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Interpretable Methods for Adaptive Route Improvement Models Based on Behav-
ioral Trajectory Prediction

LUCAS KARLSSON
GEORGES KAYEMBE
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
The emergence of Artifical Intelligence (AI) and Machine Learning (ML) have trans-
formed various sectors by enabling machines to learn from data, recongnize patters,
make decisions, and perform taskts requiring human intelligence. In the automotive
domain, Smart EV Routing by WirelessCar optimizes electric vehicle routes using
real-time and user data. One potential modification to such a system would be the
integration of a model that autonomously determines the route based on histori-
cal data and environmental conditions. With the use of interpretability, one can
ensure that such a system works and gives accurate predictions reflecting the user
driven data. This thesis develops a framework to integrate such a system while fo-
cusing on interpretable trajectory prediction models and interpretability techniques.
It also tackles the complexity of multivariate data and addresses issues related to
data scarcity. While the focus has primarily been on models learned in simulation,
the framework is designed with future applications in mind, aiming to support the
development of methods with similar constraints and requirements.

The results show that the existing interpretability methods are inadequate for sce-
narios involving time series data where multiple variables (multivariate settings)
affect the outcomes over time. Attempting to aggregate these methods in multivari-
ate settings results in loss of information and increased complexity. This renders
these methods impractical for dynamic domains such as car trajectory prediction,
this was also evident in the result. To address these issues we developed Interpret
Multivariate Timeseries (IMT), a method developed specifically for multivariate set-
tings, as a true black box explainer. The results also show that our framework
integrates multivariate forecasting models, interpretability methods, adaptability,
and data generation, enabling interpretable and adaptive route improvements based
on behavioral trajectory prediction.

Keywords: Machine Learning, Route Improvement, Trajectory Prediction, Inter-
pretability, Transformers.
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1
Introduction

In this century, the rise of Artificial Intelligence (AI) and Machine Learning (ML)
has been among the most impactful technological advancements. These technolo-
gies have transformed numerous aspects of our lives by enabling machines to learn
from data, identify patterns, make decisions, and carry out tasks that traditionally
require human intelligence. This transformation has been especially observable in
the automotive domain. For instance, AI-based models have been used in predictive
maintenance systems [1] where they analyze vehicle sensor data to anticipate and
prevent potential breakdowns, thus improving vehicle reliability, reducing mainte-
nance costs, and optimizing safety. Additionally, AI-based models have also been
used in various driving support systems, such as problem-critical functions like lane-
keeping assistance [2] and autonomous emergency braking [3]. The integration of
such features is vital to meet the growing demand for safer vehicles. Despite the
significant benefits, abstracting decisions from the users in favor of AI and ML intro-
duces safety concerns. These concerns stem from the fact that the decision-making
process is often obscured by the models, rendering the process opaque [4].

This opacity raises crucial questions: why should users blindly trust what a com-
puter tells them, and what aspects of a users behavior led to a specific conclusion?
How can one construct a system that performs predictions while maintaining trans-
parency to end-users? These questions underscore the challenges and complexities
associated with implementing machine learning models for adaptive route prediction.
The issues of user trust, transparency, and interpretability are critical considerations
that must be addressed to ensure the successful adoption and acceptance of such
systems. This thesis developed a framework for adaptive route prediction and tack-
led the mentioned challenges, focusing on providing users with insights into the
interpretation process of machine learning models by studying, testing and creating
interpretability techniques.

Collaborating with WirelessCar [5], one of the leading innovators of connected vehi-
cle services, and the creators of the service Smart EV Routing [6], we particularly
investigated interpretability concerning a modification to Smart EV Routing. Smart
EV Routing enables electric vehicle drivers to receive a route that takes charging
stops into account after being given a start and a destination, ensuring that their
journey is as convenient and safe as possible. The product uses real-time data from
the vehicle and its environment to provide the most optimized route. The potential
modification to the system is the integration of machine learning models that au-
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tonomously determine the route based on historical data and current environmental
conditions. This approach would eliminate the need for direct user interaction, allow-
ing for a seamless experience where users can simply enter the vehicle and trust that
the AI-powered system will navigate them safely to their destination. Furthermore,
anticipating driver routes in advance could facilitate the proactive identification of
available charging stops along the journey. Additionally, knowledge of anticipated
routes for many vehicles could improve urban planning and infrastructure devel-
opment efforts, enabling authorities to optimize traffic flow and reduce congestion.
This can be achieved by rerouting some vehicles away from congested areas, which
will improve overall traffic efficiency and, in some cases, reduce travel times for
commuters. These ideas show the potential of such a modelling and holds a great
promise for further studying and optimizations.

The framework developed in this thesis effectively addresses the challenges presented,
where the solution provided by the framework is structured into two sub-blocks: the
learning block, and the interpretability block. In the learning block, data generation
methods for simulating and generating efficient historical driver data are meticu-
lously implemented to provide the framework with high-quality data for learning
purposes. Moreover, a range of machine learning models for trajectory predictions
are integrated to meet the need for models capable of capturing the relationships
in the multivariate setting of the driver’s historical data. Additionally, the learn-
ing block incorporates an adaptability paradigm that enables models to enhance
their results based on previous predictions. While creating the learning block for
adaptive route prediction, several challenges emerged. Such as the complex task
of finding, tuning, and creating models that can capture relationships in multivari-
ate data while maintaining interpretability. Additionally, there is the issue of the
scarcity of real data. Since most car manufacturers own the rights to the data col-
lected by their vehicles and are hesitant to share it with other companies, generating
and simulating representative data for driving scenarios while ensuring its real-world
applicability presents a significant challenge. The learning block is evaluated using
driving scenarios designed as benchmarks to closely replicate real-world conditions.
These scenarios serve as a basis for evaluating the framework’s performance, in-
cluding assessing how well the machine learning models predict car trajectories and
refine their results over time. Simulation-based analyses are occasionally employed
to enhance the accuracy of these predictions.

Finally, in the interpretability block, the framework introduces a novel method of
interpretability called Interpretable Multivariate Timeseries (IMT). This method
offers a suitable approach for explaining the predictions of complex models within
the context of multivariate settings. The primary challenge with the interpretability
block concerns the traditional methods of interpreting models that are often not
suited for multivariate settings, where time series data involves multiple variables
influencing outcomes over time. In order to use the traditional methods, modifi-
cations and aggregations are needed. Resulting in other issues, such as a loss of
information and increased computational complexity. Rendering the methods im-
practical. The evaluation process of the interpretability block involves exploring
how effectively the interpretability methods developed within the framework elu-

2



1. Introduction

cidate the decision-making processes and underlying factors influencing the model
predictions. By conducting extensive evaluations and benchmarks across various
driving scenarios, the framework’s capabilities and performance can be accurately
assessed.

The scope of this thesis is focused on laying the foundation for future research
and development in the field of interpretable methods for trajectory prediction or
similarly constrained prediction models. While the exploration of interpretability
methods and trajectory prediction models has primarily focused on simulation-based
approaches, there is ample opportunity for further refinement and expansion in
real-world environments (this will be discussed further in the upcoming section).
Additionally, no direct work was conducted with Smart EV Routing during the
implementation of our suggested framework. The objective was to build multiple
proofs-of-concept using our framework to demonstrate its functionality, as well as
its possibilities and limitations.

We summarize our contributions as follows:

• Learning framework

We present an approach for learning models suitable for adaptive route im-
provement in the form of a framework. The framework presents a robust
methodology for constructing machine learning models capable of effectively
handling the complexities inherent in multivariate data.

A key feature of the framework is its adaptability mechanism. This feature
enables machine learning models to continuously refine their predictions based
on previous outcomes, thereby enhancing their predictive accuracy and respon-
siveness to evolving driving conditions.

Additionally, the framework introduces an innovative approach to tackle data
scarcity in trajectory prediction. Through the utilization of probabilistic meth-
ods to generate simulated high-quality data that closely mirrors real-world
settings, effectively overcoming the limitations imposed by data availability.

• Interpretability methods

The primary contribution of this thesis is in the realm of interpretability. It
introduces a novel method called IMT for interpreting machine learning mod-
els within the context of multivariate time series. By providing insights into
the decision-making processes of underlying models, IMT enhances the trans-
parency and trustworthiness of trajectory prediction systems. This method
highlights the importance of understanding how individual features influence
predictions, thereby making the models more accessible and reliable for users.

• Extensive evaluations

The framework provides valuable insights into the effectiveness and practical
applicability of the methods developed in this thesis through rigorous testing
and benchmarking across various driving scenarios.

3
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2
Background

This chapter provides the necessary background and theoretical aspects of the
project, which are later used in Chapter 3 and in Chapter 4. It begins by exploring
the concept of interpretability in machine learning, followed by an examination of
time series. Finally, it explores various models for trajectory prediction and some
adaptive learning paradigms.

2.1 Interpretability
A machine learning model is interpretable if it allows someone to understand the
reasons behind its decisions or predictions [7]. However, even if a machine learning
model performs effectively, why do observers need to know the reasoning behind
a specific decision? These machine learning models are being used in more and
more important areas, such as healthcare and finance. While it is great to have au-
tomation, it needs to ensure that the systems created are strong and work properly,
because they are used in sectors where even small errors can have significant con-
sequences. Additionally, understanding how the model works and why it makes a
certain decision, builds trust among users, enhancing their acceptance and adoption.
In the following subsections, the taxonomies of interpretable machine learning are
explored, followed by an exploration of their methodologies.

2.1.1 Taxonomies of Interpretability
Interpretability is not a one-dimensional attribute that can easily be classified, and
is thus rarely a one-size-fits-all solution. Several papers have proposed ways of
categorizing methods in interpretability [4][7][8][9][10]. In this section, a selection of
these categorizations are explored.

2.1.1.1 Intrinsic and Post-hoc Interpretability

Interpretability models can be categorized based on the timing and location of expla-
nation generation. Intrinsic interpretability involves incorporating interpretability
directly into the model’s structure, making the model self-explanatory [4][8]. For
example, decision trees can be categorized as intrinsic interpretability models be-
cause they are naturally self-interpretable due to their structure, which allows one
to easily understand the reasoning behind a specific result [4][8].
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With intrinsic interpretability, explanations for predictions are generated during
the decision-making process or while the model is being trained [4][8]. Post-hoc
interpretability, on the other hand, involves using an external model to provide
explanations for an existing model. In this approach, explanations for predictions
are generated after the model being explained has been trained [4][8].

2.1.1.2 Global and Local Interpretability

Models of interpretability can be classified based on their scope as either global
or local. Global interpretability refers to the understanding of a machine learning
model’s overall behavior. It aims to provide insights into the entire model, including
how it makes decisions across all possible inputs. This can involve examining the
importance of features and the interactions between them to understand the model’s
overall logic [10]. However, achieving global interpretability presents challenges due
to the potential complexity arising from the number of parameters or features within
a model. The greater the number of features, the more complex it becomes to
establish a definitive global understanding of the model’s workings [10].

Local interpretability, on the other hand, focuses on exploring the model’s prediction
for a specific instance, examining what the model predicts for this input, and why.
This can involve examining the contribution of each feature to the prediction for a
single instance. By analyzing a single prediction for each instance, this approach
aims to finally decode the workings of the complex model [10].

2.1.1.3 Model-specific and Model-agnostic Explanations

Model-specific and model-agnostic explanations are two broad categories within the
field of interpretable machine learning, each with its own approach to explaining the
predictions made by machine learning models.

Model-specific explanations are customized to fit the inner workings of specific types
of machine-learning models. As previously mentioned, decision trees are naturally
interpretable because their structure, comprising branches and nodes representing
decision rules, can be directly examined to understand how a decision is made.
Model-specific explanations are most effective when the model’s architecture facili-
tates direct interpretability [8].

Model-agnostic explanations, on the other hand, provide interpretations without any
assumptions on the model internals. This approach does not rely on understanding
the specific architecture of the model, but instead treats the model as a black box,
focusing on its input-output relationship to generate explanations [8].

2.1.2 Methods of Interpretability
Numerous methods exist for inspecting machine learning models and elucidating
their predictive behaviors [4][7][8][9][10]. In this section, a range of these techniques
will be explored.
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2.1.2.1 Feature Importance

The Feature Importance (FI) method offers a very simple but effective solution,
acting as either a global or local interpretation. This method consists of providing
an explanation through a ranked list of features according to their influence on the
model’s prediction [9]. Within the FI framework, permutation feature importance
stands out as a key technique. It quantifies a feature’s significance by evaluating
the rise in prediction error of the model after the feature’s values have been shuffled
[10]. A feature is considered important when shuffling its values results in a higher
model error, indicating the model’s dependence on that feature for making predic-
tions. On the other hand, a feature is considered unimportant if altering its values
leaves the model error unchanged [10]. Feature Importance helps in facilitating the
understanding of which features have the most impact on a model’s decision. Iden-
tifying the less significant features can also guide the process of simplifying a model
without significantly reducing its performance [10].

The permutation feature importance algorithm can be modeled as following [10]:
Consider a trained model f with feature matrix X and target y. Let L(y, f) represent
the function used to measure the original model error, such as mean squared error.

Algorithm 1 The permutation feature importance algorithm from [10]
Estimate the original model error eorig = L(y, f(X))
for each feature j in {1, . . . , p} do

Generate feature matrix Xperm by permuting feature j in the data X
Estimate error eperm = L(Y, f(Xperm)) based on the predictions of the per-

muted data
Calculate permutation feature importance as quotient FIj = eperm

eorig
or difference

FIj = eperm − eorig
end for
Sort features by descending FI

Looking at the pseudocode in Algorithm 1, the association between feature j and
the true outcome y is broken, by permuting feature j in the data X. This enables
the measurement of the importance of the feature j in the prediction process. The
feature importance value provides a good interpretation of the model’s behavior
by showing the increase in model error when the information of the feature j is
destroyed.

