather
than directly predicting the data point ug, i.e. the U-Net predicts the noise ¢
added during one diffusion step: ¢, = fy(u;,t). One step of the generative process
is finally given by

po(uo:7) = p(ur)

t=1

1 o
W1 = — U — iet. (49)

(6% (67
Optimization Throughout the training phase, the U-Net is tasked to predict
the noise ¢; that would be added to an already noisy data point u; at time step ¢.

Empirically, one uses the following loss function
£ = EvaionEamnon |[fo(us t) = al?] (4.10)
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This loss function is derived from the variational lower bound of the model

likelihood —Ey,~q(uo) 10g (1), and has been found to be more stable during training
[KSP*21; HJA20].

4.3.5 Noise Scheduler

Realizing that IHDMs can be considered as a DDPM in DCT space, [HS22b]
extracted the scheduler of the heat diffusion equation and improved it. Specifically,
the scheduler d; = exp(—A7;) in THDMs, where \ contains the diagonal matrix
elements of A, suppresses high frequencies too strongly, thereby inflating small
errors over many steps of the deblurring process.

This issue is solved by modifying the scheduler as follows:

d; = (1 — dppin) exp(—=A7t) + dinin (4.11)

with dp,,, = 0.001, avoiding that higher frequencies are dampened too strongly. In
all of our experiments will use the IHDM architecture with the improved scheduler.

4.3.6 Adaptive loss

The adaptive loss is a training objective introduced in 2019 by [Bar19]. Its ap-
plication to times series has been studied [SAM™22] and shows slight improvements
when used instead of MSE during training. Let & = ¢; — y;, with ; as a predicted
data point and y; the ground truth, the loss is defined as follows:

2 /2
f€ e = la=2 ((WC) +1) —1) (4.12)

a lae — 2]

where o € R and ¢ € R, are trainable parameters that control the robustness of the
loss function and the shape of the loss’s quadratic bowl near x = 0, respectively.

4.4 DeDiPeak

DeDiPeak is a novel framework that (1) introduces two performance indicators
for peak predictions in time series and (2) a deblurring diffusion model built upon
forecasting models to improve peak prediction in time series.

4.4.1 Peak Forecasting Metrics

To address the issues with classical metrics, such as MSE and MAE in peak
forecasting, we propose two new metrics which do not rely on an element-wise
comparison between the ground truth value y(¢) and the predicted one §(t). Both
metrics are parameterized and reflect different operational properties that the
forecasted peaks should follow.

The first one, P3¢, called Peak Prediction Performance Euclidean, is partially
defined by:
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72 |2
Ee(y, 9) !H( te%: Jin (o]t t'1 + Bly(t) — 9(t")*) (4.13)

where I1(y) is a function mapping time series to a set containing the time stamps
of all the peaks contained within y(t). Ee(y, ) is specifically designed to evaluate
both the time and height of the peaks. Each of those contributions is weighted,
allowing the metric to be adapted. Fg(y, ) faces one important issue: a constant
prediction equal to the level of the highest peak in the time series is deemed as a
good prediction. Therefore, we define P3¢ = Fe(y,9) + E¢(9,y). In this form, the
metric has two terms mirrored under the transformation y — ¢ and ¢ — ¢’ which
penalizes said trivial predictions.

The second metric we propose, the Peak Prediction Performance sliding window
metric, is defined as P3g, = Fgw(y, ) + Fsw(y,y), with:

1 2
By, §) = —— ) - (v 414
(.9) \H(y)|t€%(:y) (w(t) =, _max_ 3(¢) (4.14)

Again, we ensure that P3,, is symmetric under the transformation y — ¢ and
t — t'. For every peak in the ground truth, Ey,(y,§) identifies the local maximum
in the prediction located in a window of size 2T + 1 centered around ¢. Ideally,
this local maximum is a peak. The squared difference in amplitude between the
original peak and the local maximum is then added to the metric. Intuitively, the
metric looks for peaks in the prediction in the vicinity of the original peak and then
compares those instead of performing element-wise comparisons. The parameter
T controls the size of the sliding window and by extension the sensitivity of the
metric to temporal delays in peak predictions compared to the ground truth. The
term FEj, (7, y) works analogously, with the prediction and ground truth exchanged.

Although they both enable peak performance comparison, P3¢ and P3,,, differ
in their parametrization and intended usage as they reflect different properties of a
peak. P3¢ aims at estimating the general peak performance while balancing the
peak timing and intensity more precisely. On the other hand, P3y,, constitute an
out-of-the-box metric for the typical peak forecasting use case where the right peak
value needs to be within a given time window margin. Their parameters offer a
flexible usage that can be adapted to specific needs and has allowed an application
with our industrial partner.

Defining peaks. An essential part of the suggested metrics is the set of times-
tamps to be considered as peaks II(y), which depends on the definition of peaks
in the first place. While multiple definitions are possible, we empirically define a
peak as a data point having a larger amplitude than its n neighbors to the left and
the right, i.e.:

v € U(y) <= v > Yen, Vb € —n,n \ {0} (4.15)
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Figure 4.7: Ilustration of P3,, and P3¢ metrics, respectively.

A visual example led by this definition is illustrated on Figure 4.8.

0.50
0.25

0 5 10 15 20 25 30

Figure 4.8: Visualization of peaks within a consumption time series. The dashed
grey line corresponds to the average amplitude.

4.4.2 Effectively Forecasting Peaks

Shortcomings of current models. As mentioned in the introduction, transformer-
based models are good at trend prediction but often fail to capture the non-smooth
nature of peaks and their correct amplitude. While DDPMs presented in the
background section can incorporate sensible peaks in their predictions, they appear
to be quite sensitive to the input noise and thus produce peaks at irregular inter-
vals [RSS*21; LLW'22]. For now, their performance remains inferior compared
to transformer-based models for general forecasting tasks [AS22]. Averaging over
many predictions generated with different noise inputs solves that issue, but comes
at the price of averaging out the peaks, which makes them on their own ill-suited
for peak prediction tasks. Additionally, diffusion-based models suffer from the
fact that the underlying U-Net has to be called multiple times during inference,
resulting in high computational costs.

Model synergy. We propose a new approach that uses IHDMs on top of an
existing base model, e.g. transformer-based models, thereby navigating the short-
comings of the expensive IHDMs and the risk-averse base models. DeDiPeak
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Figure 4.9: Figure illustrating our new framework DeDiPeak.

improves peak forecasting by enhancing existing peaks and occasionally generating
new ones on top of an initial prediction of a base model. This is achieved by
performing the final steps of a dedicated IHDM, offering a lighter solution than
using a fully-fletched IHDM. Our approach explicitly leverages the fact that during
the blurring process, high-frequency parts of the initial signal are suppressed the
strongest and, thus, are the last to be generated in the backward process. An
illustration is shown in Figure 4.9, showing an example of 96 data points being
passed to a base model producing a preliminary prediction. Empirically, we found
that performing N = 7 blurring steps according to equation 4.2 on the initial
prediction increases the overall performance of the framework. Finally, calling the
trained deblurring U-Net fy T'= 15 times produces a prediction containing clear
peaks.

Adjusting IHDMs for peak prediction. ITHDMs have, to the best of our
knowledge, not been applied to times series and so we have made two changes
to their overall structure. First, we implement causal attention in the U-Net of
the IHDMSs to prevent any leakage of information from the future and thereby
preserve temporal causality. Concretely, this means setting the values of future
time steps to zero during the attention computation, ensuring that the model only
uses information from the current and past time steps [NBS19].

Secondly, the formulas of the IHDM have been adapted to time series, instead
of images, resulting in a change in input variables: u(z,y,t) — u(t, k). The input
data depends on the real-time of the measurements ¢ and the time step of the
blurring process k. This changes the equation of the diffusion process (4.2) to
Opu(t, k) = 0*u(t, k). Ultimately, this has some implications for the implementation
of the IHDM, which are further highlighted in this chapter.
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4.5 Experiments

In this section, we empirically assess DeDiPeak, by investigating the following
points: (1) Do our P3 indicators accurately capture peak forecasting performance?
(2) Is the addition of a deblurring diffusion model improving peak forecasting? and
(3) How does Dedipeak compare to other approaches?

4.5.1 Empirical Setup

Datasets. We conduct our experiment on a classical benchmark of various
datasets, commonly used for time series forecasting evaluation [ZZP*21; KKL20;
whXW*21; CLD"20; ZMW™22b; SAM*22; COO*22] composed of a weather [wet20],
traffic [tra20], and 3 electricity and energy-based datasets [Datl4; ZZP21] (elec-
tricity, ETT). We set ratios of training / validation / testing sets to respectively 70
/ 10 / 20%, along the time axis.

Metrics. Regarding the peak definition equation (4.15), we set n = 5 neighbors.
We evaluate the result according to 6 metrics. The first two, MSE and MAE, are
traditionally used for time series forecasting. We also add Peak MSE (PMSE)
and Peak MAE (PMAE), their peak value equivalent. While these metrics report
accuracy for well-timed peaks, they suffer from the same drawbacks as MSE and
MAE regarding off-timed forecasted peaks. This motivated the development of our
two metrics: P3g, for which we set T' to the number of neighbors, i.e. T'=n =5,
and P3¢ for which we set a = 1/n? = 0.04 and 8 = 1.0. The rationale behind
these choices along with additional experiments can be found in section 4.6.

4.5.2 Implementation details

Forecasting models. In our study, we rely on a set of recent transformer models
as base models: FiLM [ZMWT22a], Autoformer [whXW™21], NHits [COOT22],
FEDformer [ZMW22b], Performer [CLD*20], Informer [ZZP*21], Reformer [KKL20].
As the models are designed for long-term forecasting, we provide a 96-long sequence
as input to the transformer models in order to forecast 720 values. We perform
multichannel forecasting, i.e., all the datasets’ channels are given as input to the
model. The input data is first converted by an embedding layer, combining its
channel values with timestamps embedding. The transformers are built with 2
encoder and 1 decoder blocks, and their inner representation size d,,,q¢ iS set to
256. The model is trained by using the Adam optimizer [KB15] with the adaptive
loss for 10 epochs with early stopping (patience 3), an initial learning rate of 107,
and a batch size of 16.

