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Toward Transformer-based Large Energy Models for Smart Energy
Management

Yueyan Gu

(ABSTRACT)

Buildings contribute significantly to global energy demand and emissions, highlighting the
need for precise energy forecasting for effective management. FExisting research tends to
focus on specific target problems, such as individual buildings or small groups of build-
ings, leading to current challenges in data-driven energy forecasting, including dependence
on data quality and quantity, limited generalizability, and computational inefficiency. To
address these challenges, Generalized Energy Models (GEMs) for energy forecasting can po-
tentially be developed using large-scale datasets. Transformer architectures, known for their
scalability, ability to capture long-term dependencies and efficiency in parallel processing
of large datasets, are considered good candidates for GEMs. In this study, we tested the
hypothesis that GEMs can be efficiently developed to outperform in-situ models trained
on individual buildings. To this end, we investigated and compared three candidate multi-
variate Transformer architectures, utilizing both zero-shot and fine-tuning strategies, with
data from 1,014 buildings. The results, evaluated across three prediction horizons (24, 72,
and 168 hours), confirm that GEMs significantly outperform Transformer-based in-situ (i.e.,
building-specific) models. Fine-tuned GEMs showed performance improvements of up to
28% and reduced training time by 55%. Besides Transformer-based in-situ models, GEMs
outperformed several state-of-the-art non-Transformer deep learning baseline models in ef-
fectiveness and efficiency. We further explored the answer to a number of questions including
the required data size for effective fine-tuning, as well as the impact of input sub-sequence
length and pre-training dataset size on GEM performance. The findings show a significant
performance boost by using larger pre-training datasets, highlighting the potential for larger
GEMs using web-scale global data to move toward Large Energy Models (LEM).



Toward Transformer-based Large Energy Models for Smart Energy
Management

Yueyan Gu

(GENERAL AUDIENCE ABSTRACT)

Buildings account for a large share of global energy use and emissions, which makes predict-
ing their energy needs critical for better management. However, most research focuses on
creating energy models for specific buildings or small groups, which limits their usefulness for
larger-scale applications. Additionally, these models often face challenges such as relying on
high-quality data, limited adaptability to different buildings, and inefficiencies when dealing
with large amounts of data. This study aims to address these issues by developing Gener-
alized Energy Models (GEMs), which use data from a large number of buildings to create
more versatile and efficient energy forecasting tools. To achieve this, we used Transformer
models, a type of machine learning approach known for handling large datasets efficiently
and recognizing long-term patterns. We tested whether GEMs could provide better predic-
tions than traditional models designed for individual buildings. Our analysis included data
from over 1,000 buildings and used two strategies: zero-shot (using the model without fur-
ther adjustments) and fine-tuning (adapting the model to specific data). The results showed
that GEMs were more accurate than traditional models, improving prediction accuracy by
up to 28% and reducing the time needed for training by over 50%. Additionally, GEMs
outperformed other advanced methods of energy forecasting. We also examined how differ-
ent factors, such as the amount of data and the length of the data sequences, influenced
the model’s performance. The findings suggest that using even larger datasets could lead
to further improvements, opening the possibility of creating Large Energy Models (LEMs)
that can make predictions on a global scale.
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Chapter 1

Introduction

Global energy usage is expected to grow by over 40% by 2050 [29, 46]. Buildings, as sub-
stantial contributors, account for over one-third of global energy demand and emissions
[10, 16]. Effective building energy management is essential for energy efficiency, occupant
comfort, and developing strategies to mitigate risks associated with climate change. Given
the urgency of global climate challenges, it is imperative to intensify research efforts to
develop advanced energy management strategies that address a broader spectrum of com-
plex, large-scale problems. FEffective enhancements, whether in the design or operational
phases, could significantly benefit from precise energy use forecasting for informed inter-
ventions [4]. Energy use forecasting could enable (1) smart and economical energy demand
management, (2) sustainable and efficient energy supply, and (3) predictive and proactive
facility maintenance and operations. Smart metering infrastructure has facilitated energy
forecasting applications by providing a deeper understanding of the energy use patterns and
the potential drivers [35]. Machine learning (ML) models trained on smart meter data have
been widely utilized for energy use forecasting, as well as for fault detection and diagnostics
(7,27, 29, 44, 59]. The ideal scenario in the field of building energy management is to estab-
lish pre-trained generalized models that are scalable and function across different buildings
without the need for extensive in-situ adaptation. Recent advances in large-scale artificial
intelligence model developments present a promising prospect for moving toward developing
Large Energy Models. The feasibility of realizing this vision has been explored in this study.

Significant research efforts have been made to develop energy forecasting models for build-
ings. However, these efforts have primarily focused on individual buildings while still encoun-
tering challenges in achieving scalable forecasting models. One major limitation is the low
generalizability and contextual sensitivity of these models. Existing data-driven methods
have shown promising efficacy when leveraging abundant historical data in individual build-
ings [6] for energy forecasting, maintenance, and control (e.g., [13, 15, 19, 60]). However,
limitations in the quantity of individual building data and the variability in consumption
patterns constrain the generalizability of trained models across different buildings [6, 16].
Generalizability refers to an ML model’s capability to adapt to new data and perform ad-
equately [28]. This challenge stems partly from the intricate nature of energy consump-
tion patterns, where electricity demand is heavily influenced not only by geographical and
weather conditions but also by occupant behavior [16, 25]. Even identical buildings may
exhibit significant variability in energy use due to their operational characteristics and oc-
cupant behavior [4, 38]. Another contributing factor could be the inherent limitations of
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adopted algorithms. For instance, Miller et al. [30] leveraged data from 482 buildings and
found that decision-tree-based methods showed limited generalizability. Although, in recent
years, efforts have been made to increase the availability of data across different building
types, the low efficiency of computing mechanisms remains a critical obstacle in tackling the
increased scale of energy consumption data. Lack of efficiency may hinder advancements in
large-scale modeling and model updating, both of which are critical for achieving general-
ized models. Thorough reviews of existing research in machine learning and deep learning
for energy forecasting [3, 25| show the importance of adopting more efficient computational
approaches to ensure cost-effective and practical real-world implementations.

Tackling these challenges and limitations requires leveraging large datasets that encompass
buildings of varying sizes, functionalities, operational demands, and occupant dynamics. The
exponential growth in smart meters and Internet of Things (IoT) infrastructures and the
global efforts to make datasets available have led to the accumulation of extensive large-
scale data. On the other hand, we should rely on modeling paradigms capable of handling
large-scale datasets effectively and efficiently. In recent years, the proliferation of available
web-scale data, computational resources, and the emergence of Transformer architectures
have marked the onset of an era characterized by the dominance of effective large-scale mod-
els across a spectrum of domains, including natural language processing [5], computer vision
[9]. Despite these advances, existing machine learning-based building energy studies predom-
inantly concentrate on individual facilities or small groups of facilities, with limited attention
given to "one-size-fits-all” configurations or the generalizability of models derived from such
endeavors [41]. Additionally, the introduction of Transformers has transformed efficient se-
quential data processing in tasks such as natural language understanding and generation,
image recognition, and time series analysis [20]. Transformers, with their deep architectures
and self-attention mechanisms, excel in handling large datasets, capturing intricate relation-
ships, and focusing on relevant features, which enable robust learning of complex patterns
and generalization to new instances. Moreover, the parallel operation allows them to simul-
taneously capture relationships between all elements within a sequence, which is crucial for
managing large-scale models [47]. The inherent parallelism and attention mechanisms make
Transformers particularly suitable for processing substantial amounts of training data and
capturing long-term dependencies.

This study centers around providing insight into the realization of a generalized model for
building energy forecasting - i.e., a Generalized Energy Model (GEM). Given the current
lack of web-scale data, we investigated the feasibility, effectiveness, and efficiency of GEMs
that use Transformer-based architectures and utilized (relatively) large and diverse histor-
ical energy consumption data. Our central hypothesis is that GEMs can be developed
efficiently to outperform in-situ models trained on individual target buildings. This study
aims to elucidate strategies for advancing the generalizability of data-driven methods in this
domain, thereby fostering more robust and scalable solutions to address the multifaceted
challenges of building energy forecasting. Additionally, this work also paves the way for
moving toward Large Energy Models (LEMs) utilizing web-scale data in the future. To this



end, this study contributes by pursuing the following objectives. (1) Evaluating the effec-
tiveness and computational efficiency of Transformer architectures with different attention
mechanisms for developing pre-trained generalized energy models (GEMs) using multivariate
large-size historical energy consumption data. (2) Analyzing the zero-shot performance of
pre-trained GEMs and comparing it with in-situ Transformer-based models and other SOTA
deep learning methods. (3) Assessing the potential of fine-tuned GEMs in augmenting in-
dividual building energy forecasting performance through a comparative study with in-situ
Transformer-based models and SOTA baseline models. (4) Conducting further experiments
to identify the effect of several attributes including the prediction horizon, fine-tuning data
size, input sub-sequence length, and pre-training data size to inform future GEM and LEM
developments. In achieving these objectives, we have also answered several research questions
as detailed in Section 3.4.