2.1.2.2 Local Interpretable Model-Agnostic Explanations

Local Interpretable Model-Agnostic Explanations (LIME) is a well-established tech-
nique that is used to explain the reasoning behind a machine learning model’s pre-
dictions after the model has been trained. This post-hoc interpretability approach
works by creating a simple, interpretable model that mimics the behavior of the com-
plex model for a specific instance. The primary goal of the surrogate model is to
replicate the complex model’s predictions closely while providing clear explanations
for each prediction [9][10].
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Imagine having a complex model that provides predictions based on a specific data
input. LIME starts by generating numerous variations of the data, creating a new
dataset around the original data input. Next, LIME uses the complex model to
make predictions on this new dataset of perturbed samples. This step allows LIME
to observe how changes in the input data affect the model’s predictions. LIME then
uses these observations to train a simpler, interpretable model, such as a linear re-
gression or decision tree, which serves as the surrogate model [9][10]. This surrogate
model is specifically customized to approximate the black-box model’s behavior for
the original data point and its perturbed neighbors [9][10]. The surrogate model,
being simpler and interpretable, can then be analyzed to understand which features
influenced the prediction for the specific instance.

Formally, LIME is defined by the formula in 2.1. This formula is later used in 3.3.2.2
and 4.2.2.2, where the modifications made to the existed LIME are presented.

ξ(x) = arg min
g∈G
{L(f, g, πx) + Ω(g)} (2.1)

where:

• g is the surrogate model.

• G is a class of potentially interpretable models, such as linear models.

• f is the model or black box being explained.

• πx(z) is the proximity measure between an instance z to x.

• L(f, g, πx) is the loss function measuring how unfaithful g is in approximating
f in the locality defined by πx

• Ω(g) represents the measure of complexity of the model g.

To ensure interpretability, LIME aims to minimize L(f, g, πx) while keeping Ω(g) low
enough for interpretability. However, many interpretable models within the class G
presented in [11], such as linear models and decision trees, may still pose challenges
to capturing the properties of sequential data representing the car’s position, along
with the data describing its current environment and behavior.

2.1.2.3 SHapley Additive exPlanations

SHapley Additive exPlanations (SHAP) is a model-agnostic interpretability tech-
nique that draws inspiration from the Shapley values in game theory. The goal is
to fairly allocate the payout among the players based on their contributions. In
the context of machine learning, the payout represents the model’s prediction, and
the players represent the model’s features [10][12]. The Shapley values represent
the contribution that each feature has to the prediction of a particular instance by
considering all possible combinations of features [12]. Formally, the Shapley value of
a feature can be calculated using the following formula in 2.2. This formula is later
used in sections 3.3.2.1 and 4.2.2.1, where the modifications made to the existed
SHAP are presented.
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ϕi =
∑

S⊆P \{i}

|S|!(P − |S| − 1)!
P !

(val(S ∪ {i})− val(S)) (2.2)

where:

• ϕi is the Shapley value for feature i.

• P represents the total number of features excluding feature i.

• S is a subset of features excluding feature i.

• val(S) is the model’s prediction value when considering the features in subset
S.

• val(S ∪ {i}) is the model’s prediction value when including the feature i in
the subset S.

One simple way to understand this formula could be to consider the model’s pre-
diction val() that predicts acceleration based on the features longitude (L), latitude
(Lat), and velocity (V ). The Shapley values for each feature can show how they in-
dividually contribute to the prediction. For example, the step-by-step computation
of the Shapley value for longitude (L) involves the following steps:

• Set of features: P = {L, Lat, V }

• Feature to evaluate: i = L

• Remaining features: P − {i} = {Lat, V }

• Subsets S of remaining features: S ⊆ P

1. S = ∅(emptyset)

2. S = {Lat}

3. S = {V }

4. S = {Lat, V }

• Marginal contribution:

Assuming 1
3 and 1

6 are the Shapley weights ( |S|!(P −|S|−1)
P ! ) for single-feature and

two-feature subset, respectively three-feature subset. For each subset S, the
marginal contribution of longitude L can be calculated using the formula in
2.2 as the following:

1. ϕL1 = 1
3 [val(L)− val(∅)]

2. ϕL2 = 1
6 [val(L, LAT )− val(Lat)]

3. ϕL3 = 1
6 [val(L, V )− val(V )]

4. ϕL4 = 1
6 [val(L, Lat, V )− val(Lat, V )]

• Average marginal contribution:
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– ϕL = average(ϕL1 + ϕL2 + ϕL3 + ϕL4)

– ϕL is the average marginal contribution and represents the Shapley value
for the longitude feature (L), indicating its contribution to the prediction
of acceleration.

However, calculating Shapley values for each feature, as demonstrated in the example
above, can be computationally expensive due to the size of the feature set and
the exponential number of possible feature combinations [10]. Additionally, while
optimized versions such as KernelSHAP and TreeSHAP [10][12] have been developed
to enhance computational efficiency, adapting SHAP to handle the complexity of
time series data remains challenging.

2.2 Time Series
To properly evaluate interpretability methods in the context of trajectory prediction,
several types of datasets can be used. However, trajectories consist of a sequence of
data points that describe the movement of an object over time. Each data point typ-
ically includes information such as position, velocity, and possibly other attributes.
For this reason, time series datasets naturally capture this sequential nature, mak-
ing them ideal for modeling trajectory data. In this subsection, some fundamental
concepts of time series will be examined, and the methodology for processing such
data for this project will be explored.

2.2.1 Time Series Analysis
To understand the future, one must analyze the past. This is called Time Series
Analysis [13] and is a crucial part of time series forecasting. In the automotive
domain, a lot of temporal measurements are monitored and saved via sensors and
records. All measurements are then bound by the time of recording, and the obser-
vations can be ordered and indexed by timestamps. These timestamps are then used
to organize the data into a sequential order based on the time, called time series.
One of the simplest and quickest ways to observe and analyze these time series is
some sort of temporal visualization where the data is simply plotted in order by time
and temporal relations can be found by observing the graph. For example, in the
automotive industry, a temporal relation could be fuel consumption and distance
traveled.

2.2.2 Spatio-Temporal Time Series Analysis
In contrast to classic Temporal Time Series Analysis, Spatio-temporal analysis is
used not only to capture the temporal relations but also how space and time are
related. In the automotive domain, a position can be added as a temporal measure-
ment, the result is a spatiotemporal relation describing how a car physically moves
on earth concerning time. The complexity of analyzing the time series increases
significantly, but the ability to do temporal visualizations remains unchanged.

10



2. Background

2.2.3 Time Series Modeling Methods

As mentioned above, time series analysis involves the study of data points collected
and ordered over time. This subsection explores different methodologies employed
to construct time series data.

2.2.3.1 Univariate and Multivariate Time Series

Univariate time series forecasting involves predicting the future values of a single
variable based on its past observations. This approach involves using historical
data of a target variable to make predictions [14]. For instance, consider the time
series dataset consisting of the latitude coordinates of a car’s position at different
time intervals. Using a univariate approach would involve building a model that
considers only one feature (latitude) to make predictions of positions. Univariate
time series forecasting is typically simpler and easier to implement [14]. However,
it may not be an accurate approach to describe reality. In the example mentioned
above, the univariate approach focuses solely on one variable, without considering
other potentially relevant variables such as longitude, velocity, or heading. As a
result, it may overlook important relationships that could improve the accuracy of
trajectory predictions [14].

Multivariate time series forecasting involves predicting future values of multiple
variables based on their past observations. This approach is more complex and
requires more data than univariate time series forecasting. However, multivariate
time series forecasting can be more accurate, as it takes into account the relationships
between different variables [14][15]. For example, in the context of predicting the
car’s trajectory, only looking at how fast the car is moving, important things might
be missed, such as which directions the car is heading or how far it has traveled
along the latitude axis over time.

2.2.3.2 Single-step and Multiple-step Forecasting

In single-step forecasting, also known as one-step forecasting, the goal is to predict
only the next value of the series. In the context of trajectory predictions, single-
step forecasting could involve predicting the trajectory of the car for the immediate
future, typically the next time step, which could be a second or minute into the
future. For example, using the car’s position and velocity at time t, and predict its
position at t+1 (one time step ahead) [16].

In contrast, multiple-step forecasting involves predicting the trajectory of the car for
multiple future time steps. Instead of predicting just the next time step, the aim is
to forecast the car’s position over a longer horizon, such as the next several seconds
or minutes. For example, using the car’s position and velocity at time t, and predict
its position at t+1, t+2, t+3, and so on, for multiple time steps ahead [16].
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2.3 Trajectory Prediction

Various methodologies have been explored by researchers to forecast vehicle trajecto-
ries, employing a broad spectrum of analytical and computational techniques. This
pursuit has been driven by the critical need to improve the driving experience, en-
hance safety protocols, and advance the development of autonomous vehicles [17][18].
Trajectory prediction, characterized as a time series event, involves analyzing sequen-
tial data to anticipate future positions. This process is naturally complex due to the
dynamic nature of vehicles’ movements, influenced by numerous factors including
driver behavior, traffic conditions, and environmental variables [19][17][18].

Given the sequential and temporal aspects of trajectory prediction, it aligns closely
with time series analysis, requiring models capable of capturing temporal dependen-
cies and patterns over time [19]. For the sake of conciseness, a selection of machine
learning models that are particularly well-suited to the context of trajectory predic-
tion and time series events will be explored, and some metrics to assess the accuracy
of these models will be introduced. These models are adept at processing and pre-
dicting based on sequential data, offering insights into the likely paths vehicles will
take based on historical and real-time data inputs.

2.3.1 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN)
architecture [20], designed to address the issue with long sequences in machine learn-
ing. Specifically, LSTM can apprehend long-term dependencies in sequential data.
This is done by incorporating a mechanism called gates that regulate the flow of in-
formation inside the architecture [21][22]. These gates determine what information
should be kept, discarded, or passed on to the next time step, allowing the network
to selectively remember or forget information over long periods. This selective mem-
ory capability makes LSTMs particularly effective for tasks where understanding
the context from far back in the sequence is crucial for making accurate predictions
or decisions.

Even with the development of numerous LSTM variants designed to overcome tra-
ditional challenges, the problem of vanishing and exploding gradients persists in
certain scenarios [23]. Vanishing gradients mean that a models’ optimization stag-
nates and shows no significant improvements, exploding gradients are the opposite,
where a model’s learning becomes unstable and won’t learn any information from the
training. For instance, in the realm of language modeling, LSTMs demonstrate an
effective context size averaging around 200 tokens. However, they distinctly identify
only about 50 tokens in proximity, suggesting that LSTMs, despite their advance-
ments, may still face difficulties in capturing long-term dependencies under specific
circumstances [23]. This limitation points to the need for further enhancements or
alternative approaches to address these enduring challenges effectively.
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2.3.2 Transformer
The Transformer model has been proposed as a new architecture, based on the At-
tention mechanism to analyze sequential data [24]. The Attention mechanism allows
the Transformer to access any part of the sequence regardless of the distance between
each item, making it potentially more suitable for grasping the recurring patterns
with long-term dependencies [23]. In contrast to recurrent models such as RNNs
and LSTMs, which process the input and output elements sequentially, Transform-
ers process all input simultaneously, enabling efficient parallel computation. They
excel in handling real-world forecasting applications that involve both long- and
short-term repeating patterns. For example, the trajectory of a vehicle within ur-
ban traffic networks shows patterns influenced by daily and hourly cycles. In such
cases, accurately modeling long-term dependencies, like the impact of weekday rush
hours and weekend traffic flows, is crucial to effectively predict the vehicle’s trajec-
tory. Identifying these patterns and understanding their influence on the vehicle’s
trajectory over time is essential for developing reliable prediction models [24][23].

2.3.3 Evaluation Metrics for Trajectory Prediction
There are several metrics for assessing machine learning performance in the con-
text of trajectory prediction, but this subsection will explore a few key metrics for
conciseness:

• Accuracy:

This metrics evaluates how well and accurate the predictions generated by the
model align with the true outcomes [25]. In trajectory prediction, accuracy
could provide a general sense of the model’s performance by considering both
true positives and true negatives relative to all predictions. The formula for
calculating the accuracy is:

T P +T N
T P +T N+F N+F P

Where TP/TN is true positives and negatives, and FP/FN is false positives
and negatives.

• Precision and Recall:

Precision[25] measures the ratio of true positives to the total number of posi-
tives predicted by the model, given by:

T P
T P +F P

Recall[25], on the other hand, measures the ratio of true positives to all actual
positives, and it is calculated as:

T P
T P +F N

In trajectory prediction, precision could indicate how reliable the model’s pos-
itive predictions are, while recall could show how well the model captures all
relevant positives cases.
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• F1-score:

The F1-score[25] is the harmonic mean of precision and recall, which is calcu-
lated by:

2 · precision∗recall
precision+recall

It provides a single metric that balances the trade-off between precision and
recall, which is important in trajectory prediction tasks where both false pos-
itives and false negative can have significant implications.

2.4 Adaptive Learning
As discussed in the previous section, Deep Neural Networks, such as RNNs and
Transformers, excel at sequential prediction tasks. However, ensuring these models
adhere to temporal properties in sequence prediction, especially when dealing with
multiple variables and temporal features, remains a significant challenge. To address
this issue, enhancing the models’ ability to learn and refine their performance over
time is crucial. One effective strategy is implementing a framework that optimizes
model execution based on past results, a process known as adaptive learning. Adap-
tive learning refers to a method where the model adjusts its strategies or updates its
parameters in response to changes in the underlying data patterns [26]. Unlike tra-
ditional machine learning, adaptive learning compels the underlying models to learn
dynamically, introducing a level of responsiveness not typically seen in standard
approaches [26].