We then carry out a comparative study with models trained with the EVL [DZP*19]
and DILATE loss [LT19], taking the model architecture and hyperparameters pro-
posed by their respective authors:
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o The DILATE loss is used on a Seq2Seq model [SVL14], takes 168 values as
input, and has a forecast length of 24.

e A custom GRU-based model is optimized with the EVL. We will refer to this
approach as EVT (Extreme Value Theory). The EVT model is fed with an
input length of 336, and the forecast length is set to 168.

Inverse Heat Dissipation. The U-Net is trained in a single-channel fashion such
that one IHDM is trained per dataset, every channel being taken independently.
The U-Net is composed of 4 levels (factors of 1, 2, 2, 2 respectively), such that the
sequence length is divided by 8 at the deepest latent level. We use a batch size
of 32 and train the model using the Adam optimizer with the adaptive loss. We
set 50 total diffusion steps for training. At inference time, we use classifier-free
guidance [HS22a] with a factor of 5.0. The conditioning input is the same as for
the base models, including embedding. Additionally, we blur the base models’
outputs by 7 steps and deblur them using the 15 last backward diffusion steps®.
More details about the number of steps impact are available in section 4.6. We set
To = 0.5 moving exponentially to 759 = 16.

Experiments are conducted on an Nvidia Quadro RTX 4000 8GB GPU and run
five times to limit the effect of randomness.

4.5.3 Results

P3 as peak forecasting metrics. Figure 4.10 showcases a forecast made by the
informer model on the traffic dataset along with the improved peak forecast using
our deblurring model. While the enhancement is evident in the visual representation,
we seek a quantitative measure of this improvement. The attached table presents
the values of our 6 selected metrics on this forecast. We observe that all traditional
metrics, 7.e. MSE, MAE, PMAE and PMSE, see an increase in error after the
application of the deblurring model. In contrast, our metrics indicate a decrease in
error, revealing that our metrics are correctly capturing the improvement in terms
of peak prediction. Notice that in this case, most peak forecasts exhibit slight
temporal misalignment. While this slight deviation is tolerable for peak forecasting,
it does influence the average error. More examples are provided in section 4.6.
Building on this validation, we further analyze the peak forecasting efficacy
of our base models as detailed in Table 5.1. Overall, results reveal that the MSE
and P3 metrics are strongly correlated, indicating that a good peak forecasting
performance is linked to a lower MSE. However, this correlation breaks down when
the MSE drops below a certain threshold. In this regime, the decorrelation between
the MSE and P3 metrics, metrics that exclusively evaluate the amplitude and

4Note that since only 15 steps are used in practice, training on these 15 steps only without
changing the 7 values instead of 50 would be a better option, but has not been done here to allow
for a comparison with more blurring steps without having to re-train the model.
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timing of peaks, indicates that the MSE fails to properly capture peak predictive
performance. It follows that the P3P metrics are able to capture valuable additional
information on the peak prediction performance of a model, which can ultimately
guide the model selection and optimization process.

true
informer
—— +deblurring

o L N w S
L L L L L

MSE MAE PMSE PMAE P3,, P3¢
Informer 0.47 0.40 4.05 1.69 136 1.91
Deblurring 0.54  0.45 4.54 175  0.97 1.51

Figure 4.10: Example of improved peaks by the diffusion model taken from the
traffic dataset.

Deblurring for peak enhancement. As mentioned above, Figure 4.10 illus-
trates the improvement in peak forecasting that DeDiPeak can offer. By itself, the
informer tends to predict shy peaks, an issue our deblurring model was specifically
developed to address. Note however that while the deblurring model increases the
accuracy of peak forecasts, it may also occasionally introduce noise to the non-peak
parts of predictions as a result of inducing high-frequency perturbations into the
blurred transformer prediction. This can degrade the prediction outside peak areas,
which partly explains the slight rise in MSE observed upon the application of our
deblurring model. Interestingly, at the end of the forecast window, we notice that
the deblurring can also lower a peak when necessary.

Table 5.1 lists the MSE and P3 of the predictions made with a subset of our
base models on each dataset, before and after the use of the deblurring model.
We consistently observe improvements in P3,,, in 24 out of 25 cases, as for P3¢.
Examining the top three baseline models by MSE, we find that predictions from
FiLM benefit the most from applying the deblurring model. They achieve the
highest P3, despite ranking lowest in P3 before the deblurring model is applied.
Predictions made by FEDFormer are also improved by the deblurring model but
to a lesser extent. On the other hand, despite an overall average improvement, the
predictions made by NHits are sometimes degraded by the deblurring model as
indicated by P3¢. This indicates that a small subset of combinations of dataset
and model are not well-suitable for the DeDiPeak framework, revealing the need
for further investigation in that direction.
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Noise Parameters. To optimize both the training noise variance o? and the
sampling noise variance % we ran additional experiments using different combina-
tions of base model and dataset. Specifically, Fig. 4.11 illustrates the MSE and P3
metrics of DeDiPeak framework applied op top of the FiLM model on the training
set of ETTm2. First, we observe the best predictive performance of the framework
when the standard deviation of the training noise o = 0.01, just as in the original
THDM paper [RHS22]. Secondly, we find that generally the model performance
weakly depends on the sampling noise variance §2. Therefore, we chose to set § = 0,
as it presents a reasonable trade-off between the performance of the IHDM and the
computational load of the framework. Note that with = 0, only a single "sample"
time series needs to be generated during inference.

4.5.4 Comparison Studies

Extreme Value Loss. First, we compare our model to a related study based on
a unique loss function called the Extreme Value Loss (EVL) and a dedicated archi-
tecture for extreme event prediction using gated recurrent units (GRU) [DZP*19].
Similarly to DeDiPeak, the EVL approach aims to predict extreme events (peaks)
in time series. For comparison, Table 4.2 illustrates the performance of the GRU-
based architecture when trained with EVL versus when it is trained with MSE
and subsequently enhanced by our deblurring model. The forecast length for both
models is set at 168 values, consistent with the original study.

The results demonstrate the superior performance of DeDiPeak across different
datasets. Using both methods at once i.e., applying DeDiPeak on top of predictions
from EVL results in poor forecasts due to the excessive inflation of already existing
peaks. DeDiPeak works best with base models that predict the general trend of time
series but fail to produce accurate peaks. Although the EVL can be measured for
the EVT model, it cannot be applied to the deblurring model, as the computation
of this loss requires outputs from a submodule predicting the probability of an
extreme event, specifically designed in the EVT model. Finally, these experiments
highlight the versatility of DeDiPeak, showcasing its compatibility with recurrent
neural networks as well

DILATE Loss. The DILATE loss is designed to address the weaknesses of point-
wise loss functions in peak forecasting tasks [LT19]. Originally, it was introduced to
train a Seq2Seq transformer. Table 4.3 compares the performance of the Seq2Seq
model trained with the DILATE loss to the performance of a Seq2Seq model trained
with the MSE and improved with DeDiPeak. To guarantee the same experimental
conditions as in the original paper, we only forecast 24 values for both approaches.
Note that the complexity of calculating the DILATE loss scales quadratically with
the forecast length, making longer forecasts much more costly.

The results indicate that even on short length scales the DeDiPeak framework
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on the Seq2Seq model outperforms the Seq2Seq trained with the DILATE loss.
Notably, our framework, with Seq2Seq as a base model, achieves better DILATE
scores than a Seq2Seq trained on the DILATE loss itself.
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Figure 4.11: Dependence of the IHDM predictive performance (M SE in blue, P3y,
in orange, P3¢ in violet) applied on top of the FiLM base model for the ETTm2
dataset on the variance of the sampling noise 2 and of the training noise o2.

Stand-Alone Deblurring Inference. With our modifications to the original
s IHDM architecture, it is in theory possible to produce time series forecasts with
a stand-alone deblurring model, that does not rely on the predictions of base
models. However, its implementation currently demands significant resources, as
even more calls to the U-Net are necessary. Still, as a comparison, we implemented
a standalone deblurring model starting from a flat baseline (equivalent to the
10 input’s average value).
Overall, the results proved unsatisfactory due to poor peak timing prediction.
An example of a forecast on the traffic dataset is illustrated in Fig. 4.12. The MSE
of a pure deblurring model forecasting on the traffic dataset equals 2.109, which
is a factor of 3 greater than our best-performing approach, illustrating its poor
15 performance compared to other models used in this chapter. This indicates that
relying on an initial forecast as a baseline is more efficient.
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Figure 4.12: Comparison between a stand-alone deblurring model and DeDiPeak

4.6 Details and additional results

4.6.1 Implementation

Blurring, deblurring, and training

This section contains the pseudo-code of the essential parts of the IHDM used
s in DeDiPeak. We would like to highlight the fact that since the time series data
is one-dimensional, DCT is only performed along one direction and the variable
freqgs is a one-dimensional tensor compared to a two-dimensional one used for
images.
It is also important to note that, before training any model, the data is prepro-
0 cessed with standardization scaling.
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1 blur_taus = exp(linspace(log(tau_min), log(tau_max), num=total_steps))
> freqs = linspace(0, 1, num=pred_len, endpoint=False) ** 2 / 2

3

s def blur(x0: array, t: int):

# x0.shape = (pred_len,)

tau = blur_ taus[t]

dct_coefs = DCT(x0, norm='ortho')

dct_coefs = dct_coefs * exp(- tau * freqgs)

xt = IDCT(dct_coefs, norm='ortho') # inverse DCT
return xt

def gq_xt_x0(x0: array, t: int):
xtl = blur(x0, t)
xt2 = blur(x0, t - 1)
eps = xt2 - xtl
return xtl, eps
def loss(x0: array, timestamps: array, inputs: array, t: int):

# x0.shape = (pred_len,)

# timestamps.shape = (input_len, 4 [= hours + days + weeks + months])
# inputs.shape = (input_len,)

t = randint(l, total_steps)

Xt, eps = gq_xt_x0(x0, t)

cond = embeddingl(inputs) + embedding2(timestamps)

error = adaptive(unet(xt, cond=cond, t=t), eps)

return error
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Table 4.1: Comparison of the MSE and P3 metrics for several models on five
datasets. Each pair of columns compares the score of the baseline model (on the
left) and its update after deblurring (on the right). The P3 results are put in bold

when improved by the deblurring process.

weather

Original Deblur.

traffic

Original Deblur.

electricity

Original Deblur.

