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Bridging the Resolution Gap: Conditional Generative Model for High-Fidelity Time
Series in Automotive Applications

Tharinrath Jatupattrapiboorn

Fizza Farooq

Department of Computer Science and Technology

Chalmers University of Technology

Abstract

The automotive sector increasingly relies on high-resolution vehicle data for ad-
vanced analytics, yet readily available customer vehicle data is often sparse and low-
resolution due to hardware, cost, and privacy constraints. Existing time-series gen-
erative models frequently struggle with long sequences (exceeding 1000 timesteps)
and lack robust mechanisms for controlled generation using continuous conditional
inputs. This thesis aims to bridge this data resolution gap by developing and eval-
uating advanced machine learning models capable of generating high-fidelity, long-
sequence time-series data from low-resolution conditional inputs.

We evaluated current state-of-the-art time-series generative models for their efficacy
in handling long sequences, identifying Variational Autoencoders (VAEs), particu-
larly TimeVAE, as the most promising base due to their fast training time and supe-
rior predictive performance. A novel conditional generative model was then devel-
oped by integrating TimeVAE with a Transformer encoder, adapting the PatchTST
architecture to encode the conditional information. Key architectural enhancements,
including Rotary Positional Embeddings, Layer Normalization, and specifically, a
residual integration approach for incorporating conditional information, were ex-
plored. Further improvements like "free bits" and "conditional prior' were imple-
mented to mitigate posterior collapse and enhance overall model performance.

Our findings indicate that state-of-the-art models generally underperform on long
sequences , and naive conditional integration is ineffective due to complex gradient
flows. However, the proposed residual integration improved the model’s ability to
leverage conditional information. The combined application of "free bits" and "condi-
tional prior" alleviated posterior collapse, leading to a more robust model. Crucially,
the purely data-driven model was able to generate physically plausible long-sequence
time-series data, with three key physical metrics showing less than 16% deviation
from real signals, without explicit physics-based training. This demonstrates a viable
solution for controlled high-fidelity time-series generation in automotive applications

Keywords: Time-Series Generation, Conditional Generative Models, High-Fidelity
Data, Automotive Applications, Variational Autoencoders (VAEs), Transformers,
Machine Learning, Deep Learning, Data Synthesis, Automotive Data Analytics
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

BERT Bidirectional Encoder Representations from Transformer
CVAE Conditional Variational Autoencoder
DPM Diffusion Probabilistic Models

DS Discriminative Score

DSL Data Science Lab

ELBO Evidence Lower Bound

GAN Generative Adversarial Network

GPT Generative Pre-trained Transformer

GRU Gated Recurrent Unit

HF High Frequency

KL Kullback-Leibler

LF Low Frequency

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MLP Multi-Layer Perceptron

MSE Mean Squared Error

PS Predictive Score

RNN Recurrent Neural Network

RevIN Reversible Instance Normalization

RoPE Rotary Positional Embedding

STFT Short-Time Fourier Transform

TTS-GAN Transformer Time-Series Generative Adversarial Network
VAE Variational Autoencoder

VQ-VAE Vector Quantized Variational Autoencoder
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices
t Index for time step
7 Index for samples in dataset
T Number of time steps in low-resolution sequence
1y Number of time steps in high-resolution sequence
Sets
X Set of input sequences (low-resolution signals)
Yy Set of target sequences (high-resolution signals)
B Set of generated sequences (high-resolution signals)
D, Set of input features
D, Set of target features
Dirain Training dataset with (input, target) pairs
Dinference Inference dataset with (input, generated) pairs
Parameters
k Downsampling factor between low-res and high-res signals
6] Weight for reconstruction loss in the ELBO objective
p(x) Mean of approximate posterior distribution in VAE
o(x) Standard deviation of approximate posterior distribution in VAE
P Air density (for physics-based plausibility)

X1



Chrr Coefficient of rolling resistance

CyA Drag coefficient times frontal area
g Acceleration due to gravity
m Vehicle mass
Variables
Xy Conditional input at time step ¢
Ui Target high-resolution signal at time step ¢
Ut Generated high-resolution signal at time step ¢
z Latent variable in VAE latent space
ag Acceleration at time step ¢
Uy Velocity at time step ¢
E.. Rolling resistance force
EFoero Aerodynamic drag force
Eeen Mechanical force on vehicle
Weng Work done by engine
Wrake Work done by braking
Waero Work done against aerodynamic drag
Wioiting Work done to overcome rolling resistance

xii
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1

Introduction

This thesis explores how advanced machine learning models can tackle conditional
time-series generation task. This chapter outlines our research context, aims, core
research questions and limitations.

1.1 Background

Time-series generative models play a vital role in various domains, driving innova-
tion in areas such as synthetic data generation, data augmentation, audio synthesis
and privacy protection [4, 20, 39, 12, 21, 33, 6, 38]. Despite their widespread applica-
bility, research on these models remains less explored compared to the advancement
in natural language processing [5, 37] and computer vision [29, 15, 35].

Prior research on synthetic time-series generation has largely focused on Generative
Adversarial Network (GAN) based approaches [8, 39, 12, 21, 23]. While effective,
they still often struggle with inherent GAN challenges like unstable training and
mode collapse. Although Variational Autoencoder (VAE) based time-series genera-
tion models such as TimeVAE [4], Time-VQVAE [20] and KoVAE [26], have been in-
troduced, they still have received comparatively less attention. This is despite VAE’s
known advantages such as more stable training, less prone to mode collapse, and
consistently outperforming GANs in image generation tasks [36, 29, 31, 34, 35, 3].

However, most existing state-of-the-art models mentioned, whether GAN or VAE
based, lack support for controlled generation through conditional inputs. While few
of them provide limited mechanisms for conditional generation based on categorical
labels [20, 23, 22], they tend to overlook the incorporation of meaningful continuous
information, which is vital for many time-series applications. Addressing these is-
sues is essential for advancing the practical applicability of these models in complex
real-world scenarios.

This challenge is also evident in the automotive sector, where data-driven techniques
are increasingly employed to enhance vehicle performance, analyze user behaviour,
and generate operational insights. At Volvo GTT, two types of vehicle data are
collected for these purposes: first, high-resolution test vehicle data obtained from
various signals during extensive truck testing, and second, sparse low-resolution
customer vehicle data, obtained from relatively less number of signals, constrained
by hardware limitations, cost considerations, and regulatory requirements such as
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the EU AI Act and GDPR. Due to these limitations, the low-resolution customer
vehicle data restricts advanced analytics that depend on high-frequency data to ac-
curately capture dynamic behaviours.

Beyond the challenge of conditional generation, a yet underexplored limitation in
existing time-series generative models lies in their ability to handle long sequences.
While many models demonstrate strong performance on short to medium-length
time series, their performance and scalability on sequences exceeding 1000 timesteps,
which are typical in real-world industrial applications like automotive data, remain
largely untested. This gap in research presents significant hurdles for practical de-
ployment, as accurately capturing long-range temporal dependencies is crucial for
generating realistic and useful data in complex systems.

To enable effective time-series data generation in this context, controlled generation
that leverages continuous conditional information is required, all while ensuring the
quality of the generated data. In this thesis, we developed a novel architecture for
conditional generation of time-series data based on continuous information. Our
approach employs Transformer architectures with patch-based embeddings, a tech-
nique successfully demonstrated in time-series forecasting tasks [27, 40, 24]. Our
primary aim is to explore how such architecture could be used to address the chal-
lenge of conditional generation, especially for long sequences, such as generating
fuel consumption data based on continuous inputs like distance travelled and engine
speed. We investigate whether this mechanism enables the effective integration of
conditional information into existing models, potentially offering a more robust and
controllable solution for time-series generation, and assess its capability to produce
physically plausible data.

