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Towards Event Sequence Foundation Models
Exploring Temporal Point Process Transformers for Power Grid Fault Prediction
MARCUS ANDERSSON
FILIP OLSSON
Department of Physics
Chalmers University of Technology

Abstract
Interruptions in electric power systems cause significant disruptions and economic
losses. The growing availability of fault data from electric power grids, combined
with advances in machine learning, particularly deep learning, is opening up new
opportunities for fault prediction. Transformer architectures are especially well-suited
to model sequential data, like the temporal sequence of historical disturbances in the
power grid. This thesis proposes a foundation model approach to fault prediction,
in which a transformer-based model is pretrained on large-scale event sequence
datasets from diverse domains. We then fine-tune the model on downstream fault
prediction tasks in a continual learning manner, using historical fault data segmented
into 3-day sequences. While an equivalent specialized fault model outperforms this
smaller foundation model by achieving 21.8 % higher average precision, fine-tuning on
multiple proxy tasks - common in foundation model training - significantly improved
fault prediction performance of both models. These results suggest that while
foundation models for event sequences are still emerging, the idea of proxy task
fine-tuning is already beneficial to existing models. Notably, the foundation model
exhibited less forgetting and higher forward transfer than the specialized model,
indicating superior retention of knowledge and ability to adapt to new tasks. Scaling
up foundation models remains a promising path towards reliable and scalable fault
prediction systems for the power grid.

Keywords: machine learning, foundation models, temporal point process, transform-
ers, event sequence, transfer learning, power grid fault prediction.
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Nomenclature

This section summarizes the nomenclature and notation conventions used throughout
the thesis. Uppercase letters, such as X, denote matrices, while lowercase bold
letters, such as x, denote vectors.

Sets

E Event sequence
Ht History of events up until time step t

M Set of all marks
T Task
D Domain
S Dataset

Variables & Parameters

ti Time of event i

ei Mark of event i

τ Inter-event times
α Learning rate
β Exponential decay rate
γ Weight decay factor
ξ Tuning threshold
h History encoding
fθ Transformer encoder with parameters θ

h
(i)
ϕ Task-specific heads with parameters ϕ(i)
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1
Introduction

As of 2022 the use of electricity in Sweden amounted to 134
terra watt hours and that number is expected to increase in
the coming years [1]. This rise puts ever increasing demands on the

power grid and the organizations that operate it, resulting in a higher frequency of
faults and interruption in the power grid [2]. Faults and interruptions can cause
significant disruptions and economic losses, hence minimizing the occurrences of
these events is a high priority to increase grid reliability. Such faults can stem from
a variety of different root causes, but often include short circuits, open circuits,
device failure or overloads [3]. Being able to predict the timing of future faults at an
early stage, based on historical events, is therefore crucial. This capability enables
grid operators to address potential problems before they become critical, thereby
increasing the reliability of the power grid.

Machine learning methods are well suited for the fault prediction task because
of their ability to handle high-dimensional signals and learn complicated temporal
dependencies [4]. Deep learning models such as transformers are especially good at
modeling sequential data, like the temporal sequence of historical disturbances and
interruptions in this problem. Power grid events can also be mathematically modeled
as a temporal point process with stochastic arrival times. In practice, however, fault
data suffers from label scarcity and varying sampling rates, making generalization
capabilities important for a machine learning model to be used to this end.

This thesis has societal benefits by improving the reliability and efficiency of power
grids, reducing economic losses and the inconvenience caused by outages. Enhancing
fault prediction can also support the integration of renewable energy, contributing to
a more sustainable energy future. Furthermore, the development of large general
deep learning models tailored for event sequence data could benefit a wide range of
applications beyond power systems that also use data of the same modality.

1.1 Problem formulation
Recently, foundation models for time series have emerged as a promising solution to
previously stated issues with fault data. A foundation model is a large deep learning
model with general knowledge, that can be applied to new downstream tasks with
little or no fine-tuning of its parameters [5]. This is achieved by training the model
on diverse proxy tasks on huge datasets. Most existing work on foundation models

1



1. Introduction

for time series data focuses on inputting a standard time series and forecasting future
values. However, our prediction problem and data do not directly fit into this stan-
dard formulation. The fault prediction problem differs from most forecasting tasks in
that the input is a collection of discrete events with stochastic arrival times—known
as an event sequence—rather than a regularly sampled time series. Figure 1.1 below
illustrates this difference in data modality.

Definition 1. An event sequence is a temporally ordered set of events that
describe the progression of occurrences within a specific context [6]. It can be for-
malized as E = {(t1, e1), (t2, e2), ..., (tN , eN)}, where ei is an event described by some
structure that captures the nature of the occurrence, and ti denotes the timestamp
when ei occurs.

(a) Standard time series (b) Event sequence

Figure 1.1: Comparison of a standard time series and an event sequence.

The fault prediction task is to estimate the next event and its timing based on
historical occurrences, making it a temporal point process task. In our case, each
event consists of a short recording of voltage and current waveforms, typically around
one second long. These waveforms are recorded if there is a detected disturbance
or interruption. Foundation models for this modality have not been extensively
explored, however, recent research includes a few promising models, mostly focusing
on medical applications [7].

The purpose of this thesis is to investigate the potential of foundation models
for fault prediction in electric power systems. This will be done by training a large
model on several fault prediction tasks and benchmarking it against a specialized
fault model. This research is both interesting and important for two main reasons.
First, a large-scale general model has the advantage of being able to utilize vast
amounts of unlabeled grid data, allowing it to learn complicated failure patters.
Secondly, adaptability to new grid operators is crucial for real-world deployment,
making generalization capabilities important. There are however several challenges
posed by the complex nature of time series data that need to be addressed to achieve
reliable fault prediction. Given this problem formulation, the following three research
questions are investigated in this thesis.
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1. Introduction

How does the performance of a specialized model compare to that of a
foundation model when applied to the fault prediction task?
This question aims to evaluate the differences between training a model specifically
for a given task and leveraging multiple datasets with a foundation model.

What is the impact of fine-tuning strategies on the fault prediction task,
how does it differ between a foundation model and a specialized model?
This question investigates whether incorporating proxy tasks — intermediate tasks
related to the final task — can enhance the model’s ability to transfer knowledge
and learn effectively from limited task-specific data.

To what extent does fine-tuning sequentially lead to catastrophic for-
getting?
This question examines the problem of catastrophic forgetting, where a model loses
performance on its prior tasks after being fine-tuned [8].

1.2 Related work
Current literature divides time series foundation models according to the modality
of data they process. The taxonomy presented in Liang et al. [6] recognizes three
principal branches of time series foundation models: standard time series, spatial
time series, and other, under which the event sequence definition falls. Given their
prominence, adapting a standard time series foundation model to our prediction
problem was the initial consideration. However, this approach presents several
complications.

Firstly, in order for the event sequence data to fit the modality of a standard
time series foundation model, the sequence of discrete event has to be adapted to a
standard time series format. Since the discrete events of the fault dataset consist of
short waveform recordings, this is possible. However, if the events consist of data of
another modality, such as categorical or text data, conversion to a standard time
series would be less feasible. Even still, the needed aggregation to make our data
fit the modality of a standard time series could potentially lead to information loss,
especially regarding inter-event dependencies, such as the time between events.

Another challenge is the input length of the sequences that the foundation model
has been trained on. Open-source time series foundation models, such as UniTS
and TTM, are often pretrained with an input sequence length on the order of 103

[9], [10]. Without pre-processing, sequences in our dataset span up to 105 timesteps,
far exceeding the length of the input sequences used during pretraining of UniTS
and TTM. Hence, to fit the context window of a pretrained standard timeseries
foundation model, significant down-sampling would be required. This increases the
risk of substantial loss of information. Due to stated complications, standard time
series foundation models will not be considered in this study.

3



1. Introduction

To the best of our knowledge, there are no open-source pretrained event sequence
foundation models at the time of writing this thesis. This poses a significant chal-
lenge, since training a large foundation model from scratch requires huge amounts of
data and computing power [11]. Nonetheless, insights from a smaller scale model
that follow the same pretraining then fine-tuning paradigm may still generalize to
larger models. As a result, the chosen model architecture will be trained from scratch.

One of the few architectures explicitly designed for event sequences is the model
EventStreamGPT proposed by McDermott et al. [7]. The authors also introduce a
data processing pipeline that transforms raw event sequences into representations
suitable for deep learning, along with two generative model architectures for time-to-
event prediction. The first architecture, the Conditionally Independent Point Process
Transformer, predicts the timing and content of future events independently. In
contrast, the Nested Attention Point Process Transformer incorporates intra-event
dependencies by using nested attention mechanisms to account for both temporal
and content dependencies. Both architectures aim to model the joint probability
distribution

p(ti, xi | (t1, x1), . . . , (ti−1, xi−1)),

where xi denotes the event content at timestamp ti. This formulation allows the
model to generate both the time until the next event and the content of future events
by sampling from the learned distribution.

1.3 Survey of event sequence datasets
The main proprietary fault dataset consists of 78 000 recorded disturbances and
interruptions in an electric power grid during a five year period. Each of these events
have a timestamp, event label, and voltage and current waveforms of each of the
three phases plus the neutral phase. From the waveforms, 370 representative scalar
values have been calculated, of which a predefined subset of 27 scalar values will be
used as features for the machine learning models.

A foundation model with general knowledge about event sequences requires event
sequence data from a wide set of domains, which is why multiple publicly available
datasets are included in this work. This has benefits of increasing the amount of
training data for better generalization and capturing general temporal patterns and
suitable feature embeddings. Table 1.1 summarizes the included datasets.
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1. Introduction

Table 1.1: Summary of included event-based time series datasets. The size of a
dataset is specified by the number of events, n, and the number of features, m.

Dataset Domain Size (n, m) Features
Fault dataset Electricity grid 78k, 370 Three-phase U/I, Label
eCommerce 1 [12] Online purchases 845k, 9 Price, View/Cart/Purchase
eCommerce 2 [13] Online purchases 1 654k, 9 Price, View/Cart/Purchase
Pred. Maintenance [14] Device failure 124k, 12 Unspecified metrics

These datasets were chosen because their data fit the event sequence definition well
and because they come from different domains. A common feature of all datasets
is that they include a timestamp and corresponding event content, in line with the
definition of event sequences.

eCommerce 1 is a large publicly available dataset of online purchase activity
from an electronics store. It contains the event types view: a user has viewed a
specific product online, cart: user put product in cart and puchase: user has pur-
chased a product. Each of these event types have additional features with product
information such as price, category and brand, and a user id. eCommerce 2 is a simi-
lar dataset with identical event types and features, but from an online cosmetics store.