The remainder of the thesis ! is organized as follows: Chapter 2 reviews the existing ef-

forts made on building energy forecasting, with a special emphasis on Transformer-based
implementations. Chapter 3 details the methodology, including data processing, model ar-
chitecture configuration, training processes and schemes, hypothesis and research questions,
and the case study involving approximately 1,000 buildings to explore GEMs’ potential.
Chapter 4 addresses the research questions by examining the zero-shot and fine-tuning per-
formance of GEMs compared to in-situ baselines, and investigating the influence of key
factors, including target building inclusion in pre-training, required data size for fine-tuning,
input sub-sequence length, and pre-training dataset size. It also discusses the limitations
and future directions. Finally, the last chapter summarizes the study’s findings.

!This work has been published in [12]



Chapter 2

Review of Literature

2.1 Energy forecasting scope

Building energy forecasting research spans various scales, granularities, and prediction hori-
zons for different tasks, addressing different end-uses, including cooling, heating, hot water,
lighting, and plug loads, as well as overall electricity use [25]. Although models have been
proposed for office, educational, and industrial facilities, residential and commercial build-
ings have garnered the most research interest. These models operate at different spatial
scales, such as system, room, unit, floor, sub-building, building, and community levels with
a temporal granularity ranging from 10/30-minute intervals to hourly or daily. The choice
of scale and granularity depends on the specific problem, data availability, and computing
methods. For instance, a study shows that the optimal monitoring for multi-family resi-
dential buildings is achieved at the floor level with hourly intervals using support vector
regression [14].

An important aspect of developing forecasting models is the prediction horizon — i.e., short,
medium, and long-term. The choice depends on operational and optimization objectives
of energy systems in buildings and the power grid [11, 29]. Short-term forecasting, which
spans up to one week ahead and primarily focuses on day-ahead forecasting, has gained
significant research attention due to its pivotal role in daily power system operations. This
includes activities such as energy management (optimization) within individual buildings or
households, energy trading, and unit dispatching [8, 11]. Medium-term forecasting, ranging
from one week to one year, is important for fuel supply planning and maintenance [11, 18].
Long-term forecasting, which anticipates load profiles extending beyond one year, is com-
monly used to plan energy management enhancements and to implement new appropriate
production and storage systems [2].

Energy forecasting encompasses both regression and classification tasks. Regression tasks
aim to predict the future trend of energy consumption, while classification tasks may involve
identifying building types, locations, and uses which can be informative for energy manage-
ment [31, 54]. This study focuses on short-term forecasting of overall energy consumption
for non-residential buildings as a short-term prediction by using hourly data collected from
smart meters.
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2.2 Building energy consumption forecasting: A re-
view of reviews

Building energy consumption forecasting has long been a prominent research area due to its
significant implications. A wealth of original research and review studies has been conducted
in this field. Recent competition summaries and review studies shed light on key research
directions. Notable competitions, such as "ASHRAE Great Energy Predictor III” [32] and
"Energy Detective” [55], emphasize the need to improve building prediction models, partic-
ularly when limited historical data is available. These competitions have also highlighted
the need for generalizability of existing models, suggesting the need for further explorations
[32]. Recent review studies also support these observations. For instance, Chen et al. [6]
compared data-driven methods for building energy prediction problems, including linear
regression, support vector machine, random forest, artificial neural networks (ANN), and
recurrent neural networks (RNN), against physical modeling methods. hey suggested that
data-driven methods offer the benefits of independence from domain-specific expertise and
lower modeling and computing costs. However, these methods can suffer from issues such
as data insufficiency and low generalizability.

Achieving effective and robust data-driven methods presents several challenges, as high-
lighted by various research studies. Lu et al.[25] conducted a comprehensive survey of the
application of ANNs in building energy prediction based on 324 related publications. They
identified key challenges, including customizing ANN architectures for specific building en-
ergy prediction scenarios, implementing efficient computing techniques for practical use, and
exploring the transferability of different building contexts. Ardabili et al. [3] evaluated the
performance of machine learning and deep learning techniques in terms of accuracy, reliabil-
ity, and sustainability. Their findings suggest that deep learning-based approaches, partic-
ularly hybrid and ensemble methods, exhibit the highest robustness in energy consumption
forecasting. Khalil et al. [16] categorized general data-driven methods—including machine
learning, deep learning, and statistical analysis—for building energy forecasting based on
factors such as building type and location, data components, temporal granularity, data
pre-processing methods, features selection and extraction techniques, and models used. The
authors highlighted the importance of addressing the reliance of data-driven methods on data
quantity and quality by leveraging transfer learning. These studies collectively reveal three
major challenges: (1) reliance on in-situ data quantity and quality, (2) model robustness,
generalizability, transferability, and explainability, and (3) computing efficiency.

2.3 Big data and large models

In many other domains, large generalized models built upon big data have drastically changed
the field and brought abundant new opportunities, offering significant improvements in ac-
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curacy, contextual understanding, and adaptability across diverse tasks [34]. For instance,
in natural language processing (NLP), the main concept of Large Language Models (LLMs)
involves acquiring a generic, latent representation of language through a single generic task
and subsequently applying it across various NLP tasks [34]. Abundant text data available
for extensive self-supervised training is a necessity in this context. Well-known models, such
as Llama [45] and GPT [1], have utilized large volumes of publicly available online data (i.e.,
web-scale data), typically incorporating trillions of tokens (i.e., units of text). Such large
language models are equipped with billions or even tens of billions of trainable parameters.

Although there are different problems with different scales, similar modeling schemes can
be envisioned for energy management, specifically forecasting, which is the focus of our
study. In this vision, a single GEM is trained on large datasets across different environments
and types of buildings and is applied to different prediction scenarios with zero or minimal
model updating. This calls for changes in conventional practices observed in the literature
and the overcoming of the challenges. Publicly available online data remains limited despite
recent efforts to create large benchmark datasets [4, 33]. Researchers typically work with
limited or homogeneous datasets, particularly in regression-oriented energy consumption
forecasting. If the modeling prospects are promising, achieving large models in this field
calls for mechanisms to encourage the collection and sharing of data across a large set of
facilities. Moreover, traditional approaches often use local models trained separately for each
building. Among the largest studies we found, Miller et al. [30] examined 482 non-residential
buildings with models trained and tested on individual buildings. To bridge the gaps toward
scalable large models, we have investigated training large models across a relatively large-
scale building energy dataset for improved efficacy.

2.4 State-of-the-art Transformer models for time series
forecasting

Achieving the envisioned LEM modeling paradigm depends on modeling schemes that are
effective and computationally efficient. The capacity of Transformers to capture long-range
dependencies has been promising in time series modeling, as evident by advances in forecast-
ing, anomaly detection, and classification [51]. Several variants have been developed based
on the original Transformer model [47] with different emphases (e.g., long-term dependency,
cross-dimension dependency, computing efficiency, and non-stationarity) to accommodate
time series problems. These variants were developed mainly by modifications in Trans-
former models’ positional encoding method, attention module, and model architectures [51].
Below, we have presented a few examples of recent Transformer-based architectures for time
series forecasting. In doing so, we have referred to these architectures using the names of
the frameworks from original publications.

Long-sequence time series forecasting (LSTF) is challenging since prediction accuracy
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tends to decrease with increasing prediction horizon. To address this issue, various ar-
chitectures such as Pyraformer [21], Autoformer [52], FEDformer [62], and PatchTST [36]
have been developed with an emphasis on capturing long-term dependencies. This is also
referred to as cross-temporal dependencies. Pyraformer architecture achieves that by lever-
aging a multi-resolution representation of time series through a pyramidal attention module
(PAM), allowing for capturing temporal dependencies across different scales. Autoformer
integrates decomposition and Auto-Correlation mechanisms directly into the original Trans-
former model architecture, enabling it to effectively capture long-range dependencies and
complex temporal patterns in time series data. Since its introduction, the concept of in-
ner decomposition has proven useful, leading to its adoption in several other variants, such
as FEDformer, which further incorporates frequency enhancement. Moreover, PatchTST
segments time series into subseries-level patches and ensures channel independence, with
each channel containing a single univariate time series sharing the same embedding and
Transformer weights across all series. As Nie et al. showed, it outperforms Pyraformer, Aut-

oformer, and FEDformer in various multivariate long-term forecasting benchmark datasets
[36].

In addition to cross-temporal dependency, the cross-dimension dependency is also critical
for multivariate time series forecasting. For a specific dimension, information from
associated time series in other dimensions could enhance prediction accuracy. The two dif-
ferent attention mechanisms for this purpose are illustrated in Figure 2.1. To incorporate the
cross-dimension attention, models such as Crossformer [58] and iTransformer [23] have been
developed. Crossformer integrates cross-dimension dependency and temporal dependency
through a novel Dimension-Segment-Wise (DSW) embedding and a Two-Stage Attention
(TSA) layer. Additionally, iTransformer employs attention and feed-forward networks on
inverted dimensions to effectively capture multivariate correlations and nonlinear represen-
tations.