1.2 Aim

Our objective is to develop and evaluate advanced machine learning models for
generating long-sequence time-series data which is not present in customer vehicle
datasets, leveraging high-resolution test vehicle data. This involves evaluating cur-
rent state-of-the-art models for their efficacy in generating sequences longer than typ-
ically explored in research (e.g., beyond 1000 timesteps), focusing on both training
efficiency and generated data quality. We aim to establish robust evaluation metrics
to assess data quality, ensuring the generated data remains plausible and accurately
preserves crucial temporal relationships. Furthermore, we will investigate the ef-
fects of incorporating continuous conditional information into the most promising
model to enhance controlled generation. Ultimately, the developed method should
be versatile enough to adapt across different vehicle types and operating conditions,
demonstrating robustness and reliability in real-world automotive applications, in-
cluding the ability to generate physically plausible time-series data without explicit
physics-based training
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1.3 Research Questions

1. Can current state-of-the-art time-series generative models effectively generate
long sequences (e.g., beyond 1000 timesteps)?

2. Among effective models, which one demonstrates superior performance in gen-
erating long sequences, considering both computational efficiency (training
time) and the quality of the generated time-series data?

3. What are the effects of incorporating continuous conditional information into
the selected best-performing model for long-sequence generation?

4. Can a purely data-driven generative model, without explicit physics-based
training, learn to produce physically plausible long-sequence time-series data?

1.4 Limitations

There are some limitations that arise primarily from constraints in time and avail-
able resources. We discard the exploration of Diffusion Probabilistic Models even
though they show strong performance in generative tasks. This is due to the com-
plexity of the model and our constraints. We focus on generating only one feature
that is of highest importance for our application, i.e. instantaneous velocity, thus
limiting the scope of this thesis to only univariate target signal. Furthermore, we
didn’t perform extensive hyperparameter searching. While we could have experi-
mented with more state-of-the-art models, we limited their number to four due to
the constraints mentioned above.
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Problem Formulation

In vehicle data analysis, a key challenge lies in generating high-resolution time-series
data when only low-resolution measurements are available. As discussed in Chap-
ter 1, while Volvo’s test vehicles provide rich, high-frequency sensor data, customer
vehicle data is limited to lower sampling rates due to hardware constraints, cost
considerations, and privacy regulations. This disparity creates a resolution gap that
restricts the applicability of advanced data-driven methods on customer data. Our
goal is to bridge this gap using generative models capable of synthesizing high-
resolution time series conditioned on low-resolution inputs.

Specifically, we aim to learn the conditional distribution p(y | x), which represents
the likelihood of observing a specific high-resolution time series y given a corre-
sponding low-resolution time series x. Here, x denotes a segment of low-frequency
signals, such that x = (21, 29,...,2,), where 7} is the number of data points in
the low-resolution time-series and each z; € RP* is a vector of D, features. Con-
versely, y represents a segment of the corresponding high-frequency signals, such that
y = (y1,y2,...,yr,), where T}, is the number of data points in the high-resolution
time-series and each y, € RPv is a vector of D, features. Notably, T}, is typically a
multiple of 7; by a scaling factor k (i.e., T}, = kTj; for example, if x is sampled per
minute and y is sampled per second, then k = 60). Our goal is to generate y, the
synthetic high-frequency time series, which we expect to closely approximate the
true y.

To achieve this, we leverage datasets from two distinct sources:
¢ Dirain : Training data from test vehicles.
e Dinerence : Partially observed data from customer vehicles.

The test vehicle data offers complete (x,y) pairs from a training set Diain =

{(x®@, y @)V Nerein - providing a representation of the full vehicle population’s be-

haviour. While the customer vehicle data only provide x, thus the need to generate
nference

¥ to complete Dipgerence = {(x?, }Af(i))}fv:il , where N denotes number of samples
in the dataset.

Our primary objective is to train a conditional generative model using the observed
(x,y) pairs from Dy, to accurately estimate p(y | x). Once trained, this model
will be applied to the customer vehicle data. Using x from Dj,ference, the model will
generate the corresponding high-frequency signals, y, for these customer vehicles.
This approach enables us to unlock advanced analytics and insights from the cus-
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tomer vehicles that would otherwise be limited by uncaptured data and mismatch
in resolution, directly addressing the need for controlled generation based on con-
tinuous inputs, as discussed in Chapter 1.
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Theory

Following the problem definition in Chapter 2, this chapter establishes the essen-
tial theoretical foundation for our work. We will explore three main categories of
generative models in this section, Variational Autoencoders (VAEs), Generative Ad-
versarial Networks (GANs), and Transformer models, detailing their core principles
and architectural designs, which would be used further in our methodology.

3.1 Variational Autoencoders (VAEs)

Generative models aim to learn the underlying distribution of data to generate new,
similar samples. Variational Autoencoders (VAEs) [17] represent a powerful class of
such models, distinguishing themselves by framing data generation within a proba-
bilistic framework. Unlike traditional autoencoders that learn a direct, determinis-
tic mapping, VAEs learn to model data by mapping inputs to a probabilistic latent
space, enabling the generation of novel data points through sampling. Their core
innovation lies in the integration of variational inference, which provides a princi-
pled approach to optimize this probabilistic mapping and regularize the latent space.
VAEs are particularly appealing for our task due to their stable training and ability
to model complex data distributions probabilistically, which is crucial for generating
realistic high-resolution time series.

3.1.1 Probabilistic Formulation and Model Architecture

At the heart of the VAE framework is the assumption that each observed data
point, x, is generated from a lower-dimensional, unobserved (latent) variable, z.
This generative process is described by the joint probability p(x,z) = p(x|z)p(z).
Typically, a simple prior distribution, p(z), such as a multivariate standard normal
distribution N (0, 1), is assumed for the latent variables. The conditional likelihood
p(x|z) models how data is generated from these latent factors.

Since, directly computing the true posterior distribution p(z|x) is generally in-
tractable, VAEs introduce an inference model, often called the encoder, to ap-
proximate this posterior. Parameterized by a neural network, the encoder learns an
approximate posterior ¢(z|x). Commonly, ¢(z|x) is chosen as a Gaussian distribu-
tion, whose mean pu(x) and variance o?(x) are outputs of the encoder network:

q(zlx) = N(z; p(x), diag(o*(x))) (3.1)

7
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To enable backpropagation through the stochastic sampling process of z, the repa-
rameterization trick is employed. This technique re-expresses the sampling of z
as a deterministic function of a simple random variable € ~ N (0, I):

z=p(x)+o(x)Oe€ (3.2)

Once a latent code z is sampled, a second neural network, the decoder (or generative
model), defines the likelihood p(x|z). Its role is to reconstruct the input x from its
latent representation z, effectively learning the mapping from the latent space back
to the data space.

Reconstruction Loss

— U
X ——> Z
sampled
— g

Latent q(z|x)

KL

T

Prior p(z)

Figure 3.1: Conceptual diagram of a Variational Autoencoder (VAE). The encoder
maps input data x to the parameters of a latent distribution ¢(z|x). A latent variable
z is sampled using the reparameterization trick, which is then passed to the decoder
to reconstruct the original input as X. The training objective balances reconstruction
accuracy with regularization of the latent space.

3.1.2 The Evidence Lower Bound (ELBO) Objective

Training a VAE involves optimizing a carefully constructed objective function: the
Evidence Lower BOund (ELBO) on the marginal likelihood p(x). Maximizing the
ELBO corresponds to maximizing the likelihood of the observed data under the
generative model. The ELBO is formally expressed as:

L(x) = Eyzpolog p(x|2)] — KL (q(2]x) | p(2)) (3.3)

This objective balances two critical aspects of VAE training;:

1. Reconstruction Term (E,x [logp(x|z)]): This component encourages the
decoder to accurately recreate the original input data x from its sampled latent
representation z. Intuitively, it ensures that the VAE can effectively compress
and decompress data without losing too much information. The specific form
of this term depends on the data type; for instance, a Gaussian likelihood is
used for continuous data, while a Bernoulli likelihood is suitable for binary
data.
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2. KL Divergence Term (KL (q(z|x) I p(z))): This regularization term plays
a crucial role in shaping the latent space. It measures the dissimilarity between
the approximate posterior ¢(z|x) and the chosen prior p(z). By minimizing
this divergence, the VAE is encouraged to learn a latent space where individual
latent distributions ¢(z|x) are close to the prior. This prevents the encoder
from collapsing into a trivial solution and ensures that the latent space is well-
structured and continuous, allowing for meaningful sampling and interpolation
for generation.
During training, the overall objective is to maximize the ELBO, which is equivalent
to minimizing its negative form:

Lyap = —Ey(aplog p(x[2)] + KL (¢(z[x) || p(z) ) (3.4)

The reparameterization trick is fundamental here, as it allows for the gradients
of both terms to be computed and backpropagated through the entire network,
enabling efficient end-to-end training of both the encoder and decoder.