Predictive Maintenance is a publicly available dataset of daily sensor read-
ings from a fleet of devices. This dataset was collected for the purpose of predicting
device failures proactively. It contains seven metrics and a binary label column
specifying failures.

MIMIC-IV-ED is an event-based healthcare dataset. A subset of this dataset,
called MIMIC-IV-ED demo, is publicly available and contains 100 subjects from
the original dataset. It contains a patient tracking table, edstays, as well as five
data tables: diagnosis, medrecon, pyxis, triage and vitalsign. The tracking table
edstays contains each patient’s subject id, admission and discharge times and other
basic information related to the patient. Each data table is linked through subject
id. This dataset was excluded because of its split structure differing from the other
datasets. It could have been incorporated in two ways: using separate tables where
each dataset having its own embedding or combining all tables to a combined dataset,
none of which are optimal.
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2
Theory

The following sections will present relevant theory for the methodology of this thesis
work. It will cover essential background on temporal point processes, the transformer
architecture and an overview of foundation models and continual learning.

2.1 Temporal point processes
A Temporal Point Process (TPP) is a stochastic process first studied in the early
20th century. One early application was in 1948, when it was used to model telephone
traffic in the work of Brockmeyer et al. [15]. Since then, these types of models have
been used in a wide range of fields, such as seismology, neuroscience and financial
market modeling.

In such applications, TPPs are commonly used to model event sequences of discrete
events observed in some continuous time interval [16]. The content of an event is often
referred to as its mark. A marked TPP has a realization of an event sequence, in accor-
dance to definition 1 given in the introduction, with E = {(t1, e1), (t2, e2), ..., (tN , eN )}.
In this formulation, ti ∈ R+ is the arrival time of event i ∈ N+, and ei ∈ M is the
corresponding mark. Depending on the application, the set of all marks can be
continuous M = Rd, or categorical with M = {1, . . . , K}. Note that the number of
events in a sequence, N , is itself a random variable.

TPPs are characterized by an intensity function λk(t | Ht), which models the
instantaneous rate at which events with mark k are arriving. An intensity function
for events with categorical mark k can be defined as

λk(t | Ht) = lim
∆t→0+

Pr{event of type k in [t, t + ∆t) | Ht}
∆t

, ∀k ∈M [16]. (2.1)

From this, the probability density function of event times can be calculated as

f(t | Ht) = λ(t | Ht) exp
(
−
∫ t

ti−1
λ(u | Ht)du

)
[17]. (2.2)

A derivation of this probability density function, derived from the intensity function,
is given in Appendix A.1. Traditional TPPs can be extended by using neural networks
to parameterize the conditional probability density function f(t | Ht). This class of
machine learning models is called Neural TPPs, which can learn complex temporal
dependencies and outperform traditional methods.

7



2. Theory

2.1.1 Neural temporal point processes
Neural TPPs are autoregressive models, as introduced by Du et al. [18], that se-
quentially predict arrival times and marks. The prediction is achieved through
three steps: 1) representing the events as feature vectors, 2) encoding history into
a fixed-dimensional vector hi ∈ Rdhidden , and 3) parameterizing the next event’s
conditional distributions using the history encoding. An illustration of a neural TPP
model is shown in figure 2.1.

Figure 2.1: Illustration of a neural TPP model with three output heads, each
parameterizing a distribution. One distribution is over inter-event times τ , one over
feature values and the final is a categorical mark distribution. The figure is modified
with written permission from authors [16].

Predicting future events is often difficult, and can be simplified through suitable
assumptions. One such assumption is that arrival times and marks are conditionally
independent of each other, meaning the joint probability distribution Pi(τi, ei | Ht)
can be factorized as

Pi(τi, ei | Ht) = Pi(τi | Ht) · Pi(ei | Ht), (2.3)

where τi = ti− ti−1 represents the inter-event times between consecutive events. This
factorization allows for a separate estimation of the temporal and mark distributions.
The temporal distribution can be represented by a range of functions, such as:
the probability density function fi(τi | Ht), the cumulative distribution function
Fi(τi | Ht), the survival function Si(τi | Ht), the hazard function ϕi(τi | Ht), or the
cumulative hazard function Φi(τi | Ht) [16]. The mark distribution can be modeled
as a categorical distribution with probability mass function Pi(ei = k | Ht). For
example, if we use the hazard function to model the temporal distribution, the
conditional intensity can be calculated as

λk(t | Ht) = pi(ei = k | Ht) · ϕi(t− ti−1 | Ht), (2.4)

where ti−1 is the time of the most recent event prior to t.

8



2. Theory

2.1.2 Likelihood estimation
The aim of neural TPPs is to learn a model that best estimates the conditional
intensity function λ(t | Ht). This can be done by parameterizing any of the previously
described functions for the temporal distribution. If we assume conditional indepen-
dence of arrival times and marks, both Pi(τi | Ht) and Pi(ei | Ht) are parameterized
using the history encoding hi. Define

P (ei = k | Ht; θ) = gθ(hi) (2.5)

ϕ(t− ti−1 | Ht; θ) = hθ(hi, t− ti−1) (2.6)
where gθ and hθ are neural network functions that model the mark probability and
temporal hazard function respectively, and θ represents all learnable parameters.
With this parameterization, the conditional intensity for mark k becomes

λk(t | Ht; θ) = gθ(hi) · hθ(hi, t− ti−1) (2.7)

Using this along with Equation 2.2, we can write the likelihood of observing an event
sequence E = {(ti, ei)}N

i=1 with K categorical marks as

p(E ; θ) =
N∏

i=1

K∑
k=1

1(ei = k)λk(ti | Ht; θ) exp
(
−

K∑
k=1

∫ T

0
λk(u | Ht; θ)du

)
, (2.8)

where T is the final time in the studied time interval [16], [17]. A full derivation of
this likelihood is given in Appendix A.1. The first factor accounts for the probability
of observing the event sequence E , while the second factor accounts for the probability
of not observing any events in the rest of the observation interval.

When dealing with a dataset containing multiple event sequences, the total likelihood
is simply the product over each individual sequence likelihood. Assuming we have a
dataset S = {E (m)}M

m=1, where each E (m) = {(t(m)
i , e

(m)
i )}Nm

i=1, we can write the total
likelihood as

p(S; θ) =
M∏

m=1
p(E (m); θ). (2.9)

It is common to use the negative log-likelihood as loss function

L(θ) = −
M∑

m=1
log p(E (m); θ), (2.10)

which can be used for training a neural network model. The optimal model parameters
θMLE are found by maximizing the likelihood of the observed data, or equivalently
minimizing the negative log-likelihood

θMLE = arg minL(θ), (2.11)

which corresponds to maximum likelihood estimation. This is asymptotically equiv-
alent to minimizing the Kullback-Leibler divergence between the data and model
distributions [19]. In practice however, minimizing this loss can be challenging due

9



2. Theory

to the integral in Equation 2.8 often being intractable [16]. An alternative approach
is therefore to use a sampling-based loss function on the form

Lsample(θ) = EE∼p(E;θ) [score(E)] , (2.12)
using a scoring function to evaluate the similarity of event sequences in the training
set and generated event sequences [16]. Some examples of scoring functions include
Wasserstein distance or adversarial losses. The EventStreamGPT framework instead
directly models the inter-event times τ by assuming they follow a parameterized
distribution [7]. EventStreamGPT models τ with either an exponential distribution

p(τ) = λ exp (−λτ) , (2.13)
or a log-normal mixture distribution with L components as

p(τ) =
L∑

l=1
wl ·

1
τσl

√
2π

exp
(
− log(τ)− µl

2σ2
l

)
, (2.14)

where wl is a learnable mixture weight for each log-normal distribution. The model is
then trained on minimizing the negative log-likelihood of observed inter-event times

L(θ) = −
N∑

i=1
log p(τi; θ). (2.15)

Gradients are computed with backpropagation, and parameters optimized by some
gradient-based optimization method, such as stochastic gradient descent with the
Adam Optimizer [20]. The Adam algorithm first calculates the gradients at time t as

gt = ∇θL(θt−1), (2.16)
where θt ∈ Rn are the model parameters at timestep t. Then, first and second
moment estimations, mt, vt ∈ Rn are updated as

mt = β1 ·mt−1 + (1− β1) · gt (2.17)
vt = β2 · vt−1 + (1− β2) · g2

t , (2.18)
where β1, β2 ∈ [0, 1] are exponential decay rates. The Adam Optimizer also has a
bias-correcting step, where the moments are updated as

m̂t = mt

1− βt
1
, v̂t = vt

1− βt
2
. (2.19)

The model parameters are then iteratively updated as

θt = θt−1 − α
m̂t√
v̂t + ε

, (2.20)

where α is the learning rate and ε is a small constant to prevent division by zero. In
order to prevent overfitting, the EventStreamGPT framework also uses decoupled
weight decay as a regularization technique, with PyTorch’s AdamW optimizer.
Including decoupled weight decay, the update rule can be written as

θt = θt−1 − α

(
m̂t√
v̂t + ε

+ γθt−1

)
, (2.21)

where γ is the weight decay factor [21]. Model parameters are updated until
convergence of the tuning (validation) loss.
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2.2 Transformers
The transformer first introduced in the paper Attention is all you need in 2017
is an encoder-decoder based deep learning model architecture used for sequence
modeling [4]. Transformers have been shown to be superior encoders for the history
in neural TPPs [22]. As opposed to other sequence modeling architectures, the
transformer solely relies on the notion of attention to capture global dependencies.
The encoder takes an input sequence and transforms it into a sequence of tokens in
some continuous representation space. The task of the decoder is then to, given the
encoded sequence, autoregressively generate a sequence of new tokens one at a time.

Figure 2.2: Illustration of the transformer architecture by dvgodoy/CC BY [23].

The encoder consists of N stacked blocks, each consisting of a multi-head self-
attention layer and a position-wise fully connected feed forward network. The output
from each output layer is fed through a normalization layer that also takes a residual
input from before each sub-layer.
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The decoder has a similar structure to the encoder as it also consists of N stacked
blocks of multi-head self-attention layers and fully connected feed forward networks
with residual connections around each sub-layer. In addition to these layers, the
decoder has a second multi-head attention layer that takes as input the output of
the first attention layer as well as the output from the encoder stack. Furthermore,
to ensure that the output at position i only can depend on information at positions
less than i the outputs are shifted by one position to the right before being fed to the
decoder. The first attention layer is also modified to make it impossible to attend to
subsequent positions by masking them out.