ETTm1

Original Deblur.

ETTm?2
Original Deblur.

mse 1.116  1.124 1.695 1.796 0.907  0.925 1.297  1.309 0.546  0.549

mae 0.767  0.770 0.862  0.879 0.766  0.776 0.866  0.870 0.531  0.532

Informer PMSe 1.766  1.863 5.358  4.262 1.264  1.309 1.552  1.566 0.585  0.631

pmae  0.942  0.965 1.567  1.522 0.895 0.984 0.985  0.990 0.510  0.530

P3sw 1.856 1.760 5.498 5.118 1.154 1.087 1.473 1.450 0.560 0.515

P3¢ 1.770 1.694 3.823 3.305 0.881 0.854 1.277  1.263 0.547 0.513

mse 0.776  0.778 0.742  0.848 0.348  0.375 0.876  0.886 1.634  1.665

mae 0.662  0.663 0.391  0.405 0.416  0.449 0.722  0.726 0.915  0.923

Reformer P15 1.065 1.066 3.224  4.746 0.535  0.796 1.150  1.155 1.977  2.076

pmae  0.710  0.704 0.979 1.446 0.514  0.706 0.832  0.833 1.011 1.041

P3sw 1.074 1.076 4.426 3.465 0.619 0.492 1.134 1.093 1.904 1.799

P3¢ 1.029 1.019 2.466  2.056 0.433 0.366 0.945 0.927 1.769 1.712

mse 0.609  0.610 0.614  0.655 0.246  0.255 0.599  0.604 0.249  0.254

mae 0.564  0.564 0.376  0.410 0.359  0.385 0.576  0.579 0.342  0.347

FEDformer P15¢ 1.066  1.061 2.605  4.406 0.377  0.967 0.666  0.658 0.208  0.211

pmae  0.633  0.633 0.868 1.438 0.439  0.775 0.629  0.625 0.305  0.307

P3sw 1.049 1.045 4.329 2.729 0.430 0.342 0.632 0.595 0.201 0.194

P3¢ 1.006 0.997 2.386 1.664 0.289 0.255 0.551 0.538 0.179 0.178

mse 0.506  0.509 0.709  0.842 0.378  0.417 1.105 1.121 0.440  0.445

mae 0.525  0.526 0.376  0.384 0.438  0.487 0.819 0.824 0.492  0.495

pmse  0.895  0.907 3.109  4.947 0.562  0.660 1.460 1.453 0.513  0.533
Performer

pmae  0.630  0.637 0.939 1.172 0.529 0.744 0.955  0.954 0.536  0.544

P3sw 0.913 0.906 4.724  3.307 0.603 0.529 1.524 1.461 0.519 0.502

P3¢ 0.856  0.852 2.593 1.974 0.470 0.391 1.241 1.225 0.488 0.473

mse 0.409 0.418 0.687 0.714 0.278  0.283 0.699 0.714 0.276  0.279

mae 0.428  0.437 0.425  0.458 0.377  0.413 0.612  0.620 0.366  0.371

Autoformer pmse 0.625 0.636 2.892 3.230 0.421 0.526 0.754 0.750 0.340 0.338

pmae  0.499  0.514 0.958 1.083 0.460  0.538 0.670  0.667 0.433  0.431

P3sw  0.642 0.626 3.022 2.745 0.365 0.361 0.708 0.686 0.321 0.312

P3¢ 0.588 0.587 1.994 1.829 0.347 0.344 0.703 0.698 0.330 0.329

mse 0.304  0.306 0.565  0.613 0.233  0.264 0.514  0.515 0.233  0.233

mae 0.350  0.353 0.370  0.401 0.325 0.354 0.503  0.504 0.331  0.331

NHits pmse 0.778 0.769 2.857 2.510 0.436 0.467 0.628 0.617 0.188 0.189

pmae  0.478  0.483 0.970 1.055 0.459  0.485 0.578  0.573 0.283  0.284

P3sw, 0.785  0.809 3.037 2.246 0.401 0.374 0.582 0.565 0.176  0.173

P3¢ 0.715 0.714 1.680 1.345 0.360 0.363 0.514 0.507 0.165 0.163

mse 0.322  0.324 0.690 0.744 0.278  0.284 0.555  0.560 0.237  0.239

mae 0.334  0.340 0.424  0.445 0.359  0.362 0.499  0.502 0.324  0.327

FiLM Pmse 0.825  0.765 3.259  3.204 0.494  0.630 0.590  0.585 0.189  0.198

pmae  0.461  0.438 1.134  1.115 0.484  0.561 0.547  0.539 0.280  0.286

P3sw  0.907 0.788 3.580 3.099 0.537 0.482 0.551 0.516 0.187 0.185

P3¢ 0.736 0.715 1.977 1.828 0.392 0.338 0.471 0.453 0.170 0.165
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weather traffic electricity

mse 2.766 1.453 0.265

EVL P3g, 3.144 4.505 0.399
P3¢ 3.011 3.179 0.302

mse 1.811 1.100 0.235

MSE loss P3sy 1.989 5.013 0.427
P3¢ 1.978 3.381 0.390
mse 1.985 1.112 0.254
P3,, 1.814 3.920 0.386
P3¢ 1.670 3.041 0.358

MSE loss
+ deblurring

Table 4.2: Comparison between DeDiPeak and EVL — EVT model, input length
336, forecast length 168.

weather traffic electricity
mse 0.140 0.812 0.358
dilate 1.916 3.757 1.451
P3gy 0.600 2.074 0.515

DILATE loss

P3¢ 0.520 2.061 0.766
mse 0.099 0.641 0.147
dilate 2.109 3.933 1.199

MSE 1
SEloss  ps o048 2.634 0.430

P3¢ 0.212 1.570 0.265

mse 0.114 0.689 0.152

MSE loss dilate  1.863 3.666 1.131
+ deblurring P3,, 0.236 2.011 0.290
P3¢ 0.209 1.358 0.225

Table 4.3: Comparison between DeDiPeak and DILATE — Seq2Seq model, input
length 168, forecast length 24.
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1 def deblur(x: array, timestamps: array, inputs: array,

2 t: int, guidance: float = 5.0):

3 # guidance = classifier—free gutdance factor

1 cond = embeddingl(inputs) + embedding2(timestamps)
5 dx = unet(x, cond=None, t=t)

6 dxc = unet(x, cond=cond, t=t)

7 dx = dx + (dxc - dx) * guidance

8 x =x +dx # (+ noise)

9 return x

U-Net conditioning

The U-Net is composed of residual blocks at each level. Each of these residual
blocks is conditioned both on the deblurring step (the integer ¢) and the input
time series (noted ¢ for conditioning or context). As shown in Figure 4.13, the
input time series c is averaged along the time axis after being embedded. This
forces the model to summarize the input time series into one vector, which is then
added to each latent vector of the sequence being deblurred. This also allows the
model to be conditioned on an input sequence of any length, adding more flexibility
regarding the size of the available historical data.

Residual block t &

|

step time series
embedding embedding

average
along time axis

wiou dnoib
\
)

wiou dnoib

Figure 4.13: Definition of a residual block in the model. Each residual block in the
U-Net is conditioned both on the deblurring step ¢, and the input time series c.

4.6.2 Additional Visual Results

The following figures illustrate the peak enhancement of the deblurring model
on top of various base models for different datasets. The deblurring model improves
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peak forecasting either by correctly lowering (first peak of Fig. 4.15) or increasing
(all the peaks in Fig. 4.16) the peak amplitude or even improving the peak timing
(3rd peak in Fig. 4.14). These improvements are then captured by the dedicated
peak metrics. However, the deblurring model also tends to include high-frequency
noise far away from the peaks, sometimes degrading the overall forecasts. This is
especially true in Fig. 4.14 where unwanted downward-facing peaks appear close
to the actual peaks. In certain cases this observation leads to an increase of the
point-wise loss functions (such as the MAE in Fig. 4.14).

|
W ground truth
FEDformer

—— +deblurring

MSE MAE PMSE PMAE P3,, P3¢

Informer 047 0.36 5.21 1.70 3.99 241
Deblurring 0.35 0.39 1.36 0.71 0.60 1.51

Figure 4.14: FEDformer on the Traffic dataset
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0.25 1

0.00 A

-0.251)

) .

—— ground truth
A ATl — FLM

—0.75 A —— +deblurring

—0.50 1

] 100 200 300 400 500 600 700

MSE MAE PMSE PMAE P3,, P3¢
FiLM 0.17  0.31 0.25 0.46 0.24 0.30
Deblurring 0.12 0.28 0.14 0.33 0.14 0.16

Figure 4.15: FiLM on the Weather dataset

The improvements for ETTm1 on the performer are the least significant ones from
the results shown here (Fig. 4.17). We observed a general trend that DeDiPeak
performs better on bigger datasets, and thus its improvements on the ET7Tm
datasets are smallest.

—— ground truth
—— NHits 6
—— +deblurring

0 20 40 60 80 100 120 140 160

MSE MAE PMSE PMAE P3,, P3¢
NHits 0.04 0.15 0.09 0.25 0.09 0.08
Deblurring 0.04 0.16 0.04 0.17 0.05 0.05

Figure 4.16: NHits on the FElectricity dataset
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—— ground truth
Performer
2.09 P —— +deblurring

154
1.04

0.519

0.0 h

—0.5 |

-1.01

T T T T T T T
100 200 300 400 500 600 700

MSE MAE PMSE PMAE P3,, P3¢
Performer 0.33 0.41 1.19 1.00 0.45 0.60
Deblurring 0.32 0.39 1.18 0.96 0.29 0.51

Figure 4.17: Performer on the ETTm1 dataset

4.6.3 Effect of noise

Here we present additional experiments complementing the analysis on the
dependence of the IHDM’s performance on training and sampling noise. Each
reported measurement in Fig. 4.18 represents the mean outcome derived from five
independent experiments. As stated in the previous section, the choice of o = 0.01
and 6 = 0 represents a reasonable trade-off between, on one hand, the speed of
inference and the ease-of-use of the deblurring model and, on the other hand, the
optimal performance of the IHDM. Note however that for some combination of base
model and dataset, notably for FEDformer on the ETTm1! dataset (Fig. 4.18 (b)),
the performance of the IHDM can be further improved. In that case, it is indeed
possible to bring small random variations to each deblurring iteration (deblur
function, line 8 in Section 4.6.1).