2.4.1 Temporal Logic Model Checking
Temporal logic is a formal system used to reason about propositions and events
over time. The most popular used temporal logic in computer science is the Linear
Temporal Logic (LTL), which is very useful for specifying correctness properties in
a system [27]. LTL specifies the correctness properties of infinite computations in
reactive systems, such as safety, liveness, and fairness [27]. To achieve this, LTL
follows the syntax and semantics of temporal logic by constructing LTL formulas
from:

• A finite set of atomic propositions, for example, a, b, p, t.

• Basic logical operators, such as ¬ (negation) and ∧ (conjunction).

• Basic temporal operators, such as ♢ (eventually) and □ (always).

Formalization using LTL can be employed to specify the inherent properties of the
models utilized for predicting trajectories. Typically, the constraints specified by
LTL are already known by the system or defined by users before prediction, such as
constraints imposed by the physical world. For instance, an example specification for
a trajectory prediction model might ensure that the model never predicts a position
outside the road, as shown by the following syntax: □ (vehiclePosition < gridSize).
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In other situations, a fairness approach may need to be adopted by relaxing strict
constraints in the model prediction. Consider the scenario where there is a desti-
nation, and eventually, that destination has to be reached. When this is going to
happen is not determined, but some time in the future it has to. In such cases,
the following syntax can be used ♢ (vehiclePosition = destinationPosition) which
indicates that the predicted position will eventually be the goal.
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Framework

This chapter describes the process of developing the framework to achieve the results
presented in Chapter 5. The chapter starts by introducing the framework interface,
including the environment, system, and safety specification. Following, the learning,
which includes data generation, model training, and adaptability processes. Finally,
the interpretability, where different methods of multivariate interpretability devel-
oped in this thesis are presented.

Figure 3.1: The workflow of the framework and its architecture, composed of two
distinct blocks: the learning block, which performs data generation, model

training, and model adaptability processes, and the interpretability block, where
the results of the learning block can be interpreted.

Figure 3.1 displays the workflow of the framework and its architecture. The image
shows two distinct blocks: the learning block and the interpretability block. At-
tached to the learning block are the framework interface inputs, which consist of the
environment, the system, and the safety specification. In the following section, the
features and properties of the framework are detailed, introduced, and specified.

3.1 Framework Interface Inputs
This section outlines the framework interface inputs, including the environment,
system, and safety specification.
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3.1.1 Environment
The environment is the map input, featuring details such as debris, walkers, or
junctions. This is used as a backbone when learning the behaviors of the driver.
Currently, the environment is represented by trip data. The trip data is a set of
random drives around the map, exploring all possible roads. This is done by utilizing
the probabilistic programming language Scenic, and the simulator Carla, which are
described in Section 3.2.1.3.

3.1.2 System
The system is the driving history of a car. In the same format as the trip snippet from
Figure 3.7. Because this thesis focuses on simulation-based approaches, the driving
journal is also generated using the probabilistic programming language Scenic and
the simulator Carla, similarly to what is done for the environment, this process
is described further in 3.2.1.4. In cases where it is not possible to get the same
frequency of data the learning process can interpolate to fill in the blanks, this can
be done using tools listed on the OpenStreetMap (OSM) website [28]. The theory
behind the interpolation is that some data between the original time steps will be
lost. However, having the goal of a quite large prediction horizon, the original
time steps will still be many enough for the model to make accurate predictions.
The focus is rather on the behavioral patterns in the drives than the insignificant
variations between the tenth of a second.

3.1.3 Safety Specification
The safety specification states the hard constraints that guide the learning process.
The model will always learn and adapt the different behaviors, but never at the cost
of violating the specification. Trips that violate the safety specification could be, for
example, trips where the car crashed, drove against the road direction, stopped and
parked illegally, etc. Most importantly, these kinds of trips are not passed to the
model for training. Thus, a very rigid process of data cleaning is required.

The safety specification contains either simple invariants such as distToCarFront ⩾
10 and the validation process, as presented in Section 3.2.3, would make sure that in
all time steps the invariant holds. The safety specification can also contain temporal
logic formulas, as introduced in 2.4.1. For example, we can write the invariant
introduced here as the LTL formula, ♢(distToCarFront ⩾ 10).

3.2 Learning
The learning is the part of the framework where given the environment, the system,
and the safety specification, data gets generated and important features of route
predictions are learned. In the following sections, data generation and model training
are presented.
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Data
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Figure 3.2: Internal structure of the Data Generation, with the inputs and outputs
of the workflow

3.2.1 Data Generation
In this section, the process of generating data for the training is presented. The input
to the data generation is the same as the input to the framework, and the output
of the generation is the data that can be used for training, as can be seen depicted
in Figure 3.2. Firstly, the tools used to generate data are explained. Secondly, the
concrete details of how to generate environment data and simulate drives. Lastly, the
details concerning generating and simulating drives that resemble a driving journal.

3.2.1.1 Carla

Carla [29] is an open-source simulator used for autonomous driving research. The
simulation platform enables users to specify sensors, environmental conditions, map
features, car features, and a lot more.

Carla has a very powerful, exposed, and flexible API, which means that end users
can utilize it to configure and control all the properties of a simulation. Most of the
focus for this thesis was the actors and the API that controlled them. Actors are
explained by the Carla developers as entities that can interact with a simulation,
for example, vehicles, pedestrians, and traffic signals. They have certain properties
that are connected to them, which can then also be changed by the API. One can
also wrap an actor in an agent. An agent is a script that controls the behavior of
an actor, this way one can automate the driving. A destination can then be set by
an agent and a behavior to follow when driving to that destination, for example,
having an aggressive behavior when driving to a predefined destination home.

To generate the data needed, Carla was used as the simulator, running in the back-
ground. Scenic was used as the interface for communicating with the Carla API,
the following section goes into detail about the programming language Scenic.
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1 # badlyParked.scenic
2

3 ego = new Car
4 spot = new OrientedPoint on visible curb
5 badAngle = Uniform(1.0, -1.0) * Range(10, 20) deg
6 badParkedCar = new Car left of spot by 0.5,
7 facing badAngle relative to roadDirection

Figure 3.3: badplyParked, a simple Scenic program that spawns a badly parked car
on any visible curb from the observer

3.2.1.2 Scenic

Scenic [30][31][32] is a domain-specific probabilistic programming language. The
core idea behind scenic is that you create a scenic program (a .scenic file) that
is a distribution over scenes. Every time you execute this .scenic program, the
compiler will generate a scene from those distributions. This makes it easy to create
a large set of possible outcomes with a few lines, as shown in Figure 3.3.

What happens in Figure 3.3, is that firstly an ego car is spawned (in a lane selected
uniformly from the map). Ego is the alias used for the vehicle that is observed.
After that, a spot is found on any visible curb from the ego, and a new point is
created. The angle is calculated uniformly in a certain range of degrees. Then a
badly parked car is placed at the observed point, facing the angle relative to the
direction of the road. This scenic program has an extreme amount of possible scenes
that can be created from it. Figure 3.4 represents the first 4 examples of running
the program and shows how powerful Scenic can be in the data generation domain.
From a program containing a couple of lines, data that represents a car’s trip and
how it behaves whilst driving can be generated. The generation process can then be
iterated over, and the results can be combined into something resembling a driving
journal.

3.2.1.3 Generating and Simulating Environment Data

The environment, as specified in Section 3.1.1, is represented as a set of drives around
the map. Figure 3.5 shows how these drives are generated using Carla and Scenic
with a focus on capturing the spatial dependencies in a map, such as how segments
are connected.

This program picks a point uniformly on the map and drives a random route, but
terminates once it reaches 20 minutes of driving. The environment input (to the
data generation), would be the map Town05 which is a Carla predefined map with
roads and obstacles. To generate multiple drives, one can simply iterate over this
program, and here follows the process of how to do that. Firstly, the process of
running multiple scenic programs, gathering the data from the simulator, and storing
the data appropriately needs to be automated. A Python script can be created, as
displayed in Figure 3.6, which starts the simulator, loads a scenic program, and
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Figure 3.4: Carla’s output when executing the badlyParked scenic program

1 # noise.scenic
2 param map = localPath('Town05.xodr')
3 param lgsvl_map = "Town05"
4 model scenic.simulators.carla.model
5 behavior Drive():
6 do AutopilotBehavior()
7

8 start = new OrientedPoint on Uniform(*network.lanes)
9 ego = new Car at start, with rolename 'hero',

10 with behavior Drive()
11

12 terminate when simulation().currentTime >= 12000

Figure 3.5: Scenic program that spawns a car that takes a random drive around the
map
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creates the scene.

1 # run.py
2 simulator = CarlaSimulator("Town05", "./Town05.xodr")
3 scenario = scenic.scenarioFromFile("./noise.scenic")
4 scenes, _ = scenario.generate()
5 simulation = simulator.simulate(scenes, maxSteps=1000)

Figure 3.6: Python script to run a Scenic program

Now the simulation object can be used to access recorded values in the simulation
and the position of the ego vehicle in every time step. This is the core of the script.
Then, a list of objects can be created, where every object represents a scenic program
and how it should be executed. Iterate over this list and for every iteration parse
the data coming from the simulation and store it in JSON files for later use. It
is also during these iterations the simulation results get checked against the safety
specification, and if the data generated ever violates the specification it does not get
saved because the model should not learn bad behavior. An example of such bad
behavior would be tailgating, where the specification would contain an invariant or
LTL formula that states, for all time steps, the distance to the car in front should
never be lower than a certain threshold, as can be seen in the example from 3.1.3.
An example of how the generated data can look is seen in Figure 3.7. Other than the
information that can be retrieved from the simulation, some have to be created as
well, more specifically drives have to be bound by time. Thus, a Python library can
be utilized to create a date for the drive, and also a time of when it started. Using
the temporal information, the weekday of the drive can also be found, something
that can be very helpful when making predictions later, because a lot of people’s
driving behaviors are related to time.

The environment-related data from Figure 3.7 is x, y, z, heading, segment, segType,
distToInter, distToCarFront, distToCarBehind, and from this data, a model can
learn multiple features of a map. For example, the combination of heading and
segment results in roadDirection or something more simple like being able to derive
segment, laneId from x, y, z. Having enough of this data yields a model with
somewhat spatial awareness. Once there is enough generated data, it is passed
through to the learning as the environment data.

3.2.1.4 Generating and Simulating The Driving Journal

To generate data that resembles a driving journal, the same process as described in
the previous section about generating environment data can be used, but this time
it is based on how real people behave and their driving habits. For simplicity, a
driving persona was created to be used as a reference when constructing the scenar-
ios. Consider the persona driver0, someone who drives very aggressively, and goes
to work in the morning and home in the afternoon. Likes the restaurant in the city
but does not like traffic. Figure 3.8 displays a scenic program that is specifically
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1 ...,
2 {
3 "driverId": 0,
4 "time": 2,
5 "weekday": 2,
6 "weather": 0,
7 "x": 27.14455223083496,
8 "y": 118.3385009765625,
9 "z": -0.04205554723739624,

10 "heading": 3.072747620416466,
11 "velocity": 0.014725978638346732,
12 "acc": 17.030845591088653,
13 "segment": 14,
14 "segType": "road",
15 "laneId": 0,
16 "distToInter": 13.756722932334695,
17 "distToCarFront": 4.614102227156014,
18 "distToCarBehind": -99
19 },
20 ...

Figure 3.7: Example of a time step from the Scenic+Carla generated data

constructed for driver0, also included in the program the safety specification exam-
ple from 3.1.3. Because of the safety specification, and even though the aggressive
characteristics of the driver would influence their maneuvering, nothing of that will
be learned by the model if the driver gets too close to the car in front. The scenic
program is similar to the one for generating environment data, but this time focuses
on driving from point A and finishing when arriving at point B, instead of finishing
the drive after a couple of minutes. The process of running multiple scenic programs
and saving them as JSON files can be automated as described in Section 3.2.1.3.

3.2.2 Model Training

The input to the model training is the result of the data generation, and Figure 3.9
depicts the entire flow of the model training. The figure illustrates the high-level
description of its process, but more details can be found in Section 4.1.2.
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1 # knownToRandom.scenic
2 home = (11032.56, 9251.50, 100.0)
3 work = (4921.83, -1257.49, 49.09)
4 restaurant = (-1738.01, 10474.20, 280.21)
5

6 locations = [home, work, restaurant]
7 times = [600, 1200, 1800, 3600]
8 start_pos = Uniform(*locations)
9 t = Uniform(*times)

10 end = new OrientedPoint on Uniform(*network.lanes)
11 start = new OrientedPoint on start_pos
12

13 behavior Drive():
14 take SetBehaviorAutopilot(end, "aggressive")
15

16 ego = new Car at start,
17 with behavior Drive(),
18 with rolename 'hero'
19

20 record ((distance to distToCarFront) > 10) as safety
21 terminate when (distance from ego.position to end) < 10
22 or simulation().currentTime >= t*10
23 record (ego.heading) as heading
24 record (roadDirection) as roadDirection
25 record (ego.velocity) as velocity
26 record (ego._road) as road
27 record (ego._lane) as lane
28 record (ego.distanceToClosestIntersection()) as distToInter

Figure 3.8: An example of a Scenic program that generates data related to specific
driving habits
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Figure 3.9: Internal structure of the Model Training, with the inputs and outputs
of the workflow.