2.2.1 Attention mechanism
Attention allows the model to dynamically weigh the relevance of tokens in the input
sequence, regardless of their actual distance. Two particular attention mechanisms
are commonly used: additive attention and multiplicative attention [4]. Multiplicative
attention, also called dot product attention, is the type of attention utilized in the
transformer architecture with the addition of a scaling factor

√
dk, where dk is the

dimension of the keys and queries. The scaling is introduced to counteract the dot
products growing large in magnitude, which can push the softmax outputs into
regions of vanishing gradients, especially when dk is large. The attention is defined
as follows

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V, (2.22)

where Q, K, and V are the query, key, and value matrices. These are computed as
Q = HWQ, K = HWK , and V = HWV , where H is a matrix containing stacked
token embeddings, and WQ, WK , and WV are learned projection matrices [24].

To capture richer relationships and dependencies within the data, the transformer
architecture employs multi-head attention [4]. Multi-head attention allows the model
to attend to information from different subspace representations at different positions
in parallel. This is done by linearly projecting the queries, keys, and values into
multiple learned subspaces, and applying the attention mechanism to each projected
set in parallel. After the attention is done, the output of each head is concatenated
into a vector of dimension n · dv, where n is the number of heads and dv is the
dimension of the value vectors. This output is then once again linearly projected
into a dhidden-dimensional vector to produce the final value.
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2.2.2 Positional embeddings
Embeddings serve two main purposes: allowing the model to handle input sequences
of different lengths, and giving the model positional information of each token [4].
The embedding layer of the transformer uses learned embeddings to convert each
token into a dhidden-dimensional vector.

The positional encoding is added to the input sequence after the embedding layer [4].
This is done by summing the positional encoding vector and the input embedding
vector, hence the positional encoding has to match the dimensionality of the input
embedding. There are several types of positional encoding schemes that can be used:
learned, fixed or a relative encoding [25]. The fixed positional encoding scheme,
initially proposed by Vaswani et al. [4], utilizes sine and cosine functions of different
frequencies to embed positional information into the tokens. Specifically:

PE(pos,2i) = sin(pos/100002i/dhidden), (2.23)
PE(pos,2i+1) = cos(pos/100002i/dhidden), (2.24)

where pos denotes the position and i the dimension.

2.3 Foundation models
Foundation models represent a general class of machine learning models trained on
diverse datasets that can be further adapted to a wide range of downstream tasks with
little or no fine-tuning of its parameters [5]. Some prominent examples of foundation
models include GPT-4 and BERT [26], [27]. These models are examples foundation
models for natural language processing (NLP), which together with computer vision
(CV) and graph learning are the three dominant applications of foundation models
[28]. Developing foundation models for other modalities like event sequences comes
with some added complexities due to the heterogeneity of the data that make up
an event sequence. More specifically, datasets that contain different modalities and
complex internal dependencies [7].

Foundation models are generally based on standard deep learning architectures
and transfer learning techniques, most commonly the transformer architecture [28].
These are not new concepts, however the sheer scale of foundation models result
in new emergent capabilities. These large-scale models are often trained used self-
supervised learning techniques, which allow them to utilize vast amounts of unlabeled
data from diverse domains. Larger models can be motivated by the empirical scaling
laws introduced in 2020 by Kaplan et al. [29]. Their work shows that increasing model
size, dataset size and compute power leads to predictable performance improvements.
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2.3.1 Pretraining methods
Foundation models are often trained in two stages: pretraining and fine-tuning [5].
During pretraining, the models learn general-purpose representations of large-scale
datasets using self-supervised training on pretext tasks. Training in a self-supervised
manner on pretext tasks is useful because of its scalability. Depending on the general
application of the foundation model, such as NLP or CV, different pretext tasks
are used [28]. Some common tasks used for NLP foundation models include masked
language modeling (MLM), replaced token detection (RTD) and next sentence pre-
diction (NSP).

Masked language modeling, used in BERT, is the process of masking one word
in a sentence and having the model predict the masked word based solely on the
context of the remaining words [27]. A variant of MLM is autoregressive modeling,
used in GPT-4, which concerns iteratively predicting the next token given the context
of previous tokens [26].

RTD and NSP are both contrastive learning tasks [28]. Contrastive learning, common
in computer vision tasks, is a self-supervised technique where the model is trained
on comparing training examples to each other, grouping similar ones closely in the
feature space. Specifically, RTD is a discriminant task where the model’s target is to
decern if the current token has been replaced or not [28]. NSP on the other hand
aims to give the model sentence level knowledge by taking two sentences as input
and comparing the order of the them.

Fine-tuning involves further tuning the parameters of a pretrained model on a
specific downstream task of interest, often with a smaller task-specific dataset [5].
This is enabled by transfer learning, a machine learning technique where the knowl-
edge gained from one task is applied to another related task [30]. This process
utilizes the vast amount of pretraining data and reduces the need for large annotated
datasets.

2.3.2 Fine-tuning pretrained models
Fine-tuning foundation models involves adapting the pretrained model to a new
target task that can be widely different from the pretext tasks [31]. This can be
achieved in various different ways, such as through supervised fine-tuning or rein-
forcement learning [32].

Definition 2. Let T be a task. Then T is the combination of the label space
Y and a decision function h, hence T = {Y , h} [28]. The function h is not explicitly
given but rather intended to be learned from data.

Supervised fine-tuning utilizes supervised learning where each input has a cor-
responding label that the model learns to predict by adjusting its weights [32]. Two
fine-tuning techniques that use supervised learning are Transfer learning and Multi-
task learning.
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Definition 3. Let D be a domain. Then D consists of a feature space X and a
marginal distribution P (X), where X is defined as X = {x|xi ∈ X , i = 1, . . . , n} [28].

With the above definition of a domain, transfer learning can be formalized as
follows:

Definition 4. Given observations from mS ∈ N+ source domains and tasks and
observations from mT ∈ N+ target domains and tasks, where m is the number of
domains. Then transfer learning aims to utilize the knowledge contained in the
source domains to enhance the performance of the decision functions hTi

on the target
domains [28].

With multitask learning, the model is fine-tuned on several proxy tasks Ti [31],
[32]. Such tasks may cover the information needed in the target task, they can
therefore serve as a intermediate step between pretraining and fine-tuning on the
target task. Multi task learning can then be formalized as:

Definition 5. Suppose there are M proxy tasks {T1, T2, . . . , TM}. Given the pre-
trained model fθ, then fine-tuning the model is achieved by the following objective:

min
fθ

1
M

M∑
i=1
Li(Ti, fθ), (2.25)

where Li is the loss function for each task Ti [31].

2.3.3 Continual learning and catastrophic forgetting
Continual learning refers to the concept of learning a sequence of tasks or domains
one after the other and subsequently behave as if they were learned simultaneously
[33]. Fayek et al. [34] further defines continual learning as:

"The system has performed K tasks. When faced with the (K + 1)th task,
it uses the knowledge gained form the K tasks to help the (K + 1)th task."

Continual learning can be performed in many different ways and Wang et al. [33]
introduce several common scenarios, of which a few are described below.

Instance-Incremental Learning refers to the model being trained on a single task
where the training data comes in batches. All samples share the same objective
throughout training. Domain-Incremental Learning by contrast, involves multiple
tasks that share a common label space but have different input distributions and
the model is not informed about which task it is currently addressing. Finally, in
Task-Incremental Learning each task has a distinct label space and the model is
informed on which task is currently at hand, both during training and evaluation.
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A significant challenge often encountered in continual learning is the notion of catas-
trophic forgetting, where the model’s performance on task K decreases after it has
been trained on task (K + 1) [33], [34]. This problem is a result of the stability-
plasticity dilemma [35]. The stability-plasticity dilemma represents the trade-off
between retaining information of prior tasks and the ability to learn new information
when presented with unseen tasks [36]. The model has to have sufficient plasticity to
be able to acquire knowledge from learning on new tasks, however, too much plas-
ticity leads to forgetting of previously learned tasks. This is also true for the opposite.

The stability of a model, i.e. how prone it is to catastrophic forgetting can be
measured by a forgetting measure (FM), which Wang et al. [33] defines as the average
forgetting across all tasks. The forgetting of a task is defined as the difference
between the maximum performance and the current performance on a task.

fj,k = max
i∈{1, ..., k−1}

(pi,j − pk,j), ∀j < k (2.26)

where pk,j is the performance of j-th task after training on the k-th task (j ≤ k) in
the continual learning setting, evaluated on the held-out test set. The forgetting
measure is then calculated as

FMk = 1
k − 1

k−1∑
j=1

fj,k. (2.27)

Wang et al. [33] also introduces backward transfer (BWT), which measures how much
learning a new task influences the old tasks on average. Backward transfer is defined
as:

BWTk = 1
1− k

k−1∑
j=1

(pk,j − pj,j). (2.28)

Plasticity can, on the other hand, be measured by forward transfer (FWT) [33]. Let
p̃j be the performance of a randomly initialized model, trained only on the j-th task.
Then forward transfer is defined as the average influence that previous tasks has on
the current task

FWTk = 1
k − 1

k∑
j=2

(pj,j − p̃j). (2.29)
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2.3.4 Activation functions
Activation functions are fundamental to neural networks, introducing nonlinearity
and allowing the networks to learn complex patterns. Initial artificial neurons
employed a binary threshold [37]. Later on, this threshold was smoothed using a
sigmoid function in order to allow gradients to be calculated, which in turn enabled
backpropagation, the important algorithm introduced in the work of Hopfield in 1982
[38]. With the rise of deep neural networks, selecting the activation function has now
become a standard design choice. Introduced in 2016, the Gaussian Error Linear
Unit (GELU) has been shown to match or exceed models using popular activation
functions such as ReLU or ELU across several tasks [39]. The GELU function is
used for the neural network in this thesis work and is defined by

GELU(x) = xΦ(x) = x
1
2

[
1 + erf

(
x√
2

)]
, (2.30)

where Φ(x) is the standard Gaussian cumulative distribution function [39]. The error
function is defined as erf(x) = 2√

π

∫ x
0 e−t2

dt.
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Methodology

To model event sequences, and subsequently predict the time until the next grid
interruption, we utilize and build on the work presented in McDermott et al. [7].
Their framework EventStreamGPT (ESGPT) offers several utilities that fit both
the problem formulation, as well as the data described in Section 1.3. For example,
handling diverse datasets in a unified manner and converting data to a deep-learning
friendly format. The framework contains two model architectures and scripts for
pretraining, fine-tuning and hyperparameter sweeps through Weights & Biases.