4.6.4 Metric parameters

The P3 metrics are equipped with tunable parameters — more precisely «, (3,
T, and n — which are assigned default values. This section discusses the influence
of these parameters on the presented results.

Regarding o and f3, we first need to note that y and ¢ are not homogeneous
quantities. While y represents an amplitude, ¢ represents indices. Given their
different units, a coefficient multiplication becomes necessary before summing
[t —t'|* and |y(t) — §(¢')]?, hence the role of o and 3. Thus, the choice of a and j3
essentially addresses the question: “How much should timing outweigh amplitude?”

62



0.37 0.745
0.740
0.36
0.735
w 0,35 o
8 § 0.730
0.341 0.725
0.720
0.331 . ~ =
ORI 22 S e 0.77 R T oy 0.715
0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.000 0.005 0.010 0.015 0.020 0.025 0.030
5 5 5
(a) FiLM / weather
0.660 0.5601 7"
0.655 0.601 0.557
0.650 0.591 0.555
w 3 DN % 0.552
£ 0.645 o 0.58 N &
.. 0.550
. ~
0.640 057 4_oo0 S 0547] — o= 00 \\
--- 0=0.01 AN --- 0=0.01 *>.
4 *. .,
0.635 0.56 o002 e, 0.545 jilipayes e
0.542
0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.000 0.005 0.010 0.015 0.020 0.025 0.030
5 5 5

(b) FEDformer / ETTm1

Figure 4.18: Dependence of the THDM’s predictive performance (M SFE in blue,
P3,,, in orange, P3¢ in violet) applied on top of the FiLM and FEDformer base
models for the weather and ETTm1 datasets on the variance of the sampling noise

62 and of the training noise o2.

noise_factor = 0.0 noise_factor = 0.008
0.50 1 — true 0.50 4 — true
—— pred —— pred
0.25 4 0.25 1
0.00 1 0.00 1
-0.25 —0.251
~0.50- —0.501
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
noise_factor = 0.032 noise_factor = 0.256
0.5 A — true
—— pred
0.0 -
—0.5 1
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175

Figure 4.19: Impact of different values of sampling noise. Deblurring from the
FiLM model on ETTm2.

B < « implies a larger time shift tolerance, thus assigning greater significance
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to the amplitude, whereas > « prioritizes the time scale.

We illustrate the impact of the choice of o and 5 in Figures 4.20a and 4.20b by
reporting the value of the metric as a function of the ratio a/3. In these figures,
we observe that P3¢ decreases as we tolerate a larger time shift.

Figure 4.20b reveals that increasing «//f (increasing the emphasis on timing)
can, in some situations, make the performance of the deblurring model appear
to perform worse than the base model while performing significantly better with
lower a/3. This indicates that the amplitude improved after the diffusion process,
but the time shift may have deteriorated slightly. Such a case can be observed in
Figure 4.10, on the fourth peak, where the time shift changes from 0 to 1 step.

The pursued objective for setting the default parameters was to acquit the
same importance to both the time and peak amplitude errors. Given that the
data values are standardized, the time axis has a larger scale than the amplitude
axis. Assuming according to the definition of peaks that there is a peak every n
data points, the term |t — #|? is of the order O(n?), while the term |y(t) — §(t')|
is independent of n and generally is of order O(1). Consequently, setting o = n—lz
and § = 1.0 first of all prevents timing errors from eclipsing amplitude errors and
also brings both terms to the same order. This value has been standardized across
datasets for consistency.

The number of neighbor n was set to 5 to avoid considering noise as peaks in
our datasets. This implies that peaks should be at least separated by 5 time steps.
For the traffic, weather and electricity datasets, this allows approximately 4 peaks
in a day, whereas it allows up to 19 peaks per day for the ETTm datasets (which
have a different time scale).

Finally, T" was set to 5 as well to check for other peaks in this same time window
at maximum. Further results about different values for n and T are presented in
Table 4.4.

4.6.5 Inference time

In this short section, we compare the inference time of our approach with other
baseline models on the weather dataset with a batch size of 16. We proceed to
an evaluation with both 1 and 21 channels, as the inference time might not be
proportional to the number of channels.

Although using a diffusion model has some computational overhead, the effi-
ciency of the IHDM is good enough to enable daily real-world application: one hour
is enough to forecast around 200,000 long-term time series forecasts on a single
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(b) FiLM on the traffic dataset

Figure 4.20: P3¢ evolution when varying the ratio /3

laptop GPU (RTX A2000), without parallelization. This should be contrasted with
the currently suggested diffusion models in time series forecasting which would
require several minutes on similar equipment. The key lies in reducing the number
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T

1 2 3 4 5 6 7 8 9 10 11 12
n=2 -3.80  -5.28  -6.28 -6.94 -7.50 -8.01 -8.45 -8.78 -9.08 -9.36 -9.64 -9.79
n=3 -4.82  -6.42 -7.43 -8.14 -8.77 -9.32 -9.76  -10.15 -10.54 -10.87 -11.19 -11.36
n=4 -5.90  -7.53  -8.63 -9.34 -9.98  -10.55 -11.02 -11.43 -11.83 -12.19 -12.52 -12.72
n=>5 -6.06 -7.73  -8.82 -9.56  -10.19 -10.81 -11.36 -11.80 -12.22 -12.59 -12.94 -13.15
n==~6 -6.31  -7.98  -9.06 -9.84  -1047 -11.06 -11.56 -12.03 -12.46 -12.87 -13.24 -13.45
n=2=8 -6.90 -8.60 -9.72 -10.50 -11.13 -11.72 -12.25 -12.71 -13.14 -13.57 -13.96 -14.17
n=10 -797 -966 -10.78 -11.53 -12.18 -12.78 -13.32 -13.79 -14.19 -14.60 -14.94 -15.13
n=12 -761 -9.29 -10.38 -11.06 -11.71 -12.29 -12.77 -13.21 -13.58 -13.97 -14.29 -14.51
n=15 -770 -939 -10.52 -11.22 -11.90 -12.51 -13.01 -13.46 -13.83 -14.18 -14.49 -14.76
n=17 -776 -945 -10.52 -11.21 -11.91 -12.52 -12.99 -13.41 -13.75 -14.05 -14.34 -14.60
n =20 -733 -888 -9.81 -10.40 -10.99 -11.51 -11.89 -12.26 -12.52 -12.75 -12.99 -13.19

Table 4.4: Traffic dataset:

average variation of the P3, in %, after applying the

diffusion model on FiLM predictions. P3,,, is expressed with different values of T’

and n.

y_batch.shape = (16, 720, 1)

NHits

Autoformer

Informer

FEDformer

IHDM (15 deblurring steps)

0.0055s
0.0781s
0.0251s
0.2326s
0.6015s

y_batch.shape = (16, 720, 21)

NHits

Autoformer

Informer

FEDformer

ITHDM (15 deblurring steps)

0.118s
0.142s
0.125s
0.330s
6.2s

Table 4.5: Computation time comparison on the weather dataset, performed on an
NVIDIA RTX A2000 Laptop GPU

of calls made during the inference process. The TimeGrad model, as an example,
in its default configuration needs 100 x 100 = 10,000 model calls to produce a
forecast, whereas only one baseline model call and 15 U-Net calls are sufficient in
our configuration.

4.6.6 Performance of a probabilistic model

As mentioned in the background section of the chapter, recent probabilistic
models are not trained with point-wise losses and thus might not suffer from the
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same problems as the non-probabilistic models we’ve used as baselines.

We reproduce the experiment on D3VAE [LLW™'22], a state-of-the-art proba-
bilistic model for time series forecasting. However, the hardware specification used
in our experimental settings is not sufficient for D3VAE to run on this dataset in
the same conditions (lack of VRAM). Thus, we restrict the predicted sequence
length to 168 values, instead of 720, and set the batch size to 8 instead of 16.

weather traffic electricity ETTml ETTm2

mse 1.457 1.724 1.852 0.850 0.206
D3VAE mae 0.794 1.004 1.126 0.649 0.329
pmse 2.808 4.482 2.310 0.958 0.241

168 values
pmae 1.002 1.644 1.180 0.745 0.376

forecast

P3.., 2.804 3.434 1.336 0.864 0.179
P3¢ 2.579 3.532 1.651 0.860 0.221
mse 0.306 0.613 0.264 0.515 0.233
NHits mae 0.353 0.401 0.354 0.504 0.331
+ deblurring pmse 0.769 2.510 0.467 0.617 0.189
720 values  pmae 0.483 1.055 0.485 0.573 0.284
forecast P3.., 0.809 2.246 0.374 0.565 0.173
P3¢ 0.714 1.345 0.363 0.507 0.163

Table 4.6: Comparison of the MSE and P3 metrics between the D3VAE model and
Dedipeak/NHits on five datasets.

Table 4.6 indicates that D3VAE generally underperforms compared to our
methods, despite having fewer values to forecast. Coupled with its higher resource
requirements, this renders D3VAE currently impractical. However, it is noteworthy
that in the specific context of ETTm2, D3VAE achieves scores nearly comparable
to our best model, if we disregard the forecasting period. This underscores the
potential of such models.

As it stands, recent probabilistic models are currently inadequate for efficiently
and effectively enhancing peak prediction capabilities. Despite their promise, includ-
ing the ability to quantify uncertainty around peaks, there remains a compelling
avenue for future research in developing probabilistic models tailored for peak
predictions. This research direction diverges from our focus, which aims to improve
existing time-series forecasting models in their ability to more accurately predict
peak amplitudes.
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4.6.7 Peak rate

In this section, we compare the ability of baseline models to predict the advent of
a peak, regardless their amplitude. Since our solution aims to adjust the amplitude
of peaks, it is essential to choose a baseline model according to its ability to predict
such peaks, before applying the deblurring process. Given a peak in the ground
truth, with n = 5°, we check if a peak was predicted with a timing tolerance of 5
time steps. We then measure the rate of peaks successfully predicted in the test set,
or peak rate. This can be seen as a metric similar to the recall for a classification
task.

weather traffic electricity ETTml ETTm2

FEDformer 0.175 0.815 0.734 0.331 0.346
Performer 0.139 0.543 0.558 0.246 0.194
Informer 0.126 0.310 0.357 0.199 0.196
NHits 0.174 0.795 0.722 0.314 0.330

Table 4.7: Proportion of peaks successfully predicted by different baseline models
within 5 neighbors, regardless of their amplitude.

