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Abstract. Foundation Models (FMs), typically based on large pre-trained architectures such as Transformers,
have significantly advanced the fields of Natural Language Processing and Computer Vision and are increasingly
being adapted to time series analysis, particularly for forecasting. However, systematic empirical evidence on their
performance compared to traditional statistical, machine learning, and deep learning models on truly unseen time
series data is limited, as many benchmark datasets may have been partially exposed during pre-training. This study
provides empirical evidence from the fuel sector by benchmarking six state-of-the-art FMs against ten traditional
forecasting methods, using 34 years of monthly fuel demand data with diverse and complex patterns. Accurate
short-term forecasting of fuel demand is critical for decision-making across transportation, energy, and industry,
making this domain particularly suitable for evaluating FMs’ capabilities. To this end, we assess both zero-shot
inference and multiple fine-tuning strategies. Our results show that certain FMs, including Chronos and TimesFM,
rank among the top-performing models in terms of RRMSE and POCID across zero-shot and fine-tuning settings,
while classical statistical models such as ETS remain competitive. These findings have the potential to guide model

selection in the fuel domain and similar real-world applications.

Keywords: Forecasting, Foundation models, Zero-shot, Fine-tuning, Fuel demand.

1 Introduction

Recent advances in Natural Language Processing (NLP), par-
ticularly for tasks such as text generation, machine translation,
and question-answering, using deep learning models with
Transformer architecture [Vaswani et al., 2017] and trained
in large textual collections, e.g., BERT [Devlin ef al., 2019]
and GPT [Brown ef al., 2020], have sparked significant inter-
est among researchers in developing similar solutions using
other types of data. Inspired by the success of these models
in NLP and related areas such as Computer Vision, a natural
question emerges: Can the same architectural principles be
effectively leveraged for time series forecasting?

For time series data, researchers are investigating how to
transfer knowledge from large temporal datasets across dif-
ferent domains to improve time series analysis. In this con-
text, Foundation Models (FMs) [Liang ef al., 2024], which
are large, pre-trained neural networks trained on temporal
data from diverse domains, are emerging as a promising ap-
proach for forecasting. Among the recent FMs, we high-
light Chronos [Ansari et al., 2024], LagLlama [Rasul et al.,

2023], Moirai-MoE [Woo et al., 2024], Time-MoE [Shi et al.,
2024], TimeGPT [Garza and Mergenthaler-Canseco, 2023],
and TimesFM [Das et al., 2024].

One of the key advantages of FMs is their ability to gen-
eralize across different problems, enabling them to perform
inferences even in the absence of training data of a specific
problem, i.e., zero-shot inference [Wang et al., 2019]. This
is particularly valuable in data-scarce scenarios. Addition-
ally, these pre-trained models can be fine-tuned [Yosinski
et al., 2014], allowing adjustments based on the specifics
of the problem at hand and domain application. However,
there is still limited systematic evidence comparing zero-shot
and fine-tuning strategies for FMs in time series forecasting,
and even fewer studies that benchmark these models against
strong traditional statistical and machine learning baselines.

Despite the proven performance of Large Language Mod-
els (LLMs) in NLP, the use of Transformer architecture for
time series forecasting, as adopted by most FMs, remains
controversial [Zeng et al., 2023]. Two main concerns raise
doubts about their effectiveness compared to traditional ap-
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proaches: i) Transformers were originally designed for NLP
tasks, where dependencies between elements are captured
through self-attention rather than an inherent time-ordering
mechanism, which may not optimally represent sequential
dependencies where past values directly influence future
ones; and ii) unlike text, where only certain sequences of
words from a limited alphabet are meaningful, any arbitrary
sequence of real-value numbers can form a time series, mak-
ing the learning process potentially more challenging [Miller
et al., 2024]. For example, while the partially repeated se-
quence {5,5,5,10,8,9} is a valid time series with tempo-
ral dependence (e.g., hourly energy consumption), the text
“hi hi hi friend my o01ld” lacks semantic coherence and
would rarely be predicted by a language model.

Given these open questions and debates, our work aims
to fill this gap by providing an experimental evaluation be-
tween recent FMs and traditional forecasting methods under
realistic conditions. To assess whether FMs represent the
new state of the art in short-term forecasting, we benchmark
their performance in zero-shot and fine-tuned settings against
traditional forecasting approaches across diverse scenarios.

We conducted our analyses on the problem of forecasting
fuel demand across dozens of regions in Brazil, one of the
world’s largest producers and consumers of fuels [Serrano
et al., 2025]. This problem is particularly relevant as fuel
consumption directly impacts multiple sectors of the econ-
omy in any country, including transportation, energy, and
industry [Krause et al., 2024].

Moreover, our dataset has characteristics that make it well-
suited for an empirical evaluation of traditional and modern
forecasting approaches. It comprises historical sales data for
seven fuel types over 34 years across 27 regions, resulting in
time series with substantial variability. For example, regular
gasoline sales are primarily driven by domestic transporta-
tion and influenced by holidays, vacation periods, fuel price
fluctuations, and economic conditions [Elsharkawy and col-
leagues, 2017]. In contrast, diesel demand is closely tied to
agricultural activities, showing seasonal peaks during har-
vest and dependencies on climatic conditions and regional
cycles [Parsons, 1980]. Other fuels, such as aviation gasoline
and hydrous ethanol, display distinct consumption patterns
shaped by industry regulations, international markets, and
environmental policies.

While our analysis focuses on a single domain, this choice
is a strength rather than a limitation: it enables a controlled
evaluation with domain-specific challenges and mitigates the
risk of data leakage present in common benchmark datasets.
Since FMs are trained on large volumes of publicly avail-
able data, there is an increased risk of data leakage when us-
ing popular datasets such as those from the M-Competitions
[Makridakis and Hibon, 2000; Makridakis ef al., 2020] or
Monash Repository [Godahewa et al., 2021]. This contam-
ination could lead to overly optimistic results, as the FMs
might have already been exposed to similar patterns (or even
the same data) during pre-training. Since our study consid-
ers a novel dataset, we ensure fair comparability and a more
reliable evaluation of the models’ capabilities.

To ensure domain-agnostic comparison between FMs and
traditional methods, we deliberately exclude external explana-
tory variables (e.g., micro- and macroeconomic indicators)
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from our experiments. Incorporating such variables could sig-
nificantly influence model performance, making it difficult to
isolate the intrinsic forecasting capabilities of each approach.
By focusing exclusively on the temporal information con-
tained in the fuel demand series, our evaluation provides a
more generalizable assessment that can guide model selection
in related forecasting problems.

Based on our experimental evaluation, we aim to address
the following research questions (RQs) regarding FMs’ capa-
bilities for time-series forecasting in the fuel sector. While the
empirical analysis is domain-specific, the following questions
are formulated to highlight methodological aspects that may
also be relevant in other contexts, such as seismology [Sid-
diquee et al., 2022], energy [Kruger et al., 2024], and fi-
nance [Zhu et al., 2025].

* RQ1: Do FMs outperform well-established statistical,
machine learning, and deep learning approaches under
the same experimental protocol?

* RQ2: To what extent does fine-tuning improve the per-
formance of FMs compared to their zero-shot inference?

* RQ3: Which fine-tuning strategy yields the most con-
sistent balance between magnitude accuracy (RRMSE)
and directional accuracy (POCID)?