We denote the shared transformer encoder as fθ and task-specific heads as h
(i)
ϕ .

We will also follow the naming convention of the ESGPT framework with train,
tuning (validation) and held-out (test) data splits.

3.1 Data pre-processing
To be able to utilize all the pre-processing functionality that ESGPT provides, some
manual pre-processing needs to be done on the raw data. The datasets are stored in
CSV-files, with a general structure depicted in Table 3.1.

Table 3.1: General structure of the raw datasets before any pre-processing.

timestamp event feature 1 feature 2 · · ·
YYYY-MM-DD hh:mm:ss event 1 xxx xxx · · ·
YYYY-MM-DD hh:mm:ss event 2 xxx xxx · · ·
YYYY-MM-DD hh:mm:ss event 2 xxx xxx · · ·

... ... ... ... . . .

The pre-processing pipeline within ESGPT needs two data frames in order to be able
to process the data correctly, namely a subject data frame and an event data frame.
The subject data frame contains the subject_id:s that uniquely identifies each event
sequence and any static measures that is tied to each respective subject. The event
data frame on the other hand contains all dynamic features, i.e. information that
can vary over time, as well as the timestamps of each event. To get a better notion of
what a subject and event data frame may contain for a specific dataset, an example
is provided below.
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Example 1. Let’s consider the dataset "eCommerce 1". Before any pre-processing
the data would be formatted in the following structure.

Table 3.2: The structure of the raw data in the dataset "eCommerce 1".

event_time event_type user_id price · · ·
2020-09-24 11:57:06 view 1515915625519388267 31.90 · · ·
2020-09-24 11:57:26 view 1515915625519380411 17.16 · · ·
2020-09-24 12:02:53 cart 1515915625519390468 217.57 · · ·
2020-09-24 12:04:10 purchase 1515915625519390468 217.57 · · ·
2020-09-24 12:09:33 view 1515915625356203891 21.43 · · ·

... ... ... ... . . .

After the initial pre-processing we would instead have the following two data frames
given in Table 3.3 and Table 3.4:

Table 3.3: Structure of the subject data frame for dataset "eCommerce 1".

subject_id static_measure_1
0 1
1 1
2 1
3 1
... ...

Table 3.4: Structure of the event data frame for dataset "eCommerce 1".

subject_id event_time event_type price
0 2020-09-24 11:57:06 view 31.90
1 2020-09-24 11:57:26 view 17.16
2 2020-09-24 12:02:53 cart 217.57
2 2020-09-24 12:04:10 purchase 217.57
3 2020-09-24 12:09:33 view 21.43
... ... ... ...

We now have the two data frames required by ESGPT. As can be observed in table
3.3 and 3.4, the coulmn user_id is now replaced by the column subject_id, which
essentially contains the same information but the unique user_id:s in table 3.2 have
been mapped to values in the range [1, nunique], where nunique is the number of unique
user_id:s in the dataset.
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The renaming from user_id to subject_id and the remapping of the values in
that column is due to the fact that when combining multiple datasets, it is only
possible to have a single subject data frame for all datasets. The column name
subject_id in the subject data frame also has to be the same in the event data frame
for each dataset.

3.1.1 Creating event sequences
In the given example, each event sequence corresponds to a unique subject_id, which
need to be assigned manually. Event sequences for the fault dataset were created
by selecting all events within a 3-day window and assigning the same subject_id
to these events. The window was then shifted by three days, and the new set of
events were assigned a new subject_id. This approach ensures that the event
sequences are non-overlapping, which helps minimize redundancy in the dataset
and reduces risk of data leakage. With this setup, the fault data was split into 445
non-overlapping event sequences, of which 100 were reserved for the held-out set.
Because of the limited number of sequences available, a relatively large proportion
was set aside for the held-out set to ensure reliable evaluation. Out of the remaining
345 sequences, 90 % were used for the training set and the remainder in the tuning set.

Several configurations of the sequence generation pipeline were evaluated, vary-
ing both sequence length and overlap. The chosen setup was eventually settled
on because it maximized performance on the proxy tasks. The trade-off between
increasing the number of training examples by using overlap, and the resulting
correlation and redundancy between sequences, was not obvious to the performance.

The other datasets used for the foundation model approach had some intrinsic
notion of subjects, such as the column user_id described in Example 1. These
were directly used as subjects, meaning no manual creation of event sequences was
necessary other than for the fault dataset.

3.1.2 Merging datasets
In order to pretrain the foundation model on several general datasets in parallel, we
need to combine all datasets into one. This combined dataset is only used in the
pretraining stage of the foundation model and will be referred to as Spre. Because
of the sheer size of datasets eCommerce 1 and eCommerce 2, only the first 100 000
subjects were selected from these. The subject_id:s of the first dataset were mapped
to integers starting from zero. Each subsequent dataset had its subjects mapped
starting from the last used integer plus one, ensuring that all id:s remain unique. The
fault dataset was added last in the combined dataset to simplify the later splitting of
datasets into train, tuning and held-out sets. Lastly, a combined subject data frame
was created containing all subject_id:s. The dataset Spre contains approximately
202 500 subjects and 5.9 million events.
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After the initial manual pre-processing, the ESGPT data pre-processing pipeline was
used. This pipeline performs several operations on the input data, such as split into
train, validation and test sets, fit outlier detector, normalizers and vocabularies etc.
[7]. Furthermore, the pipeline then converts the data into a deep learning friendly
representation that is stored in PyTorch datasets and dataloaders.

3.2 Model architecture
The model consists of two main components, the transformer block and task-specific
output heads. The transformer used in the model is called Conditionally Independent
Point Process Transformer (CIPPT), which is a decoder-only transformer with an
architecture identical to that of a standard GPT Neo-X transformer, as stated in
the supplementary material of McDermott et al. [7]. An overview of the model
architecture is provided in Figure 3.1.

Figure 3.1: Overall model architecture of the Conditionally Independent Point
Process Transformer used in this work. Here {x1...xn} is the output of the data
embedding layer and {y1...yn} is the latent space representation of the input event
sequence.

The input data is initially fed through an embedding layer before being fed through
the transformer backbone to produce the latent representation {y1 . . . yn}. Finally,
each yi is then passed to the three output heads, which performs the final downstream
task. The base heads in the ESGPT framework perform classification, regression
and time-to-event. When fine-tuning the model, the yi:s are also fed through the
task-specific head.
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The task-specific output heads, as the name suggests, have different properties
depending on the specific task the model is being fine-tuned on. To summarize, the
model has six different output heads in total that each handle different types of
training tasks. Three of these output heads are provided within the ESGPT library,
namely a pretrain classification head, pretrain regression head and a time-to-event
head. The remaining three output heads were our own additions, added with the
purpose to fit specific fine-tuning tasks. The task-specific heads Event head, Sequence
head and Prediction head are discussed in more detail in Section 3.2.2

3.2.1 Output heads for pretraining
The ESGPT framework features three output heads: time-to-event head, and regres-
sion and classification heads. The time-to-event and regression output heads are
responsible for modeling and subsequently predicting the inter-event time between
sequential events and any numerical features connected to each event [7], [40]. This
is achieved by parameterizing a probabilistic distribution over the inter-event times
and each feature for each event, conditioned on the event encoded in the latent
representation produced by the transformer.

Let h ∈ RB×L×dhidden denote the latent representation produced by the transformer,
where B is the batch size, L the sequence length and dhidden is the hidden dimension.
Each dhidden-dimensional vector yi in h is passed through a linear projection layer
that maps the latent space vector into a vector containing the parameters of the
distribution that we want to parametrize. As mentioned in Section 2.1.2, the time-to-
event output head has two distributions already implemented to choose from, namely
an exponential distribution or a log-normal mixture distribution. The pretrain
regression output head on the other hand parametrizes a Gaussian distribution by
default to regress feature values. During generation (prediction), we sample from
the specific distribution with the parameters obtained in each head respectively and
thus obtaining numerical predictions for both time-to-event and numerical features.

The pretrain classification output head on the other hand handles all classifica-
tion tasks, i.e. event type and any categorical features connected to each event. This
is done by feeding the latent space representation of each event through a linear layer
with a output size corresponding to the vocabulary size.

3.2.2 Task-specific heads
Three output heads were added to the ESGPT model architecture in order to achieve
outputs for different types of proxy tasks. The first head processes the transformer
latent representation into one output for each individual event, this head is referred
to as the Event head. It is a linear layer with input size matching the output of the
transformer backbone h, and one output neuron. Let h

(1)
ϕ denote the Event head,

defined as a function
h

(1)
ϕ : RB×L×dhidden → RB×L.
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The output of this head has shape B × L, where each element corresponds to a
single logit per event. These logits are then passed element-wise through a sigmoid
function to map them to the range (0,1). The outputs can therefore be interpreted
as some task-specific probability and compared to event labels. This head will be
used for tasks dealing with classifications on event-level, which will be discussed in
further detail in Section 3.3.3.

The second head, referred to as the Sequence head, was added in order to deal
with tasks that have labels on the sequence-level. It is similar to the Event head,
but instead maps the entire sequence of events to a single logit. This is done with
a two-layer fully connected neural network, which has the same input dimension,
B×L× dhidden, a second layer with L neurons and a GELU activation function, and
a final single output neuron. Let h

(2)
ϕ denote the Sequence head as

h
(2)
ϕ : RB×L×dhidden → RB.

This output head will be used to fine-tune on proxy tasks that have sequence-level
labels.

The third head, Prediction head, has the same architecture and purpose as the
Sequence head. There are multiple sequence-level tasks, and this head was added in
order to have a separate head specifically for tasks dealing with fault prediction. Let
h

(3)
ϕ denote the Prediction head with

h
(3)
ϕ : RB×L×dhidden → RB,

which is used to fine-tune the model on prediction tasks.

3.3 Training
This section will describe how the machine learning model is trained in the ESGPT
framework, as well as with our own additions. The optimal hyperparameters are
found via a separate Weights & Biases hyperparameter sweep for pretraining and
each fine-tuning task. This sweep searches for hyperparameters in specified ranges
that result in the lowest tuning loss.

3.3.1 Pretraining
Large deep learning models often need huge amounts of training data, and foun-
dation models often utilize a training paradigm called self-supervised learning [5].
Pretraining with this technique is often preferred, since it enables training on large
amounts of unlabeled data. Large-scale self-supervised training allows the model
to gain general knowledge about the data it is being trained on. This is done by
designing pretext tasks where the model is trained to predict some aspect of the
input data itself [41].