Multivariate Time Series Embeddings Different attention mechanisms

Dlmensmn]‘ \ v\ VA ) A [(TITTITITTIT1] I
~— V-9 &4
. a ;7

pimension 2| A~ A A\ AN\ ] [(TTITTTITIT11] L LT LT Cross
LT ST temporal

— attention
Dimension 3 \ﬁwvv\/\/ LITTTTITITITT] Cross-dimension
. : attention

Figure 2.1: Illustration of attention mechanisms on data interpretation in the energy fore-
casting model

Different Data Dimensions
|

To address the performance degradation of Transformers on non-stationary real-world
data, the Nonstationary Transformer [22] was put forward by incorporating Series Stationar-
ization and De-stationary Attention modules, which collectively restore series predictability
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while preserving intrinsic non-stationary information. Moreover, some Transformer variants
lay a special focus on enhancing efficiency. For instance, Reformer [17] improves the ef-
ficiency through the use of locality-sensitive hashing for attention and reversible residual
layers, achieving comparable performance while significantly reducing memory usage and
processing time on long sequences.

2.5 Transformer-based energy consumption forecasting

Along with the popularity of Transformers in sequential data processing, they have increas-
ingly been applied to energy forecasting problems in recent years. For instance, Song et al.
[43] proposed a hierarchical multi-task learning network employing spatiotemporal attention
to address multi-load (cooling, heating, and electrical load) prediction challenges and to vi-
sualize the contribution of different features and historical temporal steps. Zheng et al. [60]
developed a short-term energy forecasting method by combining interpretable decomposi-
tion methods with a Temporal Fusion Transformer (TFT) model and showcased its superior
accuracy and interoperability in a case study of one building. Ji et al. [15] introduced a
contrastive Transformer network to predict energy consumption with limited data, tested on
a large exposition center. Wang et al. [48] proposed a Multiple-Decoder Transformer model
for forecasting multiple energy loads, including electricity, as well as heating and cooling
loads.

Compared with applications at a larger scale [39], Transformer-based energy forecasting
works have predominantly focused on the building level, as summarized in Table 2.1. These
studies utilize diverse data types, including energy load type (e.g., cooling load, heating load,
overall electricity load), meteorological data (e.g., temperature, dew point temperature, wind
speed, cloud coverage), indoor environment information (e.g., COy concentration), building
features (e.g., fuel type, building use), and calendar information (e.g., day of the week, week
of the month, month of the year, weekend /holiday status). Hourly historical observations are
most commonly used, with a predominant emphasis on short-term forecasting over medium
and long-term forecasts. The majority of these studies employ attention within an encoder-
decoder structure to accomplish sequence-to-sequence prediction tasks and commonly use
evaluation metrics such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE).
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Table 2.1: Transformer-based methods for building energy consumption forecasting
Building Data type Date Input Transformer Baseline models Evaluation
Paper ¢ype and resolu- length and  structure metrics
number tion prediction
horizon
[60] 1 building load; hourly 7 days — 1 encoder- N-BEATS, N-HiTS, MAPE
with 93 meteorological day decoder DeepAR, LSTM
rooms data; calendar
information
[48]  entire ASU load; hourly 3 days — 1 one- SingleDeT, LSTM, MAPE
campus meteorological day encoder Random Forest,
data; calendar and multi- Bag-BoostNN,
information decoders SVR, ELM
[42] 5 houses in load 5/10/ 12 samples  encoder- ARIMA, MLP, RMSE,
UK 20/30 —1 decoder SVM, LSTM, Deep MAE,
min sample Transformer, MAPE
LSTM-SWT,
CNN-LSTM
[19] 1 office load; hourly 24 hours encoder- XGBBoost, LSTM, RMSE,
building on meteorological — 1 hour decoder CLM MAE, R™2,
campus data; calendar uncertainty
information
[56] 1 load; hourly 4 hours —  encoder- LSTM, GRU, RMSE,
residential =~ meteorological 4 hours LSTM Bi-LSTM, CNN-Bi- MAE, R™2,
building on data; calendar (this study decoder GRU-ATT, time
campus information emphasizes CNN-Bi-LSTM-
informa- ATT, Transformer
tion lag)
[40] 16 load; building  hourly - encoder- LSTM, BP, MAPE
commercial feature; decoder ARIMA
and meteorological
residential  data; calendar
buildings information
[15] 1 Interna-  load; daily 7 days — 1 encoder- LSTM, GRU, RMSE,
tional meteorological day decoder SimCLR MAPE
Expo data
Center
[41] 40 load; calendar 15 min 66 hours encoder LSTM RMSE
buildings information — 6 hours
on campus
[37] 1 building load; hourly 10 days —  encoder- multistep MAPE,
on campus meteorological 10 days decoder LSTM/GRU MSE
data; indoor models
environment
information
[26] 20 different load; calendar  hourly 9 experi- encoder- S28 MAPE,
data information ments decoder MAE,
streams (12,24,36 RMSE
hours —
12,24,36
hours)

Despite the potential of Transformers in capturing long-term dependencies and enabling
parallel computing for large model establishment, their applications in energy forecasting
have generally been limited in terms of data scale and forecasting horizon perspectives. The
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largest-scale Transformer-based energy forecasting study to date, conducted by Rathnayaka
et al. [41], focused on 40 buildings at a university campus. It was found that a global gen-
eralist model (a Transformer) trained on all buildings outperformed specialist local LSTM
models trained on individual buildings in a 6-hour-ahead forecasting task. In this study,
we further investigated the potential of larger Transformer-based energy forecasting models
by comparing zero-shot and fine-tuned generalizable models with the in-situ model training
scheme in short-term to medium-term forecasting tasks. To this end, we evaluated the per-
formance of models by considering both the efficacy and efficiency dimensions and answered
several research questions as outlined in Section 3.4.



Chapter 3

Methodology

As noted, our goal in this study is to provide insight into the feasibility of generalized energy
models (GEMs) for energy forecasting that set the foundation for larger models as more
data becomes available. To evaluate GEMs and their performance, we have investigated the
Transformer architectures that better fit the generalized energy forecasting tasks,considering
the characteristics of the times series data from smart meters and other sources. To conduct
the model training and various assessments, we have utilized a publicly available large-
scale dataset, which includes historical energy consumption, outdoor air temperature, and
calendar information from more than 1000 buildings. In this section, we have described the
adopted methodology including the data processing approach, the GEM model development
scheme including pre-training and fine-tuning processes, the Transformer-based architectures
for GEM, and the state-of-the-art models used for in-situ model development, which serve
as baseline comparisons.

3.1 Dataset description and processing

The pubic Building Data Genome 2 (BDG2) dataset [32] was employed in this study. The
BDG2 comprises data from 3,053 energy meters across 1,636 buildings of varying sizes,
located at 19 sites in North America and Europe. The buildings represent diverse types,
including institutional (educational), office, and public service facilities. The time series
data in the BDG2 dataset covers two full years (2016 and 2017), with hourly measurements
of whole-building electricity, heating and cooling water usage, steam, solar energy, as well
as water and irrigation data. The dataset also includes metadata such as area, and weather
conditions. The weather data from each building site includes outdoor temperature and
humidity among other attributes. The diversity of the building types and climates helps us
evaluate the feasibility of GEM development using different energy use patterns. For our
analysis, we have processed the BDG2 dataset to prepare multivariate time series data for
model training and evaluation. Considering the availability across different buildings, we
focused on three dimensions of the data: (1) whole-building electricity consumption (kWh),
(2)outdoor air temperature (°C), and (3) calendar information. The information from the
calendar was incorporated to capture temporal context, patterns, and dependencies within
the data. This was achieved by decomposing the original date-timestamps into constituent
parts (month, day, weekday, and hour) and incorporating these vectors into the energy and

11
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temperature input embeddings.

The overall missing data ratio for electricity (E) and outdoor air temperature (T) is 3.5%
and 3.9%, respectively. To address missing data points, we imputed both E and T data time
series (collectively denoted as "ET”) using the linear interpolation approach. Time series
with missing data at the beginning, which could not be imputed due to the lack of initial
entries for interpolation, were excluded from the analysis. Consequently, the final processed
multivariate time series data represents a total of 1014 buildings (denoted as ET 1014 set
hereafter). We have further divided this dataset into two subsets to represent 914 and
100 buildings through a random sampling process. The set of 100 buildings serves as the
target building dataset (denoted as ET_100 set) for the evaluation of GEMs’ performance
in comparison to individual in-situ models. In other words, ET 100 is used to test our
hypothesis and answer our research questions. The dataset from 914 buildings serves as
a relatively large dataset (denoted as ET 914 set) for pre-training of GEMs. Training
the GEM models on ET 914 set is referred to as pre-training considering that during this
training process, the GEM models are not fine-tuned on the data from individual buildings in
the target set (ET_100). Additionally, a separate subset of 100 buildings, randomly selected
from ET 914, is used to assess GEMs’ performance on buildings included in the pre-training
dataset. This subset is denoted as ET 100* to differentiate it from the ET 100 target set.
From the ET 914 set, two subgroups of 200 and 500 buildings were also randomly sampled
(denoted as ET_200 and ET_500 sets) to study the effect of the dataset size on GEM pre-
training performance. The data subsets and their respective applications in this study are
summarized in Table 3.1.

