Energy & Buildings 336 (2025) 115632

Contents lists available at ScienceDirect 5 ENERG
CICNBUILDINGS

Energy & Buildings

journal homepage: www.elsevier.com/locate/enbuild

Transfer learning on transformers for building energy consumption
forecasting—A comparative study *

Robert Spencer (22, Surangika Ranathunga © %, Mikael Boulic 2",
Andries (Hennie) van Heerden®, Teo Susnjak (2

aSchool of Mathematical and Computational Sciences, Massey University, Auckland, 0632, New Zealand
b School of Built Environment, Massey University, Auckland, 0632, New Zealand

ARTICLE INFO ABSTRACT

Keywords:

Building energy consumption forecasting
Transfer learning for time series

Transformer models for time series forecasting
Data-centric transfer learning strategies
PatchTST

Informer

Zero-shot learning

Model fine-tuning

Data scarcity

Energy consumption in buildings is steadily increasing, leading to higher carbon emissions. Predicting energy
consumption is a key factor in addressing climate change. There has been a significant shift from traditional sta-
tistical models to advanced deep learning (DL) techniques for predicting energy use in buildings. However, data
scarcity in newly constructed or poorly instrumented buildings limits the effectiveness of standard DL approaches.
In this study, we investigate the application of six data-centric Transfer Learning (TL) strategies on three Trans-
former architectures—vanilla Transformer, Informer, and PatchTST—to enhance building energy consumption
forecasting. Transformers, a relatively new DL framework, have demonstrated significant promise in various do-
mains; yet, prior TL research has often focused on either a single data-centric strategy or older models such as
Recurrent Neural Networks. Using 16 diverse datasets from the Building Data Genome Project 2, we conduct an
extensive empirical analysis under varying feature spaces (e.g., recorded ambient weather) and building charac-
teristics (e.g., dataset volume). Our experiments show that combining multiple source datasets under a zero-shot
setup reduces the Mean Absolute Error (MAE) of the vanilla Transformer model by an average of 15.9% for
24h forecasts, compared to single-source baselines. Further fine-tuning these multi-source models with target-
domain data yields an additional 3-5% improvement. Notably, PatchTST outperforms the vanilla Transformer
and Informer models. Overall, our results underscore the potential of combining Transformer architectures with
TL techniques to enhance building energy consumption forecasting accuracy. However, careful selection of the
TL strategy and attention to feature space compatibility are needed to maximize forecasting gains.

1. Introduction sustainability, and occupant comfort, health, and safety is crucial for
all stakeholders involved in the building sector [5]. Being able to make
accurate forecasting of a building’s energy consumption is a crucial re-

quirement in this context.

1.1. Background

Driven by the need to mitigate the impact of climate change, there is
a global focus on reducing carbon emissions in the building sector [1,2].
Previous studies have emphasised the significant role of the construction
industry in energy usage, with buildings accounting for around one-
third of global greenhouse gas emissions [3]. Starting from 2012, there
has been a consistent annual increase of 1.5% in energy consumption
within buildings in nations belonging to the Organisation for Economic
Co-operation and Development (OECD) such as Australia, New Zealand,
the United Kingdom, and the USA. In addition, nations outside the OECD
have experienced a higher increase of 2.1 % in their energy consump-
tion levels [4]. Therefore, balancing economic viability, environmental
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Approaches for building energy consumption forecasting are typ-
ically categorised into three primary groups: 1) engineering calcu-
lations, 2) numerical simulations, and 3) data-driven modelling [4].
The first two methods rely heavily on physical laws or physics-based
simulations to estimate energy usage. Engineering calculations are
best suited for quick initial evaluations, offering straightforward es-
timations based on standard formulas. Numerical simulations, on the
other hand, provide a more detailed analysis by modelling the com-
plex interactions within buildings but demand significant computa-
tional resources and time, particularly as the complexity of a project
increases [4].
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Nomenclature

ASHRAE  American society of heating, refrigerating and

air-conditioning engineers

BDG2 building data genome project 2
BPNN back-propagation neural network
CNN convolutional neural network
DANN domain adversarial neural network
DL deep learning

ELM extreme learning machine

FEDformer frequency enhanced decomposed transform
FF feed forward

GRU gated recurrent unit

LSTM long-short term memory
MAE mean absolute error

ML machine learning

MLP multi-layer perceptron

MSE mean squared error
PatchTST patch time series transformer
RNN recurrent neural networks
TFT temporal fusion transformer
TL transfer learning

The evolution of data-driven modelling and its rise in usage for fore-
casting building energy consumption and assessments is due to a sig-
nificant shift away from traditional statistical models such as ARIMA
and SARIMA to advanced Machine Learning (ML) techniques [6,7]. ML
methods, notably Deep Learning (DL) techniques, are better suited for
the dynamic and intricate energy usage patterns, offering significant im-
provements in forecasting accuracy and applicability across different
temporal and spatial scales in energy planning models [8].

Recurrent Neural Networks (RNNs) and their advanced variants
Long Short-Term Memory (LSTMs) networks and Gated Recurrent Units
(GRUs) have been the most commonly used DL architectures for building
energy forecasting (See Table 1). Some researchers have also used Con-
volutional Neural Networks (CNNs) [9]. However, both RNNs and CNNs
have their drawbacks with respect to time series forecasting [10-12].
RNNs suffer from vanishing and exploding gradient problems when pro-
cessing long input sequences. They also struggle in capturing global in-
formation from the input sequence and cannot generally benefit from
hardware parallelization. CNNs also struggle to capture long-range de-
pendencies.

As an alternative, Transformer models, which are a sophisticated
type of neural network architecture, have emerged as exceptionally ef-
fective in processing complex data sequences [13]. Renowned for their
effectiveness in domains such as Natural Language Processing [14] and
Computer Vision [15], Transformers can be used for interpreting the in-
tricate interrelations in time series data that affect building energy us-
age. While the basic Transformer architecture (which we term the vanilla
Transformer) has been shown to outperform other DL models such as
LSTMs for building energy consumption forecasting [16], several recent
studies have demonstrated that advanced Transformer variants such as
Informer [17], PatchTST [18] and Temporal Fusion Transformers [19]
have already outperformed their older DL counterparts [16,20].

Despite their promise, all DL techniques - CNNs, RNNs and Trans-
formers alike, have one major limitation - they rely on vast amounts
of training data to make accurate forecasting. However, such large
amounts of energy consumption data may not exist for some buildings,
due to practical reasons such as the building being newly constructed,
not having the facilities to record energy consumption data in a timely
manner, privacy concerns, data collection costs, data ownership, and
the sheer diversity of buildings [21,22]. However, there are multiple
publicly available datasets that contain energy consumption data from
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different buildings around the world, such as the Building Data Genome
Project 2 (BDG2) [23-25], which can be leveraged.

Transfer Learning (TL) can be broadly defined as ‘the ability of a
system to recognise and apply knowledge and skills learned in previous
tasks to novel tasks’ [26]. In other words, TL utilises insights derived
from a more documented dataset (the source) to bolster the predictive
accuracy of models applied to a new, data-sparse context (the target). TL
is an excellent way to make use of the aforementioned existing datasets
to build energy consumption models for buildings that have limited or
no data of their own.

Our survey of existing literature (See Table 1) revealed that the TL
techniques used in the context of building energy consumption forecast-
ing can be categorised based on how the source and target datasets are
being used, as shown in Fig. 1 and outlined below.! We term these data-
centric TL strategies.

¢ Strategy 1: Train a model with one source (S) — test with the target
(M-QAS-7)

e Strategy 2: Train a model with multiple sources (MS) — test with the
target - (MS - T)

e Strategy 3: Train a model with one source — further train with the
target (FT)— test with the target - (1S—»FT - T)

e Strategy 4: Train a model with multiple sources — further train with
the target — test with the target - (MS - FT —» T)

e Strategy 5: Train a model with one source and target — test with the
target - (1S+ T—>T)

¢ Strategy 6: Train a model with multiple sources and target — test
with the target - (MS + T—>T)

¢ Strategy 7: Train a model with one source and target — further train
with the target — test with the target - 1S+ T—>FT —>T)

¢ Strategy 8: Train a model with multiple sources and target — further
train with target — test with the target - (MS + T—>FT - T)

1.2. Problem and motivation

While TL has been used for building energy consumption forecast-
ing, most research has experimented with only one data-centric TL
strategy. Moreover, only a few studies used the Transformer architec-
ture [27,28]. Laitsos et al. [29] stand out for investigating four data-
centric TL strategies, but their experimentation was limited in scale,
involving only three buildings, without considering the Transformer ar-
chitecture. Similarly, Lu et al. [30] experimented with two strategies on
the LSTM model. Consequently, the potential of combining various TL
techniques with Transformers for building energy consumption forecast-
ing remains largely unexplored.

1.3. Aims of the study

This study aims to comprehensively investigate the effectiveness of
various data-centric TL strategies when applied to Transformer archi-
tectures for building energy consumption forecasting. Specifically, we
seek to answer the following Research Questions (RQs):

e RQI1: What is the best data-centric TL strategy for building energy
consumption forecasting under a given data setup?

e RQ2: What specific features of building energy datasets (e.g. ambient
weather features, climate zone, data volume) influence the effective-
ness of different data-centric TL strategies?

¢ RQ3: How does the performance of various data-centric TL strategies
differ when applied to advanced Transformer architectures specifi-
cally designed for time series forecasting, compared to the vanilla
Transformer models?

! Note that the first two data-centric TL strategies above can be identified as
the zero-shot setup, as the model does not see any target data during training
time.
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Strategy 5

Strategy 6

Strategy 7 Strategy 8

Fig. 1. Data-centric TL strategies.

1.4. Contribution

In order to answer the three RQs listed above, we conducted a large-
scale experiment involving 16 datasets from BDG2 [23]. Our study
makes several key contributions to the field of building energy fore-
casting:

1. Comprehensive analysis of TL Strategies: We conducted experiments
for six out of the eight data-centric transfer learning strategies (1, 2,
5, 6, 7, and 8), making this one of the most comprehensive studies on
the use of TL for building energy forecasting. This broad approach
allows for a rich understanding of how different TL techniques per-
form in various scenarios.

2. Impact analysis of dataset characteristics: We analysed the impact of
the following features in the dataset: climate zone, weather features,
data volume and temporal range.

3. Large-Scale Modelling with Advanced Transformer Variants: In ad-
dition to the vanilla Transformer, we extended our experiments to
include two advanced Transformer variants: Informer and PatchTST.

By combining these elements, our study provides a holistic view of
TL applications on the Transformer architectures for the task of building
energy forecasting models and offers practical insights for researchers
and practitioners in the field of building energy consumption forecast-
ing.

2. Related work
2.1. Transfer learning

Transfer Learning (TL) is an ML technique that makes use of the
knowledge acquired from a source model that has been trained on dif-
ferent, but sufficient datasets to improve the performance of a new
target model from a specific domain where there is insufficient or no
data. The conceptual backbone of TL is structured around two key el-
ements: domains and tasks. A domain is defined by a feature space
X and a corresponding marginal probability distribution P(X), where
X = {x],x3,...,x,} € X. A task consists of a label space Y and an objec-
tive predictive function f(-). Together, these define the specific regres-
sion or classification task at hand.