The model selection is the process of selecting a model that the training can be
performed on. The currently supported models are the multivariate transformer,
LSTM, and the temporal fusion transformer, with the possibility of being extended
with models that inherit similar constraints and properties.

The environment data training is model training on the data from 3.2.1. The
goal here is to give the model spatial awareness and force it to learn how roads and
lanes are connected. This gives the model a robust base to learn behavioral patterns.

The behavioral data training takes the model after the initial environment train-
ing. It then lowers the rate of learning and tries to capture the relations and behav-
ioral patterns of the input system, an example of such behavioral patterns can be
seen in 3.2.1.4.

3.2.3 Adaptability
The flow of the adaptability is depicted in Figure 3.10. Again, consider persona0
first mentioned in 3.2.1.4. The input is the prediction model from the initial training
or previous adaptability iterations, the safety specification, and the behavioral data
that the model should adapt to. For persona0 that would be the initially trained
model, the safety specification of not tailgating, and a new behavior, for example,
on weekdays, later than you leave for work, you drop off the kids at daycare. Fur-
thermore, the adaptability starts at the simulation by predicting and driving routes
from and to the daycare. Then in the data validation, if any drives are found to fail
the safety specification or predict badly, these are saved. The drives that did fail
the safety specification will be used by the neighborhood analysis to generate new
data for training, and the drives with bad predictions will be added to the newly
generated data. More details about the implementation of the adaptability can be
seen in Section 4.1.3, but following this paragraph is a high-level description of the
internal parts of the adaptability.

The simulation-based analysis is the process of testing the model on the data it
should adapt to. This is done by letting the model, firstly, predict routes and then
try to drive those routes, secondly, predict routes and compare them to the ground
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Figure 3.10: Internal structure of the Adaptability, with the inputs and outputs of
the workflow

truth route. The results are analyzed and saved before being passed forward to the
validation.

The data validation is the data cleaning process, where the results from the pre-
vious step are iterated through and the trips that violate the safety specification
are identified. The routes that failed the validation or had bad predictions are sent
forward.

The neighborhood analysis is the last process of adaptability. Such analysis, in
our context, is merely looking at neighboring segments to the identified problematic
ones. The segments found from the analysis can be used to generate a part of our
refinement dataset using Carla and Scenic. The other part comes from the failed
predictions, by combining the two parts, our refinement dataset is obtained.

3.3 Interpretability
When considering interpretation methods for multivariate input and output, not
much research has been conducted. Even many black box explainers cannot capture
the importance of such data without significant modifications. In this section, Inter-
pret Multivariate Timeseries (IMT) is introduced, to address the challenges faced
by established interpretability methods. Additionally, IMT-SHAP and IMT-LIME
will also be introduced, two interpretability methods created by adapting existing
interpretability frameworks. Figure 3.11 depicts the workflow of the interpretability.
The process begins by selecting an interpretability method, subsequently, the rele-
vant model information is passed to the interpretability method, such as the loss and
predict function. Finally, explanations are obtained by passing unpredicted data to
the interpretability method. Again, consider the example of persona0 from Section
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Figure 3.11: Internal structure of the Interpretability with the input and output of
the workflow.
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Figure 3.12: Illustration of multivariate input and output on a black box model

3.2.1.4 after the adaptability process is done. An explanation of a prediction that
suggests a route to the daycare could indicate an important feature that represents
how many people are in the car, the weekday, or the time of day.

3.3.1 Interpret Multivariate Timeseries
In this section, IMT is introduced. A method for interpreting multivariate models.

3.3.1.1 Masking & Permutations

Our chosen method of interpretation is usually referred to as permutation feature
importance [33]. Predicting a baseline, then permuting the input and performing
another prediction, allows the two predictions to represent the importance (relative
loss) of that permutation with the help of a loss function. However, the focus will not
only be on using permutations but also masking different combinations. The theory
behind it is loosely based on the Permutation Explainer created by the developers of
SHAP [12] but adapted to suit our needs of being able to capture both temporal and
spatial relations. Figures 3.12, 3.13 and 3.14 are examples of how an explanation
can be calculated.

After gathering the two predictions out and outp, from 3.12 and 3.13 the loss can be
calculated with loss(out, outp) to see what impact the masking had on the model
being able to achieve the baseline prediction again. If it is high, then time step in2
is important. However, because it is hard to set a threshold of how significant a
loss is, the focus is on the relation between losses of different masks. That is, if the
same masking process is done for every in0, in1, ...inn and the result is plotted, the
significant time steps can be determined by their relative loss.
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Figure 3.13: Illustration of masking an inputted time step to a black box model
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Figure 3.14: Illustration of permuting an inputted feature to a black box model

Now to permutations, looking at Figure 3.14 the order of f0 has changed since 3.12.
Calculating loss(out, outp) again, gives the impact the permutation had on being
able to achieve the baseline prediction. If it is high, then the order of f0 matters
and f0 is most likely an important feature. If it is low, it is most likely a less
important feature. But, just as with the masking, the relative importance is what
matters and the same process has to be done for all the features.

3.3.1.2 Modularity and Extensibility

Modularity and extensibility are two very essential features of a framework. Because
the aim is to work with the very vague description of "multivariate time series" it
is not possible to rely on all models being the same. That was also the motivation
behind making the framework post-hoc and completely model-independent. As
can be seen by looking at Figure 3.12, 3.13 and 3.14, the model in the middle is
completely interchangeable.

The only thing that the framework demands of the user is consistency in the
size of input and outputs. It has to be in the form of input.shape = (n, j) and
output.shape = (m, k), in more general terms:

input.shape = timesteps_in× features_in
output.shape = forecasted_timesteps× target_features

This is a hard constraint, but because you pass along the prediction function as an
argument the user can write the function themselves. In that function, they can do
the necessary reshaping before and after they call their model’s internal prediction
function.
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3.3.1.3 Explanations

In this section, the power of IMT is illustrated by displaying the implemented inter-
pretability plots, with every plot comes a short explanation and description.

Figure 3.15: Averaged feature importance across all input time steps

The averaged feature importance in Figure 3.15 is calculated by masking out every
feature for all input time steps. The importance is then calculated using the loss
function. Thus, the result is all features impact on the output. This information
gives insight into what features were important for a certain prediction.

Figure 3.16: Input time step importance

The time step importance in Figure 3.16 is calculated by masking the entire time
step, every masking or permutation gets evaluated against the baseline prediction.
The result is how important a specific time step is to the output. This information
can be used to see when in the past was most important for a certain prediction.
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Figure 3.17: Sliding window segmented feature importance

The sliding window feature importance in Figure 3.17 is calculated by taking the user-
provided window size and stride. The input gets segmented into windows in those
windows the features get masked, their importance calculated, and evaluated. After
the evaluation, the stride is used to find the next segment of interest. Performing
this until there are no possible windows left. This information can be used to find
what segment in the past was most important for a certain prediction.

Figure 3.18: Importance of specific features across all time steps

The importance of specific features across all time steps in Figure 3.18 is calculated
by creating a mask for every combination of feature and time step and evaluating
against the baseline prediction. This is a very computationally heavy task, and
creating the plot takes some time. Performing sliding window feature importance
with window_size = 1, stride = 1 is equivalent to this plot.
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Figure 3.19: Heat map of time steps importance to specific predicted time step

The heat map in Figure 3.19 is created by iterating through all the input time steps,
masking them, and evaluating them. Whilst the evaluation is happening, the impact
the masking has on every outputted time step, one by one is saved. Then the matrix
is created with size input_size × output_size where every box is the impact that
the input time step had on the output time step. This information can be used
to find how things in the past affected certain parts of the future, such as a right
turn 5 minutes ago was the reason for the model predicting another right turn in 2
minutes.

3.3.2 Established Interpretability Techniques
In this section, IMT-SHAP and IMT-LIME are introduced, both interpretability
methods derived and created from their respective original framework. These meth-
ods required significant modifications to accommodate higher dimensionalities and
multi-horizons. These modifications are introduced below and then presented in
Chapter 4. Our approach was to gain a deep understanding of LIME and SHAP
and subsequently adapt them to suit our specific task requirements.

3.3.2.1 IMT-SHAP

To derive a SHAP approach that aligns with the concept behind IMT, which involves
distributing the prediction score of a model for a specific input to its base features,
we began by evaluating Equation 2.2 as the basis for designing our the algorithm
for IMT-SHAP as described in 4.2.2.1.

IMT-SHAP, as illustrated in Figure 3.20, offers valuable insights into how individual
features influence the model’s prediction. However, the additional insight provided
is not only identifying the features that influence the model’s prediction but also
understanding how they influence it. A negative Shapley value suggests that a
feature has a high negative influence on the prediction, as observed for the feature
pos.x in Figure 3.20. In contrast, pos.z makes a highly positive contribution to the
prediction.
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Figure 3.20: IMT-SHAP is used to explain feature attribution for a given
prediction. The Shapley values for each feature are computed, with positive values
(e.g., pos.y) in blue indicating a positive influence on the prediction, and negative

values (e.g., pos.x) in red indicating a negative influence.

Formally, both having a high positive Shapley value or a high negative Shapley value
means that the feature is important for the prediction and that changes in the value
of this feature impact the model’s predictions. If the aim is to only determine the
importance of features, it could be sufficient to consider the absolute value of the
Shapley value for all features. However, understanding how a feature impacts the
prediction could be important in some scenarios. For example, in a model predicting
house prices, if the feature "number of bedrooms" has a positive Shapley value for
a specific house, it could mean that having a certain number of bedrooms increases
the predicted price of that house. Conversely, if the same feature has a negative
Shapley value, it could mean that having a certain number of bedrooms decreases
the predicted price of that house.

3.3.2.2 IMT-LIME

To derive a LIME approach that aligns with the concept behind IMT, we began by
exploring the components of Equations 2.1 and the LIME algorithm, as outlined in
[11]. We then analysed how to implement each part to fit multivariate time series
forecasting. This process led to the algorithm depicted in 4.2.2.2.

As illustrated in Figure 3.21, similar to IMT-SHAP, IMT-LIME provides the contri-
bution effects of each feature to the prediction, where a positive coefficient indicates
a positive effect of the feature on the prediction, while a negative coefficient suggests
an inverse relationship.
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Figure 3.21: IMT-LIME is used to explain feature attribution for a given
prediction. The effect values for each feature are computed, with a positive

coefficient (e.g., pos.y) indicating a positive effect of the feature to the prediction
and a negative coefficient (e.g., pos.x) suggesting an inverse relationship
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4
Implementation

In this chapter, the implementations done to achieve the results in the following
chapter will be presented. These implementations could range from slight modifica-
tions to already existing tools, to completely new tools created specifically for this
purpose.

4.1 Learning
In this section, trajectory prediction and the tools and tool modifications used to
perform it will be presented.

4.1.1 Scenic and Carla
Scenic and Carla are two fundamental building blocks for this thesis, but they are
not perfect for our specific use case. Carla is massive, it has countless features,
parameters, and sensors, and everything can be tweaked, monitored, and extended.
Scenic, however, is a minimalistic programming language that enables communica-
tion with simulators, for example, Carla. Unfortunately, Scenic lacks full coverage.
This is not inherently bad because both Scenic and Carla, as stated before, are open
source. There were features of Carla we needed that scenic had yet to implement.
Table 4.1 is the full table of features needed that were not implemented.

Feature Carla Scenic
Distance to cars around the ego Yes No

Set destination for Carla’s autopilot Yes No
Behavioral Autopilot Yes No

Carla Agents Yes No
Distance to inanimate objects around the ego Yes Partially

Car data such as acceleration, throttle, braking, etc. Yes Partially
Headless Simulations Yes Partially

Open Drive generated maps from OpenStreetMap exports Partially Partially

Table 4.1: Table displaying features needed for data generation and if they are
currently implemented in Scenic and Carla
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Firstly, when analyzing the source code of both Scenic and Carla, some features were
tightly coupled together, for instance, Carla’s autopilot, the behavioral autopilot,
and agents all rely on each other and need to be implemented together. The other
features are mostly exposing a getter and can be as simple as a couple of lines of
code. There are of course more features from Scenic and Carla that were used, but
those were already implemented, and no modifications were needed. In the following
paragraphs, the feature modifications done are presented, but also the importance
and use-case of the features.

For the features distance to cars around the ego, distance to inanimate objects around
the ego, and car data such as acceleration, throttle, braking, etc. only getters to scenic
had to be exposed. Because the features were already implemented in Carla, the
request with the relevant information is simply forwarded. This information is then
recorded in every simulation time step, see the example of a time step in Figure 3.7.

For the features Set destination for Carla’s autopilot, Behavior Autopilot, and Carla
Agents there were some more modifications needed. All vehicles spawned with scenic
are created as Carla Actors, and for the autopilot to work, the actors need to be
wrapped in agents. Thus, the code is modified such that once the autopilot is
activated for a car, it gets wrapped in an agent. This was the main modification
needed, but some extra functionality from the agents was exposed through Carla’s
API. For instance, the set destination that autopilots to a destination.

For the feature Headless Simulation, a line of code had to be added in the Scenic
main program loop such that Carla is forced to run in a no-rendering mode. This
is most likely not yet implemented in Scenic because it came in one of the newer
updates of Carla. Running in a no-rendering mode means that the simulations run
quicker and use fewer resources.

The last feature needed was Open Drive generated maps from OpenStreetMap ex-
ports. Scenic and Carla can utilize the road description framework OpenDRIVE
[34], which contains a high-level description of how roads are connected and road
features, such as speed limit and road geometry. From these OpenDRIVE files, Carla
and Scenic can generate simulations and graphical representations. For example, we
want to export a part of Gothenburg using OpenStreetMap [35] and then generate
an OpenDRIVE file from this export and run it with Scenic and Carla. Carla has a
built-in converter called osm2odr.py, however, not all generated OpenDRIVE files
can be run with Scenic. We resorted to third-party converters, which do not work
great for larger exports, but smaller parts of Gothenburg worked fine.