The contributions of this paper are summarized below:

* We compare the main features of recent FMs for time
series forecasting, including aspects such as model size,
base architecture, zero-shot and fine-tuning support,
hardware requirements, availability, and licensing.

» We present a comprehensive experimental comparison
between state-of-the-art FMs and traditional forecast-
ing approaches (statistical, machine learning, and deep
learning models) for a relevant application in the fuel
sector.

* We evaluate FMs under zero-shot and multiple fine-
tuning strategies (global, product-level, and individual).

* We provide an empirically grounded discussion of per-
formance across fuel types, highlighting cases where
FMs outperform traditional models and where classical
approaches remain competitive.

The remainder of the paper is organized as follows. Section
2 reviews forecasting approaches and the main characteristics
of current FMs. Section 3 details the dataset, preprocessing
steps, experimental protocol, validation procedures, and eval-
uation measures adopted. Section 4 presents the comparative
results, including zero-shot settings, fine-tuning strategies,
comparisons with traditional approaches, and discusses the
findings. Finally, Section 5 concludes the paper with final
remarks and future research directions.

2 Time series forecasting

Informally, forecasting refers to making predictions about
future events of a given series. This relies on the implicit
assumption of predictive models that the past behavior of a
time series influences its future observations. Formally, given
a univariate time series X = {x1, o, ..., x,} representing
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n observations of a phenomenon, e.g., hourly temperature,
a forecasting model aims to predict the next h values of the
series, i.€., Tn+1, Tn42; - - - , Tnth. Lhe parameter h is known
as the forecast horizon, and it is expected that h > 1. When
h corresponds to a small number of future steps relative to
the sampling frequency of the series, the task is commonly
referred to as short-term forecasting.

In the following, we provide an overview of forecasting
approaches based on traditional machine learning and deep
learning models trained specifically for the target task, as well
as Foundation Models, a class of large-scale pre-trained deep
architectures designed for cross-domain generalization.

2.1 Traditional approaches

Traditional statistical and machine learning methods (ML),
also known as parametric and non-parametric meth-
ods [Parmezan et al., 2022], have long been prominent in
time series forecasting due to their computational efficiency,
interpretability, and robust theoretical foundations. Statistical
models, such as AutoRegressive Integrated Moving Average
(ARIMA), assume linearity and stationarity, modeling future
values based on past observations. Exponential Smoothing
(ETS) methods assign decreasing weights to historical data, ef-
fectively addressing trends and seasonality [Hyndman ef al.,
2008]. Prophet [Taylor and Letham, 2018] is a statistical-
based method that decomposes a time series into three main
components (trend, seasonality, and holidays/events) using
an additive model. The trend component is modeled with
piecewise linear or logistic growth functions, seasonality is
captured through Fourier series expansions, and holiday ef-
fects are incorporated as additional regressors.

Machine learning techniques such as k-Nearest Neighbors
(kNN) and Random Forest (RF) transform forecasting into
supervised learning problems by leveraging sliding windows
of historical data to predict future values [Parmezan et al.,
2019]. This approach may face limitations when modeling
complex, nonlinear temporal relationships, motivating the
exploration of newer forecasting paradigms.

In general, ML models trained with simple regressors are
single-target and can predict only the next value at a time,
rather than multiple values. To obtain the following h values
of a series, i.e., a multi-step ahead prediction, we consider
a recursive approach in which the model is called multiple
times. In this case, each prediction is used as input to predict
the next time step, as illustrated in Figure 1.

Input data Prediction

___________________

Figure 1. Recursive approach employed by traditional ML models, where
any regressor can be used. In this example, the model predicts the following
three values of the series.
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2.2 Deep Learning

Deep Learning (DL) methods have emerged as powerful al-
ternatives for time series forecasting, capable of modeling
highly nonlinear and complex temporal dependencies that
are often beyond the reach of traditional approaches. Unlike
statistical models that rely on fixed parametric assumptions,
or machine learning methods that require handcrafted feature
extraction, DL architectures learn hierarchical representations
of temporal patterns directly from raw data. Therefore, DL
models such as the Recurrent Neural Networks (RNNs) are
designed to capture long-range dependencies and temporal
context via gated mechanisms that mitigate the vanishing
gradient problem.

In contrast to many traditional approaches, DL models can
be designed for multi-step forecasting in a single forward
pass (direct strategy), predicting all h future values simulta-
neously without the need for recursive calls, as illustrated in
Figure 2. This not only reduces error accumulation over the
forecast horizon but also enables the model to capture joint
dependencies among future points.

Input data

___________________

Predictions

Figure 2. Direct approach employed by DL models, in which multiple
predictions are produced simultaneously.

Two representative DL models for forecasting are the Long
Short-Term Memory (LSTM) and N-BEATS. LSTM [Hochre-
iter and Schmidhuber, 1997], a recurrent neural network vari-
ant, was for many years the dominant deep learning architec-
ture for sequential data due to its ability to mitigate vanishing
gradients through gating mechanisms (input, forget, and out-
put gates). In contrast, N-BEATS [Oreshkin et al., 2020] is a
fully-connected feedforward model specifically designed for
univariate forecasting, using stacks of residual blocks with
forward and backward basis expansions. It achieved state-of-
the-art performance in large-scale competitions such as M4,
becoming a strong benchmark for forecasting tasks.

2.3 Foundation Models

Foundation Models (FMs) represent a paradigm shift in time
series forecasting by leveraging extensive pre-training on
heterogeneous temporal datasets, enabling strong zero-shot
generalization and efficient fine-tuning on specific forecasting
tasks. Notable models in this category, such as Chronos,
Lagllama, TimeGPT, Time-MoE, and TimesFM, employ
state-of-the-art architectures and methodologies to address
the intrinsic complexities of temporal data.

Chronos [Ansari et al., 2024] utilizes a Transformer-based
architecture specifically engineered for temporal forecasting.
It integrates a customized self-attention mechanism optimized
for capturing sequential temporal dependencies. Chronos
introduces temporally-aware positional encodings and a multi-
scale attention approach to detect relevant patterns across
varying time resolutions. Pre-training on extensive multi-
domain datasets allows Chronos to achieve robust zero-shot
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performance, particularly excelling in scenarios with long
sequences and complex seasonality patterns.

LagLlama [Rasul ef al., 2023] extends the foundational
Llama architecture by incorporating specialized lagged value
embeddings that explicitly encode historical observations
essential for forecast accuracy. The model employs hierar-
chical temporal aggregation during pre-training to effectively
capture long-range temporal correlations. Due to its compre-
hensive design, Lagl.lama requires substantial computational
resources but provides notable forecasting performance, es-
pecially beneficial in scenarios demanding high accuracy and
extensive temporal coverage.

Moirai-MoE [Woo ef al., 2024] is designed as a Mixture-
of-Experts (MoE) universal probabilistic forecaster capable
of handling univariate and multivariate time series through a
shared latent representation space. It is pre-trained on large-
scale, cross-domain, and cross-resolution temporal datasets,
enabling broad generalization across tasks, domains, and sam-
pling rates. It leverages diffusion-based generative modeling
to produce calibrated probabilistic forecasts, which improves
uncertainty estimation and robustness to outliers. Moirai-
MoE’s architecture supports multi-horizon prediction in a
single forward pass, and its pre-training strategy includes
cross-domain and cross-resolution temporal data, allowing
the model to generalize well across tasks with varying sam-
pling rates and domain characteristics.