24



3. Methodology

Specifically, CIPPT is pretrained on next token prediction, where each token is
the latent space representation of an event. The actual prediction is then performed
on three sub-tasks in parallel. These are time-to-event, feature value regression and
event label classification. At each training step, a single event in the input sequence
is masked, and the self attention mechanism attends to all preceding events, thus
giving the model context for predicting the subsequent token [41]. The predicted
values for each sub-task are compared to the actual values of the masked event and
the loss for that event and sub-task can be calculated. The total loss function is
then calculated as the sum of the losses from each sub-task. This is repeated for
every event sequence in the training data.

3.3.2 Fine-tuning
Fine-tuning is done on specific proxy tasks, these are training tasks that are related
to the goal task but can be simpler in nature or use a task-specific dataset. The
purpose of fine-tuning the model weights on proxy tasks is to gradually train the
model on tasks of increasing complexity and improve its general understanding of
event sequence data. In order to fine-tune on specific tasks, we first need to create a
task data frame to be used in the ESGPT framwork. This data frame contains one
label for each subject_id. The label can be an integer for classification tasks or a
float value for regression tasks.

Table 3.5: Example of a task data frame on a synthetic dataset. This example
has binary labels, but regression tasks can have floating point label values as
well.

subject_id start_time end_time label
0 2015-01-01 00:00:00 2015-01-08 00:00:00 0
2 2015-01-08 00:00:00 2015-01-15 00:00:00 0
1 2015-01-15 00:00:00 2015-01-22 00:00:00 0
3 2015-01-22 00:00:00 2015-01-29 00:00:00 1
... ... ... ...

9986 2206-07-24 00:00:00 2206-07-31 00:00:00 1
9997 2206-07-31 00:00:00 2206-08-07 00:00:00 0
9998 2206-08-07 00:00:00 2206-08-14 00:00:00 1
9999 2206-08-14 00:00:00 2206-08-21 00:00:00 0

3.3.3 Proxy tasks
The set of proxy tasks used in this work is described below. Ideally, proxy tasks
should be orthogonal, meaning they capture different properties of event sequences
and each contribute unique information to the model. All proxy tasks are derived
from the fault dataset and will be used for both the specialized model and the
foundation model approach.

25



3. Methodology

Event label (EL) is a simple proxy task where the model is trained on classify-
ing which events are interruptions. Interruption events get positive labels and all
other classes get negative labels for this task, which is optimized by minimizing a
binary cross-entropy loss. Since this proxy task has event-level labels, it uses the
Event head.

Class distribution (CD) has the purpose of further strengthening the model’s ability to
tell event types apart. Given an event sequence, the task is to predict the distribution
of classes in this sequence. This is a regression task and is trained on a mean square
error loss using the time-to-event and regression pretraining heads, and is therefore
only training the embedding and transformer weights.

Interruption Harmonics Voltage dip Unbalance Transient Current deviation Normal
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Figure 3.2: Illustration of the learning objective for the Class distribution task.
The model is trained to minimize the error between predicted and actual distribution
of event types in the input sequence.

Interruption in sequence, which will be referred to as I0 in subsequent figures, is a
binary classification proxy task with the purpose of enhancing the model’s ability to
discern interruptions from other disturbances. Given a sequence of events, the task is
to predict label 1 if at least one of the events in the sequence is an interruption, and
0 otherwise. This is therefore a sequence-level proxy task, and uses the Sequence head.

Interruption 3-day concerns predicting if an interruption will happen in the next three
days. The end_time column in the task data frame is used as the time of prediction
for each input sequence. All proxy tasks concerning prediction of future interruptions
use the Prediction head. Variants of this proxy task were also implemented with
increasing prediction window lengths, for example 5-day and 7-day, where prediction
with a window length of 7 days is the goal downstream task. In subsequent figures,
I3, I5 and I7 will be used to reference the proxy tasks for interruption in 3, 5 and 7
days respectively.
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Figure 3.3: Illustration of the learning objective for interruption prediction tasks.
Context window refers to the length of the input sequence.

Time-to-interruption was initially considered to be used as a proxy task. This re-
gression task deals with trying to predict the time until the next fault will occur,
based on the history of events. After careful consideration and testing, this proxy
task was discarded due to it requiring its own output head for regression tasks, and
importantly, being even more challenging than the goal task Interruption 7-day.

During fine-tuning, the model trains on the pretraining tasks in parallel to one
of the fine-tuning proxy tasks. This is achieved by constructing a combined loss
function on the form

L = LT T E + LP C + LP R + wtaskLtask, (3.1)

where wtask is a weighting factor for the task loss, TTE represents time-to-event, PC
pretrain classification and PR is pretrain regression. The task loss Ltask is either a
binary cross-entropy or mean square error loss depending on the current training
task. By giving each fine-tuning task a weight factor for its loss part, we can tune
its influence on the overall training.

3.3.4 Optimizing the fine-tuning strategy
Predicting if an interruption will occur in the following seven days is a challenging
task. By following a structured finetuning strategy, we can allow the model to
gradually work its way up to this complex end task. A suitable strategy could be to
start pretraining from the simplest and most general tasks, and later moving towards
the end prediction task. Pretraining datasets aim to give the model a better starting
point to learn from. Each proxy task requires its own task data frame containing
one label per subject. Because of this limitation, fine-tuning on several proxy tasks
needs to be done sequentially, rather than in parallel.

Training sequentially can be problematic for two main reasons. First, each dataset
has a different vocabulary size, which is the input dimensionality for the embedding
layer. It can therefore be challenging to reuse the same embedding weights. This
is however not an issue in our case, since pretraining is self-supervised and done in
parallel, and fine-tuning is only done on the fault dataset. The second potential
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problem with training proxy tasks sequentially is the risk of catastrophic forgetting,
where the knowledge from early tasks are overwritten and forgotten [8].

The end task is Interruption 7-day, and it makes sense to train on this task last. The
interruption prediction tasks with shorter prediction windows are seen as sub-tasks
for the seven day prediction, and are trained on right before training on Interruption
7-day. The optimal ordering of the remaining proxy tasks is however ambiguous,
especially considering that it is difficult to rank them in terms of complexity. Conse-
quently, all possible permutations of the remaining proxy tasks were tested, followed
by training on the interruption tasks in order of increasing prediction window length.
Evaluation was done on performance of the end task using the held-out fault dataset.
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3.3.5 Training algorithm
This subsection will summarize the training process of pretraining and fine-tuning
with pseudo-code in Algorithm 1. Hyperparameters for each task are found from a
hyperparameter sweep for each task. Ordering of the fine-tuning tasks were found as
described in Section 3.3.4. The pretraining dataset Spre is unlabeled, which is why
the pretraining stage uses self-supervised training with masking. Each fine-tuning
dataset S(i)

fine has labels from its corresponding task data frame. In the specialized
fault model, all datasets are derived from the proprietary fault dataset, only differing
in the task labels. In the foundation model approach, the pretraining dataset contains
multiple datasets.

Algorithm 1 Entire training procedure for pretraining and sequential fine-tuning of
the transformer model with added output heads.

1: Input: Pretrain data Spre, Finetuning datasets {S(i)
fine} for tasks i = 1, . . . , N

2: Input: Transformer fθ, Task-specific output heads {h(i)
ϕ }

3: Input: Epochs Epre, {E(i)
fine}, Learning rates αpre, {α(i)

fine}, Weight decays γpre,
{γ(i)

fine}
4: Initialize transformer parameters θ and head parameters {ϕ(i)}
5: for epoch = 1 to Epre do
6: for each batch B in Spre do
7: Apply masking to obtain B̃
8: Z ← fθ(B̃)
9: Compute loss Lpre(Z, B)

10: Update θ using eq. 2.21 with learning rate αpre, weight decay γpre
11: end for
12: end for
13: for task i = 1 to N do
14: for epoch = 1 to E

(i)
fine do

15: for each batch (Bi, yi) in S(i)
fine do

16: Z ← fθ(Bi)
17: ŷi ← h

(i)
ϕ (Z)

18: Compute loss Lfine = Lpre(Z, Bi) + L(ŷi, yi)
19: Update θ, ϕ(i) using eq. 2.21 with learning rate α

(i)
fine, weight decay γ

(i)
fine

20: end for
21: end for
22: end for

23: Return: Fine-tuned model (fθ, {h(i)
ϕ })
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4
Results

This chapter will present and discuss the results achieved in this thesis work. Results
will be presented in four sections: first, we present baseline task performance, second
we show how shortening the prediction window effects the prediction performance.
Third, which fine-tuning strategy was found to be optimal and finally how prone are
the models are to catastrophic forgetting. Each section will contain comparisons
between the specialized model, which has only been trained on fault data from
electric grids, and the foundation model approach which has been trained on data
from several diverse domains.

The two models were trained on a server equipped with two Nvidia GeForce RTX
3080 GPUs. Given these hardware constraints, some hyperparameters regarding
the model size were set beforehand, and was kept fixed for all experiments. Since
foundation models typically are very large neural networks, these parameters
were found through trial and error in order to achieve the maximum possible
model size. The following backbone parameters were used: head_dim = 18,
hidden_size = 180, intermediate_size = 128, num_attention_heads = 10
and num_hidden_layers = 8. These parameters result in models with approxi-
mately 1.6 million trainable parameters. An extensive list of used hyperparameters
is found in Appendix A.3.

Furthermore, the task loss weighting factor introduced in Equation 3.1, was found
through trail and error for each task individually, and kept constant for all experiments.
The following weights were used: Class distribution: 1e4, Event label: 10, and all
interruption classification tasks had a task loss weighting of 2. These weights assure
that the task loss is a large contributing factor in the overall train loss.

4.1 Baseline task performance
This section will present results on the baseline performance on all proxy tasks,
without any fine-tuning strategy. After pretraining on their respective pretraining
datasets, the models were fine-tuned on only one proxy task, and then evaluated on
the held-out set. While the pretraining datasets differ between the specialized model
and the foundation model, all fine-tuning will be done using the proprietary fault
dataset. This dataset contains 445 number of training examples, where one training
example here is an entire event sequence. Note that the class imbalances in the
task data frames differ substantially depending on the proxy task. Event label only
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has 0.44 % positive samples, but Interruption in sequence has 13.0 %, Interruption
3-day has 10.0 %, Interruption 5-day has 16.0 % and Interruption 7-day has 21.0 %
positive labels. The class imbalances were calculated on the held-out set containing
100 sequences, since these values have an impact on the evaluation metrics that are
also calculated on the held-out set. The class imbalances over all data splits was very
similar, differing at most about one percentage point, also confirming that the held-
out set is representative. Event label has very imbalanced classes, and to counteract
this, a positive weight of 600 was used when training this task. Since the end task is
fault prediction, correctly identifying interruptions while minimizing the amount of
false alarms is critical. The focus is therefore on achieving a sufficiently high precision.