To automate the process of generating data, Python scripts were created. These
Python scripts manage everything needed with Carla and Scenic, starting simu-
lations, gathering the data, and saving it in JSON files. In Algorithm 2, is the
pseudocode representing the functionality of the script. The script is extremely
valuable for data generation because a user can specify what scenarios to generate
and let Scenic work with the probabilities and distributions over scenes. Enabling
the creation of a lot of data with minimal interactions. The general flow of the
automation is scenarios are loaded, iterated through and ran with Scenic and Carla
and after every execution the data is parsed and saved.
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Algorithm 2 Automation script for Carla and Scenic
Load scenarios specification from a separate file
Start the Carla simulator and connect to it
for each scenario s in scenarios do

Parse scenario information and max amount of trips from s
Create scenic scenario from s
current_trip = 0
while current_trip is less than max_trip do

Create time and weather data
Construct scenario s with Scenic and run the simulation
if Simulation successfully ran s then

Get the recorded data from the simulation
Parse the data accordingly
Save the data in a JSON file

else ▷ Failed the constraints from the spec.
Do not save data, report the error, and continue

end if
end while

end for

4.1.2 Model

In this section, the concrete implementations of the models are described, as what
modifications have been done to existing architectures, and how these elements come
together to enable multivariate trajectory prediction.

4.1.2.1 Temporal Fusion Transformer

We used the implementation of Temporal Fusion Transformer (TFT) from PyTorch
Forecasting[36]. In this implementation, the team at PyTorch Forecasting used the
information from the original paper [19] and created a PyTorch-based version of the
model. This enables the users of the model to utilize other PyTorch functionality.
However, there were some issues with the TFT model PyTorch implemented, as the
loss function was hard-coded in the architecture, but this was a simple fix.

Using TFT for forecasting is not the simplest task. There is a lot of boilerplate to
do for the model to be trainable. For instance, every feature has to be classified
as either known or unknown, this means that if predictions are made for a specific
horizon, are the values for the features known in every step of that horizon? An
easy example of this is time, if the time delta between every time step is known then
the time of day is known in every future time step, thus time is known.
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Figure 4.1: Structure of Temporal Fusion Transformer

From Figure 4.1, one can see that TFT is heavily reliant on the separation of features.
And that separation is very important to make good predictions. It is important to
note that the forecasting example from the Figure could be multivariate but from
the graph, we are only plotting a single target output.

Observed inputs are the unknown features that will always contain data, but their
values remain unknown until the corresponding time step has occurred. This could
be features such as acceleration, velocity, or road segment.

Known inputs are the known features. They are known ahead of time, but they
are not necessarily static. These features could be, for example, time, weather, or
weekday.

Static covariates are also known features but do not change over time. Such features
could be driverId or other static car-related information.

Using this information, the TFT model can be constructed, trained, and hyperpa-
rameters optimized using various tools available from PyTorch-forecasting.

TFT is not a regular forecasting transformer, it also has some interpretability embed-
ded in the architecture. The first part of TFTs interpretability comes from variable
selection blocks that are specifically designed to learn the global importance weights
of the input features. This means that the feature importance of a prediction can
easily be retrieved. TFT also has shared weights for all attention heads, which
means that relevant time steps can easily be traced and the temporal importance
for a prediction can easily be plotted, such as the time steps 20 to 30 seconds in the
past were the most important to the prediction. In Figure 4.2, are two examples of
interpretability outputs from TFT.
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Figure 4.2: TFT Intrinsic Interpretability Examples

4.1.2.2 Multivariate Transformer

The Multivariate Transformer (MTF) is a special branch of transformers that allows
for multivariate input and output. Combining this feature with time series, the result
is something similar to TFT without the ability to classify different features, such as
static covariates. The implementation used with the framework utilizes Keras [37], a
deep learning API that runs above PyTorch or TensorFlow, and is a modification of
the classic transformer, as seen in [24]. Figure 4.3 is the architecture of the regular
transformer.
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Figure 4.3: The architecture of the original Transformer presented in Attention Is
All You Need [24]

The architecture of the transformer is very standardized and could be used as a core
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when creating the multivariate transformer. However, some modifications had to
be done for the architecture to support the very specific needs of this thesis. For
the transformer to capture multivariate input, the encoder, and decoder have to be
modified such that they encode and decode multivariate time series.

4.1.2.3 LSTM

As mentioned in Section 2.3.1, LSTM, is a great machine learning model to use
when forecasting and is often referred to as the predecessor to the Transformer. To
implement an LSTM model, we relied on the information from the original paper
[20] but also the implementation of an LSTM cell done by Keras[37]. This imple-
mentation contains the overhead for creating an LSTM cell with a specific size and
how to chain and stack the cells to get a specific result. The architecture of a cell
can be seen in Figure 4.4, this is an adapted version of the one in the original paper.
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Figure 4.4: Architecture of a modified LSTM cell

Other than using the LSTM cell implementation of Keras, we created the rest of
the model ourselves to get the very specific features needed for this thesis, i.e.,
multivariate forecasting. The implementation stacks multiple LSTM layers and is
configured to be many-to-many.

4.1.3 Adaptability
The adaptiveness of the models, as described in Section 2.4, is introduced by what
is called adaptability. The term is used to describe the process of refining, adapting,
and further learning of a model after finishing training. This loop can be seen in
Figure 3.1, and in more detail in Figure 3.10.

The concrete implementation of adaptability is a bit more complex. To achieve
the adaptiveness, there is a need for continuous driving input. But, because the
focus is simulation applications, that is used now as well. In Algorithm 3 is the
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pseudocode for the adaptability process. From the pseudocode, the algorithms start
by importing and loading the already-trained model. After that, the data to perform
adaptiveness is loaded. Then the algorithm iterates through all the drives and
segments them into smaller windows that will later be used to drive and predict
trajectory on. After all the predictions are obtained, the simulation drives them.
If the driving fails, either by failing the safety specification or by being wrong, the
roads that were predicted, and the correct roads, are used to generate more data in
and around that area. This is done to force the model to completely capture the
complexity of the roads, and the correct routing. When all the specified drives have
been iterated through, the training of the model starts, now with a lower learning
rate to not unlearn anything that is deemed good from the initial training. This
introduces adaptability by forcing the model to learn behaviors.

Algorithm 3 Adaptability Process
Load the model and saved weights

for each drive s in drives do
Parse s information
Create driveable windows ws of s
Drive the ws

Parse data from the drive
Predict the trajectory using the data from the drive
Try to drive the prediction
if Drive the prediction fails or is not correct then

Save the roads along the prediction
Generate driving data for the failed roads

end if
end for
Retrain model with low learning rate on those failed predictions/drives

4.2 Interpretability
In this section, the modifications made to state-of-the-art interpretability techniques
and the creation of a new multivariate interpretability framework are explained.

4.2.1 Interpret Multivariate Timeseries
As described in Section 3.3 where IMT first was introduced. IMT is a post-hoc ap-
proach to interpretability for multivariate machine learning models. The underlying
math behind the interpretability is similar to other more established frameworks
such as SHAP or LIME, but with the focus being directly working with multidimen-
sional input and output.

The general idea of IMT is that when looking at a model as a black box where one
can utilize the model’s prediction function. An observer can use and modify inputs
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and see how that affects the output and based on the observations and changes in
the output then score the importance of the change to the input, such as masking
or permuting a feature over the entire input. In Algorithm 4 is the pseudocode for
IMT.

Algorithm 4 Pseudocode for IMT
Require: Black-box model f . No. of features n,
Require: Time steps in timein. Time steps out timeout

Require: Input to score x. No. of permutations p
Require: maskInput mi True/False, permInput pi True/false

importance_scores← [0, 0, . . . , 0] ▷ shape = (n)
masks← []
mask ← [1, 1, . . . , 1] ▷ shape = (n)
target← predict(x)
for i in {0, 1, 2, . . . , n− 1} do ▷ Gather all masks

mask_copy ← copy of mask
mask_copy_feature← mask_feature(i, mask_copy)
Append masks with mask_copy_feature

end for
for i in {0, 1, 2, . . . , len(masks)− 1} do ▷ Calculate mask and permutation
importance

if mi then
m← masks[i]
x1, x2 ← two copies of x
masked_x← m ∗ x1
masked_y ← predict(masked_x)
loss[i]+ = loss(target, maskedy)

end if
if pi then

for j in {0, 1, 2, . . . , p− 1} do
xT ← Transposex1
Shuffle the row xT [i]
perm_x← TransposexT
perm_y ← predict(perm_x)
loss[i]+ = loss(target, permy)

end for
end if

end for
return loss ▷ Feature Importance

From the pseudocode in Algorithm 4, it is evident that IMT consists of masking
and permutations. This is also described in 3.3. The pseudocode is for the imple-
mentation of feature importance, thus, not covering the other plots of IMT in 3.3.
However, the implementations are closely related and are more about changing how
to iterate through the input. More precisely, the pseudocode relies on input from a
system that requests an explanation, the system then sends a prediction model and
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some necessary information to calculate the importance.

For the masking part, the algorithm computes all the feature masks, that is, the
masks that cover a feature. Then the feature is scored based on how close to the
initial target the model gets after the masking, which is then the importance of that
feature.

For the permutations, iterations are performed over all the features and over a set
constant, which determines the number of permutations to be done. A column
(with values of a feature) is then shuffled, and the result is predicted and evaluated
against the target. Again, the features are scored based on how close the model
can get to the target with the permuted input. The more permutations done, the
more accurate the result will be. Because the chance of a single good permutation
skewing the result decreases.

Depending on the input data, masking, and permutation can either be combined or
run separately. This is important because, as stated in sections 4.2.2.2 and 4.2.2.1
not all features can be treated equally, if, for instance, there exists a classification
feature, then masking the classes would be inappropriate because that masking could
resemble a new class which would give an unfair importance score.

4.2.2 Established Interpretability Techniques
In this section, the modifications made to existing interpretability techniques, specif-
ically SHAP and LIME, to adapt them for use in multivariate settings are explained.

4.2.2.1 IMT-SHAP

Algorithm 5 for IMT-SHAP takes a function f which represents the prediction model,
that takes two-dimensional input and returns two-dimensional output. Additionally,
the algorithm requires a list of features j and an input matrix X (representing the
time series being explained). For each feature 1, ..., p in j, the algorithm starts by
creating a coalitions’ matrix M as illustrated in Figure 4.5.

This matrix M has a size of 2|j|−1 and enables the computation of the average
contribution of a given feature ji for all coalitions in M.

0 0 1
0 1 0
0 1 1
1 0 0
1 0 1
1 1 0


Figure 4.5: A binary coalition matrix with three features, where 1 indicates the

feature is in the coalition and 0 indicates the feature is not in the coalition.

Consider the input matrix X with a shape of [timesteps, features], where timesteps=5
and features=3. Assuming, the IMT-SHAP algorithm starts by computing the aver-
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Algorithm 5 IMT-SHAP based on classic Shapley values of game theory
Require: Black-box model f . Input instance X . Original prediction y
Require: List of features j. Loss function L(w, f(X)) (Mean square error - MSE)
Require: Weight function w(j)
Ensure: Average Contribution

average_contribution← []
for each feature j in {1, ..., p} do

marginal_contribution← []
v ← Generate matrix of feature combinations of size 2|N |−1

for each combination i in v do
Xperm_without_j ← Permute values of features not in combination i from X
Xperm_with_j ← Xperm_without_j ∪ {j}
eperm_without_j ← L(y, f(Xperm_without_j))
eperm_with_j ← L(y, f(Xperm_with_j))
wi ← w(j)
mci ← wi · (eperm_with_j − eperm_without_j)
marginal_contribution← marginal_contribution ∪ {mci}

end for
avcj ← mean(marginal_contribution)
average_contribution← average_contribution ∪ {avcj}

end for
return average_contribution

age contribution of the first feature, Feature1. The first row in matrix M indicates
that permutation will be applied for Feature1 and Feature2. For the initial coalition
(the first row in M ), Two distinct matrices (combinations) will be created, X1 and
X2, deviated from matrix X, as the Figure 4.9 Shown below:

v10 v20 v30
v11 v21 v31
v12 v22 v32
v13 v23 v33
v14 v24 v34


Figure 4.6: Matrix X


p p v30
p p v31
p p v32
p p v33
p p v34


Figure 4.7: Matrix X1


v10 p v30
v11 p v31
v12 p v32
v13 p v33
v14 p v34


Figure 4.8: Matrix X2

Figure 4.9: Matrix X represents the original input matrix. Matrix X1 represent
the combination excluding Feature1, while X2 represents the combination included

Feature1. p indicates the permutation value for features that are not in the
combination.

After obtaining these distinct matrices, and since the prediction of the matrix X
is known, the algorithm computes the predictions for the two remaining matrices,
X1 and X2. Subsequently, the algorithm uses the mean square error function to
determine the average error between the original prediction and the prediction made
without Feature1, denoted as mse[ f(X), f(X1)]. Similarly, it calculates the average
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error between the original prediction and the prediction made with the inclusion of
Feature1, denoted as mse[ f(X), f(X2)]. In this step, with an understanding of how
these combinations influence the predictions, the Equation 2.2 is used to compute
the marginal contribution of Feature1 :

W (Feature1)× (mse[f(X), f(X2)]−mse[f(X), f(X1)])

The function W() determines the weight of Feature1 based on the following corre-
sponding part of Equation 2.2:

|S|!(P −|S|−1)
P !