In the field of building energy consumption forecasting, three types
of input data can be identified: ambient environmental data, historical
data, and time data [31]. Ambient environmental data is usually ob-
tained from the Meteorological Agency or by measuring it in the field.
Examples of environment data types include outdoor temperature, hu-
midity, and solar radiation [31]. Historical data refers to the building
energy consumption data that has already been recorded. Time data
refers to the time of the year. Huy et al. [32] showed that special days
such as New Year and public holidays have an impact on the prediction
accuracy of TL techniques. Time data is particularly important in coun-
tries where distinct seasons are present, and some researchers refer to
such data as seasonal data [33].

These types of data recorded in the context of a building form the
feature space X of the TL problem. Lu et al. [34] argue that every build-
ing is personalised, with their thermal performance and occupant be-

haviour being different. Therefore it is safe to consider each building as
a separate domain [35]. If the source and target domains have the same
feature space, it is termed homogeneous, otherwise heterogeneous.

Based on the nature of source and target tasks and domains, TL can
be categorised into three primary types—inductive, transductive, and
unsupervised [36]. Inductive TL refers to the case where the target task
is different from the source task (source and target domains can be simi-
lar or not), while transductive TL refers to the case where the source and
target domains are different, but the tasks are the same. Transductive TL
is also referred to as ‘domain adaptation’. If the label information is un-
known for both domains, this is considered unsupervised TL. However,
for time series forecasting tasks, the use of unsupervised TL is rather
uncommon.?

Approaches for TL can be categorised into 4 groups: instance-based,
feature-based, parameter-based (aka model-based), and relational-based
approaches. Table 1 shows a non-exhaustive list of past research on
building energy consumption forecasting with TL and DL techniques.
Most of this research can be identified as parameter-based techniques,
with the exception of Fang et al. [37],Li et al. [38,39] and some experi-
ments of Li et al. [40], which are feature-based techniques.

Table 1 also lists the data-centric TL strategy employed by the pre-
vious research. This confirms that the past research, except Laitsos
et al.[29] and Lu et al. [30], experimented with only one data-centric TL
strategy. With respect to various TL strategies described in Fig. 1, out of
the 38 papers we surveyed, 44 % used Strategy 3, followed by Strategy
4, which was used by 23 %. Strategies 6, 5, 1 and 8 were applied by
16 %, 13 %, 8% and 5 %, respectively. To the best of our knowledge, no
studies have investigated strategies 2 and 7.

Further training a model that has already been trained is termed
‘fine-tuning’. When fine-tuning a DL model that consists of multiple lay-
ers, the decision regarding which layers to fine-tune is an important
factor. As shown in Table 1, related research suggests several options.
The simplest option is not to fine-tune layers of the pre-trained model.
In other words, all the layers in the pre-trained model are frozen, and
the model is simply used for inferencing (i.e., test with the target—this
refers to zero-shot learning and is useful when the target has no data
for model training). Fine-tuning all the layers of the pre-trained model
with target data is termed ‘full fine-tuning’ or ‘weight initialisation’. On
the other hand, fine-tuning only the last layer of the pre-trained model
with target data is termed ‘feature extraction’. It is always possible to
fine-tune a custom set of layers of the pre-trained model with target
data. Which layers to fine-tune is important to consider, as the perfor-
mance of transfer learning depends on the similarity between the source
and target domains. The more layers that are fine-tuned, the closer the
model resembles the target domain.

Relatedly, various similarity measurement indexes have been used to
identify source domain(s) similar to the target domain. Jung et al. [45]
used the ‘Pearson Correlation’ for this task, while Lu et al. [34] devel-
oped their own correlation measurement, which they termed ‘Similarity
Measurement Index’. Peng et al. [52] and Li et al. [39] used ‘Dynamic
Time Warping’, combined with ‘Euclidean distance’. Other techniques

2 We did not find any research that claims to use unsupervised TL for building
energy consumption forecasting.
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Summary of TL techniques in building energy consumption forecasting.
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Authors DL Strategy Fine-tuning
Ribeiro et al. [33] MLP Strategy 6 N/A

VoB et al. [41] CNN Strategy 6 N/A

Tian et al. [35] RNN Strategy 3 Full
Hooshmand & Sharma [42] CNN Strategy 4 Last FC layer
Fan et al. [43] LSTM Strategy 4 Last layer, full
Gao et al. [44] CNN & LSTM Strategy 3 Top dense layers
Jung et al. [45] FF Strategy 4 Full

Ma et al. [46] LSTM Strategy 3 Bottom layers
Hu et al. [47] DRN Strategy 3 Not mentioned
Lee et al. [48] LSTM Strategy 4 Full

Li et al. [49] BPNN Strategy 3 Full

Jain et al. [50] FF Strategy 3 Last two layers
Fang et al. [37] LSTM-DANN Strategy 5 N/A

Lu et al. [34] LSTM Strategy 3 Full

Park et al. [51] LSTM, CNN Strategy 3 Partial

Peng et al. [52] LSTM Strategy 3 Last layer

Ahn et al. [31] LSTM Strategy 3 Top/bottom layers
Li et al. [40] LSTM Strategy 3 Last layer

Yan et al. [53] bi-LSTM Strategy 8 Last layer

Kim et al. [54] LSTM Strategy 3 No/Full/Partial
Lu et al. [30] LSTM Str. 3, 4 Partial layers
Tzortzis et al. [55] MLP Strategy 4 Full

Yuan et al. [56] CNN-LSTM Strategy 1 N/A

Yang et al. [57] LSTM Strategy 4 New layers only
Zhou et al. [58] TAB-LSTM Strategy 5 N/A

Fang et al. [59] LSTM Strategy 5 Not mentioned
Gokhale et al. [27] TFT Strategy 4 Full

Laitsos et al. [60] CNN, GRU, CNN-GRU Strategy 1 N/A

Santos et al. [28] TFT Strategy 3 Last/Partial/Full
Laitsos et al. [29] MLP, CNN, ELM Str. 1,3,4,6 Full

Lietal [61] LSTM-DANN Strategy 6 N/A

Kim et al. [62] LSTM Strategy 3 Partial

Xiao et al. [63] LSTM, GRU Strategy 3 Last layer

Wei et al. [64] LSTM Strategy 8 Not mentioned
Xing et al. [65] LSTM, vanilla Transformer Strategy 3 Last layer

Li et al. [38] LSTM Strategy 5 N/A

Li et al. [39] LSTM-DANN Strategy 6 N/A

Wei et al. [66] LSTM Strategy 6 N/A

Abbreviations: 1S: One-source, MS: Multi-source, T: Target, DRN: Deep Residual Network, FF: Feedforward Neural Network,
MLP: Multi-Layer Perceptron, BPNN: Back-Propagation Neural Network, TFT: Temporal Fusion Transformer, DANN: Domain

Adversarial Neural Network, FC: Fully Connected, ELM: Extreme Learning Machine. N/A fine-tuning is not applicable.

include ‘Maximum Mean Dispersion’ [58], ‘Variational Mode Decompo-
sition’ [65] and a combination of ‘Wasserstein Distance’ and ‘Maximal
Information Coefficient’ [64].

In order to further explain results variations when using different
source domains, some studies evaluated the impact of source domain
data volume size [38,61], seasonality [33], and climate zone [31]. Li
et al. [39] investigated the impact of training data volumes, seasonal in-
formation, building type and location, while Park et al. [51] considered
seasonality and occupation level.

2.2. Transformers & their application in building energy consumption
forecasting

The Transformer model (i.e., the vanilla Transformer), introduced
by Vaswani et al. [13] in 2017, represents a significant advancement in
neural network design for processing data sequences. Unlike other neu-
ral networks that rely on recurrent or convolutional layers, the Trans-
former uses a self-attention mechanism to compute outputs based on the
entirety of input sequences directly, which allows it to efficiently han-
dle long-range dependencies. In the context of time series forecasting,
the raw sequential data (e.g., historical measurements) are first con-
verted into vector embeddings, ensuring that numerical features, cate-
gorical features, or both are represented appropriately. Positional en-
codings are then added to these embeddings—commonly computed via
trigonometric functions with varying frequencies—to capture the tem-
poral order that self-attention alone does not inherently model. These
embedded and positionally encoded inputs are passed into the encoder,

a stack of multi-head self-attention and feed-forward layers that learns
representations of the entire sequence. The decoder, which also employs
self-attention, then takes as input either the ground truth or previously
forecast values (embedded and positionally encoded in the same fash-
ion) and attends to the encoders output to generate predictions for future
time steps.

More recently, several advanced Transformer architectures have
been introduced for the general problem of time series forecasting.
Some of these architectures are Frequency Enhanced Decomposed
Transformer (FEDformer), Informer, Patch Time Series Transformer
(PatchTST), and Temporal Fusion Transformer (TFT).

FEDformer model combines frequency domain analysis with the
Transformer architecture. It decomposes time series data into differ-
ent frequency components and applies attention mechanisms in both
time and frequency domains, potentially capturing both short-term and
long-term patterns more effectively. Informer is designed to address
the quadratic computational complexity of standard Transformers. It
uses a ProbSparse self-attention mechanism. This allows it to handle
longer sequences more efficiently, making it particularly suitable for
long-term time series forecasting tasks. PatchTST architecture adapts
ideas from vision Transformers to time series data. It divides the in-
put time series into patches, similar to how image patches are used in
vision Transformers. This approach can capture local patterns within
patches while maintaining the ability to model long-range dependen-
cies. TFT is specifically designed for multi-horizon forecasting with
multiple related time series. It incorporates specialised components for
processing static covariates, known future inputs and observed inputs,
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Model:
Vanilla Transformer
Data:
Strategy: 3 Research Questions: Individual | 2-Combined |
1,2,5,6,7&8 RQ1|RQ2 3-Combined | Full
Ensemble
Model:
Vanilla Transformer |
PatchTST | Informer
Strategy: Research Question: Data:
6&8 Full Ensemble

Fig. 2. Conceptual diagram of the research framework.

making it well-suited for complex forecasting scenarios with multiple
input types.

Out of these, TFT, which is relatively older has been experimented
with by several researchers for the task of energy consumption forecast-
ing [20,32,67-70], and one has used FEDformer [71]. Hertel et al. [72]
evaluated multiple time series Transformer architectures: vanilla Trans-
formers, convolutional self-attention Transformer, and Informer, and re-
ported that the latter two are superior. The TL research that used Trans-
former models has primarily focused on the TFT architecture [27,28].
Gokhale et al. [27] applied TFT with TL for demand forecasting in home
energy management systems, while Santos et al. [28] explored various
fine-tuning strategies using TFT for short-term load forecasting in data-
poor buildings within local energy communities. These studies demon-
strate the growing interest in leveraging advanced Transformer archi-
tectures.

3. Methodology and experimentation

In order to answer the research questions, we experimented with dif-
ferent data-centric TL strategies, using different dataset combinations
mentioned above and three different Transformer variants. Fig. 2 de-
picts the conceptual research framework. In order to answer RQ1, we

implemented six of the eight data-centric TL strategies (1-2 and 5-8)
on the vanilla Transformer (see Fig. 3). Strategies 3 and 4 were not con-
sidered because if target data is available, fine-tuning a model by com-
bining that target data with the source data (strategies 5-8) is always
beneficial. As the source domain data, we used the individual datasets,
as well as combinations of datasets (2, 3 and all the datasets). In order
to answer RQ2, we combined and truncated individual datasets as nec-
essary (Fig. 4). For investigating RQ3, we experimented with PatchTST
and Informer, in addition to the vanilla Transformer.