3.2 Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) [10] revolutionized generative modeling
by introducing an adversarial training paradigm. Instead of directly modeling data
distributions, GANs employ a competitive framework where two neural networks—a
generator and a discriminator—are trained simultaneously. The generator aims to
produce synthetic data samples that are indistinguishable from real data, while
the discriminator learns to differentiate between real and generated samples. This
adversarial process drives both networks to continuously improve, ultimately leading
to a generator capable of synthesizing highly realistic data. GANSs offer a powerful
framework for generating highly realistic synthetic time series, making them a strong
candidate for bridging the data resolution gap.

3.2.1 The Adversarial Game: Generator and Discriminator

The core of a GAN lies in its two competing components:

1. Generator (G): This network takes a random noise vector z, typically sam-
pled from a simple prior distribution p(z) (e.g., a multivariate standard nor-
mal distribution), and transforms it into a synthetic data sample G(z) that
attempts to mimic the true data distribution pgata(x).

2. Discriminator (D): This network acts as a binary classifier. It receives an
input, which can be either a real data sample X ~ pgaa(X) or a generated
sample G(z), and outputs a probability D(x) (or D(G(z))) indicating how
likely the input is to be real.

The training process is formulated as a minimax game, where the discriminator tries
to maximize its ability to correctly classify real and fake data, while the generator
tries to minimize the discriminator’s ability to distinguish its outputs from real data.
This dynamic struggle is captured by the value function V' (D, G):
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min max V(D,G) = Exupyoax) 108 D(X)] 4+ Egpa) [log (1 - D(G(z)))] (3.5)

At equilibrium, the generator is expected to produce samples that are perfectly
indistinguishable from real data, meaning D(G(z)) = 0.5 for any generated sample.

Real x

A,

7 Generator Fake x Discriminator . » Real or Fake

G(2) D()

Figure 3.2: Conceptual diagram of a Generative Adversarial Network (GAN). The
Generator (G) takes a random noise vector and produces fake data. The Discrimi-
nator (D) receives both real data and fake data, attempting to distinguish between
them. This adversarial game drives the generator to create increasingly realistic
samples and the discriminator to become more adept at detection.

3.2.2 Training Objectives

The overall training objective involves iteratively optimizing the discriminator and
generator.

1. Discriminator Training: The discriminator is trained to maximize its ob-
jective, which involves correctly identifying real data as real and generated
data as fake. This is equivalent to maximizing the log-likelihood of correct
classification:

LD = Expyypa0 108 DX)] + Egpio) [log (1 - D(G(2))]  (36)

The discriminator’s goal is to output a high value for real inputs and a low
value for generated inputs.

2. Generator Training: The generator’s goal is to trick the discriminator into
believing its generated samples are real. While the original formulation has
the generator minimizing E,.p) [log (1 — D(G(z)))}, this objective can suf-
fer from vanishing gradients early in training when the discriminator easily
rejects generated samples. To provide stronger gradients and facilitate train-
ing, a common practical modification is to have the generator maximize the
probability of the discriminator being fooled. This is equivalent to maximizing
E,p(z) [log D(G(z))], or minimizing its negative:

¢ = Eipw [log D(G(2))] (3.7)

This modified loss encourages the generator to produce samples that receive
high scores from the discriminator.
The adversarial training process continues until the generator produces samples that
the discriminator can no longer confidently distinguish from real data, indicating
that the generator has learned a compelling approximation of the data distribution.

10
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3.3 Transformers

Transformers [37] have fundamentally reshaped the landscape of natural language
processing and other sequence-based tasks. Unlike traditional recurrent neural net-
works (RNNs) that process sequences token-by-token, Transformers excel at process-
ing entire sequences in parallel, significantly improving computational efficiency and
enabling the capture of long-range dependencies. This is primarily achieved through
their self-attention mechanism, which allows each element in a sequence to dynam-
ically weigh the importance of all other elements when computing its own represen-
tation. The architecture is typically organized into an encoder-decoder framework,
though many influential models (e.g., BERT [5] and GPT [28]) utilize either only
the encoder or decoder component.
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Figure 3.3: Overview of the Transformer architecture, adapted from [37]. It com-
prises an encoder stack and a decoder stack. Both utilize multi-head self-attention,
feed-forward networks, residual connections, and layer normalization. The decoder
additionally incorporates an encoder-decoder attention mechanism and masked self-
attention.
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3.3.1 Key Architectural Components

The power of the Transformer stems from several key components. We will briefly
explain each component one by one.

3.3.1.1 Input Embeddings and Positional Encoding

Before being processed by the network, each token in the input sequence is converted
into a continuous, high-dimensional vector using an embedding layer. Crucially,
because the Transformer lacks recurrent or convolutional structures to inherently
process sequence order, positional encodings are added to these embeddings.
These encodings provide information about the absolute or relative position of each
token within the sequence, ensuring that the model understands the order of each
token. Positional encodings can be learned or, as in the original work, generated
using sinusoidal functions.

3.3.1.2 Self-Attention Mechanism

At the core of the Transformer lies the self-attention mechanism. For each token in
the sequence, self-attention computes a weighted sum of the representations of all
tokens in the same sequence. The weights are dynamically determined by computing
a compatibility score between a token’s query (@) vector and every other token’s
key (K) vector. These scores are then used to weight the value (V') vectors. The
scaled dot-product attention function is defined as:

Vg

where d}, is the dimensionality of the key vectors, used to scale the dot products and
prevent vanishing gradients. This mechanism allows the model to selectively focus
on relevant parts of the input sequence when encoding a particular token, regardless
of their position in the sequence.

T
Attention(Q, K, V') = softmax <QK> Vv (3.8)

3.3.1.3 Multi-Head Attention

To enrich the model’s ability to capture diverse relationships, the Transformer em-
ploys multi-head attention. Instead of performing a single self-attention oper-
ation, the input is linearly projected multiple times into different "heads'. Each
head learns to focus on different aspects of the relationships between tokens (e.g.,
syntactic vs. semantic dependencies). The outputs from these independent atten-
tion heads are then concatenated and linearly transformed to form the final, more
comprehensive representation.

3.3.1.4 Feed-Forward Networks

Following the attention layers, a position-wise feed-forward network is applied inde-
pendently to each position in the sequence. These networks typically consist of two
linear transformations with a non-linear activation (e.g., ReLU) in between. They

12
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allow the model to process the information aggregated by the attention mechanism
further.

3.3.1.5 Layer Normalization and Residual Connections

To facilitate training and enable the construction of very deep networks, each sub-
layer (e.g., self-attention and feed-forward network) within the Transformer block
is wrapped with a residual connection and followed by layer normalization.
Residual connections help address the vanishing gradient problem by allowing gra-
dients to flow directly through the network, while layer normalization stabilizes
training by normalizing the activations across features for each sample.

3.3.2 Encoder and Decoder Structure

The complete Transformer model is typically structured as an encoder-decoder ar-
chitecture:

3.3.2.1 Encoder

The encoder consists of a stack of identical layers. Each encoder layer contains two
primary sub-layers: a multi-head self-attention mechanism and a position-wise feed-
forward network. The encoder’s role is to process the input sequence and produce a
sequence of context-rich representations, capturing the global dependencies within
the input.