Time-MoE [Shi et al., 2024] also employs MoE architec-
ture tailored for time series forecasting, enabling scalable pa-
rameter utilization and specialization across diverse temporal
patterns. The model is pre-trained on massive heterogeneous
datasets and later fine-tuned for specific domains, enabling
transferability and efficient adaptation. The gating network
dynamically routes each input sequence to a subset of ex-
perts, allowing the model to adaptively allocate capacity to
distinct seasonalities, trends, and noise profiles. This selec-
tive activation mechanism reduces computational cost during
inference while maintaining high representational capacity.
Pre-training on large-scale heterogeneous datasets and sub-
sequent fine-tuning allow Time-MOoE to efficiently capture
both global and domain-specific temporal structures.

TimeGPT [Garza and Mergenthaler-Canseco, 2023]
adapts generative pre-training methodologies from the GPT
framework [Brown ef al., 2020] to time series forecasting, em-
phasizing auto-regressive modeling. It explicitly formulates
future values as conditional distributions given historical ob-
servations, employing training objectives such as next-value
prediction and masked temporal reconstruction to reinforce
temporal understanding. Extensive pre-training across di-
verse temporal datasets endows TimeGPT with robust zero-
shot capabilities, while subsequent fine-tuning enhances its
adaptability to domain-specific temporal dynamics.

TimesFM [Das ef al., 2024] is an FM that integrates
frequency-domain representations with Transformer-based
sequence modeling to enhance long-horizon forecasting ac-
curacy. By decomposing temporal signals into multiple fre-
quency bands, TimesFM captures both short-term fluctuations
and long-term periodicities more effectively. The model com-
bines these spectral features with temporal embeddings in a
decoder-only Transformer architecture. Pre-training lever-
ages large multi-frequency datasets, enabling strong zero-shot
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performance, particularly in scenarios with mixed seasonali-
ties and irregular cycles.

Table 1 summarizes the main characteristics of the sur-
veyed FMs, highlighting aspects such as zero-shot forecasting
capability, fine-tuning support, compatibility with external
variables, accessibility, model size variants, underlying ar-
chitectures, and licensing conditions. These features directly
influence the suitability of each FM for different deployment
contexts. For instance, models offering local training and
open-source licenses, such as Chronos, Lagl.lama, Time-
MoE, and TimesFM, are better suitable for on-premises or
privacy-sensitive scenarios. In contrast, cloud-exclusive pro-
prietary models like TimeGPT may simplify integration but
restrict customizability and deployment flexibility. Moreover,
models such as Moirai-MoE, Time-MoE, and TimesFM re-
quire specialized hardware with a GPU even at the inference
stage, which may not be feasible for many end users.

As with DL models, FMs adopt a direct multi-step fore-
casting strategy, generating all & future values in a single
forward pass. Beyond reducing error accumulation, their
large-scale pre-training enables these models to capture cross-
domain temporal patterns and adapt them to specific tasks,
often achieving superior coherence and robustness across
diverse forecasting horizons.

3 Experimental design

3.1 Algorithms

We compare the FMs against ten models from different ap-
proaches, including statistical and machine learning methods.
The approaches and the algorithms are described as follows:

« Statistical: We include three widely used statistical
forecasting methods: AutoRegressive Integrated Mov-
ing Average (ARIMA), Exponential Smoothing (ETS),
and Prophet, a hybrid approach combining statistical
modeling with trend and seasonality detection.

* Machine learning: Given a univariate time series as in-
put, we employ a rolling window technique to generate a
set of contiguous subsequences, which serve as features
and targets for training a machine learning model. This
approach allows the use of any regression-based ma-
chine learning model for forecasting. In this study, we
evaluated five regressors: k-Nearest Neighbors (kNN),
Linear Regression (LR), Random Forest (RF), Support
Vector Regression (SVR), and eXtreme Gradient Boost-
ing (XGB).

* Deep learning: We consider two DL architectures for
time series forecasting: LSTM and N-BEATS. Both are
trained in a supervised manner using historical sequences
as inputs and future values as targets, generating multi-
step forecasts.

* Foundation Models: We adopt four distinct strategies
for evaluating the predictive performance of various
Foundation Models: (i) zero-shot, which directly uti-
lizes a pre-trained model without any additional training
on the target dataset; (ii) global fine-tuning, in which the
model is fine-tuned using the complete dataset encom-
passing all products and states; (iii) product-level fine-
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Table 1. Comparison between the main features of Foundation Models for time series forecasting.

Model Zero Fine- External Access Model size Base Trainable Hardware Open License
shot tuning variables via API options architecture locally for inference source
Ch N v Tiny (8M) — Large (710M Transformer /  CPUorGPU «  Apache2.0
ronos iny ( — Large ( ) encoder-decoder or pache 2.
Lagllama v v 30M Transformer v CPUorGPU v  Apache2.0
decoder-only
Moirai-MoE v v/ v Small (117M) — Base (935M) L ransformer v GPU v CCBY-NC4.0
encoder-only (MoE)
. Transformer
Time-MoE v v 50M -2.4B decoder-only (MoE) v GPU v Apache 2.0
TimeGPT v v v v Undisclosed Transformer Cloud Proprietary
encoder-decoder
TimesPfM v v v 200M and 500M Transformer v GPU v Apache2.0

decoder-only

tuning, where separate fine-tuning procedures are per-
formed for each individual product using data across all
states; and (iv) individual fine-tuning, involving specific
fine-tuning for each product-state combination. These
varied fine-tuning levels allow us to assess how increased
specialization impacts forecasting accuracy.

In total, we evaluated 16 algorithms and their variants
across four different approaches. Table 2 describes each
algorithm and its main characteristics. For FMs, we highlight
that we considered multiple versions of the same model. For
instance, the tiny, mini, small, base, and large variants of
Chronos. We also consider the zero-shot setting and three
fine-tuning strategies, as previously discussed.

Table 2. Overview of the algorithms considered in the experimental
setup, grouped by their corresponding forecasting approaches.

Approach Algorithms

ARIMA
Statistical ETS
Prophet
k-Nearest Neighbors (kNN)
Linear Regression (LR)
Random Forest (RF)
Support Vector Regression (SVR)
eXtreme Gradient Boosting (XGB)
Long Short-Term Memory (LSTM)
N-BEATS
Chronos-t5 (tiny, mini, small, base, large)
Lagllama
Moirai-MoE (base, small)
TimeGPT
Time-MoE (50M, 200M)
TimesFM (200M, 500M)

Machine Learning

Deep Learning

Foundation Models

3.2 Dataset

We built a dataset using the public data from the Brazilian
National Agency for Petroleum, Natural Gas and Biofuels
(ANP). The ANP portal provides the monthly sales of differ-
ent petroleum derivatives and biofuels over the last 34 years
(from January 1990 to February 2024) in 27 Brazilian states.

We compile data across seven fuel types, yielding 189
series with 410 observations each. This results in a dataset
with diverse structural and temporal characteristics. After
data collection, we remove outlier observations by the 3o rule
[Blazquez-Garcia et al., 2021] and impute missing values by

spline interpolation [Lepot et al., 2017] to obtain a cleaned
version of the dataset. The fuels are:

Gasoline (Regular or Unleaded Gasoline);
Ethanol (Hydrous Ethanol);

AvQGas (Aviation Gasoline);

LPG (Liquefied Petroleum Gas, or propane);
Fuel Oil;

Diesel;

Jet Fuel.