This process is repeated for all coalitions in M, and the mean of these values is saved
as the Shapley value of Feature1. Similarly, the process will be applied to the rest
of the features.

The permutation method, which is used to mask the values of features not in the
coalition, involves randomly shuffling the values of a single feature. For instance,
shuffling the value of Feature1 for the first data point [t, ..., t + 4] and the second
data point [t + 5, ..., t + 9]. However, this assumes access to more data than just
the prediction being explained. But what if we only have access to the data for the
prediction itself? Can the time steps within the first data points simply be shuffled,
like [t + 4, t + 2, t, t + 3t + 1]?

Figure 4.10: Randomly shuffling the values of a feature (e.g., pos.x) within the
same sequence of timesteps. The first plot shows the original data of the given
feature before permutation. The second plot shows the result of the random

permutation, resulting in unrealistic data.

As shown in Figure 4.10, shuffling the time steps within the data points can lead
to unrealistic data. In this case, the longitude and latitude coordinates of the car
show a normal trajectory in the original dataset, but when one of these features is
shuffled, the result displays a highly unrealistic movement of the car.
This issue can be explained as the following, imagine a model that predicts a pa-
tient’s BMI based on their height, weight, and age. If we want to assess the impor-
tance of age in the prediction and consider a patient with age=20, weight=80, and
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height=1.80, shuffling the age value with that of a patient who is 5 years old would
result in an unrealistic data (age=5, weight=80, and height=1.80 ). This could po-
tentially lead to a lower reported importance value for the age feature, even though
it might be significant in predicting BMI.

The strategy used involved exploring correlations within the set of features and
then designing an algorithm that performs permutations without generating unre-
alistic data. Figure 4.11 displays the varying correlations among different feature
combinations. Notably, velocity shows a valuable correlation with vertical position
(pos.z), which is logical given scenarios where changes in altitude affect vehicle speed.
However, while correlations exist between other features, they appear to be less pro-
nounced. It is worth noting that these observations could vary depending on the
collection of data points being analyzed.

Figure 4.11: Heatmap showing correlated features from a dataset of car driving
history, including features such as position, velocity, weather, and more. Velocity

shows a significant correlation with pos.z, while pos.z doesn’t seem to be correlated
with pos.x.

To address this issue, we have proposed Algorithm 6, which performs permutation
by analyzing correlations within features and generates perturbation values based on
these correlations. The algorithm starts by computing the correlation matrix of the
input matrix using the Pearson correlation coefficient. Then, it iterates over each
feature in the matrix and identifies highly correlated features (correlation coefficient
between 0.7 and 1.0). For each highly correlated feature, it computes a perturbation
value based on the correlation grade between the features. However, for features
that are not highly correlated with any other feature, noise perturbation is added
to introduce variation in their values.
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Algorithm 6 Permutation Algorithm for Generating Perturbation Values
Require: Matrix X
Ensure: Perturbations Matrix

function GeneratePerturbations(X)
corr_matrix← CalculateCorrelationMatrix(X)
pertubations_matrix← []
for each feature i in X do

Find indices of features with high correlation with feature i
Compute perturbation_values based on correlation grade
pertubations_matrix.append(pertubation_values)
if maximum absolute correlation value for feature i is ≤ 0.7 then

Multiply values of feature i with its mean to add noise perturbation
end if

end for
return pertubations_matrix

end function

Overall, Algorithm 6 ensures that perturbation values are generated in a way that
reflects the underlying relationships between features in the time series data. As
displayed in Figure 4.12, a modified trajectory is observed resulting from perturbed
data. Unlike Figure 4.10, the trajectory now appears more realistic, enabling the
model to accurately compute the contribution of each specific feature. However, in
cases where features are a classification, such as the ID of the driver or the weather,
this algorithm will come up with values that are not in any class and thus if the
model does not allow unknown classes, will fail the predictions. To combat this issue,
an argument was added to the IMT-SHAP initialization that lets the user specify
the features that are allowed to be modified, thus also usable by IMT-SHAP.

Figure 4.12: Randomly shuffling the values of a feature (e.g., pos.y) by using the
permutation algorithm, Algorithm 6. The first plot shows the original data of the

given feature before permutation. The second plot shows the result of the
permutation, illustrating realistic data and demonstrating the efficacy of

Algorithm 6.
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Lastly, to avoid creating a coalition matrix M of size 2|j|−1 for all feature ji, (i =
1, ..., n), a sampling approach is employed to approximate the Shapley values. This
method significantly reduces the computational complexity by randomly generating
a fixed number of subsets for each feature instead of evaluating all possible subsets.
This approach captures a wide range of feature interactions and provides a robust
approximation of the feature importance while maintaining computational efficiency.
This sampling method not only ensures scalability to high-dimensional data but also
converges to the true Shapley values as the number of samples increases [12].

4.2.2.2 IMT-LIME

Algorithm 7 for IMT-LIME, begins by generating synthetic data samples around
the original data, similar to the approach outlined in [11]. Next, it calculates sim-
ilarity scores by computing the Euclidean distance between the original data and
the permuted data, with a lower value indicating closer proximity to the original
data and a higher value indicating greater distance. The algorithm then evaluates
predictions for the new data using the black-box model.

Algorithm 7 IMT-LIME based on classic LIME in [11]
Require: Black-box model f . Number of samples N
Require: Instance x. Similarity kernel πx (Mean square error - MSE)
Require: Surrogate interpretable model V (Vector Auto Regression - VAR)
Ensure: Vector Effect Matrix

similarity_vector ← []
new_samples← []
ten_best_samples← []
vector_effect_matrix← []
for i in {1, 2, 3, . . . , N} do

zi← sample_around(x)
Si← πx(zi)
new_samples← zi

similarity_vector ← Si

end for
ten_best_samples← select_ten(similarity_vector,new_samples)
for each sample j in ten_best_samples do

MSE(f(x), f(j)) ▷ Evaluating the black-box with perturbed data
exp← V (j) ▷ Geting effect matrix for sample j
MSE(f(j), V (j)) ▷ Evaluating the surrogate approximation
exp← vector_effect_matrix

end for
return vector_effect_matrix

Subsequently, the algorithm identifies the ten samples with the closest similarity
scores and high prediction accuracy from the black-box model. These samples are
selected for further analysis. The algorithm proceeds by fitting a Vector Auto Re-
gression (VAR) model to the ten best-permuted data samples. Finally, the vector
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effect matrix computed by the VAR model, which quantifies how much a unit change
in one variable at a previous time step (or steps) affects another variable at the cur-
rent time step, is employed to provide explanations for the local behavior of the
complex model.

As outlined in Algorithm 7, two important aspects need to be addressed to efficiently
implement IMT-LIME such as determining the best approach for sampling data
around the instance to be explained and selecting a suitable surrogate interpretable
model for multivariate time series tasks. Starting with the first step, which involves
creating samples around the given data, we could start by considering Algorithm 6
explained in the previous section for SHAP. However, for SHAP, the need to mask
one feature at a time was essential for generating perturbed data for that feature
while preserving correlations with other features and avoiding unrealistic data. Here,
the aim is to avoid unrealistic data, but there is a need to create new samples around
all features simultaneously. The trivial approach we adopt, as shown in Figure 4.13,
involves multiplying the values of all features by the same random perturbation
factor. For instance, given an input data y={x, y, z, ..., heading, velocity}, the
new data around this could be obtained by 2*y. However, again, this leads to
the same issue as is present in IMT-SHAP. Multiplying values by some random
perturbation factor assumes that the values are continuous, which they are not for
classifications. This is fixed by the same argument as in IMT-SHAP where there is
a set of modifiable features, unfortunately, this means that not all features can have
an importance using this technique.

Figure 4.13: Sampling new data randomly around the values of a feature (e.g.,
pos.x). This process helps IMT-LIME create a range of new values around the

value of the original feature that can be analyzed later to assess how small changes
in the input data impact the prediction.

Equation 2.1 suggests that the surrogate interpretable model g needs to maintain a
sufficiently low complexity for interpretability (Ω(g)). One method deemed suitable
for addressing the challenges of multivariate time series is the Vector Auto Regression
model (VAR) [38]. The model’s general equation can be expressed as follows:
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Yt = c + A1Yt−1 + A2Yt−2 + .... + ApYt−p + et (4.1)

where:

• Yt is a vector that contains the present values of each of the variables.

• p is the order of the VAR model. It determines the number of time steps back
that are used for predicting the future.

• A is a vector of coefficients.

• e is the error value.

The model simplifies the complexity of the black-box by capturing the linear inter-
dependencies among the time series data. Consider explaining the following input
data, which consists of three features (x1, x2, x3) and extends over two time steps,
intending to forecast one additional time step:

X =
(

x1t0 x2t0 x3t0
x1t1 x2t1 x3t1

)

Figure 4.14: An example of input data with three features (x1, x2, x3), and
extends over two time steps.

In the example above, and according to Equation 4.1, the VAR model is assumed to
have order p = 2. Using the values from t0, and t1, the forecast for t2 is determined
by the following specific equations:

x1t2 = c1 + A1
11x1t0 + A1

12x2t0 + A1
13x3t0 + A2

11x1t1 + A2
12x2t1 + A2

13x3t1 + ut1,

x2t2 = c2 + +A1
21x1t0 + A1

22x2t0 + A1
23x3t0 + A2

21x1t1 + A2
22x2t1 + A2

23x3t1 + ut2,

x3t2 = c3 + +A1
31x1t0 + A1

32x2t0 + A1
33x3t0 + A2

31x1t1 + A2
32x2t1 + A2

33x3t1 + ut3,

As the equations above demonstrate, the VAR model describes a relationship be-
tween the past and future values of each variable. Each variable is predicted based
on past values of itself and past values of all other variables in the system. Then, the
model uses the lag structure (the order p), to specify the number of past observations
for each variable to predict future values. From these equations, the VAR model
extracts the effect values (A1

11), ..., (A2
33), as shown in Figure 4.15, into coefficient

matrices. These matrices describe the effect of variables at a specific lag (order).

A1 =


A1

11 A1
12 A1

13

A1
21 A1

22 A1
23

A1
31 A1

32 A1
33

 A2 =


A2

11 A2
12 A2

13

A2
21 A2

22 A2
23

A2
31 A2

32 A2
33


Figure 4.15: Coefficient matrices describing the effect of variables at lag 1 (A1),

and lag 2 (A2)
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Explicitly, A1
12, as seen in Figure 4.15, represents the coefficient for the effect of

variable x2 at lag 1 on variable x1 at the current time (t0). Basically, A1
12 indicates

how much a unit change in a variable x2 affects the prediction of the variable x1.
Finally, if the variable x1 is considered as the target variable being predicted by the
black-box model, our approach is to use the coefficient matrices, and then compute
the average effect value for each variable. For example, for the variable x2, the
average, avg(A1

12, A2
12), indicates the average effect that variable x2 has on predicting

the target x1 across each lag and implicitly each time step.

4.2.2.3 Overview of the Modifications

Comparing the LIME algorithm outlined in [11] with Algorithm 7 designed for IMT-
LIME, we can observe similarities in their structure. However, to derive IMT-LIME
from the original algorithm, We made the following specific modifications:

• Data perturbation:

LIME generates synthetic data samples around the instance being explained.
This functionality is tailored in the original LIME framework for a conventional
ML context, where you have features with specific values, such as numberOf-
Rooms. In time series, a feature consists of a sequence of values over time. For
instance, numberOfRooms could be a sequence of values each second over an
hour: 1, 3, 5, 5, and so on. To address this issue, we proposed the permutation
algorithm for multivariate time series, that generates perturbations values, as
outline in Algorithm 6.

• Similarity score:

LIME computes the distance between the permuted data and the original
instance, saving these similarity scores as weights. LIME employs a Euclidean
distance function to measure the distance between points from the original
instance and the points in the perturbed data. It then applies an exponential
kernel function to these distances, transforming them into similarity scores.
The same issue as described in the previous step arises, where the functions
are tailored for a conventional ML context.

In our adaptation, we implemented a function that computes the Euclidean
distance between each pair of features, considering the sequential nature of
values in time series. The similarity score for the perturbed data is then
computed by taking the square root of the average of these distances.

• Black-box evaluation and Lasso regression:

The conventional LIME evaluates the predictions on the new synthetic data
and the original instance, examining how small changes in the data influence
model predictions. Next, it conducts a Lasso regression analysis to reduce
the number of variables, extracting a subset of variables that still contribute
significantly to accuracy using the permuted data.

In IMT-LIME, we select a sample of ten to twenty of the best-perturbed data
based on their similarity scores. We then use the black-box model to get
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predictions for this selected sample, evaluating the impact of small changes in
the data input. We skip the step of feature reduction, due to the complexity
it creates in the context of multivariate time series.

• Surrogate model:

Subsequently, LIME fits a simple model linear model (typically a weighted
linear regression model) to the permuted data using the new set of variables,
incorporating the similarity scores as weights.

However, the linear nature of this model posses a barrier applied to multivari-
ate time series. To address this issue, in IMT-LIME, we fit a Vector Auto
Regression model (VAR), specially designed to capture the linearity in multi-
variate settings as explained in Equation 4.1.

• Feature importance:

Finally, LIME uses the feature weights derived from the simple model to pro-
vide explanations for the local behavior of the complex model.

In, IMT-LIME as displayed in Figure 4.15, the coefficient effect matrix from
the VAR model is used to explain the contribution of each feature.