3.3.2.2 Decoder

The decoder is also composed of a stack of identical layers, but each decoder layer has
three main sub-layers: a masked multi-head self-attention mechanism, an encoder-
decoder attention mechanism, and a position-wise feed-forward network.

o The masked self-attention in the decoder ensures that predictions for a
given output position can only depend on known outputs at earlier positions.
This masking is crucial for autoregressive generation, where the model gener-
ates output one token at a time.

» The encoder-decoder attention (or cross-attention) mechanism allows the
decoder to attend to the context-rich output from the encoder stack, effectively
enabling the decoder to focus on relevant parts of the input sequence when
generating each output token.

This modular and parallelizable design, particularly the self-attention mechanism,
enables Transformers to efficiently handle long sequences and has made them the
backbone of many state-of-the-art models across various domains.
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Methods

This chapter outlines the methodology developed to answer our research questions
and construct the conditional generative model. We detail the data preparation,
evaluation metrics, model architectures, and experimental design in this chapter.

4.1 Datasets and Preprocessing

» Scope Identification: We sourced data from Volvo’s long-haul truck models
which are mostly heavy duty trucks used for long distance drive. The reason
was to get a sufficient number of data samples that have atleast 30 minutes
long drive data.

o« Data Preparation: We use test vehicle data as mentioned in chapter 2.

The data is available as trips, where a trip contains data from igniting the
engine until turning it off, recording many time-series features including speed,
distance covered, elevation (from sea-level), engine power, fuel consumption,
and engine speed. The feature speed is our target, while the rest of the five
features are used as conditional information. The sampling rate of this data
is 1 Hz.
We cut trips into small segments of 30 minutes long and treat each segment
as an independent one for simplicity. This makes the length of target speed
feature to be 1800 timesteps, which we then normalize using min-max scaling.
For conditional information, we downsample by taking one timestep value
every 60 timesteps (a downsampling factor of 60). This creates sparse, minute-
wise information, comprising 30 timesteps across all five conditional features.
We do not pre-normalize the conditional information, as it undergoes instance
normalization within the transformer encoder architecture.

o Pre-Procesing: We filter out non-representative trip segments from our data,
for example, trips where the distance covered is less than 7 km, since we are
interested in data where the truck is being driven for a significant amount
of time and it is not in an idle position for long. For this, we filter out trip
segments having an average speed below 40 kmh. Similarly, we apply a filter
on elevation values using a realistic range (0-2000 meters) to avoid any wrong
sensor values. For engine power, fuel consumption, and engine speed, we apply
filters according to their typical value ranges that are expected of the trucks
used in data.

» Datasets: We have two datasets, a small dataset for our development work to
facilitate experimentation and lower training times, we call this one small DSL
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dataset. For another dataset, we call it the large DSL dataset, which is used
in our final step of development when comparing different methods, as well
as reporting results. The small dataset consists of 2,644 trip segments in the
training set and 882 in the validation set. The full dataset consists of 14,103
trip segments in the training set, with 1,764 samples each in the validation
and test set. The test set was held out exclusively for final model evaluation
as completely unseen data.

We used another dataset called Signet for our baseline model evaluation. This
dataset was readily available to us from Volvo at the beginning, when the two
datasets described earlier were yet to be available. It is similar to the other as
it consists of the trips data from the same truck models, but it does not have all
the features needed. This data includes only speed, fuel consumption, and road
inclination, with 1024 timesteps in each data sample. This length of sequences
was sufficient to test our baseline models for long sequence generation. The
sampling rate was 1 Hz in this data as well.

4.2 Evaluation Metrics

4.2.1 Time-series Quality

Discriminative Score (DS): We measure the Discriminative Score (DS) to eval-
uate how well the generated time series replicate the characteristics of the
original data [39]. This involves training a post-hoc classification model, typ-
ically a 2-layer Gated Recurrent Unit (GRU) or Long Short-Term Memory
(LSTM) network, to differentiate between original and synthetic series. Each
original series is labeled as "real", while its generated counterpart is labeled as
"synthetic". The generated data’s ability to deceive the classifier is quantified
by the classification accuracy on a test set, where a lower value indicates better
fidelity of the generative model.

Predictive Score (PS): The Predictive Score (PS) assesses the utility of the
synthetic data by determining if models trained on it can accurately predict
future values of real data [39]. For this, we train a post-hoc time series predic-
tion model solely on the synthetic dataset. Using GRUs or LSTMs, this model
is tasked with predicting either the subsequent temporal vectors of individual
series [11, 39] or the complete series vector [13]. We then evaluate the model’s
predictive performance on the original, real dataset, typically using the Mean
Absolute Error (MAE) or Mean Squared Error (MSE) to quantify its accuracy.

4.2.2 Computational Efficiency

16

Number of parameters: This metric represents the total count of trainable
parameters in the model.

Training time: We measure the wall-clock duration of the model’s training.
Inference time: This refers to the wall-clock time taken to generate each se-
quence.
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4.2.3 Physical Plausibility

We evaluate physical plausibility in conditional generative models by comparing
the energy function of generated sequences to that of real sequences, given their
respective conditional information. This measure assesses how well the synthetic
data adhere to the underlying physical principles dictated by its conditions. These
domain-specific measures were proposed by our supervisor at Volvo.

o Wiolling resist Teflects the work done to overcome rolling resistance due to tire-

ground interaction. This energy is linearly proportional to the distance trav-
elled.

T
Wrollingiresist = Z(mgCrr : Ut) (41)

t=1

o Waero quantifies the work done against aerodynamic drag. It is proportional
to both distance and the variance in velocity, since drag increases with the
square of speed.

1
Faero,t = EpCdAUtQ (42)
T T 1
Waero = Z Faero,t C U = Z <2PCdAU?> (43)
t=1 t=1

o Weng captures the energy supplied by the engine to accelerate the vehicle and
overcome resistive forces. It is directly proportional to fuel consumption and
indicates propulsion effort. The mechanical force Fiecn ¢ represents the sum
of all forces that must be overcome by the engine, including inertial, rolling
resistance, aerodynamic drag, and gravitational forces.

T
Weng - []I(Fmech,t > 0) ' Fmech,t ' Ut] (44)
t=1
where )
Fmech,t = ma; + mgcrr + §pCdAvt2 + Fpotential (45)
Fpotential = mgAh (46)

o Whrake measures the braking energy required to reduce speed. It accumulates
the work done to counteract negative mechanical forces, representing energy
lost due to deceleration. Higher values here suggest frequent or aggressive
deceleration events.

T
Wbrake - Z []I(Fmech,t < O) : (_Fmech,t) : Ut] (47)

t=1

where,
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m : Vehicle mass [kg]
g Acceleration due to gravity (9.82m/s)

Cyr : Coefficient of rolling resistance
p: Air density (1.2 kg/m3)
Cy4A : Drag coefficient times frontal area
vy © Velocity at time ¢
a; : Acceleration at time ¢
Ah : change in altitude in a trip

I(-) : Indicator function (1 if condition is true, else 0)

4.3 Evaluation of State-of-the-Art Models

4.3.1 Selection of Candidate Models

For this evaluation, we selected four state-of-the-art models. TimeVAE [4] and
Time-VQVAE [20] were chosen based on their consistent strong performance and
recommendations from TSGBench [1], where they frequently outperformed other
baselines across various metrics. We included TimeGAN [39] as a widely accepted
and robust baseline. Our final selection was TTS-GAN [21], primarily due to its
transformer-based architecture, which was reported to be effective for long sequence
generation.

4.3.2 Architectural Details of Candidate Models

4.3.2.1 TimeVAE

TimeVAE is a straightforward yet efficient architecture for generating time-series
data with reduced training times. In our evaluation, we use the Base TimeVAE
architecture as described in [4]. The encoder is built using traditional 1-D convo-
lutional layers followed by dense linear layers, which together form the latent space
representation. In contrast, the decoder comprises a dense layer and transposed
1-D convolutional layers that work to reconstruct the data back to its original input
shape.