NN A LD -

To illustrate the variability of the series in our dataset, we
show some examples in Figure 3. Specifically, we selected
three fuel types and their sales histories in Sdo Paulo, one of
the leading states of Brazil.

1e6 —— Gasoline Diesel Ethanol

,‘.,w‘ww WU\W“)\

0.5 N

T T y T T T T T T
1992 1996 2000 2004 2008 2012 2016 2020 2024
Year

=
=]

Sales volume in m3

Figure 3. Sales histories of three fuel types in Sdo Paulo/Brazil.

The seasonality of sales varies depending on the fuel. In
all cases, they have a pattern within 12 months. In Figure
4, we show the seasonal component of each fuel in the last
five years obtained by the series decomposition process into
components. We observe a similar behavior between gasoline
and ethanol, with well-defined peaks in December, October,
and March and valleys mainly in February, January, and
November. This correlation between both fuels is expected
since the gasoline sold in Brazil has 27% ethanol [Policarpo
et al., 2018] and the country owns the largest market of flex-
fuel vehicles capable of running on gasoline and ethanol in
any proportion [Frutuoso et al., 2023].

For Diesel, peaks are observed in August and October,
whereas significant reductions are observed in December and
January. In this case, the peaks and valleys are justified by
the use of diesel-powered machinery by rural producers, such
as tractors and planters, during intense production months
and off-season. It should be noted that in Brazil, passenger
cars must be fueled only with gasoline or ethanol, as diesel
engines are forbidden by environmental regulations.
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Figure 4. Seasonal fuel sales behavior in a period of five years.

3.3 Hyperparameter searching and validation
procedure

We applied Optuna [Akiba et al., 2019] for hyperparameter
search on the training set. Figure 5 shows the split: training
(Jan/1990-Feb/2022), validation (Mar/2022-Feb/2023), and
test (Mar/2023—Feb/2024). For each trial, the model was
trained on the training set and evaluated on the validation
set using the Relative Root Mean Squared Error (RRMSE)
as the objective function. The best configuration per model
and fine-tuning level (global, product, or individual) was then
retrained on the combined training plus validation data and
evaluated once on the test set.

Search spaces were defined per model type. For FMs, the
tuning included learning rate (1r) in [1 x 1075, 1 x 1073] (log
scale), epochs in {5, 20, 40, 80}, batch size in {16, 32,64},
and context length in {60, 120, 240} months for models sup-
porting variable input length. These ranges were informed by
prior literature and by practical constraints observed during
our experiments, such as training time and GPU memory lim-
itations (e.g., Lagl.lama: lIr=1e-6, epochs=80, batch size=32;
TimesFM: Ir=5e-5, epochs=80, batch size=32). For statistical
models, ARIMA (p, d, q) and seasonal (P, D, Q) parameters
were searched in [0, 5] x [0, 2] x [0, 5] and [0, 2], respectively,
with seasonal period fixed at 12. ETS configurations varied
in trend and seasonality types (additive, multiplicative) and
damping. Prophet also used a seasonal period fixed at 12. ML
baselines optimized parameters such asn_estimators (50-500)
and max_depth (3—50) for RF, and n_neighbors (2—-50) for
kNN, alongside lag window size. This protocol ensured tem-
poral causality, avoided data leakage, and guaranteed fair
comparability across all model classes and fine-tuning granu-
larities.

[ Input time series J
1990 Holdout 2024
@G) split
{ Training } Validation
1990 2022 2023 2024

Model evaluation on
test data

Hyperparameter
search on training data
with internal validation

Final model training
using training and
validation data

Figure 5. Overview of the validation procedure and hyperparameter search.

3.4 Evaluation measures

Since the range of values of the series significantly varies be-
tween them according to the fuel type and region, we consider
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evaluation measures independent of units for a fair compar-
ison. We use two measures: Relative Root Mean Squared
Error (RRMSE) normalized and Prediction of Change in Di-
rection (POCID), defined according to Eq. 1 and 2, respec-
tively. In these equations, y; represents the actual value of the
i-th observation of the test series, §; the predicted value, and
h the number of predictions, i.e., a short-term horizon of 12
observations. In Eq. 1, n denotes the length of the complete
series used to compute the mean.

h N
% Zi:l(yi — §i)?

RRMSE = +-="— (1)
w21 yj‘
h
pocID = 2i=2D1 190
h—1
2

D, = {1 (9 — Gi-1)(yi — yi-1) > 0,
0 : otherwise

While RRMSE is a normalized version of RMSE that com-
pares the prediction error to the average magnitude of the
actual series, POCID measures the percentage of times the
model correctly predicts the forecast direction, i.e., increase or
decrease, compared to the previous time step. Hence, precise
models show RRMSE values close to 0, and POCID values
close to 100.

In the context of fuel demand forecasting, these mea-
sures capture complementary aspects relevant to operational
decision-making. RRMSE reflects quantitative predictive
accuracy, which is essential in activities such as refinery pro-
duction planning, regional fuel distribution, and inventory
management at storage terminals, where large magnitude er-
rors may result in excess stock, increased storage costs, or
supply shortages. In contrast, POCID evaluates the ability
of a model to correctly anticipate the direction of demand
variation. This directional information can support tactical
decisions, such as anticipating demand growth or contraction
associated with macroeconomic fluctuations, seasonal con-
sumption cycles, or structural market changes, even when
precise volume estimates remain uncertain. Therefore, the
joint analysis of RRMSE and POCID provides a more com-
prehensive assessment.

3.5 Analysis methodology

We use a layered analysis methodology to perform our multi-
ple comparisons, i.e., best zero-shot models, best fine-tuning
strategies, zero-shot in comparison with fine-tuned models,
and FMs in comparison with traditional methods.

First, we computed mean RRMSE and POCID scores for
each model in all 189 product-state pairs (7 fuel types x 27
states). These summary statistics offer a high-level view of
absolute performance.

Next, for each analysis, we build Critical Difference Di-
agrams (CDD) to rank the models based on their relative
performance across datasets [Demsar, 2006]. The diagram
displays the average rank of each model on a number line,
where solid lines, known as cliques, connect models whose
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performances are not significantly different. We perform
pairwise Wilcoxon signed-rank tests to determine the critical
difference, with cliques formed using the Holm correction, as
recommended by Benavoli ef al. [2016].

To illustrate the models’ predictive behavior, we also in-
clude scatter plots comparing actual versus predicted values,
both normalized to [0, 1] using the min-max norm [Lima and
Souza, 2023]. In these plots, each point corresponds to an
individual prediction across the 189 series over a 12-step hori-
zon, totaling 2,268 predictions. Thus, accurate models predict
values close to the diagonal. Since these plots lose the tempo-
ral dimension, we also report 12-step predictions for selected
models and product-state to illustrate the performance over
time.

Finally, we employ the Multi-Comparison Matrix (MCM)
[Ismail-Fawaz et al., 2023]" to conduct rigorous pairwise
comparisons across a group of models. The MCM heatmaps
display mean score differences, win/draw/loss records, and
Wilcoxon signed-rank test results, with statistically significant
differences highlighted. This analysis is performed indepen-
dently for RRMSE and POCID, offering a comprehensive
evaluation across metrics and models.