Table 4.7 reveals a clear disparity amongst models and datasets. NHits and
the FEDformer significantly outperform the Performer and the Informer, which is
consistent with their overall performances on those datasets. On the dataset side,
traffic and electricity seem to have much more predictable peaks than the other
ones. This can be explained by their seasonality and regular patterns, where peaks
happen regularly, albeit with varying amplitudes. Regarding the weather dataset,
all models perform poorly in predicting the presence of a peak. Determining when
peak will happen is indeed one of the harder task in weather forecasting, more
than determining their amplitude. Such tasks, where the presence of peak may be
hard to predict — and might depend on several external factors — are then still a
field of ongoing research, which might be very domain-specific.

4.7 Discussion

Limitations. Deblurring models are still in their early days and this work, to
the best of our knowledge, is the first one to use them in the context of time series.
One of their main limitations is their long inference time, stemming from the multiple
calls to the U-Net, which ultimately limits their development as a standalone. While
our modular design somewhat mitigates this factor, making IHDM more feasible
for practical applications, the overhead remains significant. A second limitation

5i.e. a value above the average greater than its 5 previous and following neighbors
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lies in the fact that, in some cases, the improvements provided to the base model
are only moderate. Further studies into model compatibility for DeDiPeak might
shed some light on the causes of this. There is also an inherent dependence of the
deblurring model on the base model, as evident from the omitted fifth peak in
figure 4.10. While our deblurring model is designed to enhance existing peaks, it
faces challenges in creating non-existent ones. We put this concern into perspective
with a brief study in the Appendix.

Finally, we have established default parameters for the P3 metrics, equipping
them for immediate application based on our experimental setup. The selection
of these parameters can significantly impact outcomes and should be considered
carefully according to the desired peak properties.

Future work. We plan to tackle these issues by investigating possible parameter
optimizations such as the number of blurring and deblurring steps as well as the
customization of the attention mechanisms in the U-Net. One further improvement
we would like to investigate would be to only add data points from the vicinity of
the diffusion-generated peaks to the initial prediction of the base model and keep
the rest of it. This strategy could potentially solve the worsening of the prediction
values far away from peaks

Conclusion

In this work, we introduce a novel framework named DeDiPeak aimed at im-
proving peak forecasting of time series forecasting models. The proposed framework
includes two novel parameterized metrics for evaluating the peak prediction ca-
pabilities of time series models, along with a deblurring diffusion model that can
be plugged into the output of state-of-the-art solutions to enhance their peaks.
Empirically, we highlight the necessity of our suggested metrics, establish their
validity and demonstrate the benefits of adding the deblurring models to obtain
better and clearer peaks.
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Leveraging External Factors in Household-Level
Electrical Consumption Forecasting using
Hypernetworks

5 This chapter addresses a key challenge in electrical consumption forecasting
where adding external factors like weather data improves individual household
models but degrades global models trained on entire populations. We propose a
hypernetwork architecture that successfully leverages external factors to enhance
global forecasting accuracy by adjusting model weights for each consumer,

w0 demonstrating superior performance on the CREOS dataset.
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5.1 Context

In the specific case of electrical load forecasting, numerous studies have demon-
strated that consumption patterns are heavily influenced by external factors such
as weather conditions, calendar effects, and socio-economic indicators [HF16]. Tem-
perature, in particular, has been shown to have a strong relationship with electricity
demand, as heating and cooling needs vary significantly with ambient temperature
[CXCT*17]. Additionally, calendar variables including holidays, weekends, and
seasonal patterns have been shown to capture regular variations in consumption
behavior effectively [WCH™19][ZZL*17]. These behaviors, however, are household-
specific — e.g., a household using electric heating has a consumption more sensitive
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, enhancing
generalization capabilities while minimizing computational infrastructure re-
quirements. Furthermore, recent architectural innovations specifically address
multi-channel time series [LHZT24][XZW24].

e 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 [SO21], though hardware limitations for on-device machine learn-
ing deployment remain significant.

To compare these two paradigms, we assess them on the CREOS dataset —
containing more than 6000 households consumptions over two years — and cor-
responding external factors, ranging from weather data to football! events. As
our results later demonstrate, although incorporating external 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 substantial computational and storage
overhead that scales linearly with the consumer population. In particular, this
approach fails to capitalize on the substantial behavioral similarities across con-
sumers. Since many households share comparable consumption patterns [WCK*16],
training completely separate models results in significant parameter redundancy,
as each individual model essentially learns the same forecasting task (electricity

1 Football in this paper refers to “soccer”
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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, illustrated in
Figure 5.1. Hypernetworks [HDL16] 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 approach maintains
the personalization advantages of individual models while dramatically reducing
the parameter space, rather than maintaining thousands of separate forecasting
models.

iy

input consumer output consumer 1

input consumer 2 output consumer 2

Forecasting

Global models:

input consumer n output consumer

>

input consumer 1 Model 1 output consumer 1
- input consumer 2 Model 2 output consumer
Individual models: P .

input consumer

&
embedding 1 B
. embedding 2 //
Hypernetworks: Hypemetwork .
embedding n

Figure 5.1: Difference between global and individual models, and the proposed
in-between solution using hypernetworks.
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In this chapter, we introduce a novel approach using hypernetworks and
consumer-specific embeddings that enable global models to differentiate between in-
dividual 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

73



10

15

20

25

30

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 forecasting
within a computationally efficient framework.

5.2 Early attempts in Transplit adaptation

Just as in the previous chapter, it is worth mentioning one particular attempt
that could have perhaps better plug into our existing framework, but that effectively
failed in handling external factors w.r.t. consumer profiles.

Introducing the information on the consumer first necessitates the creation of
an embedding. The simplest approach is to take our existing model Transplit and
adapt the attention mechanism to make it capable of handling external factors
with respect to the consumer. It is worth emphasizing again: the way we should
handle external factors really depends on the consumer profile we are dealing with.

Intuition. The core hypothesis behind our approach is that different consumers
exhibit varying sensitivities to external factors. For instance, a household with
electric heating will show strong correlation with temperature variations, while a
household with gas heating may be largely insensitive to temperature but highly
responsive to daylight patterns due to lighting usage.

Mathematically, we can formalize this as follows. Let ¢ € R? represent the
consumer embedding, and f; € R? represent the i-th external factor embedding.
The consumer-specific sensitivity to factor ¢ can be computed as:

a; = o(c'f) (5.1)

where ¢ is the sigmoid function ensuring «; € [0,1]. The scalar product c’f;
captures the alignment between the consumer’s characteristics and the factor’s
influence pattern. A high positive value indicates strong consumer-factor affinity,
while values close to zero suggest minimal impact.

The weighted representation of external factors for consumer ¢ becomes:

N N
hexternal = aifi = Z U<CTfi>fi (52)
i=1 i=1

This formulation allows the model to automatically learn which external factors
are most relevant for each consumer type, creating a personalized weighting scheme
that should theoretically improve forecasting accuracy.

In a nutshell and explained less formally, the implementation process follows
three main steps:

o Projection:

— The consumer’s vector is taken from an embedding table;
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Figure 5.2: Weighting the different external factors with the consumer embedding
in the custom attention mechanism. Each consumer embedding c is used to
compute attention weights «; for external factors through scalar products, creating
a personalized representation of environmental influences.

— Each factor is projected into one vector;

e Scalar product: every factor’s vector is compared with the user representa-
tion (Figure 5.2);

 Weighting: the next sequence representation inside the model is a weighted
sum of the different factors ones.
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Figure 5.3: Overview of the whole forecasting pipeline, with the initial idea of
adapting Transplit to handle external factors w.r.t. a consumer embedding.

Experimental Results and Limitations

The experimental evaluation revealed disappointing results. For a 1-week —
1-week forecast configuration, the baseline Transplit model achieved an MSE of
0.192. Adding external factors without consumer-specific weighting yielded an MSE
of 0.193, showing no meaningful improvement. Including our specific attention
mechanism with consumer-weighted external factors resulted in an MSE of 0.192,
essentially identical to the baseline.

These results suggest several potential issues with this approach:

1. Insufficient model capacity: The consumer embeddings may not capture
enough nuanced information to effectively differentiate factor sensitivities;

2. Data sparsity: Individual consumers may not have sufficient data to learn
meaningful embeddings;

3. Architectural limitations: The scalar product attention mechanism may
be too simplistic to capture complex consumer-factor interactions.

Notably, small models trained exclusively on individual consumer data performed
significantly better, highlighting the importance of consumer-specific modeling
approaches. This observation motivated our subsequent investigations into more
sophisticated consumer-centric architectures, which we explore in this chapter.

5.3 Background

When it comes to electricity load forecasting, a critical challenge is to effectively
incorporate multiple information channels, including historical consumption and
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various exogenous factors. Recent architectures specifically target this multivariate
challenge: iTransformer [LHZ"24] revolutionizes time series modeling by treating
individual features as tokens and timestamps as channels, inverting the traditional
approach. PatchTST [NNS*23] applies patching strategies to decompose time series
into subseries, enabling more robust feature extraction. Lately, CARD [XZW124]
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 another.
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 [JINT91] 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 specific
embedding. Mixture of Linear Experts (MoLE) [NLW*24] 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 [HDL16] represent a powerful paradigm where one network
generates the weights for another. In the domain of time series, this approach has
shown particular promise for addressing distribution shifts in time series [DHZ 23]
and has been applied to implicit neural representations as demonstrated in Hy-
perTime [FSE*22]. Hypernetworks are especially relevant for our work as they
can efficiently generate consumer-specific parameters from compact embeddings,
potentially 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.