Hyperparameter sweeps were run on all tasks and pretraining individually to find
optimal hyperparameters, a subset of which is presented in Table 4.1. The best
hyperparameters for each task was chosen from a combination of high average preci-
sion and low tuning loss. Overfitting was then controlled by the tuning loss, which
resulted in training for nepochs epochs.

Table 4.1: Important hyperparameters for all tasks across the two models. Values
were found with a Bayesian Weights & Biases hyperparameter sweep. All tasks were
trained until the tuning loss started to show overfitting. The learning rate is α and
the weight decay factor is denoted γ.

(a) Specialized fault model.
Task αinit αend γ nepochs
Pretraining Specialized 8.00e-4 3.20e-7 3.00e-4 115
Class distribution 9.42e-4 1.99e-7 3.92e-3 16
Event label 6.10e-2 7.27e-5 5.69e-4 23
Interruption in sequence 7.60e-3 1.34e-5 1.56e-1 14
Interruption 3-day 1.25e-1 1.26e-5 2.15e-1 15
Interruption 5-day 7.86e-2 1.10e-2 3.66e-1 30
Interruption 7-day 7.93e-2 2.00e-2 3.13e-1 50

(b) Foundation model.
Task αinit αend γ nepochs
Pretraining Foundation 5.11e-6 3.85e-6 4.14e-1 87
Class distribution 7.20e-4 6.88e-7 7.79e-2 50
Event label 4.64e-4 2.13e-4 6.15e-2 33
Interruption in sequence 6.60e-4 1.22e-4 2.17e-1 16
Interruption 3-day 2.06e-4 3.21e-5 8.11e-2 50
Interruption 5-day 5.81e-5 1.36e-8 7.77e-2 27
Interruption 7-day 5.20e-5 7.01e-9 8.58e-2 100

What can be noticed here is the value of the weight decay γ, which controls how
strong the regularization is, and is used to prevent overfitting. For the specialized
model it is largest for tasks concerning predicting future faults, which makes sense
under the hypothesis that these are the most challenging tasks to learn, and prone
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to overfitting. The weight decay for pretraining foundation model is three orders of
magnitude larger than the value found for the specialized pretraining.

With solid hyperparameters, a baseline task performance on all tasks was inferred
after pretraining on the respective pretraining datasets, and fine-tuning on only
the specific task at hand. The regression task Class distribution used mean square
error (MSE) as its evaluation metric, while the remaining classification tasks used
a combination of precision, recall and average precision (AP). Average precision
summarizes the precision-recall curve by computing the mean of precision across
different recall values. Precision is a metric of the proportion of predicted positives
that were actual positives. Recall instead measures the proportion of all positive
labels that were correctly predicted by the model. The ranking metrics precision,
recall and AP were calculated at a global level on the entire held-out set. Further
discussion and definitions of used evaluation metrics are found in Appendix A.2.

Table 4.2: Baseline task performance of both approaches on the held-out set
containing 100 sequences. Evaluation was done directly after pretraining on their
respective pretraining datasets and fine-tuning on only that specific task. The
threshold ξ represents the decision boundary at which probabilities are mapped to
binary predictions.

(a) Specialized fault model baseline task performance on held-out set.

Task ξ Precision Recall AP AP/Baseline MSE
Class distribution - - - - - 0.0045
Event label∗ 0.53 0.0392 0.0435 0.0150 3.47 -
Interruption in seq. 0.44 0.3077 0.3333 0.3116 2.40 -
Interruption 3-day 0.25 0.1099 1.0000 0.1036 1.04 -
Interruption 5-day 0.32 0.1852 1.0000 0.2116 1.79 -
Interruption 7-day 0.35 0.2198 1.0000 0.3031 1.44 -

(b) Foundation model baseline task performance on held-out set.

Task ξ Precision Recall AP AP/Baseline MSE
Class distribution - - - - - 0.0037
Event label∗ 0.65 0.0353 0.6957 0.0303 6.95 -
Interruption in seq. 0.45 0.2353 0.3333 0.2499 1.92 -
Interruption 3-day 0.40 0.1014 0.7000 0.1424 1.42 -
Interruption 5-day 0.49 0.1923 0.3333 0.1850 1.16 -
Interruption 7-day 0.50 0.2045 0.4500 0.1954 0.93 -

Average precision does not give the full picture of the classification performance
alone. Like many evaluation metrics, the values need to be put into perspective by
the class imbalance. A random classifier achieves an average precision of P/(P + N),
which was the value used as baseline [42]. Here, P is the number of positive samples
in the held-out set, and N is the number of negative samples. In Table 4.2, the

∗Extreme class imbalance: Event label has 0.44 % positive labels.
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column AP/baseline therefore shows how many times better than random guessing
the classifier is, which is a more interpretable performance measure.

The threshold ξ was tuned on the train and tuning set because of the limited
size of the tuning set. Due to lack of time it was not possible to retrain the models
on a different split with a larger proportion allocated for the tuning set. This might
have some impact on generalization capabilities and there is a risk of overfitting
on the training data. In fact, some overfitting was observed as all the performance
metrics were substantially higher when evaluated on the train set.

The same procedure to optimize the baseline task performance was followed for
both the specialized model and the foundation model, and even though they use
different hyperparameters, the performance can therefore still be compared. Table 4.2
paints a fairly clear picture as to which of the two model that has the best perfor-
mance. The specialized model outperforms the foundation model on the majority
of the tasks and metrics. Most notably, it achieves a very high recall while still
retaining a precision that is as good or better than that of the foundation model.
However, there is one task where the foundation model clearly outperforms the spe-
cialized model, namely Event label. For this task it achieves better metrics across the
board except for precision which is more or less equal to that of the specialized model.

Ideally, both precision and recall should be high, however in practice it is rarely
the case. The threshold value ξ was tuned to favor high precision over high recall,
ensuring that the number of false positives are minimized. This is the probability
above which the prediction is classified as positive. The threshold controls the
trade-off between precision and recall, essentially tuning how sensitive the model is
to faults. The optimal threshold value therefore depends on the application and users
of the model. As seen in Table 4.2, even though the threshold was tuned to maximize
the precision, the precision is still low with relatively high recall on all tasks. This
suggests that the model may be inherently over sensitive. One contributing factor
could be the imbalanced dataset, which in some cases are extreme. This implies that
falsely predicting a couple samples as positive can have a big impact on the precision
since the number of actual positives are small.

If we take the use-case perspective, it makes sense to tune the model to maxi-
mize precision rather than recall. If we achieve a precision of 1, that means that all
the fault alarms from the model were true positives. Even though the model misses
the majority of faults, it is still better than capturing all faults but be very uncertain
if a predicted fault is a false alarm or not. A high recall value of course also desirable,
but given that the starting point without a model is that no faults are predicted,
having a model with high precision is only a net benefit, with trustworthy predictions.

It is also worth noting that both models are very prone to overfitting, especially the
foundation model, which on average achieved twice as high average precision on the
training data compared to the held out set.
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4.2 Shortening the prediction window
The end task is Interruption 7-day, and in theory, it should be easier to predict
faults in shorter prediction windows. Such tasks can therefore be used as proxy tasks
before training on the end task. Shortening the prediction window does however
increase the imbalance between positive and negative labels. This is due to the fact
that an interruption is less likely to occur within a shorter period of time as opposed
to a longer period of time. The change in class balance could also potentially impact
the learning difficulty of the task. Figure 4.1 presents average precision and precision
at ξ for different prediction window lengths.
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(a) Specialized fault model baseline.
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(b) Foundation model baseline.

Figure 4.1: Average precision over baseline and precision over baseline at ξ for
different prediction window lengths. Here a prediction window of zero days represents
the proxy task Interruption in sequence. Each task used the threshold ξ presented in
Table 4.2a. Evaluation was done on the held-out set.

35



4. Results

The values in Figure 4.1 are divided by each tasks corresponding baseline value. The
purpose of this is to eliminate the impact of varying class imbalance between tasks to
ensure precisions are comparable. The specialized fault model (Figure 4.1a) performs
best at the Interruption in seq. task. Precision drops for the prediction tasks, but is
unintuitively lowest when using a prediction window of three days.

The foundation model approach (Figure 4.1b) has a linear decreasing average pre-
cision when increasing the prediction window length. For this model, predicting
interruptions closer in time are easier, consistent with the prior belief. The thresholds
for Interruption 5-day and Interruption 7-day result in higher than average precision
on the held-out set.

The average precision metric is independent of the sensitivity tuning of the model,
while precision at ξ is not. By comparing these metrics, we can get an estimate of
how well-tuned the threshold is to maximize precision on the held-out set. In the
specialized model, Interruption in seq. and Interruption 3-day have thresholds that
result in about average precision. However, prediction windows of five and seven
days have thresholds resulting in worse than average precision values. Due to the
limited dataset size, there are distributional differences across data splits, meaning
the threshold maximizing precision on the train set may not be the same for the
held-out set.

4.3 Fine-tuning strategy
Fine-tuning is common when training foundation models. It involves training a
pretrained model on proxy tasks to improve performance on the end task. We define
the optimal fine-tuning strategy as the task ordering that maximizes performance
on Interruption 7-day. In order to find the optimal strategy, different permutations
of task ordering were trained and evaluated. The only constraint was that the final
tasks were Interruption 3-day, Interruption 5-day and Interruption 7-day last, to
ensure no catastrophic forgetting has occurred. Tasks were trained sequentially,
meaning they continue updating model parameters where the previous task left off.
The optimal fine-tuning strategies for both approaches are presented in table 4.3.

Table 4.3: Optimal fine-tuning strategy with task ordering for both approaches.

(a) Specialized fault model
Task nepochs
1. Interruption in seq. 14
2. Class distribution 16
3. Event label 23
4. Interruption 3-day 15
5. Interruption 5-day 30
6. Interruption 7-day 50

(b) Foundation model
Task nepochs
1. Class distribution 16
2. Event label 23
3. Interruption in seq. 14
4. Interruption 3-day 15
5. Interruption 5-day 30
6. Interruption 7-day 100
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As evident, the optimal fine-tuning strategy differs between the two approaches. To
visualize part of the training process across the whole fine-tuning strategy, a learning
curve of the train loss is shown in Figure 4.2. Note that only the train loss is shown,
not the total loss, which also includes task loss. This is because the task loss differs
depending on task, while the train loss is part of all training. As a reminder, the
train loss i defined as L = LT T E + LP C + LP R.