The model accepts input data formatted as a three-dimensional array of size N x
T x D, where N represents the batch size, T is the number of time steps, and D
denotes the number of features or signals. The training is performed by minimizing
a composite loss function as mentioned in section 3.1.2. This loss combines the
reconstruction loss—with a weighted g term to emphasize accurate reconstruction
in TimeVAE implementation—with the KL divergence loss, which regularizes the
latent space. The weighted reconstruction term ensures that the model focuses more
on reproducing the input data, while the KL divergence maintains a well-behaved
latent distribution.
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Figure 4.1: The Architecture of TimeVAE model from its original paper [4]. For
further details on the architecture, refer to the source paper.
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4.3.2.2 TimeVQVAE

TimeVQVAE is a two-stage generative model that introduces vector quantization
and a bidirectional transformer-based prior to synthesize time-series data[20]. The
first stage consists of encoding the time-series input into discrete latent tokens via
a VQ-VAE architecture. The second stage uses two bidirectional transformers to
learn the prior distributions over these latent tokens. The model separates the input
into low-frequency (LF) and high-frequency (HF) components using a Short-Time
Fourier Transform (STFT), which allows specialized encoding-decoding paths and
enhances reconstruction quality for each frequency band.

The VQ encoders for LF and HF branches differ in downsampling rates, enabling
the LF encoder to capture global structure and the HF encoder to retain detailed
information. During training, reconstruction loss and vector quantization loss are
minimized in both time and frequency domains. For sequence generation, LF tokens
are sampled first from the LF transformer, and then HF tokens are sampled condi-
tioned on the LF tokens using a second transformer. Finally, the combined tokens
are decoded iteratively to generate better quality time-series.

The loss function of TimeVQVAE combines vector quantization and reconstruction
objectives to ensure both efficient representation and faithful generation of time-
series data. It is defined as:

LVQ - Lcodebook + Lrecons (48)

where Leodqenook 18 the vector quantization loss which measures the distance between
the continuous encoder outputs and the closest entries in the discrete codebook. and
Lyecons 18 the reconstruction loss defined over both time and frequency domains.
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Figure 4.2: The Architecture of TimeVQVAE model from its original paper [20].
The top figure shows the Stage 1 (Codebook learning), and the bottom figure shows
Stage 2 (Prior Learning). For further details on the architecture, refer to the source

paper.

4.3.2.3 TimeGAN

Traditional GANs, when applied to sequential data fails to respect the temporal
dynamics and relationship between variables across time. TimeGAN addresses this
limitation by integrating unsupervised adversarial training with supervised learning
signals that explicitly guide the model to to maintain the step-wise conditional dis-
tributions inherent in time-series data[39].

The key contribution is their hybrid architecture, which consists of four components:
an embedding network, a recovery network, a generator, and a discriminator. The
model learns a reversible mapping between original data and a latent space using
the embedding and recovery networks. The generator then produces synthetic latent
sequences, and the discriminator attempts to distinguish between real and generated
sequences.

To better capture temporal dependencies, they introduces a novel supervised loss
in addition to the standard adversarial loss. This supervised loss is based on mini-
mizing the discrepancy between the latent representations of the real and generated
sequences at each time step, effectively aligning their temporal dynamics. This
dual-loss strategy (unsupervised and supervised) enhances the quality of generated
data and predictive consistency. This makes TimeGAN a widely known baseline
among GAN based models and our reason to choose this among candidate models.
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However, they implemented their networks as a minimal example by using RNNs
to isolate the source of gains in their experiments which could cause limitation in
generating long sequences for our case.
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Figure 4.3: The architecture of TimeGAN model from its original paper [39]. For
further details on the architecture, refer to the source paper.

4.3.2.4 TTS-GAN

We included a Transformer-based Time-series GAN as our final candidate model.
Transformer-based Time-Series GAN (TTS-GAN) is a generative adversarial frame-
work specifically designed to overcome the limitations of RNN-based GANs in mod-
eling long and complex time-series sequences. TTS-GAN employs pure transformer
encoder architectures for both its generator and discriminator, leveraging self-attention
mechanisms to model long-range temporal dependencies more effectively.

TTS-GAN processes time-series data by treating sequences similarly to image patches,
using positional encodings and transformer blocks to learn rich temporal represen-
tations. The generator takes a random noise vector, maps it to a sequence via
transformer layers, and outputs synthetic time-series data. The discriminator then
evaluates these sequences against real ones to determine authenticity.

To stabilize training in TTS-GAN; label heuristics such as soft labels (e.g., real label
slightly less than 1, fake label slightly above 0) or label flipping (assigning 0 to real
and 1 to fake samples occasionally) are used[21].

They define the discriminator and generator loss function as:
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d_real_loss = MSELoss(D(real),real label) (4.9)
d__fake_loss = MSELoss(D(G(z)), fake_label) (4.10)
d_loss =d_real loss+d_fake loss (4.11)
g_loss = MSELoss(D(G(z)), real_label) (4.12)
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Figure 4.4: The architecture of TTS-GAN model from its original paper [21]. For
further details on the architecture, refer to the source paper.

4.3.3 Training and Evaluation

For training and evaluation, all models were trained on the Signet dataset, featur-
ing multivariate time series with a length of 1024 timesteps. To ensure a fair and
consistent comparison across all models, we opted not to tune any model-specific
hyperparameters, utilizing their default configurations as provided by their respec-
tive implementations. All models were trained using the Adam optimizer with a
fixed learning rate of 10~3 for 100 epochs.

Following training, the models were evaluated based on their Discriminative Score
(DS), Predictive Score (PS), and computational efficiency. The detailed results and
analysis are presented in Chapter 5, Section 5.1.
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4.4 Development of Conditional Model

4.4.1 Selection of Best-Performing Base Model

After evaluation of the candidate models, as detailed in Section 4.3, we identified
TimeVAE as the best-performing base model for our specific tests. This finding
aligns with recommendations from TSGBench [1], which also highlights TimeVAE’s
strong performance across various metrics. Consequently, TimeVAE was selected as
the foundation for the development of our conditional generative model.

4.4.2 Conditional Model Architecture

We combine our foundation model with a transformer encoder to produce a condi-
tional generative model, which in our case, resembles the architecture of Conditional
Variational Auto Encoders (CVAEs). The foundation model learns how to generate
the target time-series, while the transformer learns to encode the conditional infor-
mation and provide it as a fixed-size vector to the foundation model. The high-level
overview of the architecture is shown in Figure 4.5. For the transformer encoder, we
primarily adapt the PatchTST architecture [27]. We’ve incorporated several known
performance enhancements: we employ Rotary Positional Embeddings (RoPE) [32]
instead of a learned positional embedding, and utilize Layer Normalization (Lay-
erNorm) [2] rather than Batch Normalization, aligning with common practices in
modern transformer designs. Figure 4.6 shows the overview of the transformer en-
coder architecture.

— U
X —> z
sampled
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Figure 4.5: Architecture overview of the conditional model.
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Figure 4.6: Overview of the Transformer Encoder Architecture. This figure is
adapted from the original PatchTST architecture presented in Yu et al. (2023) [27].
The transformer encoder backbone is on the left and channel independence is on the
right.

4.4.2.1 RevIN

Reversible Instance Normalization (RevIN) [16] is a technique employed in PatchTST
[27]. It addresses the issue of distribution shifts in time series data, which can neg-
atively impact model performance. By performing normalization and denormaliza-
tion steps within the network in a reversible manner, RevIN allows the model to
operate on a more stable data distribution while preserving the original data scale
and meaning. This is particularly useful in our setup as it enhances the model’s
robustness to varying data characteristics and improves the generalizability of the
learned representations across different time series instances.

4.4.2.2 Patch-Based Embedding

Inspired by their successful application in Vision Transformers (ViT) [7], patch-based
embeddings were first introduced for time series by [27]. This approach involves
dividing time series into fixed-size, non-overlapping segments, or "patches'. Each
patch is then transformed into a fixed-length vector through a Linear Patch-based
Embedding layer. This method is crucial for several reasons: it enhances locality
by grouping related timesteps, captures more semantic information that might be
missed at the point-level by aggregating temporal data, and significantly reduces
the computational complexity of the attention mechanism, particularly for long
sequences [27].