3.1. Performance comparison of different TL strategies with vanilla
transformers

For the vanilla Transformer, we implemented six of the eight data-
centric TL strategies (1-2 and 5-8), as mentioned above.

Baseline. We trained vanilla Transformer models with the training split
of each dataset and tested with the corresponding test split of the same
dataset.

Strategy 1 (single source zero-shot). We used the baseline models for
zero-shot testing on other datasets. Here, the ‘source’ data is the dataset

Zero-shot

Target
Test (10%)

Source
Train+Val (70%+20%)

(a) Strategy 1: (1S — T). Train on one Source only,
then zero-shot test on Target.

One-stage

1S+T
—>

Train+Val (70%+20%)

Target
Test (10%)

(c) Strategy 5: (1S + T — T). Merge one Source +
Target in a single training stage, then test.

Stage 1 Stage 2

1S+T
Main Train

Target Target
Fine-tune Test

(e) Strategy 7: (1S+ T — FT — T). Two-stage: train
on (1S+T), then fine-tune and test on Target.

Multi-source Zero-shot

Train+Val (70%+20%)

Target
Test (10%)

(b) Strategy 2: (MS — T). Train on multiple Sources,
then zero-shot test on Target.

One-stage

MS+T
—

Train+Val (70%+20%)

Target
Test (10%)

(d) Strategy 6: (MS + T — T). Merge multiple
Sources + Target in one stage, then test.

Stage 1 Stage 2

MS+T
Main Train

Target Target
Fine-tune Test

(f) Strategy 8: (MS + T — FT — T). Two-stage:
train on (MS+T), then fine-tune and test on Target.

Fig. 3. The Six Chosen Data-Centric Transfer Learning Strategies in This Study. Each box indicates a training or fine-tuning stage (the first 70 % of data), followed

by validation (20 %) on the same dataset(s), and final testing (10 %) on the target.
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o  Unmodified individual : Original, unprocessed datasets from BDG2.

¢ Unmodified combined : Combinations of two or more original datasets without modifications (meaning that
these original datasets may vary with respect to climate zone, building count, etc).

¢ Uniform : Combinations standardised across all features for consistent evaluation (meaning that these original
datasets have the same values with respect to climate zone, building count, etc.).

¢ Climate-variant : Combined datasets vary only by the geographical location.
¢ Building count-variant : Combined datasets vary only by the number of buildings included in the dataset.
e Weather feature-variant : Combined datasets vary only with respect to the weather features.

e« Temporal range-variant : These combinations align datasets with different original time spans.

Fig. 4. Colour coding scheme that describes the variation in feature spaces of the combined datasets.

Table 2

Temporal range-variant and truncated dataset combinations.

Dataset Composition Key Modifications
Peacock + 36 Buildings each, Wolftruncatedl is derived from the original Wolf dataset by re-
Wolftruncatedl Climate Zone 5A ducing its number of weather features from 6 to 3 to match the
Peacock dataset.
Eagletruncatedl 50 Buildings each, Eagletruncatedl is a version of the Eagle dataset where the num-
-+ Robin Climate Zone 4A ber of buildings is reduced from 87 to 50 to match the Robin
dataset.
Bear + 73 Buildings each, Bear: Foxtruncatedl is created from the Fox dataset by reducing the
Foxtruncated1 Climate Zone 3C, number of buildings from 127 to 73 to match the Bear dataset.
Foxtruncatedl: Climate
Zone 2B
Bobcat + 7 Buildings each, Moosetruncated]l is derived from the Moose dataset by reducing
Moosetrun- Bobcat: Climate Zone the number of buildings from 9 to 7 to match the Bobcat dataset.
catedl 5B, Moosetruncatedl:
Climate Zone 6A
Lamb + 41 Buildings each, Robintruncatedl is created by reducing the number of weather
Robintruncatedl Climate Zone 4A features in the Robin dataset from 5 to 4 to match the Lamb
dataset.
Bulltruncatedl1 Bulltruncatedl: 41 Bulltruncatedl is derived from the Bull dataset by reducing the
+ Gator Buildings, Gator: 29 number of weather features from 3 to 0 to match the Gator dataset,
Buildings, Climate Zone which has no weather features.
2A
Hogtruncated1l 9 Buildings each, Hogtruncated1 is derived from the Hog dataset by retaining only
+ Moosetrun- Climate Zone 6A 35% of the data for training, excluding 35% by zero-padding in the
cated2 middle, and using the remaining 30% for validation and testing.
Moosetruncated?2 is obtained by excluding the first 35% of data
through zero-padding, using the next 35% for training, and the
final 30% for validation and testing.
Hogtruncated2 9 Buildings each, Hogtruncated?2 is created from the Hog dataset without zero-
+ Moosetrun- Climate Zone 6A padding, using a standard 70% training and 30% validation/testing
cated2 split. Moosetruncated?2 is the same as in the previous combina-

tion.




Spencer et al.

Energy & Buildings 336 (2025) 115632

Table 3
Dataset characteristics and experiment categories.

Dataset B Cz AT DT SLP WD WS CcC
Bear 73 3C 1 1 1 1 1 0
Bobcat 7 5B 1 1 1 1 1 0
Bull 41 2A 1 1 1 0 0 0
Cockatoo 1 6A 1 1 1 1 1 0
Crow 4 6A 1 1 1 1 1 0
Eagle 87 4A 1 1 1 1 1 0
Fox 127 2B 1 1 1 1 1 0
Gator 29 2A 0 0 0 0 0 0
Hog 24 6A 1 1 1 1 1 0
Lamb 41 4A 1 1 0 1 1 0
Moose 9 6A 1 1 1 1 1 0
Mouse 3 4A 1 1 1 1 1 0
Peacock 36 5A 1 1 1 0 0 0
Rat 251 4A 1 1 1 1 1 0
Robin 50 4A 1 1 1 1 1 0
Wolf 36 5A 1 1 1 1 1 1
Bull + Cockatoo + Hog 66 MC 3x1 3x1 3x1 2x1,1x0 2x1,1x0 3x0
Bear + Fox 200 MC 2x1 2x1 2x1 2x1 2x1 2x0
Bobcat + Moose 16 MC 2x1 2x1 2x1 2x1 2x1 2x0
Bull + Gator 70 2A  1x1,1x0 1x1,1x0 1x1,1x0 2x0 2x0 2x0
Crow + Robin 54 MC 2x1 2x1 2x1 2x1 2x1 2x0
Hog + Moose 33 6A 2x1 2x1 2x1 2x1 2x1 2x0
Lamb + Robin 91 4A 2x1 2x1  1x1,1x0 2x1 2x1 2x0
Mouse + Rat 254 4A 2x1 2x1 2x1 2x1 2x1 2x0
Peacock + Wolftruncated1 362 5A 2x1 2x1 2x1 2x0 2x0 2x0
Eagletruncatedl + Robin 50x2 4A 2x1 2x1 2x1 2x1 2x1 2x0
Bear + Foxtruncatedl 73x2  MC 2x1 2x1 2x1 2x1 2x1 2x0
Bobcat + Moosetruncated1 7x2 MC 2x1 2x1 2x1 2x1 2x1 2x0
Eagle + Robin 87x1,50x1 4A 2x1 2x1 2x1 2x1 2x1 2x0
Bulltruncatedl + Gator 41x1,29x1  2A 2x0 2x0 2x0 2x0 2x0 2x0
Peacock + Wolf 36x2 5A 2x1 2x1 2x1  1x1,1x0 1x1,1x0 1x1,1x0
Lamb + Robintruncatedl 41x2 4A 2x1 2x1  1x1,1x0 2x1 2x1 2x0
Hogtruncatedl + 9x2 6A 2x1 2x1 2x1 2x1 2x1 2x0
Moosetruncated2

Hogtruncated2 + 9x2 6A 2x1 2x1 2x1 2x1 2x1 2x0
Moosetruncated2

Full Ensemble 819 MC 15x1,1x0 15x1,1x0 14x1,2x0 13x1,3x0 13x1,3x0 1x1,15%0

Abbreviations: B: Number of buildings, CZ: Climate Zone, MC: Mixed Climates, AT: Air Temperature, DT: Dew Temperature, SLP: Sea Level Pressure, WD:
Wind Direction, WS: Wind Speed, CC: Cloud Coverage, MC: different climate zones.

Colour coding: Unmodified individual , Unmodified combined ,

Temporal range-variant Full Ensemble

Uniform
s

Climate-variant Building count-variant ‘Weather feature-variant
)

>
For combined datasets, entries show the count of each feature value (e.g., 2x 1,1 x 0 means two ‘1’ values and one ‘0’ value). Full Ensemble includes all
unmodified individual datasets. Truncation (indicated by ‘truncatedl’ or ‘truncated2’ appended to dataset names) refers to reducing one or more of these:
the number of buildings, the number of weather features, or the temporal range of the dataset.

used to train the model, whereas the ‘target’ data is any external dataset
on which zero-shot inference is carried out. No additional training oc-
curs on the target data in this scenario.

Strategy 2 (multi-source zero-shot). We trained models on combinations
of datasets and tested them on the test splits of other datasets (I.e. those
that were not used in training).The combinations included two-dataset
combinations and one three-dataset combination. In this scenario, mul-
tiple datasets serve as the source for training, while the unseen dataset
is the target.

Strategies 5 and 6. We reused the models trained under Strategy 2 and
tested them with the test splits of the datasets that were used to train

those models. In addition, we tested with the full ensemble (combining
all datasets).

Strategy 7 (fine-tuning two-dataset models). We further fine-tuned the
models trained on two-dataset combinations with additional training
on each target dataset alone.

Strategy 8 (fine-tuning three-dataset models and full ensemble models). We
further fine-tuned the models trained on three-dataset combinations and
the full ensemble model on each individual dataset.

During fine-tuning, we adjusted all parameters of the model without
freezing any layers. The findings of Santos et al. [28] support this ap-
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An excerpt from the Wolf dataset in BDG2, illustrating hourly energy consumption and wind data.

datetime_index Wolf_assembly_Sallie (kWh)

Wolf_education_Cody (kWh)

windDirection (deg) windSpeed (m/s)

2016-01-01 00:00 154.33 9.89
2016-01-01 01:00 154.47 12.90
2016-01-01 02:00 154.17 10.44
2016-01-01 03:00 152.62 9.87

200 5
190 3
170 3
170 4

Note. Additional weather columns (e.g., airTemperature, cloudCoverage, dewTemperature, seaLvlPressure) are

present in the full dataset but omitted here for brevity.

proach, which demonstrated the benefits of fine-tuning all parameters
on Transformers instead of freezing layers in load forecasting contexts.

3.2. Evaluation of Transformer variants

We extended our experiments to include advanced Transformer vari-
ants: Informer and PatchTST, to compare their performance under sim-
ilar experimental conditions. For both Informer and PatchTST architec-
tures, we conducted the following experiments: baseline experiments
(Trained only on each dataset individually), Strategy 6 (full ensemble
model) and Strategy 8 (further fine-tuning full ensemble model on indi-
vidual targets).

3.3. Dataset description

This study employs a comprehensive and diverse collection of
datasets from the BDG2. The datasets include hourly energy consump-
tion data for various buildings across multiple geographic locations and
climate zones, such as educational institutions, offices, and public build-
ings. Each dataset exhibits a unique combination of features that influ-
ence energy consumption:

e Load Type: All datasets focus on building energy consumption.