The metadata distributions for different subsets are depicted in Figures 3.1, 3.2, and 3.3 to
demonstrate that these subsets have similar distributions. Excluding the occupancy patterns
and numbers (which are not included in the BDG2 dataset), these datasets exhibit well-
aligned distributions across the three groups. All data subsets span six time zones, with most
buildings having an area of under 20000 square feet. To statistically assess the consistency
between the datasets, we also conducted a two-sample Kolmogorov-Smirnov (KS) test on
the metadata of the buildings between different pairs of subsets. The metadata comprises
categorical data (space usage, sub-primary usage, time zone) and numerical data (building
area, latitude, longitude). A p-value less than or equal to the significance level of 0.05
suggests significantly different distributions, while a p-value greater than 0.05 indicates no
significant difference. The results, as presented in Table 3.2, indicate that the randomly
selected data subsets ET 500, ET 200, and ET 100 share a statistically similar metadata
distribution with ET 914.
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Table 3.1: Description of data subsets and their application

Dataset Number Number  Application Description
subset of build- of data
ings points*
ET 1014 1014 17644614 The entire processed Buildings with no missing data in energy con-
dataset sumption and outdoor air temperature for 2
years after imputation
ET 914 914 15904514 GEM pretraining Buildings randomly selected from ET 1014
subset
ET 500 500 8700500  GEM pretraining Buildings randomly selected from ET_ 914
subset
ET 200 200 3480200  GEM pretraining Buildings randomly selected from ET 914
subset
ET_100 100 1740100  Target group (for GEM Buildings in ET 1014 that are not included
evaluation and baseline in ET 914
comparison) — i.e., Hypoth-
esis testing
ET_100* 100 1740100  Target group (for GEM Buildings randomly selected from ET 914

evaluation) — in comparison

with ET 100

subset

* The number of data points is calculated in the case of input length = 96 and prediction horizon = 24

Primary use category

Education - 36.11%
Office - 21.23%
Public services . 14.55%

Entertainment/public assembly . 11.49%

Other l 9.52%

Timezone

US/Eastern _ 51.53%

US/Mountain - 16.19%
US/Central . 13.57%

US/Pacific I 8.10%

Europe/London I 6.78%

Meter type frequency

electricity _ 58.40%
chilledwaler- 18.72%
steam- 9.58%
holwater- 9.52%

water I 2.43%

gas | 1.28%

Lodging/residential I 7.1% Europe/Dublin I 3.83% solar  0.06%
0 200 400 600 800 1000 1200 0 200 400 600 800 1000 1200 0 200 400 600 800 1000 1200
Building Area (square meters) 0.016 Year built (62% missing values) Ocuppants (89% missing values)
: 0.010
0.00012
0.014
0.00010 0.012 0.008
0.010
0.00008 0.006
0.008
0.00006
0.006 0.004
0.00004 \
\ 0.004
| 0.002
0.00002 / \ 0002 A
0.00000 J Mhe . 0.000 - 0.000 B, - —
0 20000 40000 60000 80000 1900 1950 2000 2050 0 1000 2000

Figure 3.1: ET_ 914 data group metadata analysis
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Figure 3.2: ET 500 data group metadata analysis
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Figure 3.3: ET 100 data group metadata analysis
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Table 3.2: Kolmogorov-Smirnov (KS) test results of data group pairs

Data subset pair Statistic p-value

ET914-ET500 0.0210  0.9690
ET914-ET200 0.0585  0.6758
ET914-ET100 0.0753  0.6818
ET500-ET100 0.0697  0.7519
ET200-ET100 0.0983  0.5794

ﬁ GEM pre-training GEM validation: GEM testing
| -
N -—
‘ . [ Relatively large
ﬁ ‘ dataset for GgM
ﬁ pre-training
| |
Data of target ~ oo
buildings | ‘

- :
@ I EEE | :
- In-situ standalone

TGl Validation Testing
model training
GEM fine-tuning GEM fine-tuning’ GEM testing
(training) (validation)

Figure 3.4: Demonstration of data split. (This figure has been designed using vectors and
icons from Flaticon.com).

The time series data pre-processing also involved normalization, data splitting, subsequence
extraction using a sliding window method, integration, and shuffling. First, the entire two-
year energy and temperature data for each building were standardized using Z-score normal-
ization, setting the mean value to 0 and the standard deviation to 1. As shown in Figure 3.4,
for both the pre-training (ET_914) and the target group (ET__100) subsets, the two-year
historical data of each building was split into a training set (the first 18 months), a validation
set (from month 19 to month 21), and a testing set (from month 22 to month 24). For the
in-situ training, the models were trained on the training set of an individual building in the
target group and validated every few epochs on the validation set of that building. Once the
validation criterion was met, the model was considered well-trained and saved for testing on
the test set of the same building. Moreover, for GEM pre-training, the ET 914 subset was
generated by combining all extracted subsequences from different buildings while shuffling
them during the batching of the training input. The GEM model was trained and validated
over the integrated training and validation sets of all buildings, and its general performance
was assessed using the testing set of the ET 914 subset. Additionally, for GEM fine-tuning,
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the pre-trained GEM was loaded and fine-tuned over the training and validation sets of an
individual building within the target group (i.e., ET 100). The testing set of each specific
building was then used to evaluate the performance of the fine-tuned GEM. In evaluating
the in-situ models, zero-shot GEMs, and fine-tuned GEMs, the ground truth was the subse-
quent electricity time series segments following each input data point with varying lengths
depending on the prediction horizon.

3.2 Transformer model architectures for GEM

The energy use patterns in buildings are affected by several factors, including occupant in-
teractions with the environment, temperature variations, and building characteristics. The
logical sequence of events in human interactions and temperature variations forms the basis
for the feasibility of energy use forecasting. Temporal dependencies within a time series,
such as daily and seasonal cycles, introduce regular fluctuations that must be accounted
for to accurately model and predict energy use. Additionally, dependencies between dif-
ferent time series, such as the correlation between temperature and HVAC usage, create
complex interactions that influence overall energy consumption. As discussed in Sections
2.4 and 2.5, Transformer models, with their ability to capture long-range dependencies and
complex interactions, offer a promising approach to analyzing energy use patterns. These
models excel at handling sequential data and can identify intricate temporal dependencies
within and between time series. By leveraging self-attention mechanisms, Transformer mod-
els can evaluate the importance of different time steps and interactions, in turn enabling
more accurate predictions and deeper insights into how various factors influence energy con-
sumption. Considering our problem of interest and the data characteristics, we evaluated
different attention mechanisms and adopted three architectures for comparative analysis.
These attention mechanisms include series-wise (cross-temporal dependencies), dimension-
wise (cross-dimension dependencies), and series-dimension-wise (cross-temporal and cross-
dimension dependencies).
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Figure 3.5: T-Transformer model architecture (modified from PatchTST [36])

Cross-temporal Transformer (T-Transformer): As illustrated in Figure 3.5, the cross-
temporal Transformer models maintain the independence of different channels when using
multivariate data. Despite sharing the same embedding and Transformer architecture, the
data from each channel undergoes independent forward processes. This architecture aims to
ensure efficient and scalable processing of multivariate time series data. By processing each
channel independently, the model preserves unique channel characteristics and simplifies the
overall architecture, which in turn could enhance interpretability and reduce complexity.
This approach could also facilitate parallel computation, making the model more scalable
and capable of handling large, high-dimensional datasets. By concentrating on temporal
patterns within each channel, the model is less likely to overfit to potentially misleading inter-
channel correlations, thereby improving the generalizability of the model toward new data.
For this architecture, we adopted the PatchTST design [36]. This model employs a patching
mechanism, as shown in Figure 3.5, similar to a sliding window that segments each univariate
time series into subseries-level patches, which serve as input tokens for the Transformer. This
method improves upon the original Transformer by extending the attention mechanism from
point-wise to patch-wise, allowing each token to capture richer contextual information across
multiple timestamps. It also reduces the number of tokens needed per input, enabling the
model to effectively attend to longer historical sequences in time series data.
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Figure 3.6: D-Transformer model architecture (modified from iTransformer [23])