4.4.2.3 Positional Encoding

We employ Rotary Positional Encoding (RoPE) [32] to incorporate positional in-
formation into the transformer. Unlike absolute positional embeddings, RoPE in-
tegrates positional information into the self-attention mechanism by rotating query
and key vectors. This enables attention to explicitly capture relative position depen-
dencies, which is particularly beneficial for long sequences as it avoids extrapolation
issues seen with absolute encodings. Furthermore, RoPE offers benefits such as im-
proved handling of variable sequence lengths and enhanced performance in tasks
requiring a strong understanding of temporal order.

24



4. Methods

4.4.2.4 Channel Independence

Channel independence is a technique that treats each channel (i.e., each individual
time series feature) of a multivariate time series separately. Instead of mixing in-
formation from all channels into a single input token for the Transformer (known
as channel-mixing), each input token is designed to contain information from only
one channel. This approach has proven effective in convolutional neural networks
and linear models for time series, and PatchTST [27] was the first to successfully
adapt it for Transformer-based models. This design choice is particularly beneficial
for preserving the unique temporal dynamics within each channel and can prevent
inter-channel noise from negatively impacting the learning process.

4.4.3 Objective Function

Since the model resembles a Conditional Variational Autoencoder (CVAE), we train
it using a similar objective function to the foundation model. This objective function
weights the reconstruction term, allowing for a stronger focus on reconstruction
accuracy. The Conditional Model’s objective function is:

Lyag = 8- MSE + KL (g(z[x) || p(z)) (4.13)

In this formulation, 8 represents a weighting coefficient for the reconstruction error.
It is critical to understand that the reconstruction term, typically expressed as the
negative expected log-likelihood —Eq,x)[log p(x|z)], reduces to the Mean Squared
Error (MSE) loss under the common assumption of a Gaussian likelihood p(x|z) for
continuous output data. [ is a tunable hyperparameter.

4.4.4 Architectural Integration

Our conditional generative model integrates the transformer-encoded conditional
information into the underlying Variational Autoencoder (VAE) framework by pro-
viding a fixed-size embedding of this information to both the VAE encoder and the
decoder. We explore two primary methods for incorporating conditional information
into the foundation model.

4.4.4.1 Concatenation

In this approach, the conditional information is first processed by a dedicated trans-
former encoder. The resulting representation from each channel is then mean-pooled
and concatenated to the last layer of the main VAE encoder. This combined vector
is subsequently transformed via a linear layer to parameterize the latent space of the
VAE. For the decoder, the same conditional representation is concatenated with the
vector sampled from the latent space before being passed to the TimeVAE decoder
components, as shown in Figure 4.7.
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Figure 4.7: Concatenation approach for architectural integration. Part of the
figure is from TimeVAE implementation [4]. The encoder part is on the left and the
decoder part is on the right

4.4.4.2 Residual Integration

This method introduces residual connection in the decoder’s reconstruction pro-
cess. The conditional information is integrated into the VAE encoder in the same
way as in the previous method. However, in the decoder, rather than passing the
conditional information together with the vector sampled from the latent space,
the conditional information is passed through a separate Multi-Layer Perceptron
(MLP), that is designed to be small relative to the main decoder components. This
MLP then transforms the conditional information vector to match the shape of the
VAEFE’s reconstructed sequence as shown in Figure 4.8. This allows for a more direct
influence of the conditional information on the generated output, and also allows
better gradient flow to the transformer encoder.

4
sampled

Figure 4.8: Residual integration approach for architectural integration. Only the
decoder part is shown. Decoder (Base) refers to the TimeVAE decoder architecture
shown in figure 4.1

4.4.5 Additional Improvements

We have experimented with two additional improvements to try and improve the
performance of our conditional generative model further.

26



4. Methods

4.4.5.1 Free Bits

To further improve the utilization of the VAE’s latent bottleneck and prevent pos-
terior collapse (where the latent variable becomes uninformative, and the decoder
learns to ignore it), we incorporate a free bits regularization term into the VAE’s
loss function. This modification ensures that the Kullback-Leibler (KL) divergence
term in the VAE objective is only penalized if it exceeds a certain threshold (the
"free bits" threshold), putting a constraint on the minimum amount of information
per latent dimension [18]. By setting a minimum amount of information that the
latent variable must encode, free bits encourage the model to learn more meaningful
and diverse latent representations, thereby improving the quality and diversity of
the conditional generations.

4.4.5.2 Conditional Prior

Beyond regularization of the latent space, we also investigated modifications to the
latent prior itself to better incorporate conditional information. In a standard VAE,
the latent space is typically constrained to follow a fixed prior distribution (e.g., a
standard normal distribution). Here, taking inspiration from [19] and [14] we intro-
duce a conditional prior, where the parameters (mean and variance) of the latent
prior distribution are dynamically determined by the input conditional information.
This is achieved by passing the transformer-encoded conditional embedding through
a separate neural network (in our case, a small MLP) that outputs the mean ()
and logarithmic variance (logo?) for the prior of the latent variable z. The model
is then trained jointly with the VAE objective through the modified KL divergence
term.

The equation for the modified VAE objective is then:

Lyap = —By(ap[log p(x]2)] + KL (g(z[x) || p(z]c)) (4.14)

Where the reconstruction loss stays the same, while the Kullback-Leibler divergence
is now between the approximate posterior ¢(z|x) and the conditional prior p(z|c)
instead of the prior p(z).

This allows the model to learn a more flexible and context-aware latent space, en-
abling the generation of outputs that are more accurately conditioned on the input.

4.5 Training and Evaluation of Conditional Model

4.5.1 Training protocol

We employed a two-phase training protocol for our conditional generative model.

4.5.1.1 Phase 1: Architectural Modification Evaluation

Initially, each architectural modification mentioned in Section 4.4.4 was trained using
our small DSL dataset. For all architectural modifications in this phase, training
was conducted using AdamW optimizer with a fixed learning rate of 1073 and weight
decay of 10™* for 50 epochs.
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4.5.1.2 Phase 2: Main Model Training and Improvement Exploration

Once the optimal architecture was identified from this initial training phase, we
proceeded to train our main conditional generative model on the large DSL dataset.
Subsequent experiments exploring additional performance improvements (i.e., Free
Bits and Conditional Prior) were also conducted using this larger dataset. The
training for this phase was performed using the same AdamW optimizer settings
(fixed learning rate of 1073 and weight decay of 10™*), but for 100 epochs to allow
for more extensive learning.

4.5.2 Hyperparameters

To ensure a fair and consistent comparison across all architectural modifications, a
fixed set of hyperparameters was utilized throughout our experiments, with addi-
tional parameters introduced only as necessitated by specific modifications (detailed
in Section 4.4.4). The selection of these hyperparameters was informed by initial
exploratory trials conducted on a subset of the dataset. While a comprehensive, sys-
tematic hyperparameter search (e.g., via grid search or Bayesian optimization) was
beyond the scope of this thesis due to computational and time constraints, these
preliminary explorations allowed us to identify configurations that yielded stable
training and reasonable performance for each model variant. The selected hyper-
parameters, as detailed below, represent a robust starting point for evaluation, and
their consistent application ensures a fair comparison across all architectures. We ac-
knowledge that more extensive hyperparameter optimization could potentially yield
further performance improvements, a direction highlighted in our Future Work (Sec-
tion 6.2).

For the experiments in both Phases 1 and 2, we set the latent dimension of VAE
to 32, three convolutional layers of sizes 64, 128, 256 were used with reconstruction
weight 3 of 10. In the transformer encoder, we used a patch length of 2 to encode
conditional information. The number of heads for multi-head attention was set to
8, and we stacked four encoder blocks, while the output embedding vector size was
fixed to 64. For all experiments, we used a batch size of 128.