(a) Specialized fault model following its optimal fine-tuning strategy.

(b) Foundation model following its optimal fine-tuning strategy.

Figure 4.2: Train loss across all training phases in the best performing fine-tuning
strategies. CD is shorthand for Class distribution, EL is Event label, I0 is Interruption
in sequence, I3 is Interruption 3-day, and so on.

While pretraining the foundation model is significantly more volatile than the
specialized model, the reverse is true when it comes to fine-tuning. This likely stems
from the fact that the foundation model pretraining dataset is very diverse. Since
Figure 4.2 only shows the pretraining loss term, no conclusions of individual task
learning can be drawn. Following these fine-tuning strategies, final performance on
Interruption 7-day on the held-out set and comparison to baseline task performance
is shown in Table 4.4.
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Table 4.4: Performance on Interruption 7-day following the optimal fine-tuning
strategy for both approaches. Values in parentheses present the change from their
respective baseline performance on Interruption 7-day. The threshold ξ was tuned
on the train and tuning set. Final evaluation was done on the held-out set.

Model ξ Precision Recall AP
Specialized fine-tuned 0.40 0.2714 (+23 %) 0.9500 (−5.0 %) 0.3397 (+12 %)
Foundation fine-tuned 0.50 0.4000 (+96 %) 0.1000 (−78 %) 0.2788 (+43 %)

Once again the threshold ξ was tuned to maximize precision on the train and tuning
set. While recall has taken a hit, both precision and average precision are improved
in the fine-tuned models. As stated, we value precision the highest, meaning the
fine-tuning strategies have improved the results for both model approaches. The
foundation model had the largest improvements in precision and average precision
over its baseline, but also the biggest drop in recall. The fine-tuned foundation
model only catches 10 % of all interruptions, and of its alarms 40 % were true posi-
tives. Contrast this with the specialized model, which catches 95 % of interruptions,
but out of its alarms 27 % turned out to be actual interruptions. When put into
words, it becomes evident that the specialized model is the better choice in most cases.

The tuning has a major impact on model performance, and while a high aver-
age precision usually indicates a better model, a specific threshold value still has to
be chosen. Figure 4.3 shows the resulting precision, recall and the combined metric
F1-score for different threshold values.
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(a) Specialized model fine-tuned
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(b) Foundation model fine-tuned

Figure 4.3: Precision, recall and F1-score as a function of the threshold ξ. Values
were evaluated on Interruption 7-day on the held-out set. Note that these plots were
visualized after final evaluation, and therefore not used to tune thresholds, ensuring
no data leakage occurred.

In the specialized model (Figure 4.3a), precision and recall quickly drops to zero
above a threshold of 0.5. This indicated that most of the predicted probabilities are
around 0.5, and that the model is very uncertain. This is often undesirable, and
various attempts to address this was taken during this thesis work. The foundation
model however (Figure 4.3b) has probabilities more spread out.
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4.4 Catastrophic forgetting
The main drawback of training on proxy tasks sequentially is the risk of forgetting
early tasks and overwriting the knowledge, a phenomenon called catastrophic for-
getting [8]. In order to quantify the extent of forgetting, an experiment was set up
as to evaluate the regression task Class distribution. Normal pretraining was run,
followed by fine-tuning on Class distribution, Event label, Interruption in sequence,
Interruption 3-day, Interruption 5-day and Interruption 7-day. Between each fine-
tuning task, the performance on Class distribution was evaluated on the held-out set.
Figure 4.4 shows this performance on Class distribution, when continuing fine-tuning
on more and more tasks.
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Figure 4.4: Evaluation of catastrophic forgetting for specialized model. Performance
of Class distribution on held-out set, after continued fine-tuning on more tasks.

The graph in Figure 4.4 clearly shows that forgetting is present. There are however
substantial differences between the specialized model and the foundation model. The
specialized model seems to be more prone to forgetting since the MSE increases to a
maximum of 0.1071 from the baseline of 0.0045. Since the target is a distribution in
the interval [0, 1] an absolute MSE increase of 0.1026 is a substantial performance
drop. The foundation model also seems to exhibit some forgetting, though not to the
same degree as the specialized model. In this case the maximum absolute difference
in MSE compared to the baseline is 0.0214 for the foundation model, significantly
less compared to 0.1026 for the specialized model.

The difference in performance most likely lies in the different amount of train-
ing data that each model has been pretrained on. Since the specialized only has been
pretrained on a smaller homogeneous dataset, it may not be able to generalize across
different tasks. The foundation model on the other hand has a pretraining dataset
that is 500 times larger and more diverse. This is also the only real difference between
the two different models, which further reinforces the notion that the difference in
performance is due to the difference in training data.
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To get a full picture of the influence of training on the classification proxy tasks,
the metrics introduced in Section 2.3.3 were evaluated. Refer to this section for the
mathematical definitions. The metrics are forgetting measure, backward transfer and
forward transfer. These metrics measures differences in performance, and can be
calculated using a variety of performance metrics. In this case average precision was
chosen as it is independent of the threshold tuning. Since the Class distribution task
performance cannot be measured in average precision, it was excluded in this part
of the evaluation of catastrophic forgetting. Other than that, each model followed
its optimal fine-tuning strategy, which was presented in Table 4.3. The forgetting
measure is presented in Table 4.5. Here, the average forgetting was evaluated for the
models optimal fine-tuning strategies from different starting points.

Table 4.5: Forgetting measure (FM) for both models, evaluated following each
model’s optimal fine-tuning strategy, starting from the different tasks, on the held-out
set. Performance was measured using average precision.

(a) Specialized fault model
Optimal strategy from task FM
Interruption in seq. 0.1332 (43 %)
Event label 0.1077 (61 %)
Interruption 3-day 0.0834 (38 %)
Interruption 5-day 0.0205 (8.7 %)
Interruption 7-day N/A
Average 0.0862

(b) Foundation model
Optimal strategy from task FM
Event label 0.0025 (7.3 %)
Interruption in seq. 0.1383 (39 %)
Interruption 3-day 0.0000 (0.0 %)
Interruption 5-day 0.0008 (0.4 %)
Interruption 7-day N/A
Average 0.0354

The forgetting measure quantifies the performance loss on the evaluated task as
a result of learning subsequent tasks. To gain intuition, this metric reflects how
much the model forgets about each task after learning new ones. A lower forgetting
measure indicates that the model is more stable, and retains more of the knowledge
of that task when learning future tasks. Overall, the foundation model shows better
retention of its knowledge by achieving a lower average forgetting measure (0.0354),
compared to the specialized model (0.0862). This is most evident when evaluating
starting from tasks Interruption 3-day and Interruption 5-day, where the foundation
model shows little to no forgetting at all.
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Backward transfer measures the average performance loss on previously learned tasks,
as a result of learning the current task. Think of it as indicating whether learning
new tasks helped or hurt what the model already knew. In contrast, backward
transfer measures how much average performance was lost on all prior tasks, when
learning the current task. A positive backward transfer indicates that learning that
task improved performance on previous tasks, whereas a negative value indicates
performance loss. The transfer metrics were evaluated for both models, and the
results are presented in Table 4.6.

Table 4.6: Backward transfer (BWT) and forward transfer (FWT) for both models,
evaluated on the held-out set. Performance was measured using average precision.

(a) Specialized fault model
Task BWT FWT
Interruption in seq. N/A N/A
Event label −0.1370 0.0682
Interruption 3-day −0.1030 0.0911
Interruption 5-day −0.0100 0.0689
Interruption 7-day −0.0918 0.0466
Average −0.0855 0.0687

(b) Foundation model
Task BWT FWT
Event label N/A N/A
Interruption in seq. −0.0076 0.3789
Interruption 3-day −0.1800 0.1805
Interruption 5-day −0.1312 0.1189
Interruption 7-day −0.0964 0.0961
Average −0.1038 0.1936

The foundation model shows slightly more negative backward transfer (−0.1038)
than the specialized model (−0.0855). This indicates that the foundation model has
a greater tendency to interfere with previous tasks.

Forward transfer measures how much learning the previous tasks improved the
performance on the current task, in comparison to baseline performance, essentially
measuring the effectiveness of the fine-tuning strategy. A positive value indicates
positive knowledge transfer to future tasks, and can therefore be seen as an indication
of the model’s plasticity. The foundation model achieves significantly higher average
forward transfer (0.1936), compared to the specialized model (0.0687). These results
indicate that the previous tasks had a positive influence on performance of the final
task for both models, but even more so for the foundation model. This is also
evident in Table 4.4 showing the performance difference before and after following a
fine-tuning strategy. There, the foundation model improved average precision on the
final task by 43 %, compared to the specialized model’s 12 % gain.
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4. Results

Based on these results, it is evident that the foundation model exhibits both better
stability and plasticity by achieving lower forgetting and higher forward transfer
than the specialized model.
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5
Conclusion

This chapter summarizes the findings of this thesis, based on the results, and ad-
dresses the research questions stated in the introduction. Finally, it will discuss
potential directions of future work. The central aim of this thesis was to investigate
a foundation model approach to event sequence data, specifically fault event data
in electric power grids. To do this, two models were trained: one specialized fault
model trained solely on fault data, and one foundation model pretrained on diverse
event sequence datasets.

Experimental results show that the specialized model outperforms the foundation
model on the fault prediction task after fine-tuning, by achieving a test precision of
0.27 at a test recall of 0.95. In comparison, the foundation model achieved a test
precision of 0.4, at a recall of 0.1. High precision is essential to minimize the number
of false alarms, but at such a low recall, it is of little use to actual fault prediction as
the vast majority of faults are missed. The optimal model achieves a high precision,
so that it is certain of its alarms, at a reasonable level of recall. Both models also
struggle with overfitting, as the average precision on the train set is about twice
that of the held-out test set, despite the use of regularization techniques such as
weight decay and dropout. The issue with overfitting is not unexpected, due to the
complexity of the prediction task combined with the limited size of the fault dataset.