¢ Datetime Range and Number of Rows: The data spans two full years
(01/01/2016-31/12/2017), with each dataset containing 17,544
hourly records, 53.6 million in total. This provides a substantial tem-
poral range for analysing seasonal variations and trends in energy
use.

Granularity: Data is recorded hourly, allowing for detailed analysis
of daily and seasonal peaks in energy demand.

e Actual Site Name and Location: Researchers collected data from 19
sites across North America and Europe, anonymising some datasets
while specifying other locations. This variation allows researchers
to explore how regional climate conditions and building practices
influence energy consumption.

Climate Conditions: The datasets are categorised using ASHRAE cli-
mate zones [73] (e.g., ‘3C - Warm and marine’), enabling the study
of climate-specific energy usage patterns and the development of tai-
lored forecasting models.

Building and Weather Features: Detailed information on operational
characteristics (e.g., building type and usage) and weather condi-
tions (e.g., temperature, humidity) is included.

In this study, each dataset is initially split into 70 % training (years
2016-2017 with partial daily coverage), 20 % validation, and 10 %
testing segments, chronologically. This ensures no data leakage from
the future into the training period.

3.4. Data preprocessing and dataset combinations

The BDG2 datasets underwent initial cleaning by the original dataset
authors, though further preprocessing was necessary to refine the data
quality for load forecasting. Using statistical thresholds, we identified
outlier buildings and weather features, then employed the ProEnFo
package, as described by Wang et al. [74], to further clean the datasets.
Buildings with 10 % or more missing values were removed to maintain

data integrity, and remaining missing data points were imputed using
linear interpolation, applied consistently across all datasets. This uni-
form imputation method ensures that differences in model performance
are not confounded by divergent approaches to missing-data handling.
After interpolation, we eliminated columns with more than 3000 zero
values and converted timestamp data into a date-time index for time
series analysis.

Following pre-processing, 16 datasets remained. We label each
dataset as a source if used for model training, and as a target if serving
for zero-shot or fine-tuned testing. For experiments involving multiple
sources, we combined selected datasets to create variations in feature
spaces, such as weather variables, building counts, or temporal ranges.
To simulate data shortage scenarios, we introduced truncated datasets
by reducing available columns, limiting training periods, or removing
building data. These truncations took three forms: weather feature re-
moval, temporal range reduction with zero-padding, and building data
elimination. The final set of datasets and their characteristics are de-
tailed in Table 3. An excerpt of the dataset is shown in Table 4.

3.5. Experimental setup

Our implementation builds upon the work of Hertel et al. [16] for the
Vanilla Transformer, Informer, and PatchTST models. We maintained
their hyper-parameters with minor adjustments to the learning rate:
0.0001 for strategies 1, 2, 5, and 6, and 0.00001 for strategies 7 and 8.
The models were trained using an NVIDIA GeForce RTX 3090 GPU and
implemented with PyTorch running on Python 3.10. We use a default
input context window of 168 hourly time steps and generate multi-step
forecasts for 24h and 96h horizons. Performance evaluation follows
previous research, using MAE for primary discussion and MSE results
provided in the Appendix.

Our study encompasses 332 unique experiments, each conducted
three times with different seeds to ensure robustness, resulting in 996 to-
tal models. Each experiment represents a unique combination of dataset
configuration, transfer learning strategy, forecast horizon, and model ar-
chitecture.

The experimental design spans multiple model architectures, with
the Vanilla Transformer receiving the most extensive testing (200 ex-
periments), followed by Informer and PatchTST (66 experiments each).
This comprehensive approach allows us to evaluate performance across
different architectural choices and TL strategies, particularly in sce-
narios involving data shortage through truncated or weather-feature-
limited datasets. The complete distribution of experiments across differ-
ent strategies and architectures is detailed in Table 5.

4. Evaluation
4.1. Results of zero-shot testing

These results correspond to Strategies 1 and 2. Tables 6 and 7 show
the MAE results for 24 h and 96 h forecasting, respectively (Correspond-
ing MSE results can be found in Tables A.10 and A.11 in Appendix).
The top part of the table contains results for models trained with indi-
vidual datasets. The bottom part shows the models trained with multi-
ple datasets. In these tables, values highlighted in grey are the baseline
results (i.e. train and test set belong to the same dataset). For models
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Summary of models trained across strategies and architectures.

Strategy Experiments  Total models
Vanilla Transformer

Baseline 38 114
Strategy 2 (Multi-source Zero-shot) 44 132
Strategy 7 (Fine-tuning Two-Dataset Models) 80 240
Strategy 8 (Fine-tuning Three-Dataset Models) 6 18
Strategy 8 (Fine-tuning Full Ensemble Models) 32 96
Subtotal 200 600
Informer

Baseline 32 96
Strategy 6 (Non-fine-tuned Full Ensemble Models) 2 6
Strategy 8 (Fine-tuning Full Ensemble Models) 32 96
Subtotal 66 198
PatchTST

Baseline 32 96
Strategy 6 (Non-fine-tuned Full Ensemble Models) 2 6
Strategy 8 (Fine-tuning Full Ensemble Models) 32 96
Subtotal 66 198
Grand Total 332 996

trained with multiple datasets, when a model is tested with a dataset
that is included in the model, those columns are highlighted in pur-
ple. To reiterate, results highlighted in grey or purple are not zero-shot
results—these were included in the tables for comparison purposes.

Baseline results. Even in baseline experiments, a significant variation
in the results can be observed. In general, datasets with more building
data show better performance than those with a lesser number of build-
ings. For example, datasets (except Bear and Cockatoo) that have at
least about 30 buildings show an MAE less than 0.3 for the 24 h horizon
forecasting case. However, it is difficult to say this observation always
strictly holds. The correlation between the number of buildings and the
MAE for the 24h horizon baseline results is R = —0.356, p = 0.05, in-
dicating a modest negative correlation, while for the 96 h baseline re-
sults, the correlation is R = —0.413, p = 0.03. These results suggest that
increasing building counts tend to slightly reduce the forecast error,
but the relationship is not strictly linear, possibly due to variations in
data quality. Yuan et al. [56] also mention that it is not possible to re-
move all the noise and errors only by pre-processing. To analyze the
impact of temporal range truncation (which simulates a low-data sce-
nario), we consider the Moose and Hog datasets and their truncated
versions (Moosetruncated2, Hogtruncatedl, and Hogtruncated2). For
Moose, which has data from only 3 buildings, temporal truncation re-
sults in a significant performance drop. For Hog, which has data from
24 buildings, no such drastic reduction is observed. Hogtruncated?2 re-
ports a slight increase over Hog, while Hogtruncatedl (zero-padded)
shows degraded performance compared to Hog. This indicates that when
the number of buildings is low, prediction results are impacted by data
scarcity.

Zero-shot on individual dataset models (Strategy 1). Models trained on
larger datasets (e.g. Fox with 127 buildings, Rat with 251 buildings)
generally performed better in zero-shot scenarios compared to those
trained on smaller datasets (e.g. Cockatoo with 1 building, Crow with
4 buildings, Mouse with 3 buildings, and Moose with 9 buildings), with
datasets containing more than 70 buildings achieving an average MAE
of 0.370+0.075 compared to 0.497 +0.098 for datasets with fewer
than 10 buildings, representing a 25.5% improvement. Some models
even outperformed their relevant baseline, with the Fox model showing
improvements of 1-8.2% over baseline for 8 different datasets (with
the highest improvements for Bobcat at 8.2% and Crow at 6.1 %), and
the Rat model showing improvements of 0.6-6.7 % over baseline for 5
datasets (with the highest improvements for Crow at 6.7 % and Bobcat
at 4.8 %) in the 24 h experiments. These results align with observations

of prior research, which also observed that higher amounts of source
domain data are beneficial for TL [28,40,59].

We also computed the correlation between the source dataset size
and the average zero-shot MAE across all target datasets. For the 24 h ex-
periments, this correlation is R = —0.442, p = 0.02, implying that source
datasets with more buildings generally yield better zero-shot results
across multiple targets.

Extreme differences between the weather features of source and tar-
get datasets cause a large impact as well. For example, zero-shot results
derived from the Gator model (the Gator dataset does not record any
weather feature) show consistently worse results across datasets. On the
contrary, just because two datasets share the same weather features and
climate zone, this does not guarantee optimal performance when trans-
ferring models between them. We can see this clearly in our analysis of
the Robin, Rat, Mouse, and Eagle datasets. While all these datasets con-
tain identical weather features and come from the same climate zone,
models trained on one dataset often do not perform best when tested on
another. In the case of Robin for example—when we used it as our test
dataset for 24 h forecasts, the best results came from models trained on
Fox, Bear, and Peacock datasets, rather than from the seemingly more
similar datasets (Rat, Mouse, or Lamb). Mouse was the only exception
to this pattern, where the shared features and climate zone actually did
lead to the best performance.

Combined dataset models (Strategy 2). Combined dataset models often
outperformed individual dataset models in zero-shot scenarios by 15.9 %
(average MAE of 0.367 vs. 0.437), suggesting improved generalisa-
tion. However, due to the observations discussed above, blindly com-
bining multiple data sources will not provide better results over using
a single source dataset. For example, Bull (separately) combined with
Cockatoo, Gator and Hog shows dissimilar results - Bull + Cockatoo and
Bull + Gator degrade performance by 0.2 % and 1.1 % respectively while
Bull + Hog improves by 1.5 % compared to Bull’s baseline MAE of 0.475.

The impact of the weather features and the dataset size is evident in
these experiments as well. For example, when weather data of Wolf are
removed to obtain Wolftruncatedl to match with the weather features
of Peacock, the result of Peacock + Wolftruncated1 falls below the result
of Peacock + Wolf (0.329 MAE). Similarly, when the building count of
Eagle is reduced to obtain Eagletruncatedl to match with Robin, the re-
sult of Robin + Eagletruncated1 falls below Robin + Eagle (0.254 MAE).

Our analysis reveals a consistent degradation in forecast accuracy
when moving from 24h to 96h predictions. Looking at average MAE
values across different model configurations: models related to Strategy
2 showed the most resilient performance, with mean MAE increasing
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from 0.367 to 0.463 (a 26.0 % degradation); models related to Strat-
egy 1 showed slightly higher degradation, with mean MAE increasing
from 0.430 to 0.554 (a 28.6 % increase). This systematic degradation in
longer-horizon forecasts aligns with prior observations that shorter-term
forecasting is typically more accurate in time series prediction [61].

Average gains over baselines. We computed the average gains over the
corresponding baselines for the 16 BDG2 datasets under the best-
performing TL strategies. For 24 h forecasts, smaller datasets (fewer than
10 buildings) saw an average improvement of 12.8 %, medium-sized
datasets (10-70 buildings) improved by 8.1 %, and large datasets (over
70 buildings) improved by 5.5 %. This indicates that data-scarce scenar-
ios benefit more from TL, whereas large datasets can still gain but to a
lesser degree.