Cross-dimension Transformer (D-Transformer): In the cross-dimensional Transformer
model (as depicted in Figure 3.6), attention is implemented across dimensions rather than
temporal tokens. In Figure 3.6, the main body on the left part adopts the encoder design
of the original Transformer [47]. Cross-dimensional embeddings are processed with multi-
head self-attention, normalization, and residual connections, a feed-forward network, and
further normalization and residual connections to build deep contextual representations,
which are finally decoded to the prediction target through a projection. As shown in the
right part of Figure 3.6, raw series from various dimensions are individually embedded into
tokens. Subsequently, self-attention mechanisms operate on these embedded tokens to en-
hance interpretability and reveal multivariate correlations. A shared feed-forward network
then derives series representations for each token, followed by layer normalization to mitigate
inter-variable disparities. In essence, this model design repurposes the original Transformer
[47] without modifying its basic components. The only change is the input inversion in the
embedding step, as shown in Figure 3.6. Unlike the original Transformer, which embeds tem-
poral tokens representing multivariate data of each time step, this architecture introduces
tokens where each time series is embedded independently as individual variables. It allows
the attention mechanism to focus on correlations between different series. Meanwhile, the
feed-forward network can encode information specific to each series, enhancing the model’s
ability to capture multivariate dependencies and nuances. For this architecture, we have
adopted the iTransformer model [23].
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Cross-temporal and cross-dimension Transformer (TD-Transformer): As illus-
trated in Figure 3.7, in this Transformer architecture, the input data is initially embedded
into a 2D vector array using techniques such as Dimension-Segment-Wise (DSW) embed-
ding to preserve both time and dimension information. This embedding approach facilitates
the capture of cross-time and cross-dimension dependencies. Following embedding, cross-
temporal and cross-dimension attention mechanisms, such as Two-Stage Attention (TSA)
layers, are employed to efficiently model these dependencies. The hierarchical encoder-
decoder structure typically includes multiple encoder layers, each leveraging cross-temporal
and cross-dimension attention to capture dependencies at various scales. Upper layers typ-
ically handle longer time ranges, capturing coarser scale dependencies. The decoder com-
ponent uses these representations to make final predictions by forecasting at different scales
and aggregating results. This architecture could effectively model temporal and variable
dependencies in multivariate time series data, potentially improving forecasting accuracy
across various applications. For this architecture, we adopted the CrossFormer design and
implementation [58].
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Figure 3.7: TD-Transformer architecture (modified from [58])

3.3 Model training process

The processed input data is divided into batches (smaller subsets of data points), which the
models use to iteratively update the parameters during the training process. Batch training is
a widely adopted technique in deep learning due to its efficiency, scalability, and effectiveness
in training models on large datasets while promoting generalization and convergence. For
the training loss, we used the mean squared error or MSE score (for definition see Section
3.4.2) by comparing the predicted values versus ground truth values. We also used the Adam
optimizer with an initial learning rate of le-4. The learning rate was scaled by a factor of
0.5(epoch/interval) “ith the interval equal to one in our case. Decreasing the learning rate
over epochs ensures efficient convergence to an optimal solution while reducing the risk of
overshooting or getting trapped in local minima.
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Furthermore, we utilized an early stopping criterion to ensure that the training process is
halted when further training is unlikely to yield significant improvements, thus optimizing
the training duration and preventing overfitting. In our experiments, the lack of significant
improvements in the loss score for three epochs was used as the stopping criterion. The
maximum training epochs were set to be 10 and almost all models reached the early stopping
criterion. Our preliminary experiment showed that no performance improvement can be
achieved by increasing the maximum number of training epochs. Moreover, to ensure the
reproducibility of all results, the global random seed was set to 2024 in all experiments.

3.4 Comparative experiment schemes of GEMs and in-
situ models

To test our hypothesis that a pre-trained GEM outperforms in-situ models, we considered
training different models. As noted, the process of pre-training refers to the training of
the GEM on a large dataset (i.e., ET 914 dataset) without exposure to the data from the
ET 100 dataset. The pre-training process is the critical part of the experimental process
to investigate GEM’s efficacy. The integration workflow for this large-model (GEM) pre-
training, as well as in-situ model training, GEM fine-tuning, and GEM zero-shot testing, is
illustrated in Figure 3.8. In this context, an in-situ model training scheme involves training
a specialist model (see Section 3.4.1 for baseline models we used) to learn the energy con-
sumption patterns of an individual target building and then forecasting the future pattern
for that building. As discussed in Section 2.5, most of the recent Transformer-based research
on building energy forecasting adopts the in-situ model training scheme. The GEM perfor-
mance was evaluated at the individual-building level using the ET 100 dataset through two
schemes: (1) the zero-shot scheme, where a GEM was directly tested on individual buildings
without any re-training, and (2) the fine-tuning scheme, where a GEM was fine-tuned on the
training/validation dataset of the target buildings before testing on the testing set of those
buildings. These schemes represent two distinct application scenarios — i.e., one without
historical data available for training in a new building (zero-shot scheme) and the other with
historical data available (fine-tuning scheme). We have used common metrics for evaluations
as described in Section 3.4.2. Beyond testing the hypothesis, we have sought to answer the
following questions:

1. Which Transformer architecture is more suitable for the development of GEM and
eventually LEM models?

2. To what extent does fine-tuning a GEM model enhance its performance in a given
target building that is excluded from pre-training?

3. To what extent does fine-tuning a GEM model enhance its performance in a given
target building that is included in pre-training?



3.4. COMPARATIVE EXPERIMENT SCHEMES OF GEMS AND IN-SITU MODELS 21

4. How much data is required to achieve effective fine-tuning of a pre-trained GEM model
for a specific target building?

5. How does the length of the input sub-sequence affect the performance of GEMs?

6. To what extent does the size of the training dataset influence the performance of GEM
models?
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Figure 3.8: In-situ models versus zero-shot and fine-tuned GEMs for energy forecasting.
(This figure has been designed using vectors and icons from Flaticon.com).

3.4.1 Baseline models for in-situ training

To demonstrate the efficacy of Transformer-based GEMs, besides the Transformer-based
models, we adopted a number of the state-of-the-art deep learning models for multivariate
time series forecasting including TimesNet [53], Koopa [24], FiLM [61], MICN [49], and
DLinear [57]. TimesNet was proposed as a temporal 2D-variation modeling for time series
analysis, addressing the intricate temporal patterns and the representational limitations of
1D time series. By converting 1D time series into 2D tensors across multiple periods, it
captures both intraperiod and interperiod variations. Koopa was developed to address non-
stationary time series by considering time-variant dynamics. It disentangles time-variant and
time-invariant components with a Fourier Filter and employs a Koopman Predictor to model
these dynamics. The model consists of stackable blocks that learn hierarchical dynamics,
identifying measurement functions for Koopman embedding and using Koopman operators
as linear representations of implicit transitions. FiLM , i.e., Frequency Improved Legendre
Memory Model, was developed to improve time series forecasting accuracy by preserving
historical data while avoiding overfitting to noise. The model utilizes Legendre Polynomial
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projections to approximate historical information and employs Fourier projection to filter
out noise. MICN;, i.e., Multi-scale Isometric Convolution Network, integrates local features
and global correlations to provide a comprehensive view of time series, capturing fluctuations
and trends. The model employs a multi-scale branch structure to model various patterns
separately, using down-sampled convolution for local features and isometric convolution for
global correlations. DLinear is a simple linear model that was shown to outperform existing
Transformer-based models on nine real-life datasets.

3.4.2 Evaluation metrics

We used several regression evaluation metrics that have been used in time series forecasting
as shown in Equations 3.1-3.4, where v;, ;, and N denote predicted values, ground truth
values, and number of data points evaluated, respectively. MAE indicates the average vertical
distance between the ground truth and predicted values. MSE measures the average of
the squares of the deviations from the ground truth values. RMSE refers to the average
magnitude of the errors between the ground truth and predicted values. MAPE measures
the relative average vertical distance of the ground truth and predicted values.

N
1 ~
MSE = NZ(% —5)? (3.1)
=1
1 N
MAE = — - 2
1 N
MSE = | — — )2 .
RMSE = ||+ Z(y i) (33)
1 <Ny — i
MAPE = — > | 100% (3.4)
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Chapter 4

Results and Discussion

In this section, we have discussed the experiment results and answers the research questions
listed in Section 3.4. To this end, we assessed the efficacy and efficiency by evaluating the
performance of various models and detailing the training duration required for each model.
Model training and testing tasks were implemented on a high-performance computing system
using the Pytorch Python package. The training process was parallelized across two Nvidia
DGX A100 GPUs. Each node was configured to handle two tasks simultaneously, with a
maximum of 16 CPU cores allocated per task. The plots were created using the Python
seaborn library [50].

4.1 GEM pre-training using different attention mech-
anisms

To address RQ1, which examines the effectiveness and efficiency of three Transformer ar-
chitectures with distinct attention mechanisms for GEM pre-training, T-Transformer, D-
Transformer, and TD-Transformer were pre-trained on ET 914, with 18 months of data
as training data while the rest of data were used for validation (3 months) and testing (3
months) data. The model size, testing performance, and training time are listed in Table
4.1, where the best evaluation scores for each prediction horizon were underlined. For a fair
comparison, the input sequence length was unified as 96 hours in all experiments, except in
Section 4.4, where we specifically investigated the influence of input length. Three predic-
tion horizons (24, 72, and 168 hours) were compared, which represent short to medium-term
prediction. It can be seen that for each Transformer architecture except the D-Transformer
for the 24-hour prediction horizon, as the prediction horizon increases, the accuracy drops
and pre-training time increases. D-Transformer reaches better performance for 24 and 168-
hour prediction horizons while T-Transformer presents better performance for the 72-hour
prediction horizon.

Figure 4.1 compares different architectures from both effectiveness and efficiency by using
the MAE metric and the required training time. Observations closer to the bottom-left origin
are deemed to better fit the model development. Figure 4.1 indicates that the D-Transformer
and T-Transformer qualify as good architectures for building GEMs, exhibiting both high
effectiveness and high efficiency, while the TD-Transformer is less effective and efficient,

23
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potentially attributable to the increased noise resulting from the concurrent modeling of
both temporal and dimensional dependencies. The follow-up discussions on performance
on an individual building basis are thus built upon the D-Transformer and T-Transformer
models.