A key finding in this work is that proxy task fine-tuning significantly improved
fault prediction performance, even for the specialized model. Training on six proxy
tasks sequentially improved test precision for the specialized model by 23 %, at a
cost of only 5 % lower recall, over baseline values. The foundation model also saw
benefits from this training strategy, increasing its test precision by 96 %, however at
78 % lower recall. This suggests that proxy task fine-tuning can be an advantageous
training strategy, improving model generalization, even when not working with
foundation models.

This study used a selected subset containing 27 scalar values as features, out of the
available 370. Feature selection can have a significant impact on the performance of
the model, but since the other subsets were not investigated here, it is impossible to
say how this would have affected the results. Some other data pre-processing choices
regard whether or not to include events labeled as "normal", and choices of context
window length and overlap. As discussed previously, there is a trade-off between
more training examples, and increased redundancy, when using overlapping event
sequences.
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5. Conclusion

Referring to the results section and Table 4.4 we can show that the specialized
model outperforms the foundation model on the fault prediction task, both in base-
line and after fine-tuning in a continual learning manner. The foundation model
does however perform better at identifying interruption events in sequences and
estimating class distribution in sequences. The fine-tuned foundation model did
however achieve the highest test precision, but at the cost very poor recall, which is
why the specialized model was deemed to be the overall better model. We can further
conclude that following fine-tuning on different proxy tasks is very beneficial for both
models. Resulting in an increase of average precision by 12 % for the specialized
model, and by 43 % for the foundation model approach. By evaluating all orderings
of proxy tasks, we found that the optimal strategy, hyperparameters, and number of
epochs differ between the investigated models.

Finally, catastrophic forgetting and the models’ stability and plasticity were eval-
uated when following their respective optimal fine-tuning strategy. The regression
task Class distribution was evaluated separately by running inference between each
subsequent proxy task in the training protocol. Results show that Class distribution
performance quickly drops after the following two tasks, but after that remains, or
event starts to improve again when training on the fault prediction tasks. Inter-
estingly, the foundation model was not as affected by catastrophic forgetting on
this task as the specialized model was. The classification tasks were evaluated on
forgetting, backward transfer and forward transfer. The most notable findings were
that the foundation model achieves lower average forgetting, and higher average
forward transfer. This suggests that the foundation model performs better on both
stability and plasticity, compared to the specialized model.

The limiting factor for the maximum possible model size was the GPU memory. Since
this thesis investigates foundation models - inherently large neural networks - it is
likely that much of their benefit is unseen in this work. Larger model sizes, trained on
bigger event sequence datasets are therefore the main research directions needed to
improve event sequence foundation models. This thesis investigated the foundation
model approach on a smaller scale with a model containing 1.6 million trainable
parameters. Many state-of-the-art foundation models are however substantially
larger, with models containing billions of parameters.

In conclusion, this thesis demonstrates the potential of a foundation model ap-
proach to event sequence modeling on a smaller scale. While the specialized model
proved to be more effective at the fault prediction task, the foundation model show-
cased greater generalization capabilities, stability and plasticity in continual learning
settings. Concepts from foundation model training, namely proxy task fine-tuning,
was effective in improving fault prediction performance of both models. Future work
should aim to utilize larger model sizes and datasets to fully realize the benefits of
foundation models of this modality.
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A
Appendix

A.1 Derivation of event sequence likelihood
In this section, we derive the likelihood function of an event sequence, following the
formulation introduced in Section 2.1. Given a marked event sequence of N events,
E = {(ti, ei)}N

i=1, our goal is to express the likelihood of observing this sequence
under a temporal point process model.

Start by considering the likelihood of observing a single event (ti, ei), which is
composed of a temporal component and a mark component. By assuming conditional
independence, we can write

p(ti, ei | Hti
) = P (ei = k | Hti

) · f(ti | Hti
), (A.1)

where f is the conditional probability density function of the arrival time, and
P (ei = k | Hti

) is the probability of the mark.

The intensity function describes the instantaneous rate at which events occur [16].
Using this, we can derive an expression for the probability density function by
following the approach given by Lin et al. [17]. First we write

λ(t | Ht)dt = E [N(t + dt)−N(t) | Ht] (A.2)
= P(ti ∈ [t, t + dt) | Ht), (A.3)

where N(t) represents a counting process. Here, P is the notation used for a
probability measure. With this, we can derive the relationship between the intensity
function and the conditional probability density as

λ(t | Ht)dt = P(ti ∈ [t, t + dt) | H(t))
= P(ti ∈ [t, t + dt) | ti /∈ [ti−1, t),H(ti−1))

= P(ti ∈ [t, t + dt), ti /∈ [ti−1, t) | H(ti−1))
P(ti /∈ [ti−1, t) | H(ti−1))

= P(ti ∈ [t, t + dt) | H(ti−1))
P(ti /∈ [ti−1, t) | H(ti−1))

= f(t | H(ti−1))
1− F (t | H(ti−1))

,
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where F (t | Ht) =
∫ t

ti−1
f(u | Ht)du is the cumulative distribution function. Solving

for f , we obtain

f(t | Ht) = λ(t | Ht) exp
(
−
∫ t

ti−1
λ(u | Ht) du

)
[17]. (A.4)

To derive the full likelihood of the observed event sequence E , we assume that events
are conditionally independent given the history. The likelihood then becomes a
product over the individual event likelihoods

p(E) =
N∏

i=1
p(ti, ei | Hti

) =
N∏

i=1
P (ei = k | Hti

) · f(ti | Hti
). (A.5)

We now adopt a formulation inspired by Shchur et al. [16], where the likelihood
is written as a sum over all possible marks, using an indicator function to select
the observed mark. Since each mark has its own intensity function λk(t), the total
intensity across all marks is used in the survival term. This gives the likelihood of
an event sequence as

p(E) =
N∏

i=1

K∑
k=1

1(ei = k)λk(ti | Hti
) · exp

(
−

K∑
k=1

∫ T

0
λk(u | Hu) du

)
, (A.6)

where T is the end time of the observation window. The integral accounts for the
probability of no events occurring outside the observed sequence, ensuring proper
normalization.
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A.2 Evaluation metrics
This section outlines the classification metrics used in this work. We begin by
presenting the general confusion matrix for a binary classification task, in Table A.1
below.

Table A.1: Confusion matrix for a binary classification task. tp is the true positive
count, fp is the false positive count, fn is the false negative count, and tn is the
true negative count.

Actual Positive Actual Negative
Predicted Positive tp fp
Predicted Negative fn tn

Using the counts in Table A.1, the F1-score is calculated as:

F1 = 2tp

2tp + fp + fn
. (A.7)

The F1-score is the harmonic mean of precision and recall, offering a balanced metric
compared to alternatives [43]. If false positive and false negative predictions are
equally important, the F1-score serves as an effective summary metric.

For a metric suitable for cases with imbalanced classed, we use Average Preci-
sion (AP) as a classification metric, which is derived from the Precision-Recall curve
[44]. Average precision is the harmonic mean of precision across different recall levels,
offering a more robust evaluation in imbalanced settings. Using the confusion matrix
counts from Table A.1, precision and recall are defined as:

precision = tp

tp + fp
(A.8)

recall = tp

tp + fn
(A.9)

A higher average precision indicates a better classifier, with a perfect score of 1.0 and
random guessing achieving an average precision in line with the fraction of positive
labels. Precision is essentially showing how many of the predicted positives are actual
positives. Recall instead shows what percentage of all positive labels we catch. Both
of these metrics are important in the application of fault prediction.
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A.3 Extensive list of hyperparameters

Table A.2: Extensive list of hyperparameters used for pretraining and fine-tuning
the specialized fault model and the foundation model. SM is shorthand for specialized
model, FM is foundation model, CD is class distribution, EL is event label, IX is the
collection of all interruption classification tasks.

Parameter Value Parameter Value
num_epochs_pretrain_SM 115 num_epochs_pretrain_FM 60
num_epochs_SM_CD 55 num_epochs_FM_CD 50
num_epochs_SM_EL 23 num_epochs_FM_EL 33
num_epochs_SM_I0 14 num_epochs_FM_I0 16
num_epochs_SM_I3 15 num_epochs_FM_I3 50
num_epochs_SM_I5 30 num_epochs_FM_I5 27
num_epochs_SM_I7 50 num_epochs_FM_I7 100
lr_init_pretrain_SM 8.00e-4 lr_init_pretrain_FM 5.11e-6
lr_init_SM_CD 9.42e-4 lr_init_FM_CD 7.20e-4
lr_init_SM_EL 6.10e-2 lr_init_FM_EL 4.64e-4
lr_init_SM_I0 7.60e-3 lr_init_FM_I0 6.60e-4
lr_init_SM_I3 1.25e-1 lr_init_FM_I3 2.06e-4
lr_init_SM_I5 7.86e-2 lr_init_FM_I5 5.81e-5
lr_init_SM_I7 7.93e-2 lr_init_FM_I7 5.20e-5
lr_end_pretrain_SM 3.20e-7 lr_end_pretrain_FM 3.85e-6
lr_end_SM_CD 1.99e-7 lr_end_FM_CD 6.88e-7
lr_end_SM_EL 7.27e-5 lr_end_FM_EL 2.23e-4
lr_end_SM_I0 1.34e-5 lr_end_FM_I0 1.22e-4
lr_end_SM_I3 1.26e-5 lr_end_FM_I3 3.21e-5
lr_end_SM_I5 1.10e-2 lr_end_FM_I5 1.36e-8
lr_end_SM_I7 2.00e-2 lr_end_FM_I7 7.01e-9
weight_decay_pretrain_SM 3.00e-4 weight_decay_pretrain_FM 0.3822
weight_decay_SM_CD 3.92e-3 weight_decay_FM_CD 7.79e-2
weight_decay_SM_EL 5.69e-4 weight_decay_FM_EL 6.15e-2
weight_decay_SM_I0 1.56e-1 weight_decay_FM_I0 2.17e-1
weight_decay_SM_I3 2.15e-1 weight_decay_FM_I3 8.11e-2
weight_decay_SM_I5 3.66e-1 weight_decay_FM_I5 7.77e-2
weight_decay_SM_I7 3.13e-1 weight_decay_FM_I7 8.58e-2
task_loss_weight_CD 1.00e4 task_loss_weight_EL 10
task_loss_weight_IX 2 positive_weight_EL 600
num_attention_heads 10 num_hiddden_layers 8
head_dim 18 hidden_size 180
intermediate_size 128 max_seq_len 256
cat_embedding_dim_SM 82 cat_embedding_dim_FM 90
cat_embedding_weight_SM 0.91 cat_embedding_weight_FM 0.01
seq_attention_types global padding_side left
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