4.5.3 Initialization and Regularization

4.5.3.1 Xavier Initialization

We employed Xavier initialization for the weights of every linear layer within our
model. This technique, also known as Glorot initialization [9], initializes weights
to maintain similar variance of activations across layers, preventing signals from
exploding or vanishing. This approach generally contributes to more stable and
efficient training in deep neural networks and usually the best practice for deep
neural networks architecture in many cases.
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4.5.3.2 Weight Decay

Weight decay, a form of L2 regularization, was applied during training through
the AdamW optimizer [25]. Weight decay penalizes large weights in the model by
adding a term to the loss function that is proportional to the square of the weights’
magnitudes. This encourages the model to learn smaller, more generalized weights,
effectively reducing overfitting to the training data and improving the model’s ability
to generalize to unseen sequences.

4.5.4 Evaluation

During the development of our model, when undergoing Phase 1 and 2, we evaluate
each modification based on the reconstruction loss and KL loss on the validation
sets (detailed results in chapter 5) as well as by visualising the quality of the re-
constructed and the generated target time-series. The completion of this process
resulted in finalizing the architecture of our conditional generative model.

To evaluate the performance of our conditional generative model, we primarily em-
ployed metrics focused on the physical plausibility of the generated sequences when
compared to real sequences. While other metrics such as discriminative score or
predictive score could provide broader insights into data fidelity, the requirement
for industrial application put a strong emphasis on physical adherence. This spe-
cific focus on physical plausibility is directly aligned with the main objective set by
Volvo for this task, emphasizing the functional utility and realistic behaviour of the
generated data.
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Results

In this section, we firstly present the evaluation of our candidate models for the
selection of the foundation model. Later on, we evaluate Phase 1 for architectural
integrations, and Phase 2 for additional model improvements. Finally, we present the
results of our Final model on a holdout test set and discuss the physical plausibility
of the generated signals.

5.1 Evaluation of Candidates for Foundation Model

To select a base model for our proposed architecture, we evaluated four candidate
models, detailed in Section 4.3.1, using discriminative score (DS) and predictive
score (PS).

For the DS, we trained a single-layer Long Short-Term Memory (LSTM) model as a
discriminator on both real and synthetic data. The DS is reported as the deviation of
the classification accuracy from 0.5. A lower DS indicates greater similarity between
the synthetic and real data, thus signifying better performance. For the PS, we again
used a single-layer LSTM as a predictor model. This model was trained on synthetic
data to forecast the next timestep given all preceding timesteps and then tested on
real data. We report the Mean Squared Error (MSE) loss from these predictions.
To mitigate variations caused by random weight initializations, all experiments for
both scores were run five times, and the averaged results are presented.

Table 5.1 shows that TimeVQVAE achieved the best DS, with TimeVAE closely fol-
lowing. However, for the downstream predictive task, TimeVAE excelled, yielding
the best PS, with TimeVQVAE being the next closest option.

We chose TimeVAE as the base generative model for our proposed architecture
due to its significantly faster training times and simpler architecture compared to
TimeVQVAE. This choice allows us to benefit from faster training without a sub-
stantial compromise in performance. Given that our final proposed model will be an
extension or adaptation of this base TimeVAE model and will likely be considerably
larger, selecting a base model with efficient training was a critical factor in managing
overall training times.

It is important to note that TimeGAN was excluded from this analysis because it

failed to generate synthetic data with long time sequences (1024 timesteps) in our
experiments. This limitation likely stems from its relatively simpler discriminator
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and generator architectures (likely LSTMs), which are not designed to handle such
long sequences effectively. While using more robust discriminator and generator
models might have addressed this, our objective was to select from existing high-
performing baselines rather than re-implementing them. Furthermore, the inclusion
of TTSGAN covers the representation from GAN-based models, and its use of trans-
formers for discriminator and generator models makes it more likely to be suitable
for long sequences.

Table 5.1: Evaluation of Candidate models for choosing a base generative model
using Discriminative Score (DS) (Lower the better), Predictive Score (PS) (Lower
the better), Training Time per epoch and Total number of Model Parameters

Model DS PS Training Time/epoch (sec) Parameters
TimeVAE 0.4043 0.0037 24 10.2M
Time-VQVAE 0.3780 0.0045 228.8 2.60M
TTS-GAN 0.4999  0.0185 1080 1.14M

5.2 Evaluation of Phase 1

As shown in Table 5.2, the Residual Integration architecture greatly improved our
model in Phase 1. It reduced the reconstruction loss by 80.4% compared to the
naive concatenation-based integration of conditional information into the decoder.
This substantial improvement was achieved with less than half the total number of
model parameters.

The enhanced performance of the Residual Integration architecture likely stems from
two key factors, detailed in Section 4.4.4.2: a more direct influence of conditional
information on the decoder’s output and an improved gradient flow to the trans-
former encoder. Consequently, we adopted the Residual Integration architecture for
all subsequent stages of our conditional model’s development.

Table 5.2: Results of Phase 1 experimentation. We evaluate two different architec-
tures to incorporate conditional information into the foundation model using metrics
like reconstruction loss (RL), KL divergence and their combined loss on validation
data from Small DSL Dataset.

Architectural Integration Parameters RL KL  Total Loss
Concatenation 27.67 M 88.04 15.24  1335.96
Residual Integration 13.06 M 17.26 16.14 188.77
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5.3 Evaluation of Phase 2

In Phase 2, we took the best-performing model from Phase 1 and explore two further
improvements: Free-bits and Conditional Prior, as detailed in Section 4.4.5.2.

As a first step, we trained the Phase 1 model on the Large DSL Dataset. We ob-
served a significant issue of posterior collapse, where the KL loss dropped to 0.015.
This collapse led to all generated signals being identical given specific conditional
information, as illustrated in Figure 5.1. Although the reconstruction loss consider-
ably improved compared to training on the smaller dataset (see Table 5.2 and Table
5.3 for comparison), this posterior collapse indicates that the conditional informa-
tion became so context-rich that the decoder began to rely solely on it, disregarding
the latent space to generate reconstructions. This behavior effectively minimizes the
KL loss and causes the Variational Autoencoder (VAE) to behave like a determin-
istic autoencoder.

To address the problem of posterior collapse, we explored the utilization of Free-bits.
This technique ensures that the KL loss does not drop below a certain threshold,
thereby avoiding posterior collapse. As shown in Table 5.3, Free-bits successfully
improved the KL loss and fulfilled its purpose. However, the visual quality of the
generated signals remained unsatisfactory, as depicted in Figure 5.2.

The final improvement we explored was replacing the fixed prior with a Conditional
Prior. This modification simultaneously improved both the reconstruction loss and
the KL loss. With a Conditional Prior, the latent representation becomes more
contextually rich with the conditional information, leading to better regularization
of the latent space and a healthier KL divergence. The speed signals generated by
this model appear much more promising and closely resemble real speed signals, as
shown in Figure 5.3.

We adopted this Conditional Prior model as our final Conditional Model. Its per-
formance was further evaluated on a holdout test set, with the losses reported in
Table 5.4 and two generation examples provided in Figure 5.4. The final analysis
of the physical plausibility of these generated signals is discussed in the next section.

Table 5.3: Results of Phase 2 experimentation. We evaluate the best performing
model architecture from Phase 1 and further explore it with two improvements (free
bits and conditional prior) based on the Reconstruction loss (RL), KL divergence
and their combined loss on validation data of Large DSL Dataset

Model Parameters RL KL  Total Loss
Conditional model (from Phase 1) 13.06 M 270 0.015 27.04
With Free bits 13.05 M 2.78 6.405 34.26

With Free bits & Conditional Prior 13.08 M 1.50 8.62 23.70
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Table 5.4: Results of our Final Model (Conditional Model with Free-bits & Con-
ditional Prior) on a holdout Test set

Model Parameters RL KL  Total Loss
Best model (from Phase 2)  13.08 M 1.60 8.89 24.96
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Figure 5.1: Generated samples by Conditional Model (from Phase 1)
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Figure 5.2: Generated samples by Conditional Model with Free-bits
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Figure 5.3: Generated samples by Conditional Model with Free-bits & Conditional
Prior
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5.4 Physical Plausibility of Generated Data

To evaluate the physical plausibility of our final conditional model, we compared the
energy values computed from both real and generated speed signals. These energy
values were derived using the formulations described in Section 4.2.3. The primary
metric for comparison is the relative percentage difference in energy values between
the generated and their corresponding real speed signals. We present the results us-
ing two evaluation approaches: Single-shot generation and Multiple-shot generation
against a single conditional input.