Table 4.1: GEM pre-training performance of Transformer-based backbones

Hirizon (h)  Architecture  # Parameter MAE MSE RMSE MAPE Training time (h)

D-Transformer 2.4M 12428 1843 4293 2.2682 8.6
24 T-Transformer 6.5M 0.3493 0.3348 0.5786 2.9351 10.8
TD-Transformer 42.1M 0.2701 0.2085 0.4566  .0453 20.0
D-Transformer 2.5M 0.3469 0.3288 0.5734 3.0618 4.8
72 T-Transformer 6.8M 12583 2010 .4483 1372 11.7
TD-Transformer 42.1M 0.3326 0.2936 0.5418 2.5072 21.6
D-Transformer 2.5M 23102 2722 5217 3.0742 5.0
168 T-Transformer 7.3M 0.3198 0.2860 0.5348  .8248 12.0
TD-Transformer 42.2M 0.3660 0.3615 0.6012 2.8995 27.4

Note: The best evaluation score for each prediction horizon is underlined.
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Figure 4.1: Effectiveness (MAE) and efficiency (training time) analysis of GEM pre-training
performance

4.2 GEM performance in target buildings

To answer RQ2, which examines the impact of fine-tuning GEM models in target build-
ings excluded from training, and test our hypothesis, we evaluated D-Transformer- and
T-Transformer-based GEMs pre-trained on ET_ 914 using the ET 100 dataset. We applied
GEM using zero-shot and fine-tuning modes as discussed in Section 3.4. The in-situ training
scheme, which employs the same Transformer-based model trained exclusively on individual
buildings’ data, served as the baseline for assessing GEMs’ performance.
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Figure 4.2 illustrates the prediction outcomes for three training/testing schemes—i.e., in-
situ, GEM zero-shot, and GEM fine-tuning— for four example buildings from different types
(industrial, educational, lodging, office) with a prediction horizon of 168 hours. While in-
situ training from scratch can reasonably predict general trends, it often diverges from the
ground truth in finer details, such as peak values and fluctuations during off-peak periods.
In contrast, GEMs substantially enhance prediction accuracy compared to in-situ models.
Among GEMs, fine-tuned versions offer more precise detailed predictions than zero-shot
models. To better demonstrate the overall differences, the MAE scores’ distributions for 100
buildings under different learning schemes of D-Transformer and T-Transformer for different
prediction horizons are depicted in Figure 4.3. Moreover, Table 4.2 presents the p-values
from one-tailed paired t-tests comparing GEM zero-shot/fine-tune against in-situ models
and comparing GEM fine-tune against GEM zero-shot. A p-value less than 0.05 indicates
that the performance enhancement is statistically significant. Notably, significant improve-
ment is achieved by GEM zero-shot, with even more substantial enhancement observed with
fine-tuning compared to the in-situ training paradigm. The potential of GEMs in improv-
ing forecasting performance through zero-shot and fine-tuning is further discussed in the
following two subsections.
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Figure 4.2: Examples of D-Transformer-based in-situ model and GEM model prediction
results (Prediction horizon = 168 hours)
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Figure 4.3: MAE score distribution of in-situ training and GEMs for individual buildings in
ET 100

Table 4.2: T-test results comparing MAE metric between GEM and in-situ models using the
same Transformer architectures over ET 100 dataset

Transformer Architecture D-Transformer T-Transformer
Prediction Horizon (h) 24 72 168 24 72 168

GEM zero-shot versus in-situ model*  4.7886E-19 1.6563E-14 2.6428E-16 2.0208E-11 1.4491E-08 9.9563E-11
GEM fine-tune versus in-situ model 2.8054E-24 1.584E-19 7.8221E-18 2.6616E-16 1.3629E-14 5.6856E-14
GEM fine-tune versus GEM zero-shot 4.3865E-13 3.3678E-13  1.774E-07 6.3162E-11 2.4543E-10 4.4401E-05

* The latter model is the baseline of the one-tail paired t-test. For example, in the first row, the p-value less than 0.05 indicates the
performance enhancement of GEM zero-shot is significant compared with in-situ models.
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4.2.1 GEM Zero-shot Application

Zero-shot GEM refers to applying pre-trained GEMs directly on target buildings that are not
included in the pre-training dataset. Figure 4.4a illustrates the average performance improve-
ment percentage of 100 buildings facilitated by D-Transformer-based and T-Transformer-
based GEMs when compared with in-situ training on individual buildings using the same D-
Transformer and T-Transformer models. It is evident that GEMs effectively enhance energy
forecasting performance in terms of MAE, MSE, RMSE, and MAPE. The D-Transformer
demonstrated a more significant enhancement in GEM performance than the T-Transformer.
Considering the MAE metric, the largest zero-shot performance enhancement was obtained
when using the D-Transformer-based GEM for a prediction horizon of 24 hours, yielding
19.4%, 19.7%, 12.4%, and 15.4% decreases in MAE, MSE, RMSE, and MAPE, respectively.
Additionally, a declining trend in performance enhancement is observed in both GEMs as
the prediction horizon extends. This trend suggests that GEMs pre-trained on substantial
datasets may yield greater improvements in short-term forecasting performance compared
to longer-term tasks.

These results demonstrate the promising potential of zero-shot GEMs on unseen target
buildings. Given that zero-shot GEMs require no additional data to fine-tune the model
and incur no additional computing time, these findings are particularly relevant for broader
applications in energy forecasting, especially in scenarios where historical data is unavailable,
such as during the design and planning stages.
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Figure 4.4: Performance enhancement brought by GEMs: Comparison of zero-shot, fine-
tuned, and in-situ training modalities

4.2.2 GEM Fine-tuning

In the fine-tuning scheme, GEMs were initialized with the pre-trained parameters. Train-
ing and validation were then performed using data from the first 18 months and the 19th
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to 21st months of each target building, respectively. Once the early stopping criteria were
met, the fine-tuned GEMs were tested on data from the 22nd to 24th months of each target
building. Figure 4.4b presents the percentages of average improvement in prediction ac-
curacy scores achieved through fine-tuned GEMs, compared to training forecasting models
from scratch using individual building data. It can be observed that both D-Transformer-
based and T-Transformer-based GEMs lead to significant performance enhancement for all
prediction horizons. Compared with the zero-shot performance in Figure 4.4a, fine-tuning
on target buildings further improved the performance of GEMs as demonstrated in Figure
4.4c. Similar to the observations in the zero-shot scheme, the D-Transformer-based GEM
also achieves more substantial improvement than the T-Transformer-based GEM in the fine-
tuning scheme. Moreover, fine-tuned GEMs tend to yield greater improvements in short-term
forecasting performance compared to longer-term tasks. The most significant enhancement
of fine-tuned GEMs was achieved by the D-Transformer for the 24-hour prediction horizon
with improvements of 24.5% in MAE, 28.5% in MSE, 17.7% in RMSE, and 19.3% in MAPE.

In addition to effectiveness improvement, fine-tuning GEM also provides benefits from the
efficiency perspective. Figure 4.5 shows the average percentage reduction in time required
for fine-tuning GEMs compared with training a model from scratch on individual buildings.
Notably, fine-tuning GEMs save more than 45% of the training time compared with in-situ
training in all cases.

To address RQ4, which examines the amount of data needed for effective fine-tuning in each
building, we used smaller subsets of data from individual buildings in the target group as
training and validation sets for comparison. The results, summarized in Table 4.3, indicate
that MAE, MSE, and RMSE increase steadily as the fine-tuning data size decreases. To
achieve fine-tuned performance comparable to or better than that of an in-situ model trained
from scratch on 18 months of data, at least 6 months of data is generally required. Using a
fine-tuning dataset that is too small (e.g., 3 months) may lead to worse performance than
zero-shot learning. This may be associated with overfitting to specific seasonal or occupancy
patterns. Meanwhile, MAPE did not exhibit a consistent trend with changes in the size of the
fine-tuning dataset, likely due to small actual values (i.e., small denominators in Equation
3.4) causing high percentage errors.
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Table 4.3: Influence of fine-tuning data size on GEM fine-tuning performance

pred_len months(ft_train) months (ft_val) MAE MSE RMSE MAPE

24 18 3 0.252 0.203 0.396 2.244
24 12 3 0.259 0.216 0.405 3.724
24 6 2 0.294 0.297 0.460 1.732
24 3 1 0.348  0.429 0.552 2.119
72 18 3 0.314 0.298 0.477 2.574
72 12 3 0.323 0.319 0.488 4.339
72 6 2 0.368  0.446 0.556 2.320
72 3 1 0.438  0.648 0.670 2.582
168 18 3 0.357 0.382 0.532 2.806
168 12 3 0.365 0.410 0.544 4.959
168 6 2 0.415 0.565 0.616 2.213
168 3 1 0.496  0.839 0.745 3.122

(1) The bold numbers indicate the performance is better than the in-situ model trained from
scratch on individual buildings (with 18 months of training data, 3 months of validation data,
and 3 months of testing data)

(2) The underlined numbers indicate the performance is better than the GEM zero-shot perfor-
mance.