4 Experimental results and discus-
sions

All datasets, additional results considering different evalua-
tion measures, and supplementary materials are available on
the support website for this work?.

4.1 Comparison of zero-shot models

We begin our analysis by assessing the extent to which pre-
trained and general-purpose foundation models are able to
generalize to a specific domain within the fuel sector. Table 3
reports the mean RRMSE and POCID values for each version
of the zero-shot model over 189 series of the dataset. The
best RRMSE and POCID values are highlighted in bold.

Table 3. Average RRMSE and POCID values per zero-shot model
version.

Model RRMSE POCID
Chronos-t5-base 0.2217 57.24
Chronos-t5-large 0.2166 60.17
Chronos-t5-mini 0.2243 55.51
Chronos-t5-small 0.2178 57.05
Chronos-t5-tiny 0.2325 50.65
LagLlama 0.3298 57.72
Moirai-MoE-base 0.3390 51.95
Moirai-MoE-small 0.3439 49.03
Time-MoE-50M 0.3020 59.79
Time-MoE-200M 0.2726 60.99
TimeGPT 0.2185 61.23
TimesFM-200M 0.2149 62.34
TimesFM-500M 0.2470 64.31

TimesFM-200M achieved the lowest prediction error
(RRMSE = 0.2149), closely followed by Chronos-t5-

'https://github.com/MSD-IRIMAS/Multi_Comparison_
Matrix
2https://sites.google.com/view/fms4fueldemand
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large, Chronos-t5-small, and Chronos-t5-base, all with
RRMSE around 0.22. In terms of directional accuracy,
TimesFM-500M leads with the highest POCID (64.31), while
TimesFM-200M also maintains a competitive POCID (62.34).
TimeGPT achieved a balanced profile with POCID above 61
and low RRMSE values. Time-MoE-200M and Time-MoE-
50M are competitive in POCID but present higher RRMSE.
LagLlama showed moderate directional accuracy but had the
highest error. Moirai-MoE variants ranked consistently lower,
especially in directional accuracy, while Chronos-t5-tiny also
underperformed.

In the RRMSE critical difference diagram (Figure 6),
TimesFM-200M ranks first, followed closely by TimesFM-
500M. Chronos-t5-large, Chronos-t5-small, and Chronos-t5-
base also appear competitive, with mean errors around 0.22,
and form a statistically close group with the best performers.
Time-MoE-200M and Time-MoE-50M follow, with higher
RRMSE values than the Chronos variants. On the other hand,
Moirai-MoE-small and Moirai-MoE-base occupy the last po-
sitions, with significantly higher errors, while Lagl.lama also
ranks poorly.

13121110 9 8 7 6 5 4 3 2 1
| AP I I T P 'l e |

Moirai-MoE-small 108138 | L 50479 TjmesFM-500M
Moirai-MoE-base 101117 | L 54362 Chronos-t5-large

LagLlama 26489 | L 57633 Chronos-t5-small
Chronos-t5-tiny 1888 59315 Chronos-t5-base
TimeGPT -£:6862 59415 TimesFM-200M
Chronos-t5-mini -:23%4 5.9787_ Time-MoE-200M

6.2021  Time-MoE-50M
Figure 6. CDD-RRMSE of zero-shot models.
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Figure 7. CDD-POCID of zero-shot models.

In the POCID diagram (Figure 7), TimesFM-500M
achieves the best rank, statistically outperforming all other
models except its close variant TimesFM-200M. Both
TimesFM models are followed by Time-MoE-200M and
Time-MoE-50M. Chronos-t5-large remains competitive, rank-
ing ahead of most Chronos variants. In contrast, Moirai-MoE-
small and Moirai-MoE-base show the weakest directional
performance.

As an illustrative case, Figure 8 shows the 12-step predic-
tions for LPG in the Brazilian state of Parand. Most mod-
els track the actual values reasonably well, particularly the
Chronos family (mini, small, base, and large). In contrast,
although Lagl.lama follows a trajectory relatively close to the
expected behavior, it consistently underestimates the volume
throughout the period, which explains its poor RRMSE.

To further analyze the most accurate Chronos zero-shot
variant (large), Figure 9 presents a scatter plot of normalized
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Figure 8. Predictions of zero-shot FMs for LPG in the state of Parana,
models are ordered according to their RRMSE ranking.

actual versus predicted values. The points are closely aligned
with the identity line, and the fitted trend line exhibits mini-
mal deviation. This behavior, aligned with the low RRMSE
reported in Table 3, confirms the ability of Chronos-t5-large
to deliver accurate predictions in a zero-shot setting.
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Figure 9. Scatter plot of normalized actual vs predicted values for Chronos-
t5-large with no training (zero-shot).

We also evaluate the performance across model families
(aggregating all available versions). Figure 10 and Figure 11
show the MCM results based on RRMSE and POCID, respec-
tively. For fairness, we selected, for each product-—state pair,
the best-performing variant of every model family, defined
as the one achieving the lowest RRMSE.

In the RRMSE MCM, TimesFM achieved the lowest ag-
gregated error (0.187), followed closely by Chronos (0.193),
with no statistical difference between them.

In the POCID MCM, TimesFM again leads with the high-
est directional accuracy (63.78), significantly outperforming
all competitors. Time-MoE also demonstrated competitive di-
rectional performance (62.19) despite its higher error (0.254).
Meanwhile, Moirai-MoE showed the weakest directional ac-
curacy (52.96), confirming its limited generalization capacity
in the zero-shot setting, even when selecting the most accurate
variant for each series.

4.2 Comparison of fine-tuning strategies

While zero-shot experiments evaluate the performance of
Foundation Models trained on data from different domains,
fine-tuning is expected to further enhance their generalization
by incorporating domain-specific knowledge. To this end,
we compare three fine-tuning strategies for our application:

1. Global: trains a single model using all time series from
all products and states;

2. Product: trains a separate model for each fuel type (7
models in total), aggregating all series across states;
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3. Individual: fine-tunes an independent model for each
product-state pair (189 models in total), trained solely
on the historical data of the corresponding series.

Another possible strategy is to train one model per state.
However, this relies on region-level data, which may not be
available in all applications. For this reason, we consider only
the previous strategies.

Table 4 reports the mean RRMSE and POCID values ob-
tained by each FM under the three strategies. The three best-
performing strategies are highlighted in bold, while the three
worst-performing strategies are underlined. TimesFM vari-
ants were considered exclusively in the individual fine-tuning
strategy, owing to the model’s constraints in handling multi-
variate input.

Table 4. RRMSE and POCID per fine-tuning strategies and model.
The top-3 results across all strategies are shown in bold, while the
three worst-performing results are underlined.