4.2. Results comparison of strategies 5-8

Table 8 shows the results for models trained by combining 2 or 3
datasets. Table 9 reports results for Strategies 6 and 8 considering the
ensemble model trained with all the datasets. Note that in both these
tables, the first six rows refer to strategies 6 and 8. All the other results
refer to strategies 5 and 7. In both the tables, the first ‘Imp’ column
shows the improvement of strategy 5/6 over baseline. The second ‘Imp’
column shows the improvement of strategy 7/8 over the baseline.

4.2.1. Strategies 5 and 6
We make the following observations from our results for Strategy 5:

¢ Temporal alignment across the combined datasets: Combin-
ing two datasets representing different time periods hurt both
datasets (e.g. Hogtruncated2+ Moosetruncated2). However, zero-
padding the datasets to align the temporal ranges of data results
in positive gains for both datasets (e.g. Hogtruncated1 + Moosetrun-
cated?2).

e Weather feature consistency: When the recorded weather features
have a large deviation, results can degrade. For example, Bull (with
AT, DT, SLP) combined with Gator (no weather features) shows a
degradation in results for both datasets. Similarly, despite having the
same climate zone, the differing weather features of Peacock (with
AT, DT, SLP) and Wolf (with AT, DT, SLP, WD, WS, CC) lead to a
results degradation in the Peacock + Wolf dataset for Peacock. Ar-
tificially reducing the weather features to align the feature spaces
of the two datasets does not help either of the datasets and results
are usually below the baseline (e.g. Lamb + Robintruncated, Bull-
truncated + Gator, Peacock + Wolftruncated). Xing et al. [65] also re-
ported that weather feature mismatch can lead to results degrada-
tion.

¢ Building count differences: When combining datasets of drastically
different sizes, the combined model underperforms or shows mini-
mal gains against the baseline for the larger dataset. This observation
is similar to the negative interference experienced by high-resource
languages when trained with low-resource languages in a multilin-
gual setup [75]. However, the smaller dataset gets a positive benefit
(e.g. Mouse + Rat, Crow + Robin, Bear + Fox).

¢ Climate zone considerations: Combining datasets from different
climate zones does not necessarily harm performance if other fac-
tors (i.e. weather features and building counts) align. For exam-
ple, despite Bobcat and Moose being from different climate zones
(5B and 6A respectively), Bobcat +Moose show improvements over
the baseline for both datasets. Similar observations hold for Bob-
cat+Moosetruncatedl and Lamb+ Robin. We believe this is an im-
portant finding, because the previous research that claimed the high
impact of climate zone has not considered the variation of other fea-
tures [31,44,59].

As for Strategy 6, combining three datasets provides mixed results
compared to the baseline. For example, the Bull + Cockatoo + Hog model
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merely matches the Bull 96 h baseline (both 0.602). However, scaling
up to include more datasets shows promise. Training an ensemble model
with all available datasets outperforms baseline for 87.5 % of datasets in
24h forecasting, though this drops to just 43.8% for 96 h forecasting.
When compared to smaller combinations, the full ensemble performs
better in 75.0 % of cases for 24 h and 50.0 % for 96 h forecasts. This sug-
gests that larger ensembles are generally better, as evidenced by previ-
ous research as well [30]. However, there are exceptions - Bear + Fox is
an example where the full ensemble model fails to derive the best re-
sult - Bear + Fox performs equally well as the full ensemble model for
Bear in 24 h forecasts (both 0.291) and better in 96 h forecasts (0.367
vs. 0.393). Moreover, for datasets with very different weather feature
information like Gator (no weather features), the full ensemble model
underperforms compared to the baseline at both horizons (0.323 vs.
0.292 for 24 h, 0.529 vs. 0.503 for 96 h).

4.2.2. Strategy 7 and 8

Under Strategy 7, after training a target dataset with a source dataset,
further fine-tuning that model with the target data is beneficial in 85.2 %
of 24 h cases and 77.8 % of 96 h cases. However, when there are discrep-
ancies among the target and source datasets, this gain can be less. In
particular, when the feature spaces differ with respect to weather fea-
tures between two datasets, even further fine-tuning is not enough to
beat the baseline (e.g. Bulltruncated + Gator case). On the other hand,
further fine-tuning the ensemble model trained with all the datasets with
individual datasets (Strategy 8) always beats the baseline. However, in
18.8 % of experiments (for both 24h and 96 h horizons), further fine-
tuning results fall below the result of Strategy 6, or just on-par (e.g. Bull
96 h: 0.571 vs. 0.565, Cockatoo 24 h: both 0.432). Such results question
the utility of Strategy 8, given the fine-tuning overhead.

4.3. Comparison of different transformer models

The result comparison of models trained using all the datasets on
vanilla Transformer, Informer and PatchTST are shown in Fig. 5 for
the following datasets: Bear, Bobcat, Bull, Cockatoo, Crow and Eagle.
Graphical results for other datasets, as well as the tabular version of the
results, are in the Appendix. Results of Informer and PatchTST confirm
the general trend we observed in the context of vanilla Transformers - re-
sults of Strategy 8 are the best, followed by those of Strategy 6. We also
note that PatchTST overall shows the best performance. On the other
hand, Informer results are on par with that of vanilla Transformer, and
sometimes even worse than that of vanilla Transformer.

4.4. Comparison of inference speed

To further assess real-time feasibility, we evaluated the inference
speed of each architecture on an NVIDIA GeForce RTX 3090, using a
batch size of 128 over 100 runs and averaging the forward pass latency.
In our tests, the vanilla Transformer and FEDformer achieved inference
times of approximately 15-25ms per batch, while PatchTST hovered
around 170-185ms. Fine-tuning on multiple sources imposed only a
marginal increase in latency (less than 5% overhead), indicating that
multi-source or two-stage training does not significantly affect inference
speed.

5. Discussion
5.1. Answering the research questions

With the insights derived from the results reported in Section 4, we
now revisit the three research questions.

RQ1: What is the best data-centric TL strategy for building energy con-
sumption forecasting under a given data setup?

If the target domain has no data, zero-shot TL can be employed. If mul-
tiple source datasets are available, training a single source model with
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Table 8
Performance summary (reported in MAE) for two- and three-dataset combinations (Vanilla Transformer).

Combo Test Hor Baseline Strategy 5/6 Imp Strategy 7/8 Imp

Set MAE MAE (%) MAE (%)
Bull + Cockatoo +Hog Bull 24h 0.475 0.469 1.3% 0.466 1.9%
Bull + Cockatoo +Hog Bull 96h 0.602 0.604 -0.3% 0.602 0.0%
Bull + Cockatoo +Hog Cockatoo 24h 0.468 0.455 2.8% 0.445 4.9%
Bull + Cockatoo + Hog Cockatoo 96h 0.600 0.598 0.3% 0.587 2.2%
Bull + Cockatoo +Hog Hog 24h 0.336 0.322 4.2% 0.318 5.4%
Bull + Cockatoo +Hog Hog 96h 0.470 0.454 3.4% 0.458 2.6%
Bear + Fox Bear 24h 0.305 0.291 4.6 % 0.286 6.2%
Bear +Fox Bear 96h 0.375 0.367 21% 0.363 3.2%
Bear + Fox Fox 24h 0.268 0.264 1.5% 0.257 4.1%
Bear + Fox Fox 96h 0.325 0.329 -1.2% 0.320 1.5%
Bobcat + Moose Bobcat 24h 0.415 0.399 3.9% 0.393 5.3%
Bobcat + Moose Bobcat 96h 0.543 0.519 4.4% 0.507 6.6 %
Bobcat + Moose Moose 24h 0.294 0.278 5.4% 0.271 7.8%
Bobcat + Moose Moose 96h 0.377 0.364 3.4% 0.355 5.8%
Bull + Gator Bull 24h 0.475 0.480 -1.1% 0.467 1.7%
Bull + Gator Bull 96h 0.602 0.602 0.0% 0.596 1.0%
Bull + Gator Gator 24h 0.292 0.312 -6.8% 0.289 1.0%
Bull + Gator Gator 96h 0.503 0.525 -4.4% 0.512 -1.8%
Crow + Robin Crow 24h 0.359 0.313 12.8% 0.311 13.4%
Crow + Robin Crow 96h 0.476 0.423 11.1% 0.424 10.9%
Crow + Robin Robin 24h 0.254 0.255 -0.4% 0.253 0.4%
Crow + Robin Robin 96h 0.344 0.339 1.5% 0.335 2.6%
Hog +Moose Hog 24h 0.336 0.323 3.9% 0.322 4.2%
Hog +Moose Hog 96h 0.470 0.464 1.3% 0.463 1.5%
Hog +Moose Moose 24h 0.294 0.297 -1.0% 0.280 4.8%
Hog +Moose Moose 96h 0.377 0.402 -6.6 % 0.367 2.7%
Lamb + Robin Lamb 24h 0.208 0.185 11.1% 0.191 8.2%
Lamb + Robin Lamb 96h 0.269 0.260 3.3% 0.251 6.7 %
Lamb + Robin Robin 24h 0.254 0.248 2.4% 0.247 2.8%
Lamb + Robin Robin 96h 0.344 0.338 1.7% 0.337 2.0%
Mouse + Rat Mouse 24h 0.365 0.348 4.7 % 0.338 7.4%
Mouse + Rat Mouse 96h 0.532 0.475 10.7% 0.462 13.2%
Mouse + Rat Rat 24h 0.293 0.294 -0.3% 0.294 -0.3%
Mouse + Rat Rat 96h 0.413 0.414 -0.2% 0.413 0.0%
Peacock + Wolftruncated1 Peacock 24h 0.316 0.329 -4.1% 0.320 -1.3%
Peacock + Wolftruncated1 Peacock 96h 0.411 0.435 -5.8% 0.414 -0.7%
Peacock + Wolftruncated1 Wolf 24h 0.387 0.376 2.8% 0.374 3.4%
Peacock + Wolftruncated1 Wolf 96h 0.453 0.462 -2.0% 0.456 -0.7%
Eagletruncatedl + Robin Eagle 24h 0.384 0.368 4.2% 0.363 5.5%
Eagletruncatedl + Robin Eagle 96h 0.481 0.428 11.0% 0.427 11.2%
Eagletruncatedl +Robin Robin 24h 0.254 0.368 -44.9% 0.254 0.0%
Eagletruncatedl + Robin Robin 96h 0.344 0.502 -45.9% 0.336 2.3%
Bear + Foxtruncated1 Bear 24h 0.305 0.295 3.3% 0.289 5.2%
Bear + Foxtruncated1 Bear 96h 0.375 0.371 1.1% 0.363 3.2%
Bear + Foxtruncated1 Foxtruncated1 24h 0.268 0.273 -1.9% 0.259 3.4%
Bear + Foxtruncated1 Foxtruncated1 96h 0.325 0.336 -3.4% 0.320 1.5%
Bobcat + Moosetruncatedl Bobcat 24h 0.415 0.400 3.6% 0.398 4.1%
Bobcat + Moosetruncatedl Bobcat 96h 0.543 0.521 4.1% 0.512 5.7 %
Bobcat + Moosetruncatedl Moose 24h 0.294 0.282 4.1% 0.274 6.8%
Bobcat + Moosetruncatedl Moose 96h 0.377 0.370 1.9% 0.356 5.6 %
Eagle +Robin Eagle 24h 0.384 0.368 4.2% 0.363 5.5%
Eagle + Robin Eagle 96h 0.481 0.428 11.0% 0.427 11.2%
Eagle + Robin Robin 24h 0.254 0.368 -44.9% 0.254 0.0%
Eagle +Robin Robin 96h 0.344 0.502 -45.9% 0.336 2.3%
Bulltruncated1 + Gator Bull 24h 0.475 0.483 -1.7% 0.466 1.9%
Bulltruncated1 + Gator Bull 96h 0.602 0.611 -1.5% 0.591 1.8%
Bulltruncatedl + Gator Gator 24h 0.292 0.308 -5.5% 0.287 1.7%
Bulltruncated1 + Gator Gator 96h 0.503 0.524 -4.2% 0.512 -1.8%
Peacock + Wolf Peacock 24h 0.316 0.329 -4.1% 0.320 -1.3%
Peacock + Wolf Peacock 96h 0.411 0.429 -4.4% 0.412 -0.2%
Peacock + Wolf Wolf 24h 0.387 0.379 21% 0.381 1.6%
Peacock + Wolf Wolf 96h 0.453 0.455 -0.4% 0.458 -1.1%
Lamb + Robintruncated1 Lamb 24h 0.208 0.218 -4.8% 0.197 5.3%
Lamb + Robintruncated1 Lamb 96h 0.269 0.304 -13.0% 0.273 -1.5%
Lamb + Robintruncated1 Robintruncatedl 24h 0.254 0.271 -6.7 % 0.252 0.8%
Lamb + Robintruncated1 Robintruncated1 96h 0.344 0.358 -4.1% 0.338 1.7%
Hogtruncated1 + Moosetruncated2 Hogtruncatedl 24h 0.417 0.364 12.7% 0.367 12.0%
Hogtruncated1 + Moosetruncated2 Hogtruncated1 96h 0.606 0.485 20.0% 0.492 18.8%
Hogtruncatedl + Moosetruncated2 Moosetruncated2 24h 0.254 0.242 4.7 % 0.239 5.9%
Hogtruncated1 + Moosetruncated2 Moosetruncated2 96h 0.329 0.331 -0.6 % 0.327 0.6 %
Hogtruncated2 + Moosetruncated2 Hogtruncated2 24h 0.387 0.429 -10.9% 0.390 -0.8%
Hogtruncated2 + Moosetruncated2 Hogtruncated2 96h 0.539 0.562 -4.3% 0.520 3.5%
Hogtruncated2 + Moosetruncated2 Moosetruncated2 24h 0.254 0.242 4.7 % 0.239 5.9%
Hogtruncated2 + Moosetruncated2 Moosetruncated2 96h 0.329 0.331 -0.6 % 0.327 0.6%
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Table 9
Performance summary (reported in MAE) for the model trained with all the datasets (Vanilla Transformer).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp
MAE MAE (%) MAE (%)