5.4 Hypernetworks for Time Series Forecasting

5.4.1 Problem Formulation

We address the task of forecasting electrical consumption time series for a
diverse set of consumers while incorporating various external factors. Let X =
{1, x9,...,xN} represent the set of N consumer entities, each with its own hourly
electrical consumption time series. For each consumer x;, we denote its consumption
at time t as z;; € R. Additionally, we have a set of numerical external factors
O = {1, P, ..., ¢} (additional time series, such as temperature) and categorical
external factors C = {c1,ca,...,Cn}.

Our objective is to predict future consumption values v; y:+p = ;4 L4+ 1+n for
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a horizon h for every consumer ¢, given historical consumption x; ;.44 for an input
length L and external factors @, and Cppip.

5.4.2 Model Architecture

Our proposed architecture consists of three main components: (1) an embedding

s 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 architecture than an image
decoder [VVT17a]. An overview of the pipeline is illustrated in Figure 5.4.

inputs (<, 3}, L)
i !
| 17 1
I SO, A
| . . SN .
P | v linear
l{ : model
categorical predicts s
hypernetwork | ———— consumer’s

embeddings .
weights

e mm e

- & 1

forecasts ()

Figure 5.4: Overview of the hypernetwork pipeline

1w Embedding Representation for Categorical Variables.

For each categorical external factor ¢; € C, we learn a dense embedding repre-
sentation:

e; = Embed(c;) € R% (5.3)
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where d; is the embedding dimension for factor j. Specifically, when categorical
features are related and complementary, we sum their embeddings as follows:

Covent = {eno event if Cevent;, — 0 for all & (54)

Zke{k|cevemk:1} €eventy, ) otherwise

All categorical embeddings are reshaped to matrices of size (p, q) and stacked
together to form the hypernetwork input, as shown in Figure 5.5. The resulting
input tensor is denoted z;;. The output matrices predicted by the hypernetwork
have proportional dimensions from the inputs, and are of shape (p X u,q X ),
where u is the upscaling factor.

9 consumerid & Football:
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Figure 5.5: Illustration of example embeddings. Each consumer ID and other
known categorical features are transformed to embeddings, which are reshaped and
stacked together to form the Hypernetwork input.

Forecasting Mechanism.

The hypernetwork Hy with parameters 6 takes the concatenated features z; and
generates the weights for a consumer-specific linear forecasting model:

W, = Hy(z;;) € RF*"P (5.5)

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.
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The consumer-specific weights W, ; are then used in a linear model to produce
the final forecasts. For each consumer ¢ at time ¢, the input to the linear model
includes both historical consumption values x; .14, € RZ and the numerical external
factors @, 5 € RF*L,

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

Tit:t+L

Gupron = Wiy - | O1oees (5.6)

¢k,t:t+L
Loss Function and optimization.

We jointly optimize the hypernetwork parameters 6 along with all categorical
feature embeddings e; by minimizing the Mean Squared Error (MSE) between
predictions and ground truth:

N
min Z Z ||yi,t:t+h - Yi,t:t+h||2 (5-7)
Ot i3 teT

where N is the number of consumers, 7T is the set of time points in the training
data, ¥;s¢+n represents the predicted values, and y; 4.4, 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 ¢ are optimized
such that they can generate effective consumer-specific weights W, ; for the linear
forecasting model. This approach allows the model to dynamically adapt to different
consumers’ consumption patterns while leveraging shared knowledge across the
entire consumer base.

5.4.3 Experimental setup
Dataset.

We use the CREOS dataset along with external factors over corresponding
period (2020 and 2021):
e Numerical features:
— x: Consumption data (kWh) for N = 6,010 households and businesses
in Luxembourg;
— Otemps Phums Pwinds Psun: Weather indicators — temperature (°C), hu-
midity (%), wind speed (km/h), sunlight (minutes of sun within one
hour)?;

2For simplicity purposes, these indicators are global for all consumers (weather in Luxembourg
City), as the geographical area of study is small with few local variations.
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o Categorical features:
— 1: Consumer ID, ranging from 0 to 6,009;
— Chours Cdws Cdm, Cmonth: LT imestamps data — hour of day (24 values), day
of week (7), day of month (31), month of year (12);
— Cshy Cph: School holiday indicator (boolean), public holiday (boolean);
— Cteamys - - - s Cteams: D 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 [GLA22], 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 proto-
cols [whXWT21]. We preprocess the data by standardizing consumption values,
temperature, 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 v to 24, which fits with the daily seasonality
characteristics of electricity consumption. Given this factor and the needed sizes of
the output matrices (336 x 168), we have to make inputs of size 14 x 7. To achieve
this, we concatenate two 7 X 7 matrices, leading to 49-dimensional vectors. One
reason for this choice is the flexibility this concatenation offers: one could easily
change the number of weeks in the input length or forecast horizon by getting shapes
of 7a x 7b. For consumer IDs, we allocate twice the embedding capacity (7 x 7 x 2)
to capture the more complex behavioral 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 dimension 336 x 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 Mixture of Linear Ex-
perts [NLW™24], 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 importance. We consider
three MoLE variants, MoLE_DLinear, MoLE RLinear and MoLE_RMLP, the
latter consisting in two dense layers expert models. 16 experts are used, as this
setting allowed the good performance shown in [NLW*24]. When using categorical
features, we use the same embeddings as for hypernetworks, which are then linearly
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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 [LHZ*24]), CARD (2024
[XZWT24]), NHits (2023 [COOT22]), PatchTST (2022 [NNS*23]), RLinear (2022
[LQLT23]). For completeness, we include ARIMA as a classical statistical baseline
which, despite its computational 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 binary channels. However, for the high-cardinality consumer ID feature,
this approach 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 Github?.

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 experiments.

5.5 Results

Our experimental results demonstrate several key findings regarding the per-
formance of various time series forecasting models, as shown in Table 5.1. The
comparison across different input configurations yields important insights for model
selection and deployment in real-world scenarios. The standard error is always <
10~ in the table, with two minor exceptions. More detail is provided in appendix.

5.5.1 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 improved
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 additional
noise or complexity that harms prediction accuracy. The architecture’s approach

3https://github.com/serval-uni-lu/hypernetworks-time-series
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Table 5.1: 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

No external factor Consumer ID only + External factors
Model

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 - - - -

to handling multiple input channels appears fundamentally more effective than
competing methods.

Consumer ID Embeddings. The performance when using only consumer 1D
embeddings as additional channels provides insights into how different models
handle 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.

5.5.2 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
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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.

5.5.3 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 com-
pared to global models, this cost is substantially lower than training individual
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 individual
linear models for all 6,010 consumers demand 3.392 billion parameters. This
represents a parameter reduction factor of over 5,700x. 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 1/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.

5.5.4 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 5.7 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.

5.5.5 Ablation studies

Inclusion of categorical features.

As several models are not explicitly designed to handle categorical features, it is
important to verify that these models are not penalized by such inclusions. Results
in Table 5.2 show that categorical features have overall no significant impact on
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Figure 5.6: Comparison of models training time vs. the best resulting MSE. Bubble
sizes refer to the number of weights. For our approach, we distinguish the size
of the hypernetwork itself, and the size including all 6010 consumers embeddings.
The size for individual RLinear models (bottom right) is not shown as it would fill
in all the figure.

their performance, with MSE varying by at most 5 x 10~* and MAE by at most
7 x 107*. 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 5.1 is
predominantly attributable to numerical features rather than categorical ones.

Importance of different external factors.

Table 5.3 demonstrates the significant contribution of each external factor to
model performance. The experiment 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 systematically decreases the standard error, thus making
the performance less uncertain. Overall, these results quantitatively validate the
hypernetwork’s capacity to effectively integrate diverse external signals, capturing
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Table 5.2: Performance (% standard error) with and without categorical features,
for models that only handle numerical time series as inputs (asterisked in Table
5.1)

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 +o0.0002 0.1861 =+ 0.0005

PatchTST 0.1768 +0.00001 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

complex interdependencies between seemingly disparate factors and the target
variable.

5.6 Discussion

Mixed role of external factors. The findings from our study challenge the
prevailing 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 always
be beneficial, highlighting the complexity involved in effectively leveraging such
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Table 5.3: 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 +o0.0010 0.1875 + 0.0018
Football events 0.1761 +£0.0004 0.1850 + 0.0009
%} 0.1734 +0.0002 0.1808 =+ 0.0004

data.

Linearity of the forecasting process. While the end forecast is inherently
linear and may not capture complex patterns directly [ZCZ"23], the linear weights
themselves 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
information 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 evolution,
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 [FBA23|[WWD™24] 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.

5.7 Conclusion

In conclusion, our investigation into leveraging hypernetworks for electrical
consumption 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 models that
effectively balance complexity and accuracy, with improvements yet to be made to
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optimize new consumers embeddings, overall encouraging advancements in time
series forecasting, especially with real-world applications.
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PowerGraph-LLM: Novel Power Grid Graph
Embedding and Optimization with Large
Language Models

Electric load consumption forecasting can ultimately be used in power grid
simulations. This chapter explores a side work by introducing the first framework
designed to solve Optimal Power Flow (OPF) problems using Large Language
Models, combining graph and tabular representations of power grids with
specialized in-context learning and fine-tuning protocols. The framework addresses
the growing need for scalable algorithms in modern power systems by leveraging
LLMs to handle increasing variability and constraints while demonstrating reliable
performance across different model architectures and sizes. This work has been
made in close collaboration with Salah Ghamizi, then researcher at the LIST
(Luzembourg Institute of Science and Technology).
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6.1 Context

Resolving Alternating Current Optimal Power Flow (AC OPF) problems is a
routine task in the operational planning of Power Systems (PS). Nevertheless, with
the increasing variability, constraints, and uncertainties in today’s power networks,
solving problems accurately presents a significant challenge for power system engi-
neers. Numerous strategies for addressing AC OPF challenges incorporate Machine
Learning (ML) elements to mitigate the computational challenges associated with
traditional optimization-based OPF approaches.

Graph Neural Networks (GNN) have recently demonstrated solid performance
for various tasks in the power system. In particular, Liu et al.[LWZ23] proposed a
new topology-informed GNN approach by combining grid topology and physical
constraints. Ghamizi et al. [GMC*24] demonstrated that a heterogeneous graph
representation combined with physical constraint losses leads to the best perfor-
mances for PF and OPF tasks. Recent work such as SafePowerGraph[GBM™24]
provided a standardized representation and benchmark of GNN for PF and OPF
problems and identified the best architectures and design choice to solve these
problems with GNN.