Fine-tuning strategy =~ Model version RRMSE  POCID

Global Chronos-t5-base 0.2233 58.15
Global Chronos-t5-large 0.2159 59.69
Global Chronos-t5-mini 0.2240 54.59
Global Chronos-t5-small 0.2191 56.33
Global Chronos-t5-tiny 0.2351 50.17
Global LagLlama 0.1648 74.84
Global Time-MoE-200M 0.2891 61.23
Global Time-MoE-50M 0.2950 61.62
Product Chronos-t5-base 0.2202 57.48
Product Chronos-t5-large 0.2205 59.50
Product Chronos-t5-mini 0.2260 53.97
Product Chronos-t5-small 0.2147 57.77
Product Chronos-t5-tiny 0.2334 49.93
Product LagLlama 0.2799 67.45
Product Time-MoE-200M 0.3453 62.00
Product Time-MoE-50M 0.3006 62.15
Individual Chronos-t5-base 0.2233 58.44
Individual Chronos-t5-large 0.2352 66.40
Individual Chronos-t5-mini 0.2263 55.99
Individual Chronos-t5-small 0.2174 56.33
Individual Chronos-t5-tiny 0.2348 50.79
Individual LagLlama 0.2564 68.07
Individual Time-MoE-200M 0.3523 60.70
Individual Time-MoE-50M 0.3077 58.54
Individual TimesFM-200M 0.4834 50.92
Individual TimesFM-500M 0.4861 45.70

The results in Table 4 indicate that Chronos-t5-small,
Chronos-t5-large, and Chronos-t5-base consistently achieved
competitive performance across fine-tuning strategies, with
RRMSE values around 0.22 and POCID values exceeding 55
in most cases. Lagl.lama under the global strategy stood out,
achieving both the highest directional accuracy (POCID =
74.84) and the lowest RRMSE (0.1648). Under product and
individual fine-tuning, its performance remains competitive
in terms of directional consistency but with higher errors. The
Time-MoE models exhibit moderate performance: POCID
values above 60 but with considerably higher RRMSE, par-
ticularly for the 200M variant under individual fine-tuning
(0.3523). This suggests that they can capture trends but strug-
gle with precise magnitude estimation. TimesFM models
remained the weakest, with RRMSE above 0.48 and POCID
below 51, confirming their limited benefit under fine-tuning
compared to other foundation models.

Figure 12 and Figure 13 present the CDD for RRMSE
and POCID. For RRMSE, the best-performing results are
obtained by Lagl.lama-Global, followed by Chronos-t5-large-
Global and Chronos-t5-small-Individual. TimesFM-500M-
Individual and TimesFM-200M-Individual exhibit the weak-
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Figure 10. MCM-RRMSE for the family of zero-shot models. We selected the best-performing variant for each model family based on RRMSE.
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Figure 11. MCM-POCID for the family of zero-shot models.

est performance. For POCID, Lagl.lama-Global again stands
out as the most consistent.
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Figure 12. CDD-RRMSE rankings across fine-tuning strategies.
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Figure 13. CDD-POCID rankings across fine-tuning strategies.

We illustrate the predictions for Diesel fuel in the state of
S&o Paulo in Figure 14, which shows the top 10 fine-tuned
models ranked by RRMSE. Lagl.lama (Global, Product, and
Individual) achieved the closest alignment with the actual
values, capturing both the July—August rise and the Novem-
ber—January decline with high fidelity.
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Figure 14. Predictions of fine-tuned FMs for Diesel in the state of Sao Paulo.
Top 10 models are ordered by RRMSE.

To assess the performance of Lagl.lama-Global (lower
RRMSE and higher POCID in Table 4), we present the scatter
plot of the normalized true versus predicted values in Figure
15. The predictions follow close to the identity line with
moderate dispersion, and the fitted trend line shows a slight
deviation.

Figure 16 and Figure 17 report the MCMs for RRMSE and
POCID across the fine-tuning strategies, pooling all model
families and versions within each strategy before computing
the pairwise comparisons. The pooled-by-strategy MCMs
indicate no significant differences across global, product, and
individual.

For RRMSE, mean errors are essentially tied, with product
=0.220, global = 0.223, and individual = 0.223. Pairwise
mean differences are at most 0.003, and all Wilcoxon p-values
exceed 0.48, indicating no statistically significant advantage
for any strategy. For POCID, the individual attains the high-
est mean (58.44), followed by global (58.15) and product
(57.48). Although the largest observed difference is individ-
ual vs. product = +0.96, none of the Wilcoxon tests reach
significance, with balanced win/draw/loss counts (for exam-



Foundation Models for Time Series Forecasting: Evidence from the Fuel Sector

1.04

o o
o ©
L s

Normalized Predicted Values
o
IS
s

0.2
© Predicted vs True
/ —— Trendline (Fit)
004 & - =~ Perfect Prediction

0.0 0.2 0.4 0.6 0.8 1.0
Normalized True Values

Figure 15. Scatter plot of normalized actual vs predicted values for Lagl.lama
using the Global fine-tuning strategy.
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Figure 16. MCM using RRMSE as the evaluation metric for fine-tuning
strategies.

ple, 76/49/64 for individual vs. product).

Based on the MCM and CDD analyses, the fine-tuning
strategy selection should be conditioned on the model family:
adopt global for Lagl.lama; for Chronos, prefer global to
minimize RRMSE and consider individual when maximizing
POCID; retain product as a viable pooled baseline for error
when family choice is constrained; and reserve TimesFM
for situations where compatibility, licensing, or deployment
constraints rule out other families.

4.3 Fine-tuned compared with zero-shot

In this section, we compare the performance of fine-tuned
models with their zero-shot counterparts to quantify the gains
from task-specific adaptation. This comparison includes only
the models for which results are available under both settings.

Table 5 presents the mean RRMSE and POCID values
for each model, reporting the best fine-tuned configuration
(among Global, Product, and Individual) side by side with
the corresponding zero-shot results. Ten models meet this
criterion: five variants of Chronos (base, large, mini, small,
and tiny), LaglLlama, Time-MoE-50M, Time-MoE-200M,
TimesFM-200M, and TimesFM-500M. The remaining mod-
els included in the zero-shot analysis (Moirai-MoE base,
Moirai-MoE small, and TimeGPT) were excluded from this

Individual Global Product

[P 58.44 58.15 57.48
Mean-Difference 0.29
Individual _ r>C/r=c/r<c 72/50/67
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Figure 17. MCM using POCID as the evaluation metric for fine-tuning
strategies.

Krause et al. 2026

comparison due to fine-tuning limitations.

Table 5. Comparison between zero-shot (ZS) and fine-tuned (FT)

models.
Model RRMSE (ZS/FT) POCID (ZS/FT)
Chronos-t5-base 0.2217/0.2233 57.24/58.15
Chronos-t5-large 0.2166/0.2159 60.17 / 59.69
Chronos-t5-mini 0.2243 /0.2240 55.51/54.59
Chronos-t5-small 0.2178/0.2191 57.05/56.33
Chronos-t5-tiny 0.2325/0.2351 50.65/50.17
Lagllama 0.3298 /0.1648 57.72/74.84
Time-MoE-50M 0.3020/0.2950 59.79/61.62
Time-MoE-200M 0.2726/0.2891 60.99/61.23
TimesFM-200M 0.2149/0.4834 62.34/50.92
TimesFM-500M 0.2470/0.4861 64.31/45.70

The results show that models such as Lagl.lama benefit
substantially from fine-tuning, with a reduction in RRMSE
from 0.3298 to 0.1648 and an increase in POCID from 57.72
to 74.84. Chronos variants show only marginal improvements.
In contrast, TimesFM models degraded severely after fine-
tuning. For instance, TimesFM-500M presents an increase
in RRMSE from 0.2470 to 0.4861 and a drop in POCID
from 64.31 to 45.70. This degradation suggests that the fine-
tuning protocol may disrupt the pretrained representations of
TimesFM, leading to overfitting and loss of generalization.