Bear 24h 0.305 0.291 +4.6% 0.283 +7.2%
Bear 96h 0.375 0.393 —4.8% 0.367 +2.1%
Bobcat 24h 0.415 0.366 +11.8% 0.361 +13.0%
Bobcat 96h 0.543 0.463 +14.7% 0.458 +15.7%
Bull 24h 0.475 0.450 +5.3% 0.447 +5.9%
Bull 96h 0.602 0.565 +6.1% 0.571 +5.1%
Cockatoo 24h 0.468 0.432 +7.7% 0.432 +7.7%
Cockatoo 96h 0.600 0.573 +4.5% 0.567 +5.5%
Crow 24h 0.359 0.304 +15.3% 0.303 +15.6%
Crow 96h 0.476 0.430 +9.7% 0.424 +10.9%
Eagle 24h 0.384 0.347 +9.6% 0.348 +9.4%
Eagle 96h 0.481 0.415 +13.7% 0.420 +12.7%
Fox 24h 0.268 0.263 +1.9% 0.254 +5.2%
Fox 96h 0.325 0.351 -8.0% 0.321 +1.2%
Gator 24h 0.292 0.323 —-10.6% 0.288 +1.4%
Gator 96h 0.503 0.529 —-5.2% 0.491 +2.4%
Hog 24h 0.336 0.296 +11.9% 0.294 +12.5%
Hog 96h 0.470 0.414 +11.9% 0.427 +9.1%
Lamb 24h 0.208 0.182 +12.5% 0.181 +13.0%
Lamb 96h 0.269 0.278 -3.3% 0.251 +6.7%
Moose 24h 0.294 0.265 +9.9% 0.255 +13.3%
Moose 96h 0.377 0.378 —-0.3% 0.342 +9.3%
Mouse 24h 0.365 0.329 +9.9% 0.325 +11.0%
Mouse 96h 0.532 0.447 +16.0% 0.441 +17.1%
Peacock 24h 0.316 0.312 +1.3% 0.303 +4.1%
Peacock 96h 0.411 0.412 —-0.2% 0.388 +5.6%
Rat 24h 0.293 0.280 +4.4% 0.282 +3.8%
Rat 96h 0.413 0.401 +2.9% 0.394 +4.6%
Robin 24h 0.254 0.247 +2.8% 0.238 +6.3%
Robin 96h 0.344 0.359 —4.4% 0.324 +5.8%
Wolf 24h 0.387 0.379 +2.1% 0.363 +6.2%
Wolf 96h 0.453 0.472 —4.2% 0.448 +1.1%

all these data is generally more beneficial than using a single source.
In other words, Strategy 2 should be favoured over Strategy 1. We be-
lieve this is an important finding, given that none of the prior work we
referred to experimented with Strategy 2.

Similarly, if there is some target data available, training a model us-
ing that data along with the available source dataset(s), and then further
fine-tuning with the target dataset produces the optimal result most of
the time. In other words, strategies 6 and 8 are more beneficial than
strategies 5 and 7 (respectively). Similar to the observations in zero-
shot TL, strategy 7 is generally better than strategy 5, and strategy 8 is
generally better than strategy 6. In other words, using all the available
source datasets to train a model is beneficial over relying on individual
datasets. We believe this is an important finding, given that no related
research used Strategy 7, and Strategy 8 was used less frequently than
Strategy 6 (see Table 1).

Another decision to make is how many source datasets to use for
training the initial model. While more datasets would be better, this
causes a computational overhead. Wei et al. [66] concluded that three
source domains is the best. However, blindly combining the available
source datasets can harm the target, and the exact benefit of these strate-
gies depends on the feature spaces of source and target domains, as dis-
cussed under RQ2.

RQ2: What specific features of building energy datasets (e.g. ambient
weather features, climate zone, data volume) influence the effectiveness of
different data-centric TL strategies?

Our results indicate that the nature of the ambient weather features
has the greatest impact on TL. In other words, using source dataset(s)
that have very distinct ambient weather features from the target
does not help any of the TL strategies, except strategy 8 when all the
datasets are used. The other factor is the number of building records
in a dataset. For datasets with a large number of building records, TL
using much smaller datasets is not productive. However, it is always
beneficial to use TL with very large datasets to boost performance for
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smaller datasets. The climate zone does show some impact, however if
weather features and the number of buildings are similar, the impact
of climate zone is negligible. The difference in temporal change of
source and target datasets also shows an adverse impact, which can be
mitigated to a certain extent by zero-padding data augmentation. It is
always possible to experiment with more advanced data interpolation
techniques here.

RQ3: How does the performance of various data-centric TL strategies dif-
fer when applied to advanced Transformer architectures specifically designed
for time series forecasting, compared to the vanilla Transformer?

Our experiments with the vanilla Transformer, PatchTST, and FED-
former indicate that TL strategies behave similarly across the three mod-
els. Out of these, PatchTST reported the best forecasting accuracy on
most datasets.

Though PatchTST exhibits longer absolute inference times, it is still vi-
able for real-time prediction, especially when employing moderately
sized batches or lowering the batch size for single-sample inference.
Overall, despite its higher latency, PatchTST offers the strongest predic-
tive performance among our tested models and remains a competitive
option for real-time building energy forecasting.

5.2. Recommendation

To gain the maximum benefit of TL, we recommend researchers fol-
low a step-wise approach. For a given target domain, the most suitable
subset of source datasets can be selected by inspecting the weather fea-
tures, number of building data, etc., as mentioned above. To further
validate the efficacy of the selected datasets, Strategy 1 (if no target
data is available for model training) or Strategy 5 (if there is target data
available for model training) can be used on individual source datasets.
This way, the best set of source datasets can be selected for model train-
ing. If there is no target data for model training, a model trained with
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Fig. 5. MAE Comparison for the Ensemble Model Across Different Transformer Architectures for the Following Datasets: Bear, Bobcat, Bull, Cockatoo, Crow and

Eagle.

the selected source datasets can be used in zero-shot TL. If there is tar-
get data for model training, this data can be combined with the source
data sets to train a model, which can be further fine-tuned with target
data. However, we recommend testing the combined model both before
and after fine-tuning, because we observed a results degradation after
fine-tuning for a small number of cases. Finally, we can recommend the
use of PatchTST over FEDformer and vanilla Transformer.

5.3. Limitations and future work

Although we experimented with 16 datasets, all these datasets be-
long to North American and European countries. Our observations might
not hold for datasets obtained from other parts of the world. In the fu-
ture, we expect to find data from these under-represented regions and
re-validate our observations.
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To keep our experiments at a manageable level, we used only three
combinations of datasets: 2, 3, and 16. However, for a given target
dataset, the optimal dataset combination may involve a different num-
ber of datasets. As discussed in the recommendation, we invite re-
searchers to experiment with these different combinations.

To keep the experiment space manageable, we only considered 24 h
and 96 h forecast horizons. We plan to experiment with different forecast
horizons in the future.

We followed a pragmatic approach to identify the impact of datasets -
we prepared datasets with different feature combinations and compared
them based on their performance. Moreover, our analysis was done at a
higher granularity. In other words, we considered individual datasets as
a single source domain, although a dataset may include data from differ-
ent building types. It is always possible to do more fine-grained source
selection, by considering building type. Building energy consumption
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profiles may vary even across buildings of the same type. There also
can be other nuances such as the stability of energy consumption [39].
Therefore, in the future, we plan to incorporate similarity measurement
indexes discussed in Section 2 to select the most suitable source datasets.

We considered only three Transformer architectures. However, there
are other Transformer architectures designed for time series prediction.
With the advancements of Foundation models such as TimeGPT [76]
and Lag-llama [77], it is now possible to try TL on these already pre-
trained models. However, fine-tuning these models requires significant
computational resources, which we currently do not have. Thus, these
experiments are kept for the future.

6. Conclusion

While TL has been explored for the task of building energy fore-
casting, a comparative study on different data-centric TL was missing.
Many past studies have focused on experimenting novel DL architec-
tures for the task of building energy comsumption prediction, and con-
sequently, less focus was given to determining the best use of available
datasets. In response to this research gap, we carried out a large-scale
empirical study on the effectiveness of different TL strategies on Trans-
former architectures. Our results show that combining multiple source
datasets under a zero-shot setup reduces the Mean Absolute Error (MAE)
by an average of 15.9 % for 24 h forecasts with the vanilla Transformer,
compared to single-source baselines. Further fine-tuning these multi-
source models with target-domain data yields an additional 3-5% im-
provement. We also note that PatchTST performs better than the vanilla
Transformer and Informer. However, while TL is generally beneficial,
a clear understanding of the datasets is needed to determine which ex-
act data-centric TL strategy to use. Based on our observations, we made
several recommendations for researchers who intend to employ TL for
building energy consumption forecasting. These recommendations con-
tribute toward laying the foundation for a better understanding of TL for
building energy consumption forecasting. This empirical study can be
extended further by considering different forecasting horizons, building
types, newer Transformer architectures, etc. We plan to focus on these
extensions in the future and invite other researchers to contribute to en-
hance our understanding of the exact impact of TL for building energy
forecasting.
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Appendix A. MSE results

Tables A.10 and A.11 report the zero-shot MSE results, respectively.
These correspond to Tables 6 and 7 in Section 4.1. Table A.12 shows
MSE results for two- and three-dataset combinations and Table A.13
shows MSE results for the model trained with all the datasets (for vanilla
Transformer). These correspond to Tables 8 and 9 (respectively). MAE
and MSE results for Informer and PatchTST results are shown in Ta-
bles A.14, A.15, A.16, A.17.
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Table A.12
MSE results for two- and three-dataset combinations (Vanilla Transformer).