Comparing the KernelSHAP algorithm (the version of SHAP designed to work with
any type of models) and the classic SHAP (the version based exclusively on Equation
2.2) as outlined in [12], with Algorithm 5 designed for IMT-SHAP, we can observe
the following specific differences:

• Weight coalitions and weighted linear model:

When calculating the Shapley value for feature i as outlined in Equation 2.2,
KernelSHAP assigns weights to each coalition of the remaining features based
on their distance from the instance being explained. This is typically achieved
using the Shapley kernel [12]. Subsequently, KernelSHAP employs a weighted
linear regression to fit a model that approximates the original model. The
coefficients of this linear model represent the Shapley values for each feature.
The authors in [12] refer to this approach as Linear LIME combined with the
classic Shapley value estimation.

IMT-SHAP, on the other hand, does not incorporate a linear model due to the
unsuitability of classic linear ML models for multivariate time series data. In-
stead, IMT-SHAP relies solely on classic Shapley value estimation, as defined
in Equation 2.2. However, to address the computational complexity arising
from the exponential number of feature coalitions, IMT-SHAP employs a sam-
pling approximation. When computing the Shapley value for feature i as
described in Equation 2.2, IMT-SHAP generates a fixed number of random
subsets of feature coalitions. This randomness ensures a diverse and represen-
tative sampling of the feature space.

• Classic Shapley value issue:

The issue with classic SHAP lies in the dimensionality of the data being ex-
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plained. Like LIME, traditional SHAP was implemented for standard regres-
sion and classification tasks. Consider this part of Equation 2.2:

val(S ∪ {i})− val(S)

In a traditional machine learning context, the prediction values obtained from
val(S ∪{i} and val(S) could be a probability predicting a specific target class
or another value, which does not create inconsistency in the subtraction opera-
tion between these two terms. However, in multivariate settings, especially in
multi-step forecasting as described in 2.2, the prediction results are a sequence
of values, sometimes with high dimensionality such as 3D. This creates incon-
sistency in the subtraction operation in this formula and generally explains
why the current classic SHAP does not work well in multivariate settings.

To address this issue, IMT-SHAP computes the loss between the original in-
stance prediction and the subset of features including feature i being explained,
loss(val(original_input), val(S ∪ {i}), and then calculates the loss between
the original instance prediction and the subset of features excluding feature i,
loss(val(original_input), val(S). Lastly, the loss values are used in the sub-
traction operation. In other words, Equation 2.2 is redefined for IMT-SHAP
as follows:

ϕi =
∑

S⊆P \{i}

|S|!(P − |S| − 1)!
P !

(loss(val(o), val(S ∪ {i}))− loss(val(o), val(S)))

(4.2)

where:

– ϕi is the Shapley value for feature i.

– P represents the total number of features excluding feature i.

– S is a subset of features excluding feature i.

– val(o) is the model’s prediction value for the original instance.

– val(S) is the model’s prediction value when considering the features in
subset S.

– val(S ∪ {i}) is the model’s prediction value when including the feature i
in the subset S.
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5
Evaluation

In this chapter, the evaluation of the framework is presented, focusing primarily on
assessing the developed interpretability methods: IMT, IMT-LIME, and IMT-SHAP.
The chapter begins by introducing the experimental setup used for conducting the
evaluations. it then explores various benchmarks employed to assess the performance
of the framework. Lastly, the chapter presents the results of these evaluations.
The results section first evaluates the performance of different prediction models.
Subsequently, it assesses the interpretability methods mentioned earlier in relation
to the results of these prediction models.

5.1 Experimental Setup
To facilitate the reproducibility of the results, an environment was set up on an
Amazon Web Services EC2 machine [39]. These machines are specifically designed
for cloud computing and are thus great for training machine learning models. When
creating an EC2 instance, you get to pick from a list of pre-specified configurations,
an instance with a GPU was chosen to utilize CUDA when training our machine-
learning models. The name of that instance is g4dn.xlarge. Table 5.1 shows the
specifications of the launched instance:

Component Value
OS Ubuntu

vCPUs 4
Memory (GiB) 16

Physical Processor Intel Xeon
Clock Speed (GHz) 2.5
CPU Architecture x86_64

GPUs 1
GPU Architecture NVIDIA t4

Video Memory (GiB) 16

Table 5.1: Specifications of the AWS g4dn.xlarge instance

This machine was used to execute and save data from simulations, the training of
the machine learning models, and lastly the evaluation of the different models and
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Figure 5.1: Road segment occurrences in the generated environment data

the interpretability results. The machine learning models used for the benchmarks
are the ones listed in Section 4.1.2, for all the benchmarks the models get significant
training with a similar model complexity. This is ensured by checking the number
of trainable parameters for the models. The interpretability methods used are the
ones described in Section 4.2 but also the internal interpretability of the TFT as
described in Section 4.1.2.1.

5.2 Benchmarks
Here, the various benchmarks used to assess the performance of the framework are
presented, along with their evaluation criteria and the environments in which these
benchmarks are established.

5.2.1 Benchmark 1 — Town05/Work
For the first benchmark, the framework is being evaluated on a routing problem from
Carla’s map Town 05. The special thing with this environment is that depending on
the values of the features, the model will suggest two different routes. The features
the model is supposed to capture are spatial, such as information about the cars
around the ego, or even information about the ego vehicle.

For this benchmark, all the data used to train the model is from Scenic and Carla.
Thus, the initial map training data is simulated, as well as the behavioral data. In
Figure 5.1 you find a plot of all the map data where the closer to the top of the color
bar the segment is, the more occurrences of that segment were present in the data.

The goal of the benchmark is to accurately predict the trajectory of the car when
going to work, either the normal route or the alternative route when there is conges-
tion in the form of traffic. But also being able to catch the reason behind the route
prediction. Such as a varying acceleration and a lot of cars around the ego mean
congestion and the model should suggest a different route. In figure5.2 are the two
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Figure 5.2: Example of the regular and alternative route to work.

different routes displayed, the left image represents the regular drive to work and
the right image represents the alternative route in case of congestion.

The dataset used for the benchmark is the behavioral data for work trips, and the
evaluation is done against unseen work trips.

5.2.2 Benchmark 2 — Town05/Restaurant
The second benchmark is somewhat similar to the first one. It is also a routing
problem on Carla’s map Town5. Here the model should capture temporal depen-
dencies since the goal is to suggest a route to a restaurant because the drive is later
in the day. The map training is the same as in benchmark 1 and is displayed in
Figure 5.1. The behavioral data is gathered from Scenic and Carla in the same
way as Benchmark 5.2.1. Figure 5.3 is a graphical representation of the route that
should be captured. The goal here is the same as for Benchmark 1, to accurately
predict the trajectory whilst maintaining interpretability. The feature that should
be captured is time, being later in the day should result in a prediction that leads
us to the restaurant.

The dataset used for the benchmark is the behavioral data for restaurant trips, and
the evaluation is done against unseen restaurant trips.

5.2.3 Benchmark 3 — Adaptability
The third benchmark is about the different models’ adaptability. The goal of the
benchmark is to see how much data and how much training is needed for a model
to capture a new behavior. Consider the first benchmark. If one were to use the
adaptability introduced in Section 4.1.3 how much adaptability is needed for the
model to capture the new behavior? Also, how interpretable is the result from the
point of starting the adaptability until the new behavior is captured?

We are going to do this by starting at benchmark 1 and then trying to introduce
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Figure 5.3: An example of a drive to the restaurant

the behavior from benchmark 2. The goal is to compare the different models and
interpretability methods and see how the adaptability affects them both and how
well they perform over time of adaption. Thus, the dataset and evaluation set from
benchmarks 1 and 2 are going to be used.

5.2.4 Benchmark 4 — Model Quality
For the last benchmark, the quality of models is to be examined. To compare the
models and the interpretability done on them, the performance of the models and
how that performance is correlated with the interpretability need to be evaluated.

For Benchmark 4, benchmarks 1 and 2 will be used again, but this time the focus
is on limiting the training of the models. The models should be from the scale of
performing very badly to performing as well as expected. To do this, the hyperpa-
rameters are tuned and the data the model gets to train is limited.

The goal is to find relations between the quality of the model and the quality of
interpretability. Is there a correlation and if so how strong is it? The interpretability
will also be examined, comparing it to the intrinsic interpretability of the TFT, to
determine how well the post-hoc approach performs.

The datasets from benchmarks 1 and 2 will be joined and used together for this
benchmark.

5.3 Results
This section presents the results of the framework evaluation against the benchmarks
outlined in Section 5.2. The results are structured into two parts: First, it evaluates
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the performance of the framework and its models in trajectory prediction tasks.
Second, it assesses the interpretability of the framework using the predictions of
these models, focusing on the interpretability methods developed: IMT, IMT-LIME,
and IMT-SHAP.

5.3.1 Trajectory Prediction
Here, the performance of the prediction models is evaluated against established
benchmarks.

5.3.1.1 Influence of the Model on Benchmark Performance

The metrics of the models are displayed in Table 5.2. They are obtained by using the
framework as intended and training against benchmarks 1 and 2 and then evaluating
the models on a testing dataset suited for both benchmarks. The performance of
the models presented in the table can be seen in Figure 5.4, the order, row for row,
is TFT, MTF, and LSTM.

Model Accuracy F1 score Precision Recall
TFT 61.31% 0.1694 0.1720 0.1868
MTF 59.39% 0.2417 0.2755 0.2616
LSTM 38.07% 0.1308 0.1464 0.1435

Table 5.2: Model performance with respect to the metrics: accuracy, F1 score,
precision, and recall

From Table 5.2 and Figure 5.4, it is evident that TFT is the best performer of
the underlying models. The regular multivariate transformer is a close second but
cannot include known future inputs, covariates, and static invariants. Furthermore,
observing the predictions made one can see that the quality of the model has a great
impact, but a high accuracy does not necessarily correlate to accurate predictions.
It is also notable that LSTM performs significantly worse than both TFT and MTF,
something that was expected because it is the least complex and promising model
from the roster. Lastly, because TFT and MTF show the most promising results
and are more complex and rigid models, the trajectory prediction results from now
on will exclude LSTM.

5.3.1.2 Impact of Restrained Training on Benchmark Performance

Given the two models, TFT and MTF, the framework was evaluated towards bench-
mark 4 by limiting the data the models are being trained on using a percentage of
the dataset. The points of interest are 25%, 50%, and 75% data, where 100% can
be seen in Table 5.2. The results of the limited training can be seen in Table 5.3
and the performance in Figure 5.5.
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Figure 5.4: Results from evaluating TFT, MTF, and LSTM on benchmark 1 and 2
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Figure 5.5: Results from evaluating a limited TFT (upper) and MTF (lower) on
benchmark 1 and 2, from left to right: 25, 50, and 75 percent

Model Training Accuracy F1 score Precision Recall

TFT
25% 46.43% 0.0943 0.0856 0.1180
50% 56.55% 0.1370 0.1444 0.1624
75% 57.98% 0.1491 0.1536 0.1626

MTF
25% 40.60% 0.1136 0.1112 0.1313
50% 56.55% 0.3053 0.3425 0.3235
75% 58.33% 0.2858 0.3160 0.3008

Table 5.3: Evaluation metrics on limited models according to Benchmark 4

From Table 5.3, it is evident that both models become better with more data, the
increments go down the closer to 100 percent they get, signaling that we have reached
the peak of accuracy, and after that point, there will be some diminishing returns.
Most likely, more complex data could still be beneficial and result in an even higher
accuracy, that is, if one could extend the training and reach the peak later in the
process.

Looking at the images in Figure 5.5 it is evident that MTF is quicker at learning
the routing and has good results already at 50 percent. However, TFT is still not
performing as expected when reaching 75 percent of the data and still needs the last
25 to completely learn the rerouting. This indicates that MTF could be the best
performer, specifically being able to adapt and learn new data faster. However, that
could also indicate that MTF easily unlearns old behaviors, which is bad given the
context.
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Figure 5.6: Results from evaluating TFT (upper) and MTF (lower) on benchmark
3

5.3.1.3 Effect of Adaptability on Benchmark Performance

Given the framework and the underlying models TFT and MTF, the framework will
be evaluated against benchmark 3. This is done as described in 5.2. The results
are presented in Figure 5.6, from left to right: 0%, 50%, and 100% of the original
restaurant training data, consisting of 50 drives.

We can see that both models can capture the new behavior. Again, MTF seems to
do this faster than TFT, as can be seen in the preceding section about restrained
training, another result that is in favor of the multivariate transformer. However,
when training with 100% of the restaurant data, TFT reached an accuracy of 80%
when being evaluated on unseen restaurant data, whilst MTF only reached 72.9%.
This does not in itself say a lot because the interpretability of the models is still
unknown. However, the adaptability process does, without fail, capture the new
behavior for both of the models.

5.3.2 Interpretability
Here, the interpretability methods are evaluated against the benchmarks.

5.3.2.1 Influence of the Model on Interpretability

In this section, Figures 5.7, 5.8 and 5.9 present the results from evaluating the
interpretability methods for the respective trajectory prediction in Section 5.3.1.1.
The order is row for row, IMT, IMT-SHAP, and IMT-LIME. The order, column for
column, is the same as in Section 5.3.1.1.
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Figure 5.7: Results from evaluating TFT on benchmark 1 and 2

Figure 5.8: Results from evaluating MTF on benchmark 1 and 2
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Figure 5.9: Results from evaluating LSTM on benchmark 1 and 2

IMT for TFT seems to grade a majority of the features as important. This is
a strange but possibly correct result, however, it does show that the model finds
something important with every feature which, in itself, is good. IMT for MTF
differs a lot from TFT, it is a lot better at differentiating features. That makes it
easier to determine what the model finds important but could also result in the model
having a hard time capturing behaviors related to, what it deems less important
features. For benchmark 1 and 2 however, it favors the expected features. Looking
at IMT for LSTM, it can be observed that the benchmark 1 performance is quite
good and similar to both TFT and MTF. However, looking at benchmark 2, both
the accuracy in the prediction and the feature importance are wrong. This is a good
example of how poor model performance can affect the results of interpretability.