To compare fine-tuning with zero-shot more broadly, we
aggregated all model variants across both settings into CDDs,
illustrated in Figure 18 and Figure 19. In the RRMSE dia-
gram (Figure 18), the best-performing models are Lagl.lama-
Global, TimesFM-500M-Zero-Shot, and Chronos-t5-large-
Global, which form a statistically indistinguishable group
and significantly outperform most other competitors. On
the opposite side, TimesFM-500M-Individual and TimesFM-
200M-Individual exhibited the highest RRMSE values, con-
firming that individual fine-tuning degrades accuracy relative
to zero-shot and global counterparts.
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Figure 18. CDD-RRMSE rankings across all model variants and strategies
(zero-shot and fine-tuned).

In the POCID diagram (Figure 19), LaglLlama-Global
ranked first, with a statistically significant difference over
the second-best model, TimesFM-500M-Zero-Shot. These
are followed by TimesFM-200M-Zero-Shot, Time-MoE-
50M-Product, and Time-MoE-200M-Product, which all de-
liver competitive directional accuracy. Chronos variants are
distributed in the mid-range, with Chronos-t5-large-Zero-
Shot and Chronos-t5-large-Product showing the best balance
within the Chronos family. TimesFM-500M-Individual and
TimesFM-200M-Individual show the weakest directional ac-
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Figure 19. CDD-POCID rankings across all model variants and strategies
(zero-shot and fine-tuned).

Lagl.lama-Global achieves the lowest mean RRMSE and
the highest mean POCID among the evaluated configurations,
although statistical differences depend on the specific compar-
ison context. TimesFM achieves its best results in zero-shot
mode, but its performance collapses under individual fine-
tuning. Chronos models generally occupy a middle ground,
with the large and small versions outperforming the base and
tiny variants.

These findings emphasize the importance of aligning model
architecture and training strategy with the deployment context.
They also indicate that models pre-trained under multivari-
ate regimes require careful adaptation to avoid performance
degradation when fine-tuned.

To deepen our analysis, we present the MCMs for pairwise
comparisons between model families, considering both zero-
shot and fine-tuning strategies. Each comparison is performed
at the model-family level, using the best-performing version
per product-state.

Figure 20 presents the MCM using RRMSE as the evalua-
tion criterion. LaglLlama with global fine-tuning consistently
achieved the lowest RRMSE and the highest POCID among
the evaluated configurations.

The lower RRMSE is consistent with most of the wins
across the pairwise tests over the competing models. Chronos
and Time-MoE form the next group, showing comparable
mean errors and no statistically significant differences be-
tween them. Both families still outperform TimeGPT and
clearly surpass Moirai-MoE, which records the highest mean
RRMSE and the weakest accuracy. These results confirm
Lagl lama’s robustness under aggregated training, while high-
lighting that Chronos and Time-MoE provide moderate but
competitive accuracy, and Moirai-MoE lags behind across
series.

Figure 21 presents the MCM based on POCID, measuring
directional accuracy. The results further reinforce the compet-
itive performance of Lagllama under this metric, achieving
a mean POCID of 73.06, substantially higher than that of all
other families. Lagllama statistically outperforms all other
models with large margins in directional accuracy: for ex-
ample, the difference with Moirai-MoE is 20.11, with a win-
draw-loss record of 143-23-25. Time-MoE, Chronos, and
TimesFM follow in the mid-range (mean POCIDs between
60.21 and 64.45), while Moirai-MoE ranks last (52.96), with
statistically significant losses in all pairwise comparisons.
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Interestingly, although Chronos and TimesFM are rela-
tively close in POCID, their comparisons with TimeGPT
indicate marginal differences that do not always reach statis-
tical significance. This suggests that the behaviors of these
models are more volatile and potentially influenced by the
training configuration.

From the MCM analysis, we highlight the following points:

1. Lagllama offers consistent advantages in both metrics,
although the magnitude of the differences varies across
datasets and comparisons.

2. Chronos and TimesFM show moderate performance,
with Chronos slightly ahead in RRMSE and TimesFM
marginally ahead in POCID.

3. Time-MoE performs competitively in directional accu-
racy, but has a higher error.

4. Moirai-MoE ranks last in both metrics, confirming its
limitations in generalization under the evaluated training
regimes.

These results reinforce that magnitude accuracy (RRMSE)
and directional accuracy (POCID) do not necessarily evolve
in parallel. Some configurations reduce numerical error while
yielding only modest gains in directional prediction, whereas
others improve directional consistency with a modest impact
on RRMSE. Therefore, claims of superiority should be in-
terpreted with respect to the specific evaluation metric and
the operational objective under consideration. Consequently,
the preferred model may depend on whether the application
prioritizes precise volume estimation or reliable anticipation
of demand direction.

Comparative evidence clarifies that fine-tuning does not
guarantee systematic gains over zero-shot inference. Improve-
ments are model and strategy-dependent: Lagl.lama bene-
fits largely from fine-tuning, particularly under the Global
strategy, achieving both the lowest RRMSE and the highest
POCID among all configurations. Chronos variants show
only marginal but consistent improvements, with Global and
Product settings slightly outperforming Individual. By con-
trast, TimesFM models degrade substantially after fine-tuning,
especially under Individual adaptation, where both error and
directional accuracy worsen relative to their zero-shot base-
lines. These results indicate that the effectiveness of fine-
tuning depends more on the interaction between model family
and strategy than on the strategy alone: Global adaptation
is consistently strong for Lagl.lama, Product can be com-
petitive for Chronos, and Individual fine-tuning may either
provide small gains in directional accuracy or lead to severe
degradation.

4.4 Foundation Models compared with tradi-
tional models

To conclude our experimental evaluation, we compare the
performance of FMs (both in zero-shot and fine-tuned set-
tings) against traditional models under the same experimental
protocol. Table 6 presents the RRMSE and POCID metrics
grouped by the model class (Statistical, ML, DL, and FMs).

FMs achieved the lowest mean RRMSE across all series
(0.2192), indicating superior results under this metric. They
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LagLlama TimesFM Chronos Time-MoE TimeGPT Moirai-MoE
Mean-RRMSE 0.136 0.175 0.181 0.181 0.218 0.269
Mean-Difference -0.039 -0.045 -0.045 -0.083
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Figure 20. MCM-RRMSE to compare fine-tuned and zero-shot models.
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Figure 21. MCM-POCID to compare fine-tuned and zero-shot models.

Table 6. Average performance grouped by the models’ class.

Approach RRMSE POCID
Statistical Models 0.3309 57.04
Machine Learning (ML) 0.3145 44.00
Deep Learning (DL) 0.2377 56.28
Foundation Models (FMs) 0.2192 57.97

also reached the highest POCID (57.97), outperforming DL
and statistical models in directional consistency while main-
taining reduced error. DL methods followed with an RRMSE
of 0.2377 and a POCID of 56.28, suggesting a solid com-
promise between precision and trend detection. Statistical
models produced higher errors (0.3309) but still yield strong
directional alignment (57.04), reflecting their robustness for
seasonal or periodic patterns despite less precise amplitude
estimation. ML approaches showed limited competitiveness,
with relatively high error (0.3145) and the lowest POCID
(44.00), confirming their reduced ability to capture turning
points.

The RRMSE CDD of the algorithms’ classes (Figure 22)
shows that DL obtains the best overall ranking, followed by
FMs. Statistical Models appear slightly worse, while ML is
clearly the weakest class. This differs from the simple average
results (Table 6), where FMs ranked first. The discrepancy
arises because the CDD is based on relative rankings across
datasets, emphasizing consistency, whereas average values
can be influenced by absolute scores and outliers.