In summary, utilizing pre-trained GEMs could provide a valuable shortcut at model initial-
ization, resulting in cost savings in computational resources and facilitating convergence to a
better outcome. By integrating extensive historical domain knowledge through pre-training,
fine-tuning GEMs resembles leveraging innate expertise, thereby enhancing the effectiveness
and efficiency of decision-making in building energy management. It is important to note,
however, that effective GEM fine-tuning requires a sufficient amount of data (e.g., at least
six months in our experiments) to avoid overfitting and to consistently outperform in-situ
models.
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Figure 4.5: Percentage of training time consumption reduced by GEM fine-tuning compared
with in-situ training
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4.2.3 GEM Performance: Included vs. Excluded Buildings in Pre-
training

The results presented thus far were based on observations from target buildings that were
not included in the GEM pre-training dataset. To address RQ3, which examines the effect
of building data inclusion in GEM training, we used another set of target buildings. To
this end, we randomly selected another set of 100 buildings from the pre-training ET 914
dataset, ET__100* (shown in Table 3.1). Using the same experimental settings that were used
for the E'T_ 100 dataset, we evaluated the performance of pre-trained T-Transformer and D-
Transformer GEMs over ET 100* for both zero-shot and fine-tuning schemes. A two-sample
independent t-test was performed on the evaluation results of buildings in the ET 100 and
ET_100* datasets. The p-values are presented in Table 4.4, with values greater than 0.05
indicating that the differences between the two groups are statistically insignificant. The
results demonstrate that the performance distributions of in-situ models, zero-shot GEMs,
and fine-tuned GEMs are similar across these two groups of target buildings, regardless of
their inclusion in the pre-training dataset.

The average performance enhancements for both included and excluded target buildings are
nearly identical (refer to Figure 4.4). Thus, for a target building that is part of the GEM pre-
training data, the zero-shot GEM also provides significantly better performance than in-situ
models, and fine-tuned GEM further improves prediction accuracy. Specifically, compared to
in-situ models, the zero-shot GEM reduces MAE by 18.6%, 17.5%, and 14.7%, while the fine-
tuned GEM reduces MAE by 24.1%, 22.9%, and 18.3% for prediction horizons of 24, 72, and
168 hours, respectively. In light of the findings from RQ2 and RQ3, it can be concluded that
GEM can significantly enhance energy prediction accuracy for a target building compared
to an in-situ model. The inclusion of the target building in the GEM pre-training data does
not necessarily result in a statistically significant difference in performance enhancement.

Table 4.4: Two-sample independent t-test p-value comparing MAE for in-situ models and
GEMs over ET 100 and ET 100* dataset

Architecture D-Transformer T-Transformer
Prediction horizon (h) 24 72 168 24 72 168
In-situ 0.6406 0.6513 0.8240 0.5691 0.5687 0.7409

GEM (zero-shot) 0.6700 0.6157 0.7560 0.6177 0.7214 0.7371
GEM (fine-tune) 0.6420 0.6056 0.8025 0.5914 0.6017 0.8134

4.3 Comparison with SOTA baselines

To avoid bias and further validate the efficacy of GEMs, we extended our analysis by com-
paring fine-tuned GEMs against state-of-the-art (SOTA) non-Transformer multivariate time
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series models. This comprehensive evaluation was conducted using the ET_ 100 dataset on
an individual building basis. The average evaluation scores for 100 buildings and their cor-
responding training times are presented in Table 4.5. The parameter settings of the baseline
models were manually optimized to achieve the best performance. To ensure a fair compari-
son, the input sequence length was set to 96 for all models. As depicted in Figure 4.6, the best
performance across all three prediction horizons was achieved by the D-Transformer-based
GEM. Moreover, fine-tuning pre-trained GEMs exhibited a marked efficiency advantage over
training SOTA baseline models (such as TimesNet, FiLM, and Koopa) from scratch. Ta-
ble 4.6 details the performance gains of the D-Transformer-based GEM compared to the
best-performing baseline models. Specifically, the D-Transformer-based GEM demonstrates
improvements in MAE scores of 23.9%, 9.0%, and 9.4% for the prediction horizons of 12, 24,
and 72 hours, respectively, compared to the best-performing SOTA baseline models. No-
tably, it also reduced training time by 88%, 70%, and 47% across these prediction horizons.
Overall, this comparative study further highlights the effectiveness and efficiency of GEM
fine-tuning for individual building energy forecasting.

Table 4.5: Average performance of fine-tuned GEMs and SOTA in-situ baseline models
(ET_100)

Prediction horizon (h) Model MAE MSE RMSE MAPE Training time (s)
TimesNet 0.402 0.380 0.557  3.007 448
Koopa 0.344 0.334 0.509 2.844
DLinear 0.352 0.301 0.503  2.604
24 MICN 0.345 0.315 0.484  2.685
FiLM 0.331 0.306 0.499  2.734

D-Transformer-based GEM
T-Transformer-based GEM

TimesNet 0.455 0.483 0.628  3.117 475
Koopa 3.070
DLinear 0.416 0.402 0.581
72 MICN
FiLM 0.398 0.416 0.580  2.924

D-Transformer-based GEM
T-Transformer-based GEM

TimesNet 0.481 0.550 0.661  3.426 951
Koopa - - - - -
DLinear 0.427 0.595

168 MICN 0.394

FiLM 0.399 0.439 0.585

D-Transformer-based GEM

T-Transformer-based GEM

(1) The greener cell indicates higher accuracy or efficiency.

(2) Koopa is unable to make predictions for a prediction horizon longer than the input sequence length, so the results for
a prediction horizon of 168 are omitted.

3.005

2.980
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Figure 4.6: MAE score and fine-tuning/training time consumption of GEMs and SOTA in-
situ baseline models

Table 4.6: Performance gains of fine-tuned GEM vs. SOTA in-situ baseline models

Prediction horizon (h) MAE MSE RMSE MAPE Training time (s) reduction

24 23.9% 33.7% 20.6% 17.9% 88%
72 9.0% 121% 7.0% 16.2% 70%
168 9.4% 23%  4.3% 6.6% 47%

4.4 Influence of input sub-sequence length on GEM
performance

To address RQ5, for D-Transformer-based GEM pre-training we examined the impact of
four sub-sequence lengths to account for different activity patterns in buildings—i.e., 96
hours (4 days), 168 hours (7 days), 720 hours (30 days), and 1440 hours (60 days). Table
4.7 summarizes the evaluation scores for GEM pre-training, as well as the average scores
for GEM zero-shot, fine-tuning, and in-situ models on ET 100. As sub-sequence length
increases, the evaluation scores generally follow a valley trend, as illustrated in Figure 4.7,
suggesting the existence of an optimal length. This optimal length depends on the specific
scheme, prediction horizon, and evaluation metrics. Based on the results shown in Table 4.7,
it can be concluded that 168 hours and 720 hours may be the better sub-sequence lengths
because they provide better performance for GEM zero-shot and fine-tuning schemes. For
practical larger-scale GEM applications, it is advisable to tune this parameter on a reserved
validation subset to identify the optimal input sequence length for improved performance.
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Table 4.7: Influence of sub-sequence length on D-Transformer-based GEM and in-situ model
performance

Scheme Prediction horizon (h) Sub-sequence length (h) MAE MSE RMSE MAPE
96 0243 0.184 0429  2.268

o 168 229 0.164 0405  2.157

720 0.232 .163 404 145

1440 0.237 0.165 0406  2.268

96 0.347 0329 0573  3.062

- 168 0200 0.243 0493 787

GEM pre-training 2 720 285 231 481 2.804
1440 0292 0.238 0488  2.852

96 310 272 522 3.074

168 168 0.327 0300 0548  2.939

720 0327 0295 0543 843

1440 0.335 0.305 0553  3.008

96 0269 0228 0422  2.352

o 168 253 0.204 0396  2.218

720 0.255 .199 391  2.151

1440 0260 0201 0.393  .128

96 0.337 0.330 0507  2.689

168 0.316 0297 0476 505

GEM (zero-shot) 2 720 311 281 463 2.539
1440 0.316 0285 0467 2.524

96 0.372 0398 0549 2910

168 168 0.357 0377 0529 2915

720 353 360 0518 772

1440 0.357 0364 517  2.903

96 0252 0.203 0396  2.244

o 168 245 0193 0.385  2.142

720 0.251 191 384 2121

1440 0259 0.195 0388  .114

96 0314 0298 0477 2574

. 168 305 0.284 0464 2408
GEM (fine-tune) 2 720 0.310 274 458  2.454
1440 0320 0.284 0466  .405

96 0.357 0.382 0532  2.806

168 168 351 0363 0519  2.780

720 0353 0351 0513 725

1440 0.360 349 512 2790

96 0333 0284 0481 2779

o 168 316 257 455 2.651

720 0339 0283 0477 607

1440 0.365 0.323 0507 2.834

96 0412 0416 0582  3.038

. 168 383 363 540 2.928
In-situ model 2 720 0.393 0.370 0544 877
1440 0410 0.398 0561 2978

96 0.440 0.480 0.618  3.229

168 168 431 452 599 157

720 0441 0456 0.602  3.279

1440 0454 0477 0612  3.307

Note: The best evaluation score for each prediction horizon is underlined.
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Figure 4.7: MAE scores of fine-tuned D-Transformer-based GEM with different input sub-
sequence lengths