For Single-shot generation, we assess the average energy deviation of generated sig-
nals from real ones across the entire test set. This is computed by generating a
single synthetic speed signal for each conditional information in the test set and
then averaging the relative differences across all samples.

Table 5.5 presents the average relative difference in energies between synthetic and
real speed signals. The results indicate that, despite the model not being explic-
itly trained with physics-based metrics, it implicitly learns some underlying physical
characteristics of the real speed signals, particularly for the first three energy func-
tions.

Specifically, we observe a notable negative difference for braking work. This suggests
that the synthetic speed signals generally exhibit fewer braking events, appearing
smoother compared to their real counterparts, a characteristic also evident in the
generated signal plots in Figure 5.4. Conversely, positive differences for rolling re-
sistance and work against aerodynamic drag indicate that synthetic speeds are, on
average, higher than real ones. This aligns with their direct proportionality to ve-
locity and the cube of velocity, respectively. Finally, the engine work for synthetic
signals is generally slightly less than that for real ones, implying reduced fuel con-
sumption. This can also be attributed to the less frequent fluctuations observed in
the synthetic speed signals.

The Multiple-shot generation evaluation aims to visualize the variation in the rela-
tive energy differences between synthetic and real signals across multiple generations
for a given conditional input. Figure 5.4 illustrates this with two examples from the
test set, each corresponding to unique conditional information. The bar plots within
this figure represent the average relative difference of multiple synthetic signals com-
pared to their real counterpart for a single sample. The bars themselves indicate the
average value, while the whiskers denote the variation observed across multiple gen-
erations. For example, in Figure 5.4a, the first three energy types show values very
close to zero. The associated variations suggest that while some generated signals
can be highly accurate in terms of energy, others may exhibit greater deviations.
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Table 5.5: Average Relative Difference in Energy values of the Generated (Single
Shot) & Original Speed signals by our Final Conditional Model. Negative sign
indicates that the Generated speed signals exhibit lower energy values compared to
their original counter-part. The values are averaged across all samples from the Test
set.

Model Wrolling_resist <%) Waero (%> Weng (%) Wbrake (%)
Final Conditional Model 3.42 15.74 -9.71 -67.72
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Figure 5.4: Two examples of the multiple-shot generation case. Each example
corresponds to a unique conditional information from the test set to generate five
synthetic speed signals (in color) against the real speed signal (in black) in the
top subplot. The bottom bar subplot shows the average relative difference between
the energies of multiple synthetic speed signals from its real counter-part. Black
whiskers on the bars indicate the deviation from the mean across multiple synthetic
speed signals. Negative value indicates energies of synthetic data are lower than
that of real data.
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Conclusion

This chapter aims to consolidate the insights gained throughout this work. We begin
by revisiting our research questions, discussing how our findings address them, and
concluding with recommendations for future research.

6.1 Discussion

To guide this discussion, we revisit the research questions formulated in Section 1.3
and interpret our findings concerning each question.

Can current state-of-the-art time-series generative models effectively gen-
erate long sequences (e.g., beyond 1000 timesteps)?

From the evaluation of Discriminative Score (DS) and Predictive Score (PS), none of
the models achieved good performance when tasked with generating long sequences.
This strongly suggests that current state-of-the-art models, primarily developed and
evaluated on sequences shorter than 500 timesteps, considerably struggle with the
increased complexity of longer sequences. Consequently, a specific architecture de-
veloped for long sequences is needed in order to achieve better quality in the gener-
ated sequence.

Among effective models, which one demonstrates superior performance
in generating long sequences, considering both computational efficiency
(training time) and the quality of the generated time-series data?

While all models showed limitations in long sequence generation, TimeVAE was
selected for further development due to its overall superior performance profile.
Although its Discriminative Score (DS) was marginally higher compared to Time-
VQVAE (0.400 vs 0.3780, respectively, where lower is better), TimeVAE demon-
strated better Predictive Score (PS) (0.0037 vs 0.0045, where lower is better) and
offered comparatively efficient training time. This strong performance in predictive
utility, coupled with its computational efficiency, made it the optimal choice for fur-
ther development.

What are the effects of incorporating continuous conditional information
into the selected best-performing model for long-sequence generation?
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Our findings reveal that naively integrating continuous conditional information with-
out architectural modification is ineffective. When a zero vector of conditional in-
formation was supplied, the model’s output remained largely unchanged, indicating
a failure to utilize the conditional input. We hypothesize this is due to the complex
gradient flow required for the conditional information to pass through the VAE bot-
tleneck and multiple deep layers of the decoder, hindering effective learning by the
transformer encoder.

Conversely, the implementation of our residual integration architecture yielded ma-
jor improvements in the model’s ability to utilize conditional information. The model
now learns to generate sequences based on conditional information, further support-
ing our hypothesis from section 4.4.3 that using residual integration would promote
more direct influence on the generated output and better gradient flow to the trans-
former encoder. However, the model showed signs of posterior collapse, which is
inherent in Conditional Variational Autoencoders (CVAESs), where the strong con-
ditional information leads to the model completely ignoring the information from
the latent space.

Additional improvements, such as "free bits" and "conditional prior', were benefi-
cial in mitigating posterior collapse and improving model performance. Our results
demonstrate that with their combined application, the model achieved a better re-
construction loss, healthier KL divergence, and improved generated sequence quality
based on our evaluation.

Can a purely data-driven generative model, without explicit physics-
based training, learn to produce physically plausible long-sequence time-
series data?

Yes, to a notable extent. It can learn to generate long-sequence time-series data
that is physically plausible, even without explicit physics-based training.

From our results on physical plausibility, three of the physical metrics showed less
than 16% deviation from real signals. This suggests that the model implicitly learned
the underlying physical patterns such as inertia, drag, and energy conservation.
However, the model still struggled in certain areas, particularly with generating
sharp braking events and precise constant speed intervals. We hypothesize that this
limitation arises because the synthetic speed signals generally exhibit fewer braking
events and appear smoother compared to their real counterparts, a phenomenon
detailed in Section 5.4.

6.2 Future Work

Building on the present work, several areas for future research can further advance
the model’s capabilities and expand its application.
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A key next step is to better integrate physical constraints or prior knowledge into the
generative process. This could involve using specific architectural designs or adding
regularization to the loss functions, guiding the model to produce more physically
realistic outputs as well as creating a more suitable evaluation metrics to evaluate
the physical plausibility.

Another direction involves investigating Diffusion Probabilistic Models (DPMs).
While complex, these models have shown strong performance in other generative
tasks. Studying their use for conditional time-series generation could lead to signif-
icant improvements in data quality and variety.

To enhance the model’s performance and stability, more extensive hyperparameter
optimization is needed. Since a thorough search wasn’t done, future work should in-
clude a process like Bayesian optimization [30] or grid search to fine-tune the model’s
architecture, training settings (such as learning rates), and regularization techniques
(like "free bits" and weight decay). This detailed tuning could boost performance
and reliability.

Furthermore, benchmarking against a wider range of current models would provide
a clearer picture of the proposed model’s standing. As time-series generative models
evolve quickly, evaluating against newer architectures or models specifically designed
for very long sequences could reveal additional strengths or areas for improvement.

For practical use, it is also important to make the model more robust to data issues
like anomalies and distribution shifts. Real-world time-series data often has noise
or changes over time. Future research should focus on ensuring the conditional gen-
erative model reliably produces data even with imperfect or unexpected conditional
inputs. This might involve robust training methods or pre-processing steps to detect
anomalies.

Finally, while residual integration helped with conditioning, exploring other ways to
integrate conditional information could lead to further improvements. Additionally,
investigating long-term temporal dependencies and combining the model with fore-
casting capabilities would add more practical value, allowing the generated data to
directly improve future predictions.
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