While these models achieve remarkable performance, they require expensive
data curation — by collecting large training datasets with OPF solvers — and
costly training for specific power grid sizes. Recent progress in foundation models,
including LLMs (e.g. ChatGPT, LLaMa), has significantly reshaped the field
of machine learning. Such models can indeed generalize to new tasks without
expensive training, given the right indications. LLMs have also recently been
explored to solve PS-related tasks. [YX23] proposed an LLM agent in the Deep
Reinforcement Learning (DRL) training loop, directly allowing to model linguistic
objectives and constraints in the OPF problem. The optimization is, however, run
using traditional methods (solvers and DRL). A foundation model, developed in
[HLL"24], can iteratively solve the OPF optimization problem by minimizing the
cost function. The optimization only supports the toy example of a simple economic
dispatch problem of units and does not fully optimize and predict the OPF variables
(generation and bus variables) nor consider real world grid components (multiple
loads, line operating limits). To the best of our knowledge, PowerGraph-LLM is
the first embedding and optimization framework for OPF that supports realistic
grid components and constraints.

This chapter presents three small contributions. We first propose novel power
grid embedding for OPF to query LLMs with graph and tabular representations,
followed by the development of tailored in-context learning and fine-tuning protocols
for these models. We finally include an empirical study on how the architecture,
size, and fine-tuning of LLMs affect their performance in solving OPF problems.

90



10

15

20

(3) Obtain Ground t

X,
e
'./muwm)\m 227 B
@ (2) Mutate features /
i
T e X1 Xg Xs Xpp - R
X, @V \ T
1 i .
=
X,

e P
— 2 P G ) ov.
i”” (1) Buil (ﬁiu |:Zﬁ ‘(.zn’//y”x\

| () Qrancapower MATPOWER
ruth

Tabular representation| (4) Building context

Figure 6.1: The PowerGraph-LLM framework: We generate the power grid em-
bedding in steps 1, 2, 3 where we obtain a description of the topology of the grid,
the features of its components (X,, X;, X,, X,, X, respectively for bus, loads,
generators, slack, and lines), and the OPF solution by a solver (Y, Y;, V). We
generate thousands of power grid embeddings and we split them into a context and
queries. The context (step 4) is the pairs (power grid description + OPF solutions)
that will serve for the LLM model as examples, and the query (step 5) is the grid
to which we expect the model to predict an OPF solution.

6.2 PowerGraph-LLM Framework

We present in Fig. 6.1 our PowerGraph-LLM framework. The first three steps
consist in building the correct message format to query an LLM for OPF using
appropriate table or graph embeddings. The following steps are either implemented
using open-source LLMs (Llama), or remote API (OpenAl).

Power Grid Embedding (blue steps 1, 2, and 3 in Fig. 6.1) We extend
SafePowerGraph [GBM™24] to build the appropriate embedding for LLM. Starting
from an initial grid descriptor (in MatPower, PandaPower or OpenDSS formats),
we generate a Pytorch HeteroData with each component as a distinct subgraph
(Step (1)). Each node can be of type: bus, load, generator, slack, or line and is
associated with its distinct set of features X, X;, X,, X, X, respectively. In order
to create new grids, these features are mutated in Step (2) depending on their
types. For example, the mutation for loads of the active and reactive power is
based on the real profile.

For each mutated grid, Step (3) runs a simulation and solver to derive the PF
or OPF optimization’s ground truth. This result includes the active and reactive
power for every generator and the slack nodes (Y, Y;), as well as the voltage
magnitude and angle for each bus node (Y;).

These features are then prepared for in-context inference in two formats. Our
approach can generate LLM messages formatted as graph representations, including
nodes features and edges connections. We can also generate LLM messages that
only contain the features formatted in a tabular format, and we refer to this as the
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tabular representation. Given the context size of an LLM (i.e., how many tokens
can be used as input), we can encode more examples in a table representation than
in a graph representation.

LLM Inference (green steps 4, 5, and 6 in Fig. 6.1) LLMs predict the next
token in a sequence by using contextual information from previously seen words to
generate coherent text, facilitated by a chat interface allowing dialogue between a
user and an assistant. The dialogue can be conditioned by a system prompt.

A prompt consists in two parts, the context, which consists in pairs of examples
and expected answers and the query, which is the actual input we expect the LLM
to predict. In Step (4), the context is pairs of inputs/outputs. The grids (in tabular
or graph embedding from the previous step) are the input examples, and the OPF
solutions ((Yj, Y;, Y3)) are the output examples. After providing a few examples,
we query the LLM in step (5) with the actual grid to predict its OPF solution. The
query only consists in the grid embedding either in tabular or graph representation
without the OPF solutions.

The whole discussion consisting in the system prompt, the context and the
query is processed in text format by the LLM. GPT and Llama models [eal24],
two state-of-the-art LLMs families we consider in this chapter, share a common
high-level architecture — consisting in breaking text into tokens, converting them
to embeddings, and processing them through transformer blocks to capture data
patterns [eal20)].

LLM fine-tuning with LoRA The Low-Rank Adaptation (LoRA) [HSW*21]
method allows fine-tuning LLMs efficiently by introducing low-rank matrices that
capture task-specific adaptations while keeping the main model weights unchanged.

Formally, instead of updating all the weights, LoRA modifies a small set by weight
update AW as:

AW =24.B (6.1)

r

where A € R™" and B € R™*, with r < d,k and a being a chosen scaling
factor. Only A and B are trained, reducing computation and memory needs,
allowing for efficient adaptation to new tasks with few data and lower expenses
while maintaining the LLMs’ pre-existing capabilities.

We run the fine-tuning process in step (7) in yellow in Fig. 6.1. We consider
each input example as a separate training sample and minimize the learning loss
to its associated OPF solution.
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Table 6.1: Errors in OPF estimation after fine-tuning GPT40-mini and Llama-8b.

Before fine-tuning

Case LLM MSEGEN MSESLACK MSEBUS VALID
9-bus  GPT4o-mini (graph) 0.205558 0.177675  0.000806  97.7%
Llama-8b (graph) 8461773.4068 2213.2375  0.074695  11.5%
Llama-8b (table) 3.172312 1.957585  0.001922  32.1%
30-bus Llama-8b (graph) - - - 0%
After fine-tuning
Case LLM MSEGEN MSESLACK MSEBUS VALID
9-bus  GPT4o-mini (graph)  0.018740 0.010669  0.000269  93.1%
Llama-8b (graph) 0.006417 0.061813  0.000629  99.7%
Llama-8b (table) 0.054423 0.052320  0.001846  98.4%
30-bus Llama-8b (graph) 0.01807 0.016839  0.000513  89.5%

6.3 Empirical Study

6.3.1 Experimental Protocol

In-context inference To investigate the capability of LLMs in generalizing from
examples presented within the context window, we conduct an assessment using
in-context inference. Four models were tested: OpenAl’s gpt-4o-mini, OpenAl’s
gpt-4o, Llama-3.1-8B-Instruct, and Llama-3.1-70B-Instruct [eal24], the latter being
respectively renamed llama-8b and [lama-70b for the sake of brevity.

Sequences provided for in-context inference are made as follows: after an initial
system prompt, a total of 65 pairs of example requests and solutions are provided
using the JSON format. A context of 65 examples maximizes the utilization of
context windows across all models. An additional, 66" example is used to evaluate
the model’s generalization abilities, with its response benchmarked against an
expected solution. The overall sequence constructed is illustrated in Table 6.2.

If no JSON object can be read from the LLM’s response, or if the values returned
by the LLM are invalid (missing or invalid values), the output is deemed INVALID.
This evaluation process was repeated 1,000 times, resulting in the generation
of a total of 65,000 pairs for context and 1,000 pairs for evaluation across the
assessments.

We run these inference tasks on one NVIDIA RTX 8000 48GB for Llama 8B
(two for Llama 70B), using Q4_K_M quantization to optimize performance and
resources.
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Table 6.2: Sequence schema provided for LLM inference

system:

You are a power grid operator running an Op-
timal Power Flow simulation, and you need
to return a JSON-formatted response based
on the provided input JSON. The input is
the description of the components of the grid,
including the buses, generators, loads, lines,
and external grid. The output is the solu-
tion to the optimal power flow problem. You
will get a few examples of Input and Output
JSON. You need to return the correct Output
for the last given Input.

user:

Example Input JSON: <embedding input
#1>

assistant:

Example Output JSON: <OPF solution #1>

user:
Query Input JSON: <embedding input #66>

Fine-tuning Subsequently, we apply fine-tuning to the Llama-3.1-8B-Instruct
model, as shown on Figure 6.1, using the 65,000 pairs of context developed earlier.
Each fine-tuning sample includes the system prompt, the specific OPF problem
being addressed, and its corresponding solution. We follow a similar protocol to
fine-tune OpenATl’s gpt-4o0-mini with API.

The fine-tuning process of the Llama model was conducted on an NVIDIA RTX
8000 48GB, using a LoRA configuration. The LoRA setup was defined with a rank
of 8 (r = 8) and a scaling factor of 16 (o = 16).

Evaluation In all experiments, we evaluate the mean squared error (MSE) for
the active and reactive powers of the generators and the slack bus, as well as
the voltage magnitude and phase angle of the buses. Each test grid is an IEEE
9-bus grid where the loads are mutated following a uniform distribution (4/- 20%
variations). We also report the percentage of test grids where the output of the
LLM was invalid, i.e. no JSON could be parsed from the output. This typically
happens when the assistant tries to explain how to solve the problem instead of
providing the solution itself. Reported values include MSE for generators (GEN),
slack buses (SLACK), and buses (BUS) values in the grid.
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6.3.2 Effectiveness of pre-trained LLMs
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Figure 6.2: Errors in OPF estimations for gpt-4o-mini and llama-8b. The red bars
represent the proportion of invalid inputs.