4.5 Influence of pre-training data size on GEM perfor-
mance

To answer RQ6, which examines the effect of the pre-training dataset size on the performance
of GEMs, we pre-trained D-Transformer-based and T-Transformer-based GEMs on ET 200
and ET 500, which are subsets of ET 914. These models are referred to as GEM200
and GEMb00, respectively, compared with GEM914, which was pre-trained on the entire
ET 914 dataset. The zero-shot and fine-tuning performance of GEM200 and GEM500 were
evaluated in the same way used for GEM914. Figure 4.8 compares the performance of the
trained models. It can be seen that, there exists a general trend of performance enhancement
along the pre-training data size increase (except D-Transformer-based GEM for the 168-hour
prediction horizon). Both GEM architectures witnessed steady improvement in zero-shot and
fine-tuning performance at a short-term prediction horizon of 24 hours. Table 4.8 shows the
result of a one-tail paired t-test comparing the GEM200 and GEM914. It can be seen that
except in the case of the D-Transformer with a 168-hour prediction horizon, other scenarios all
witnessed significant performance enhancements reached by GEM914 compared to GEM200.
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Figure 4.8: Influence of pre-training data size on GEM performance (MAE)

Additionally, the performance enhancement percentages of GEM914 versus GEM200 are
shown in Table 4.9, where a positive percentage represents that GEM914 has a better perfor-
mance (i.e., lower MAE/MSE/RMSE/MAPE) compared to GEM200. In general, the larger
dataset demonstrated an advantage in augmenting GEM performance. However, the extent
of this improvement varied across different GEM architectures, depending on the prediction
horizons. On average, the D-Transformer-based GEM saw a 0.6% improvement, while the T-
Transformer-based GEM achieved a 2.3% increase in zero-shot and fine-tuning performance.
Notably, the T-Transformer exhibited greater gains compared to the D-Transformer when
using a larger pre-training dataset, suggesting its potential in scenarios with more extensive
data availability. Additionally, shorter-term forecasts (i.e., 24 hours and 72 hours) for both
models tend to benefit more from larger pre-training datasets. A more complex GEM with
more parameters might better leverage a larger training dataset, potentially leading to sig-
nificant future performance improvements. In summary, these findings highlight the critical
role of large datasets in constructing GEMs for practical applications in building energy
forecasting. Future research should incorporate even larger datasets to better understand
the relationship between pre-training data size and GEM performance.
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Table 4.9: Performance enhancement of GEM 914 compared with GEM 200

GEM model  Prediction horizon (h) Zevo-shot Fine-tune Ave.
MAE MSE RMSE MAPE MAE MSE RMSE MAPE

24 2% 2% 1% 0% 1% 0% 0% 1%  0.8%

D-Transformer 72 1% 1% 0% 0% 1% 1% 1% 1%  0.8%

168 0% 0% 0% 1% 0%  -1% 0% 1%  0.1%

Ave. 0.8% 1.3% 0.5% 02% 04% 0.1% 0.1% 1.0% 0.6%

24 3% 4% 2% 2% 2% 2% 1% 3% 2.5%

T-Transformer 72 2% 3% 2% 5% 2% 3% 2% %  3.3%

168 2% 2% 1% 3% 1% 1% 0% 0%  1.2%

Ave. 2.4% 3.0% 1.7% 3.4% 1.6% 1.8% 1.2% 3.3% 2.3%

Table 4.8: Paired t-test results of GEM200 and GEM914 over 100 buildings (ET100)

Architecture D-Transformer T-Transformer
Prediction horizon (h) 24 72 168 24 72 168
Zero-shot 2.09E-09 1.29E-02 3.23E-01 5.11E-11 1.53E-06 3.21E-08
Fine-tune 1.38E-03 5.11E-04 1.92E-01 1.88E-11 1.29E-08 3.66E-02

4.6 Discussion

The experimental results above confirm our hypothesis that both zero-shot and fine-tuned
GEMs outperform in-situ models with the same Transformer architectures. Fine-tuned
GEMs provide significant performance improvements and reduced training times but re-
quire adequate data to achieve these benefits. Moreover, input sub-sequence length has a
non-negligible influence and needs to be tuned in real-world applications to reach optimal
performance depending on each specific task. Additionally, the potential for greater perfor-
mance gains with larger pre-training datasets was demonstrated accentuating the potential
for moving toward developing Large Energy Models with very large datasets. While this
study demonstrates the significant potential of GEMs, there are limitations to be addressed
in future directions of this research. Although this experiment utilizes one of the largest pub-
licly available datasets to train and evaluate Transformer models for energy forecasting, it
remains limited compared to the vast datasets used in generalized models in other domains.
Moreover, due to the high proportion of missing data in other dimensions of the dataset, only
three input dimensions—energy demand, temperature, and calendar information—were uti-
lized. Incorporating additional dimensions could potentially improve GEMs’ performance.
From a model perspective, we have adopted state-of-the-art architectures that have been
designed for time series processing while future efforts can delve deeper into the impact
of fine-tuning those architectures for energy forecasting problems. Finally, from the lens
of functional diversity, GEMs assessed in this study are limited to single-horizon forecast-
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ing, whereas broader functionalities can be taken into account to meet the diverse demands
for real-world applications, such as multi-horizon forecasting, classification problems, and
generative tasks.

Future research directions can focus on addressing the limitations including downstream tasks
based on pre-trained GEMs for fault detection and data imputation. This integration could
help build versatile models that better accommodate real-world applications for monitoring
and control of building or grid systems. Currently, the presented models were designed for
fixed prediction horizons, and adapting to different horizons requires separate model pre-
training, which can be inefficient. Future work could explore developing multi-scale GEMs
or adaptable-horizon GEMs that can efficiently handle varying prediction horizons without
the need for additional pre-training. Another essential direction is the use of larger and
more complex pre-training datasets. Future studies could investigate the impact of higher-
dimensional data and larger datasets on the performance of GEMs, aiming to leverage the full
potential of web-scale global data for more accurate and robust energy forecasting. However,
this calls for formalizing the efforts in compiling global data that facilitate the development
of GEMs and eventually LEMs. By addressing these research areas, the community can
further enhance the capabilities and applicability of GEMs, contributing to more reliable
and efficient energy management systems. The knowledge formalized by GEMs can also be
transferred to domains related to building energy consumption prediction, such as renewable
energy generation prediction, occupancy analysis, and electric vehicle charging prediction.



Chapter 5

Conclusions

To address the knowledge gaps in data-driven energy forecasting—i.e., dependence on data
for specific contexts and limited generalizability and efficiency issues—and motivated by
the potential of large models in other domains, we investigated Generalized Energy Models
(GEMs) for more effective and efficient energy forecasting to avoid the need for extensive
in-situ training. We investigated Transformer architectures for GEMs given their attributes
including capturing long-term dependencies and their enhanced efficiency due to parallel
computing. Based on the comparison of different Transformer architectures with series-
wise (T-Transformer), dimension-wise (D-Transformer), and series-dimension-wise (TD-
Transformer) attention mechanisms, we identified T-Transformer and D-Transformer as the
most suitable architectures for developing GEMs. Two GEM application schemes of zero-shot
and fine-tuned were explored by pre-training GEM models using data from 1014 buildings
(with 914 buildings for pre-training and 100 buildings as the target group). The models
were tasked with predicting future energy demand for 24, 72, and 168hour horizons based
on date-timestamp information, outdoor air temperature, and energy consumption records.

We validated a central hypothesis that GEMs can be developed efficiently to outperform in-
situ (i.e., building-specific) models trained on individual target buildings. The experimental
results demonstrated that both zero-shot and fine-tuned applications of GEMs outperform
in-situ models trained on target buildings’ data from scratch, regardless of whether the build-
ing was included in pre-training. For target buildings excluded from pre-training, the GEM
with dimension-wise attention yielded the most significant performance improvement over
in-situ models, reducing MSE by 20% and 28% for a 24-hour prediction horizon in zero-shot
and fine-tuned scenarios, respectively, while also cutting training time by 55%. However, it
is crucial to have sufficient data to gain benefits from fine-tuning and to consistently sur-
pass zero-shot GEMs and in-situ models. In our analyses, a minimum of data collected over
six months was necessary to observe these gains. In addition to outperforming Transformer-
based in-situ models, fine-tuned GEMs also surpassed other state-of-the-art multivariate time
series forecasting baseline models trained using the in-situ training paradigm. Moreover, this
study suggests the existence of the optimal sub-sequence length for GEM, which should be
appropriately selected based on the prediction horizon and evaluation criteria. Additionally,
GEMs showed an average significant improvement of 0.6% and 2.3% in zero-shot and fine-
tuning performance with dimension-wise (D-Transformer) and series-wise (T-transformer)
attention mechanisms, respectively, when larger pre-training datasets were used. The po-
tential for greater performance gains with larger pre-training datasets suggests that using

40



41

web-scale global data to develop more extensive GEMs could potentially lead to the ad-
vancement of Large Energy Models for energy forecasting.
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