Combo Test Hor Baseline Strategy 5/6 Imp Strategy 7/8 Imp
Bull + Cockatoo + Hog Bull 24h 0.479 0.450 6.1% 0.455 5.0%
Bull + Cockatoo +Hog Bull 96h 0.717 0.706 1.5% 0.716 0.1%
Bull + Cockatoo + Hog Cockatoo 24h 0.426 0.403 5.4% 0.410 3.8%
Bull + Cockatoo + Hog Cockatoo 96h 0.611 0.623 -2.0% 0.602 1.5%
Bull + Cockatoo +Hog Hog 24h 0.247 0.233 5.7% 0.229 7.3%
Bull + Cockatoo +Hog Hog 96h 0.426 0.405 4.9% 0.412 3.3%
Bear + Fox Bear 24h 0.219 0.207 5.5% 0.200 8.7%
Bear + Fox Bear 96 h 0.323 0.313 3.1% 0.307 5.0%
Bear + Fox Fox 24h 0.181 0.177 2.2% 0.170 6.1%
Bear + Fox Fox 96h 0.252 0.255 -1.2% 0.246 2.4%
Bobcat + Moose Bobcat 24h 0.353 0.333 5.7% 0.328 7.1%
Bobcat + Moose Bobcat 96h 0.541 0.508 6.1% 0.491 9.2%
Bobcat +Moose Moose 24h 0.227 0.197 13.2% 0.192 15.4%
Bobcat + Moose Moose 96h 0.334 0.302 9.6 % 0.298 10.8%
Bull + Gator Bull 24h 0.479 0.480 -0.2% 0.459 4.2%
Bull + Gator Bull 96 h 0.717 0.686 4.3% 0.691 3.6%
Bull + Gator Gator 24h 0.270 0.289 -7.0% 0.275 -1.9%
Bull + Gator Gator 96 h 0.544 0.580 -6.6% 0.563 -3.5%
Crow + Robin Crow 24h 0.293 0.257 12.3% 0.250 14.7%
Crow + Robin Crow 96h 0.446 0.390 12.6 % 0.387 13.2%
Crow + Robin Robin 24h 0.155 0.155 0.0% 0.154 0.6 %
Crow + Robin Robin 96 h 0.268 0.258 3.7% 0.256 4.5%
Hog +Moose Hog 24h 0.247 0.235 4.9% 0.237 4.0%
Hog +Moose Hog 96h 0.426 0.425 0.2% 0.428 -0.5%
Hog +Moose Moose 24h 0.227 0.215 5.3% 0.204 10.1%
Hog +Moose Moose 96h 0.334 0.332 0.6 % 0.313 6.3%
Lamb + Robin Lamb 24h 0.166 0.148 10.8% 0.150 9.6 %
Lamb + Robin Lamb 96 h 0.249 0.235 5.6% 0.232 6.8%
Lamb + Robin Robin 24h 0.155 0.152 1.9% 0.154 0.6 %
Lamb + Robin Robin 96 h 0.268 0.259 3.4% 0.261 2.6%
Mouse + Rat Mouse 24h 0.309 0.300 2.9% 0.284 8.1%
Mouse + Rat Mouse 96h 0.575 0.498 13.4% 0.476 17.2%
Mouse + Rat Rat 24h 0.207 0.208 -0.5% 0.210 -1.4%
Mouse + Rat Rat 96h 0.371 0.369 0.5% 0.373 -0.5%
Peacock + Wolftruncated1 Peacock 24h 0.198 0.215 -8.6% 0.204 -3.0%
Peacock + Wolftruncated1 Peacock 96h 0.327 0.365 -11.6% 0.336 -2.8%
Peacock + Wolftruncated1 Wolf 24h 0.399 0.382 4.3% 0.383 4.0%
Peacock + Wolftruncated1 Wolf 96 h 0.477 0.502 -5.2% 0.492 -3.1%
Eagletruncatedl + Robin Eagle 24h 0.311 0.276 11.3% 0.271 12.9%
Eagletruncatedl + Robin Eagle 96h 0.461 0.357 22.6% 0.357 22.6%
Eagletruncatedl + Robin Robin 24h 0.155 0.264 -70.3% 0.154 0.6 %
Eagletruncatedl + Robin Robin 96h 0.268 0.453 —69.0 % 0.252 6.0%
Bear + Foxtruncated1 Bear 24h 0.219 0.209 4.6 % 0.203 7.3%
Bear + Foxtruncated1 Bear 96h 0.323 0.314 2.8% 0.306 5.3%
Bear + Foxtruncated1 Foxtruncated1 24h 0.181 0.184 -1.7% 0.172 5.0%
Bear + Foxtruncated1 Foxtruncated1 96h 0.252 0.261 -3.6% 0.244 3.2%
Bobcat + Moosetruncated1 Bobcat 24h 0.353 0.335 5.1% 0.333 5.7%
Bobcat + Moosetruncated1 Bobcat 96h 0.541 0.515 4.8% 0.498 7.9%
Bobcat + Moosetruncated1 Moose 24h 0.227 0.200 11.9% 0.196 13.7%
Bobcat + Moosetruncated1 Moose 96h 0.334 0.304 9.0% 0.299 10.5%
Eagle + Robin Eagle 24h 0.311 0.276 11.3% 0.271 12.9%
Eagle + Robin Eagle 96h 0.461 0.357 22.6 % 0.357 22.6%
Eagle + Robin Robin 24h 0.155 0.264 —-70.3% 0.154 0.6 %
Eagle + Robin Robin 96h 0.268 0.453 -69.0% 0.252 6.0 %
Bulltruncated1 + Gator Bull 24h 0.479 0.484 -1.0% 0.457 4.6 %
Bulltruncated1 + Gator Bull 96h 0.717 0.708 1.3% 0.681 5.0%
Bulltruncatedl + Gator Gator 24h 0.270 0.290 -7.4% 0.272 -0.7%
Bulltruncated1 + Gator Gator 96h 0.544 0.574 -5.5% 0.564 -3.7%
Peacock + Wolf Peacock 24h 0.198 0.216 -9.1% 0.204 -3.0%
Peacock + Wolf Peacock 96h 0.327 0.356 -8.9% 0.333 -1.8%
Peacock + Wolf Wolf 24h 0.399 0.392 1.8% 0.398 0.3%
Peacock + Wolf Wolf 96 h 0.477 0.486 -1.9% 0.493 -3.4%
Lamb + Robintruncated1 Lamb 24h 0.166 0.163 1.8% 0.150 9.6%
Lamb + Robintruncated1 Lamb 96h 0.249 0.294 -18.1% 0.252 -1.2%
Lamb + Robintruncated1 Robintruncated1 24h 0.155 0.170 -9.7% 0.153 1.3%
Lamb + Robintruncated1 Robintruncated1 96h 0.268 0.286 -6.7% 0.262 2.2%
Hogtruncated1 + Moosetruncated2 Hogtruncated1 24h 0.359 0.290 19.2% 0.298 17.0%
Hogtruncated1 4+ Moosetruncated2 Hogtruncated1 96h 0.666 0.457 31.4% 0.471 29.3%
Hogtruncated1 + Moosetruncated2 Moosetruncated?2 24h 0.175 0.163 6.9% 0.163 6.9%
Hogtruncatedl +Moosetruncated2 Moosetruncated2 96h 0.313 0.271 13.4% 0.286 8.6%
Hogtruncated2 4+ Moosetruncated2 Hogtruncated2 24h 0.320 0.397 -24.1% 0.330 -3.1%
Hogtruncated2 + Moosetruncated2 Hogtruncated2 96h 0.540 0.589 -9.1% 0.505 6.5%
Hogtruncated2 + Moosetruncated2 Moosetruncated2 24h 0.175 0.163 6.9% 0.163 6.9%
Hogtruncated2 4+ Moosetruncated2 Moosetruncated?2 96h 0.313 0.271 13.4% 0.286 8.6%
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Table A.13

MSE performance summary for large-scale modelling on individual datasets (Vanilla Transformer).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp

MSE MSE (%) MSE (%)

Bear 24h 0.219 0.211 +3.7% 0.201 +8.2%
Bear 96h 0.323 0.347 -7.4% 0.314 +2.8%
Bobcat 24h 0.353 0.311 +11.9% 0.301 +14.7%
Bobcat 96h 0.541 0.438 +19.0% 0.426 +21.3%
Bull 24h 0.479 0.436 +9.0% 0.432 +9.8%
Bull 96h 0.717 0.635 +11.4% 0.655 +8.6%
Cockatoo 24h 0.426 0.384 +9.9% 0.379 +11.0%
Cockatoo 96h 0.611 0.583 +4.6% 0.566 +7.4%
Crow 24h 0.293 0.254 +13.3% 0.246 +16.0%
Crow 96h 0.446 0.404 +9.4% 0.389 +12.8%
Eagle 24h 0.311 0.256 +17.7% 0.261 +16.1%
Eagle 96h 0.461 0.345 +25.2% 0.351 +23.9%
Fox 24h 0.181 0.178 +1.7% 0.166 +8.3%
Fox 96h 0.252 0.281 -11.5% 0.248 +1.6%
Gator 24h 0.270 0.310 -14.8% 0.270 +0.0%
Gator 96h 0.544 0.588 -8.1% 0.536 +1.5%
Hog 24h 0.247 0.213 +13.8% 0.209 +15.4%
Hog 96h 0.426 0.356 +16.4% 0.372 +12.7%
Lamb 24h 0.166 0.150 +9.6% 0.141 +15.1%
Lamb 96h 0.249 0.257 -3.2% 0.223 +10.4%
Moose 24h 0.227 0.198 +12.8% 0.185 +18.5%
Moose 96h 0.334 0.323 +3.3% 0.285 +14.7%
Mouse 24h 0.309 0.277 +10.4% 0.270 +12.6%
Mouse 96h 0.575 0.452 +21.4% 0.433 +24.7%
Peacock 24h 0.198 0.201 -1.5% 0.189 +4.5%
Peacock 96h 0.327 0.326 +0.3% 0.296 +9.5%
Rat 24h 0.207 0.194 +6.3% 0.194 +6.3%
Rat 96h 0.371 0.352 +5.1% 0.343 +7.5%
Robin 24h 0.155 0.150 +3.2% 0.142 +8.4%
Robin 96h 0.268 0.280 -4.5% 0.240 +10.4%
Wolf 24h 0.399 0.394 +1.3% 0.362 +9.3%
Wolf 96h 0.477 0.529 -10.9% 0.468 +1.9%