The results, presented in Figure 6.2, clearly show an important discrepancy
between gpt-4o0-mini and llama-8b. While gpt-4o-mini consistently showcases GEN
and SLACK MSE values below 0.5 and BUS MSE below 1073 for both graph and
table formats with minimal invalid outputs, llama-8b exhibits higher MSEs by
multiple magnitudes (min. 100 times more) for all criteria and a large majority
of invalid outputs. The usage of the tabular representation here results in lower
errors than graphs for both models, although it is less pronounced for the GEN and
SLACK with gpt-4o-mini. Table representations also lead to less invalid outputs
by 23%, supporting their efficiency.

6.3.3 Impact of the size of the model

As it is the case for natural language tasks [eal24], bigger models result in better
performance (Figure 6.3). This improvement is especially prominent for llama-70b,
getting closer to gpt-4o-mini’s performance in terms of GEN and SLACK MSE.

The MSE of BUS decreases when increasing the size of the LLM using table
representation but increases significantly with graph representation. Our results
confirm that larger LLMs lead to better performance for given representations, and
both the size and the representation parameters should be considered together in
future assessments.

6.3.4 Impact of fine-tuning

We report in Table 6.1 the impact of fine-tuning LLMs to solve the OPF problem.
The percentage of invalid outputs of the LLM decreases to less than 2% for the
Llama models and marginally increases for the GPT40 model. The error across all
the components decreases, in particular for the Llama models. They become as
effective as the proprietary model.

Contrary to the earlier vanilla models, graph representation is more effective
than tabular to query LLMs after fine-tuning.

95



10

15

Metrics

©
o

. MSE(SLACK)
10%- mmm MSE(BUS)

-]
o

F
o

Values (for Errors)
= [
Q (=]
° 9

Invalid Outputs (%)

(=
°
N

N

o

II-_ II- III III II- II-. 0

GPT40-mini (graph) GPT4o0 (graph) Llama-8b (graph) Llama-70b (graph) Llama-8b (table) Llama-70b (table)

Figure 6.3: Errors in OPF estimations for graph representations using bigger gpt-4o
and [lama models. The red bars represent the proportion of invalid inputs.

In Fig. 6.4, we compare the predicted active power of the generator and the
ground truth. After fine-tuning, the model achieves faithful results within large
ranges of perturbations. Similarly, Fig. 6.5 shows that the fine-tuned LLM leads
to closer results while achieving only rare violations (Bus 2).

We focus on the graph representation to evaluate the generalization of larger
grids. Our results on the 30-bus grid in Table 6.1 demonstrate that off-shelf LLMs
completely fail to generate valid OPF solutions, but that LLMs can be fine-tuned
to achieve competitive results with graph embedding.

6.4 Conclusion

We introduced PowerGraph-LLM, a novel framework for solving OPF problems
using LLMs. We propose a new power grid embedding combining graph and tabular
representations, LLM fine-tuning protocols for OPF, and an empirical analysis
of LLM performance. Our results show that larger models perform better, with
fine-tuning significantly improving accuracy and reducing invalid outputs. Graph
representations become more effective than tabular ones after fine-tuning. These
findings highlight the potential of LLMs in power system optimization and open
new avenues for more efficient and accurate OPF solutions for complex power
grids.
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Conclusion

This chapter proposes the overall conclusion of this dissertation and suggests
potential future research direction.
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7.1 Summary of Contributions

The objective of this thesis was to advance energy—demand forecasting at scale
under the constraints of (i) ever-growing data volumes, (ii) rapidly changing usage
patterns fostered by the energy transition, and (iii) narrow computational budgets
typically available to distribution system operators (DSOs). To this end we have
proposed, implemented and validated three complementary research strands:

1. Transplit — a light-weight, CPU-friendly transformer that leverages season
tokenisation (Slice-to—Vector—to—Slice, SVS) to compress daily /weekly elec-
trical load curves into a handful of vectors, reducing training time by up to
9.40 x 10% x while retaining state-of-the-art accuracy.

2. DeDiPeak — a diffusion based deblurring plug-in which rehabilitates the
shy peaks produced by classical MSE-optimised predictors. Together with
two novel peak-aware metrics (P3g and P3gy ) DeDiPeak improves peak
forecasts by up to 3.6 x 10! % without sacrificing base-line accuracy.

3. Exogenous Factor Analysis — an extensive ablation study over meteoro-
logical, socio-economic and event-driven signals which clarifies when and why
external variables become beneficial and, conversely, when they unnecessarily
inflate model complexity.

All contributions are released as reproducible open-source artefacts, and more
specifically, lead to a coherent framework for time series forecasting.*
Across eight public benchmarks and two industrial data sets Transplit matches
or surpasses deep transformers (Autoformer, FEDformer, PatchTST, etc.) while:
o dividing the sequence length inside the encoder/decoder by the period length
T (— ~24-96 fold shorter sequences);
 requiring < 1.30 x 102k — two orders of magnitude fewer than the closest
competitors;
 training in minutes on a laptop CPU, hence enabling daily retraining cycles.
Standard losses (MAE, MSE) penalise temporal misalignment harsher than
under-estimated magnitude. Consequently, most neural forecasters flatten critical
peaks. DeDiPeak addresses this by:

introducing metrics that decouple amplitude and timing tolerance (P3g, P3sw);

applying inverse heat-dissipation diffusion to sharpen forecasts only where neces-
sary.

The result is a systematic reduction of operational peak errors, a key lever for
grid congestion management.

https://github.com/serval-uni-1u/transplit-framewvork
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While temperature and holidays reliably improve long-term error, fine-grained
features (news sentiment, football matches, real-time prices) yield diminishing
returns once seasonality is explicitly embedded by SVS. This emphasises the
importance of feature cost/benefit analysis in frugal machine learning,.

7.2 Limitations

Notwithstanding the encouraging results, several limitations remain:

e Seasonality Assumption: Transplit presumes a dominant, well-defined
period T'. Its performance degrades on weakly or non-seasonal series (e.g.
exchange rates).

o Static Filter Bank: SVS uses shared convolutional filters learned offiine.
Adapting to concept drift currently requires full retraining.

e Selective Deblurring: DeDiPeak enhances existing peaks but struggles to
resurrect completely missing ones when the base model fails to indicate them.

o Computational Trade-off: Although vastly cheaper than classical DDPMs,
diffusion inference still incurs a fixed overhead (15 backward steps), which
may be non-negligible for sub-second operational deadlines.

7.3 Perspectives for Future Work

Multi-Scale Season Tokenisation. Extending SVS towards a hierarchical
dictionary (hour-day—week—year) would allow simultaneous exploitation of multiple
seasonalities. Dynamic programming could stitch together variable-length slices,
generalising beyond the fixed period T

Probabilistic and Physics-aware Forecasting. Integrating quantile (or energy-
based) objectives inside Transplit’s decoder and coupling it with physical constraints
(e.g. feeder capacity, conservation laws) would deliver forecasts that are not only
accurate but actionable for grid operation.

Online and Federated Learning. Edge deployment at smart meters invites on-
device fine-tuning under strict privacy budgets. Adapting Transplit to a federated
setting — possibly leveraging split-SVS where only slice embeddings travel across
the network — constitutes an exciting research avenue.

Adaptive Diffusion Schedules. Replacing the fixed 15-step deblurring with
an adaptive scheduler conditioned on peak uncertainty could cut inference time by
another order of magnitude while preserving sharpness.

Causal Exogenous Variable Selection. We have shown that not all external
factors are beneficial. Coupling Granger-causality or attention-based attribution
with automated feature pruning could yield a lean yet explanatory pipeline.
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7.4 Concluding Remarks

The accelerating electrification of mobility, heating and industry dramatically
amplifies peak loads and volatility on distribution grids. Accurate, scalable and
frugal forecasting therefore becomes a cornerstone of the sustainable energy transi-
tion.

This thesis demonstrates that efficiency and accuracy are not mutually
exclusive.

By re-thinking time-series representation (SVS), error metrics (P3 family)
and post-processing (deblurring diffusion), we reconcile deep learning with the
stringent reality of grid-edge devices and CPU-only data centres. We hope that the
ideas and open-source artefacts presented here will help practitioners deploy load-
aware services faster, researchers design ever more incisive models, and, ultimately,
societies manage their energy resources more wisely.
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Appendices and side explorations
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8.1 Time series token prediction with adaptive
neural decision trees

We have seen in the introduction of chapter 4 that the time series forecast
regression task can be turned in a classification task, by converting a time series
to tokens using a VQ-VAE. An interesting observation from Figure 4.1 is that
some time series have very easily predictable patterns (bottom), while others are
more chaotic, seem more random and need deeper analysis to forecast the future
consumption. However, while a human brain will take more time in processing
more complex tasks, deep learning models take the same time in processing both,
despite the huge difficulty discrepancy.

We ran a small experiment stacking simple layers iteratively to build a deci-
sion tree: the idea is that some branches become expert of tasks, and obvious
predictions can be classified early. The idea of having diffentiable decision trees is
not new [Ball7]. Before moving to a specific branch, each layer comes along with
a classification head (dense layer) which ultimately allows us to know in which
branch to move for the current sample. The overall process is better described
visually along with the captions of figures 8.1, 8.2, 8.3 and 8.4.

M\AJJ\/\UTWWW

’ Convolution ‘

Head

l

OAQDO DTN classification

1T 2 3 4 5 6 7 8

Figure 8.1: Initial stage: a 1D-convolutional layer trains for the classification among
all possible tokens.

This however resulted in even longer predictions. The batch management was
especially challenging as every sample of the batch goes to different individual
layers / branches, which ultimately erases the essential point of working with
batches, as this splits all tensor operations. The usage of the classification head at
every layer also adds significant computational overhead. In total, 10 seconds were
required to do the forecast of 32 samples, which is nearly 50,000 times longer than
Transplit. Outcome: better work with a fast, time-constant neural network than a
slow, variable decision tree.
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Figure 8.2: Splitting stage: the tokens are put in two groups so that the accuracy
is maximal when the task is reduced to the classification among those two groups

only.
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Figure 8.3: Repeat the process with two subsequent branches. Each branch now
focuses on the classification task over the tokens from their given group. Note: if
the group consists in only one token, the branch can stop here without training
any new layer.
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Figure 8.4: When all tokens have been isolated in one branch or if we reach the
maximum depth, the training phase is over. All classification heads are still used
for inference, to decide the branch to move in.
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