The POCID CDD (Figure 23) shows that FMs, Statistical
Models, and DL form a statistically indistinguishable group,
all achieving comparable directional accuracy. In contrast,
ML models perform significantly worse, reinforcing their

limited ability to anticipate turning points.
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Figure 22. CDD-RRMSE according to the model class.
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Figure 23. CDD-POCID according to the model class.

To deepen the comparison, we aggregated each family at
the class level and performed pairwise statistical tests, as
shown in Figure 24 and Figure 25. These visualizations sum-
marize both the magnitude and significance of the differences
between all product-state series.

The MCM-RRMSE (Figure 24) suggests a consistent rank-
ing trend based on RRMSE: FMs achieved the lowest error,
and significantly outperformed all other classes. DL follows
next, then Statistical models, while ML shows the highest
error across product—state pairs. In the MCM-POCID (Fig-
ure 25), FMs, DL, and Statistical Models exhibit comparable
directional accuracy: pairwise Wilcoxon tests do not show
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Figure 24. MCM-RRMSE to compare Statistical Models, Machine Learning
(ML), Deep Learning (DL), and Foundation Models (FMs).
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Figure 25. MCM-POCID to compare Statistical Models, Machine Learning
(ML), Deep Learning (DL), and Foundation Models (FMs).

consistent significant differences among these three classes.
Machine Learning remains the only class with statistically
inferior performance relative to the other three (p < 1072).

A fuel-level analysis (Table 7) reinforces these trends. In 6
of the 7 fuel types, an FM achieves the lowest RRMSE, often
by a wide margin over traditional models. The exception is
Gasoline, where ETS outperforms the best FM (TimesFM)
in both RRMSE and POCID. For Ethanol, Lagl.lama with
Global fine-tuning substantially outperforms Prophet. In
Diesel, FMs attain the best RRMSE, but ETS surpasses them
in POCID, highlighting the capacity of statistical models to
capture turning points. For Fuel Oil, Chronos with Global
fine-tuning delivers the lowest RRMSE, but its POCID is
weaker than that of N-BEATS, showing that higher magni-
tude accuracy does not always translate into better directional
consistency. In Jet Fuel, the FM also leads in POCID.

Taken together, these fuel-level results reinforce that fore-
casting performance should not be interpreted as a single-
dimensional concept. Magnitude accuracy (RRMSE) and
directional accuracy (POCID) capture distinct operational
requirements, and model selection should therefore consider
the relative importance of each dimension depending on the
application context.

4.5 Answering the research questions

We are now in a position to answer the research questions
previously raised in Section 1, drawing on the empirical re-
sults from the studied application in the fuel sector. Although
the conclusions are primarily based on this case, they could
potentially inform similar applications in demand forecast-
ing in other domains, but further investigation is needed to
validate such extensions.

RQ1. Can FMs outperform well-established statistical,
machine learning, and deep learning approaches under the
same experimental protocol? Under the evaluated protocol,
FMs achieved the lowest mean RRMSE, indicating superior
magnitude accuracy on average. In terms of directional ac-
curacy, they remained competitive with deep learning and
statistical approaches, although differences were not always
statistically significant.
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RQ2. To what extent does fine-tuning improve the perfor-
mance of FMs compared to their zero-shot inference? Fine-
tuning benefits models differently. Lagl.lama demonstrated
the largest gains, reducing RRMSE by nearly 50% compared
to its zero-shot baseline. Chronos models exhibited moder-
ate improvements, while some models, notably TimesFM,
degraded when fine-tuned under univariate conditions, high-
lighting the importance of alignment between pre-training
and fine-tuning regimes.

RQ3. Which fine-tuning strategy yields the most consistent
balance between magnitude accuracy (RRMSE) and direc-
tional accuracy (POCID)? Global fine-tuning often provided
the most consistent balance between magnitude accuracy
(RRMSE) and directional accuracy (POCID), particularly
for models such as Lagl.lama and Chronos. For instance,
Lagl lama under the Global strategy achieved both the lowest
RRMSE and the highest POCID among all evaluated configu-
rations, indicating improvements in both numerical precision
and directional reliability. Product-level fine-tuning was oc-
casionally competitive on RRMSE but did not consistently
improve POCID. Individual fine-tuning, in contrast, showed
greater variability, sometimes yielding modest directional
gains but often increasing magnitude error, likely due to over-
fitting or limited data per configuration.

Furthermore, our experimental results suggest a comple-
mentary landscape: FMs are particularly advantageous for
complex and noisy scenarios where flexible temporal rep-
resentations and contextual embeddings provide robustness,
while traditional models remain a cost-effective and inter-
pretable option in scenarios with strong seasonal regularity
and low structural variance. This duality reinforces the impor-
tance of model selection based on series characteristics, high-
lighting that while FMs set a new performance benchmark
under the evaluated protocol, hybrid strategies that combine
their predictive power with the inductive biases of classical
models may yield even greater robustness in operational fore-
casting pipelines.

5 Conclusions

This work presented a systematic evaluation of FMs for fuel
demand forecasting, comparing their performance under zero-
shot and fine-tuned configurations with statistical, ML, and
DL baselines. FMs achieved the lowest mean magnitude
errors (RRMSE) while showing competitive, though not con-
sistently superior, directional accuracy (POCID).

Lagl.lama with global fine-tuning achieved the lowest
mean RRMSE and highest mean POCID among the eval-
uated configurations, although the magnitude of these ad-
vantages varied across datasets, whereas Chronos variants
provided a more efficient balance between magnitude ac-
curacy and directional performance. In contrast, TimesFM
showed strong zero-shot performance but degraded under
fine-tuning, reinforcing the need to align adaptation strategies
with pre-training regimes.

We conclude that FMs provide a competitive performance
baseline for domain-specific forecasting tasks, often outper-
forming traditional models in magnitude accuracy while re-
maining competitive in directional accuracy, while statistical
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Table 7. Best Foundation Models vs. Best Traditional Method per fuel type. The best results between foundation models and traditional

methods are highlighted in bold.

Best Foundation Models

Best Traditional Method

Fuel type Model Setting RRMSE POCID Method RRMSE POCID
Gasoline TimesFM Zero-Shot 0.118 76.60 ETS 0.106 82.49
Ethanol LagLlama Global 0.218 73.40 Prophet 0.483 57.18
Aviation Gasoline LagLlama Global 0.243 72.73 N-BEATS 0.341 47.81
LPG LagLlama Global 0.044 84.85 ARIMA 0.058 75.42
Fuel Oil Chronos Global 0.065 27.74 N-BEATS 0.197 38.05
Diesel Time-MoE Zero-Shot 0.111 74.41 ETS 0.118 76.77
Jet Fuel TimeGPT Zero-Shot 0.165 67.34 LSTM 0.200 59.26
approaches such as ETS remain competitive in highly sea- References

sonal and low-variance contexts. These findings emphasize a
dual landscape: FMs tend to offer greater flexibility in com-
plex consumption regimes, whereas classical models retain
value for their simplicity and stability.

Future work should explore hybrid or adaptive pipelines
that combine the predictive capacity of FMs with the inductive
biases of statistical models, potentially leveraging dynamic
ensembles or adaptive model selection [Ko et al., 2008] to
maximize robustness in operational settings.
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