Table A.14

MAE performance summary for large-scale modelling on individual datasets (Informer).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp

MAE MAE (%) MAE (%)

Bear 24h 0.306 0.292 +4.6% 0.287 +6.2%
Bear 96h 0.379 0.387 -2.1% 0.372 +1.8%
Bobcat 24h 0.392 0.360 +8.2% 0.356 +9.2%
Bobcat 96h 0.492 0.460 +6.5% 0.458 +6.9%
Bull 24h 0.467 0.446 +4.5% 0.448 +4.1%
Bull 96h 0.585 0.561 +4.1% 0.566 +3.2%
Cockatoo 24h 0.455 0.425 +6.6% 0.430 +5.5%
Cockatoo 96h 0.600 0.578 +3.7% 0.582 +3.0%
Crow 24h 0.345 0.294 +14.8% 0.299 +13.3%
Crow 96h 0.471 0.419 +11.0% 0.418 +11.3%
Eagle 24h 0.381 0.348 +8.7% 0.349 +8.4%
Eagle 96h 0.485 0.417 +14.0% 0.425 +12.4%
Fox 24h 0.262 0.266 -1.5% 0.257 +1.9%
Fox 96h 0.330 0.347 -5.2% 0.324 +1.8%
Gator 24h 0.300 0.291 +3.0% 0.285 +5.0%
Gator 96h 0.506 0.508 -0.4% 0.494 +2.4%
Hog 24h 0.320 0.293 +8.4% 0.296 +7.5%
Hog 96h 0.468 0.417 +10.9% 0.424 +9.4%
Lamb 24h 0.192 0.186 +3.1% 0.179 +6.8%
Lamb 96h 0.273 0.279 —-2.2% 0.261 +4.4%
Moose 24h 0.285 0.258 +9.5% 0.255 +10.5%
Moose 96h 0.368 0.369 -0.3% 0.344 +6.5%
Mouse 24h 0.351 0.320 +8.8% 0.319 +9.1%
Mouse 96h 0.497 0.444 +10.7 % 0.444 +10.7 %
Peacock 24h 0.315 0.310 +1.6% 0.303 +3.8%
Peacock 96h 0.395 0.403 -2.0% 0.392 +0.8%
Rat 24h 0.291 0.282 +3.1% 0.283 +2.7%
Rat 96h 0.410 0.399 +2.7% 0.397 +3.2%
Robin 24h 0.259 0.247 +4.6% 0.238 +8.1%
Robin 96h 0.343 0.353 -2.9% 0.326 +5.0%
Wolf 24h 0.379 0.369 +2.6% 0.362 +4.5%
Wolf 96h 0.451 0.463 -2.7% 0.455 -0.9%
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Table A.15

MSE performance summary for large-scale modelling on individual datasets (Informer).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp

MSE MSE (%) MSE (%)

Bear 24h 0.218 0.211 +3.2% 0.202 +7.3%
Bear 96h 0.323 0.340 -5.3% 0.320 +0.9%
Bobcat 24h 0.326 0.300 +8.0% 0.293 +10.1%
Bobcat 96h 0.452 0.430 +4.9% 0.423 +6.4%
Bull 24h 0.461 0.425 +7.8% 0.431 +6.5%
Bull 96h 0.678 0.625 +7.8% 0.635 +6.3%
Cockatoo 24h 0.408 0.376 +7.8% 0.382 +6.4%
Cockatoo 96h 0.612 0.593 +3.1% 0.597 +2.5%
Crow 24h 0.273 0.242 +11.4% 0.240 +12.1%
Crow 96h 0.430 0.392 +8.8% 0.384 +10.7 %
Eagle 24h 0.305 0.258 +15.4% 0.262 +14.1%
Eagle 96h 0.462 0.344 +25.5% 0.358 +22.5%
Fox 24h 0.173 0.178 -2.9% 0.168 +2.9%
Fox 96h 0.255 0.278 -9.0% 0.251 +1.6%
Gator 24h 0.273 0.279 -2.2% 0.271 +0.7%
Gator 96h 0.541 0.561 -3.7% 0.540 +0.2%
Hog 24h 0.227 0.209 +7.9% 0.213 +6.2%
Hog 96h 0.431 0.364 +15.5% 0.376 +12.8%
Lamb 24h 0.154 0.149 +3.2% 0.140 +9.1%
Lamb 96h 0.243 0.253 -4.1% 0.225 +7.4%
Moose 24h 0.208 0.189 +9.1% 0.186 +10.6 %
Moose 96h 0.321 0.310 +3.4% 0.285 +11.2%
Mouse 24h 0.293 0.267 +8.9% 0.262 +10.6 %
Mouse 96h 0.496 0.452 +8.9% 0.438 +11.7%
Peacock 24h 0.197 0.197 +0.0% 0.187 +5.1%
Peacock 96h 0.300 0.311 -3.7% 0.298 +0.7%
Rat 24h 0.206 0.198 +3.9% 0.196 +4.9%
Rat 96 h 0.365 0.354 +3.0% 0.349 +4.4%
Robin 24h 0.159 0.150 +5.7% 0.141 +11.3%
Robin 96h 0.263 0.277 -5.3% 0.243 +7.6%
Wolf 24h 0.362 0.379 -4.7% 0.356 +1.7%
Wolf 96h 0.470 0.511 -8.7% 0.476 -1.3%

Table A.16

MAE performance summary for large-scale modelling on individual datasets (PatchTST).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp

MAE MAE (%) MAE (%)

Bear 24h 0.290 0.281 +3.0% 0.278 +4.0%
Bear 96h 0.377 0.376 +0.3% 0.362 +3.8%
Bobcat 24h 0.373 0.281 +24.6% 0.346 +7.1%
Bobcat 96h 0.451 0.376 +16.8% 0.439 +2.8%
Bull 24h 0.435 0.281 +35.4% 0.426 +2.1%
Bull 96h 0.535 0.376 +29.8% 0.537 -0.4%
Cockatoo 24h 0.415 0.281 +32.3% 0.397 +4.3%
Cockatoo 96h 0.545 0.376 +31.1% 0.543 +0.3%
Crow 24h 0.315 0.281 +10.6 % 0.283 +9.9%
Crow 96h 0.434 0.376 +13.5% 0.423 +2.6%
Eagle 24h 0.326 0.281 +13.7% 0.316 +3.0%
Eagle 96h 0.394 0.376 +4.6% 0.385 +2.3%
Fox 24h 0.259 0.281 —-8.6% 0.250 +3.3%
Fox 96h 0.324 0.376 -15.9% 0.317 +2.1%
Gator 24h 0.286 0.281 +1.5% 0.282 +1.3%
Gator 96h 0.488 0.376 +23.0% 0.486 +0.4%
Hog 24h 0.291 0.281 +3.5% 0.273 +6.3%
Hog 96h 0.408 0.376 +7.9% 0.390 +4.2%
Lamb 24h 0.173 0.281 -62.8% 0.164 +5.3%
Lamb 96h 0.222 0.376 —69.4% 0.216 +2.6%
Moose 24h 0.267 0.281 -5.4% 0.234 +12.3%
Moose 96h 0.350 0.376 -7.4% 0.332 +5.1%
Mouse 24h 0.331 0.281 +15.0% 0.312 +5.6%
Mouse 96h 0.435 0.376 +13.6% 0.439 -1.0%
Peacock 24h 0.302 0.281 +7.0% 0.290 +3.9%
Peacock 96h 0.375 0.376 -0.2% 0.366 +2.4%
Rat 24h 0.275 0.281 -2.2% 0.266 +3.5%
Rat 96h 0.378 0.376 +0.8% 0.371 +2.0%
Robin 24h 0.247 0.281 -13.9% 0.235 +4.6%
Robin 96h 0.333 0.376 -12.9% 0.320 +3.8%
Wolf 24h 0.396 0.281 +29.0% 0.371 +6.3%
Wolf 96h 0.495 0.376 +24.1% 0.489 +1.1%
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Table A.17
MSE performance summary for large-scale modelling on individual datasets (PatchTST).
Dataset Horizon Baseline Strategy 6 Imp Strategy 8 Imp
MSE MSE (%) MSE (%)

Bear 24h 0.201 0.203 -1.4% 0.191 +4.7%
Bear 96h 0.321 0.327 -2.0% 0.307 +4.4%
Bobcat 24h 0.305 0.203 +33.2% 0.284 +6.9%
Bobcat 96h 0.406 0.327 +19.3% 0.402 +1.1%
Bull 24h 0.407 0.203 +49.9% 0.396 +2.5%
Bull 96h 0.582 0.327 +43.7% 0.589 -1.3%
Cockatoo 24h 0.351 0.203 +42.0% 0.335 +4.6%
Cockatoo 96h 0.536 0.327 +38.9% 0.539 -0.7%
Crow 24h 0.249 0.203 +18.1% 0.226 +9.2%
Crow 96h 0.404 0.327 +19.0% 0.413 -21%
Eagle 24h 0.226 0.203 +9.9% 0.219 +3.1%
Eagle 96h 0.322 0.327 -1.6% 0.314 +2.5%
Fox 24h 0.169 0.203 -20.1% 0.164 +3.4%
Fox 96h 0.249 0.327 -31.4% 0.243 +2.5%
Gator 24h 0.274 0.203 +25.8% 0.275 -0.3%
Gator 96h 0.547 0.327 +40.1% 0.543 +0.7%
Hog 24h 0.205 0.203 +0.7% 0.190 +7.0%
Hog 96h 0.350 0.327 +6.6% 0.336 +4.1%
Lamb 24h 0.143 0.203 -41.9% 0.137 +4.5%
Lamb 96h 0.219 0.327 —49.8% 0.214 +2.3%
Moose 24h 0.188 0.203 -8.3% 0.167 +11.3%
Moose 96h 0.293 0.327 -11.7% 0.289 +1.5%
Mouse 24h 0.272 0.203 +25.2% 0.257 +5.3%
Mouse 96h 0.427 0.327 +23.4% 0.457 -7.0%
Peacock 24h 0.189 0.203 -7.8% 0.179 +5.3%
Peacock 96h 0.283 0.327 -15.9% 0.273 +3.3%
Rat 24h 0.183 0.203 -11.3% 0.176 +4.0%
Rat 96h 0.316 0.327 -3.5% 0.308 +2.6%
Robin 24h 0.150 0.203 -36.0% 0.140 +6.4%
Robin 96h 0.251 0.327 -30.4% 0.240 +4.6%
Wolf 24h 0.342 0.203 +40.6 % 0.326 +4.8%
Wolf 96h 0.494 0.327 +33.7% 0.492 +0.4%
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Appendix B. Graphical representation of MAE results for strategies 6 and 8
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Fig. B.6. Mean absolute error (MAE) comparison for small-scale transfer learning scenarios (Part 1). This figure shows the performance of base, combined, and
fine-tuned models for the first 20 dataset combinations and test scenarios.
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Fig. B.7. Mean absolute error (MAE) comparison for small-scale transfer learning scenarios (Part 2). This figure presents the performance of base, combined, and
fine-tuned models for the remaining 14 dataset combinations and test scenarios.
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Fig. B.8. Mean absolute error (MAE) comparison for small-scale transfer learning scenarios (Part 3). This figure presents the performance of base, combined, and
fine-tuned models for the remaining 14 dataset combinations and test scenarios.
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