Again, looking at IMT for LSTM, it seems to grade both trip_id and time_index
as two important features. This unfavorable result is an indication of the model
learning the specific trip rather than the behavior on that trip. The same happens
when IMT-SHAP is applied to the prediction. However, IMT-LIME also performs
badly but not for the same reason. It seems to favor the continuous features such
as acceleration and velocity, even though their impact has to be less than what
IMT-LIME suggests. LSTM is the worst performer both for trajectory prediction
but also interpretability. Consequently, the remaining interpretability results will
be focused on TFT and MTF.

5.3.2.2 Impact of Restrained Training on Model Interpretability

Here, figures 5.10 and 5.11 present the results of evaluating the interpretability
methods for respective trajectory prediction in Section 5.3.1.2. The order is row for
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Figure 5.10: Results from evaluating a limited TFT on benchmark 1 and 2, from
left to right: 25, 50, and 75 percent

row, IMT, IMT-SHAP, and IMT-LIME.

The interpretability plot for the TFT differs significantly between the three different
percentages. In the two leftmost plots, IMT finds weather and weekdays to be impor-
tant, two features that should not be interpreted as important for this benchmark.
However, the last interpretability plot, captures the important features effectively,
as acceleration will be a sign of congestion. Looking at IMT-SHAP it performs
poorly across all three limitations, no features protrude and the top performers are
all similar in value. The only feature it deems less important is time, and given the
description of the benchmark, time should be interpreted as important. IMT-LIME
barely changes between the time steps and again favors acceleration and velocity.
Two potential reasons for this found importance are that IMT-LIME focuses more on
explaining the model, and the modifications it does to the features are so large that
they can apply to any predictions and score similarly. However, both acceleration
and velocity are favored by IMT and could be the accurate result.

Looking at IMT for the multivariate transformer, it finds the important features and
captures these features earlier in the training process than TFT. Looking at IMT-
SHAP and IMT-LIME for MTF, IMT-SHAP still has a hard time differentiating
between features. LIME works a lot better with MTF than with TFT but does
not agree with IMT on the order of the feature importance. It does however agree
with how LIME scored the feature importance of TFT, suggesting that maybe the
predictions are accurate, or rather as accurate as they can get with IMT-LIME.

Comparing the two, it is evident that the multivariate transformer seems to be
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Figure 5.11: Results from evaluating a limited MTF on benchmark 1 and 2, from
left to right: 25, 50, and 75 percent

more interpretable for both IMT-SHAP and IMT-LIME. However, when looking at
IMT, it seems to score the features somewhat alike. Suggesting again that IMT,
rather than taking the importance of the model, takes the feature importance of the
predictions. Furthermore, the limitation of data seems to have a great impact on
the retrieval of accurate interpretations.

5.3.2.3 Effect of Adaptability on Model Interpretability

Here, figures 5.6 and 5.13 present the results from evaluating the interpretability
methods for respective trajectory prediction in Section 5.3.1.3. The order is row for
row, IMT, IMT-SHAP, and IMT-LIME. The order, column for column, is the same
as in Section 5.3.1.3.

For the TFT, it is evident that the interpretability successfully captures the new
behavior, this can be seen by comparing the predictions and interpretations of the
results from evaluating towards benchmarks 1 and 2. When training with 100% of
the restaurant data, an accuracy of 80% is reached by evaluating against unseen
restaurant data. The interpretability seems to, again, find all the features to have
an equal importance.

Similar to TFT, the multivariate transformer again manages to capture the new
behavior, however, this can be seen already at 50%. Looking at the interpretation
furthest to the left, with the worst prediction, shows that features like segType and Z
are important. Which is bad because they should be nowhere near the top. Moving
on in the adaption, 50 and 100 % are both notable performers and seem to find the
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Figure 5.12: Results from evaluating TFT on benchmark 3

Figure 5.13: Results from evaluating MTF on benchmark 3
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relevant features. The order is not the same, but the top features are. In the plot,
however, it looks like the values are equal for the top 8 features, but looking closer
at the values, see Table 5.4, it becomes clearer that there is a difference. In favor of
the 100% adaption, it is a more interpretable order and this shows that even though
the prediction is pretty good for 50%, the last 50 makes a great contribution to the
interpretability.

Velocity Heading Weather Weekday driverId Time ...
72.46 72.38 72.38 72.37 71.98 71.98 ...

Table 5.4: Expanded values for the interpretability plot furthest to the right in
Figure 5.13

5.3.2.4 Post-hoc Interpretability versus Intrinsic Interpretability

To see how well the interpretability from the framework performs, it can be evaluated
against the intrinsic interpretability of TFT. The intrinsic approach is not necessarily
the ground truth for the feature importance, but gives us insight into what the model
itself deemed important, here the goal is to see how close our post-hoc approach can
get. Benchmarks 1 and 2 will be revisited to compare IMT, IMT-SHAP, and IMT-
LIME to the TFT’s intrinsic interpretability. To determine how the interpretability
varies across models, the methods will also be compared for the MTF (excluding
the intrinsic approach), and evaluated on the same benchmarks.

Looking at the uppermost plots of Figure 5.14, it can be observed that the intrinsic
interpretability heavily favors the segment. This is likely due to the model being
trained on the environment data first, and the environment data training is there
to capture the relations between segments. Another reason for the intrinsic to have
this favoritism but not the other methods is that by using attention weights, we
are simply recovering the information from how the model weighted the different
input features. This is not the same approach as our post-hoc method, for example,
IMT, where the feature importance values are based on how easily the model can
reconstruct the same prediction once we have masked or permuted a feature. It
can also be observed that the intrinsic approach is similar across multiple different
predictions, this is an indication that the attention weights do not change. However,
looking at IMT/IMT-SHAP/IMT-LIME, it is evident that they differ quite a lot
between predictions. The interpretations made by them are more prediction-specific
than model-specific, which is in line with how the post-hoc approach works and
makes it more suited in instances where the goal is to know the importance of
features for a single prediction rather than simply interpreting a model.

Similarly to the other benchmarks, one can observe how IMT does not single out a
couple of features that are of greater importance. This issue is likely in the models
rather than the interpretability method, this can be seen by looking at how IMT
works in Figure 5.15. However, there is a correlation between how many permuta-
tions and masking are done for IMT and how accurate the interpretations become,
thus, being close in percentage after performing a couple of hundred permutations
does not necessarily mean that they are close in value.

68



5. Evaluation

Figure 5.14: Results from evaluating the interpretability of TFT
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Figure 5.15: Results from evaluating the interpretability of MTF

IMT-LIME can distinguish features that do not contribute a lot from the high con-
tributors, which is pretty close to the intrinsic. However, as observed here and
described in Section 4.2.2.2, IMT-LIME can not compute the importance of clas-
sification features when using TFT, and thus can not directly be compared to the
other results. IMT-SHAP is also suffering from this issue. Similarly to IMT, IMT-
SHAP does a lot of iterations and the close importance scores are a result of that.
The main issue with IMT-SHAP is the complexity, to get feature importance for a
single prediction the amount of permutations had to be lowered by a large factor.
Reducing the amount of time from a couple of days to around 2 hours, which is still
a lot of time compared to both IMT and IMT-LIME finishes in minutes.

In Figure 5.15, the available interpretability methods are evaluated on the MTF.
Firstly, it can be observed that there is a change in IMT, where it now has no issues
distinguishing important features from less important ones. Showing that TFT, the
previous model, was the culprit to the lack of distinguishable importance. IMT’s
feature importance now is also quite similar to the intrinsic, even though they are
two completely different models but evaluated on the same trips, another argument
for IMT being more in favor of interpreting predictions rather than models.

Looking at the importance of IMT-LIME, it is evident that it favors acceleration,
which for some predictions is correct. However, for it to be always important is
strange, and is likely related to how IMT-LIME calculates the importance. Trying
to score the acceleration and pick a value that is quite far from the ground truth, it
will receive a lower weight than, say, a value close to the ground truth. But, if the
relation between the weight and the value is not proportional to the effect of the
modification, then the acceleration would be scored higher than it should. This can
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also be observed happening to the velocity.

Additionally, IMT-LIME, by design, evaluates the model’s sensitivity to perturba-
tions in the data surrounding the original prediction. Given the centrality of accel-
eration and velocity in trajectory prediction tasks, the model is likely to be more
responsive to changes in these features. This sensitivity means that any alterations
in acceleration and velocity are reflected more prominently in the model’s predic-
tions, highlighting their importance. For instance, in an urban traffic scenario, if the
aim is to explain a trajectory prediction based on input data representing sudden
breaking due to traffic lights or congestion, perturbing the velocity may simulate a
scenario of sudden acceleration. IMT-LIME’s sensitivity analysis in such situations
will likely reveal significant prediction changes for both velocity and acceleration,
highlighting why it is important to accurately model these features for reliable tra-
jectory prediction. IMT does not have this issue because it never creates any new
values, only masks and permutes, and will not experience any inflation in impor-
tance.

Looking at IMT-SHAP for MTF, the performance is unfortunately still quite bad.
The running time is a bit better because MTF runs predictions faster than TFT,
but the permutation space still has to be lowered to finish in a couple of hours.
By limiting the permutations both when evaluating IMT-SHAP for TFT and MTF,
the computation time is reduced, but this constraint may introduce approximation
errors, as it excludes the contributions of some feature combinations. This aspect
could partially explain why the interpretability provided by IMT-SHAP seems to
yield less satisfactory results.
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Related Work

The main focus of our thesis research was the interpretability of machine learning
models within the context of route improvement and behavioral trajectory predic-
tion in the automotive domain. In this context, the use of a post-hoc method, as
discussed in [8], proved to be the most suitable approach for explaining the model’s
output. Since our research primarily aimed at designing a framework for analyz-
ing various types of route improvement and behavioral trajectory prediction models,
employing a post-hoc method provided flexibility and adaptability. One of the pri-
mary challenges we encountered was the lack of research addressing the handling of
high-dimensional data, such as car trajectory data. In this section, some works that
aim to resolve similar tasks are explored, and the approaches used by the authors
are examined.

6.1 Interpretability
The author’s work in [40] aims to provide interpretability for trajectory predictions
generated by Convolutional Neural Network models. They have implemented a
framework where, given the driving history, road map, and social context of a
driver, the system generates three distributions, each representing a possible tra-
jectory. The framework uses epistemic uncertainty estimation techniques to predict
the three most likely distributions and then performs a more advanced analysis of
the estimated uncertainty. [40]. However, this approach tends to be more intrinsic
than post-hoc, as the techniques are initially developed for specific types of models
(CNNs).

The adaptation of LIME for time series classification, as detailed in [41], offers valu-
able insights into addressing certain challenges encountered when implementing our
adapted version of LIME. These challenges include determining a meaningful inter-
pretable representation of time series data, realistically perturbing a time series, and
defining a local neighborhood around a time series. While the methods outlined in
this paper, such as segmenting time series based on their shape and statistical prop-
erties to detect change points, have demonstrated effectiveness, they are primarily
designed for univariate time series analysis. These change points serve as temporal
indices that can be used to define time windows for analysis. Each window can then
be examined individually using the steps outlined in 3.3.2.2. However, when dealing
with multivariate time series data, the high dimensionality presents a challenge in
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achieving realistic segmentation across different feature classes.

In [42], a comparable technique involves dividing a sequence into time windows to re-
duce the computational complexity of calculating Shapley values for time series data.
Unfortunately, this method is designed for classification tasks where the predicted
label corresponds to only one point or time step, which differs from our objective of
handling multi-horizon forecasting.

While the approaches outlined in [41] and [42] could provide a starting point for devel-
oping our methods (IMT, IMT-SHAP, and IMT-LIME), the concept of segmenting
the input sequence being explained, into windows and then applying explanation
methods may not be universally applicable to all types of deep learning models. For
example, in both works, the experiments were conducted using a traditional Re-
current Neural Network (RNN), which is well-suited for sequence-to-sequence tasks.
However, for other types of RNNs such as LSTMs, and for more complex archi-
tectures like Transformers, which capture long-term dependencies across time steps
of the input sequence, segmenting this sequence could disrupt these dependencies,
potentially resulting in less accurate or interpretable outcomes.

In the study outlined in [43], the focus is on adapting state-of-the-art interpretability
techniques, originally developed for images, to multivariate time series data. The
approach involves representing the input data as a 2D image, where each pixel con-
tains abstract visual features. This transformation converts the time series into a
two-dimensional format, with each row representing a feature and each column rep-
resenting a timestamp. Additionally, to accommodate negative peak values observed
in the samples, pixel values are rescaled to the interval [-1, 1]. Subsequently, three
interpretability methods from different families such as Grad-CAM, Integrated Gra-
dient (IG), and LIME are selected to provide insights into the input data. However,
the approach outlined in [43] differs slightly from the methods developed during our
project. While our methods are exclusively based on tabular data, the main idea
explored in this paper could serve as a starting point for future works or comparison
results.

6.2 Trajectory Prediction
In the area of trajectory prediction without any interpretability, there is a paper
about destination prediction based on partial trajectory data [18] that makes use of a
Long Short-Term Memory (LSTM)-based model. In contrast to many of the popular
trajectory prediction papers, the author suggests that a route is represented by a set
of regions instead of coordinates. This yields predictions that output a probability of
a region being contained in the route, and thus no personal driving history is needed
to train the model. While there are similarities between the approach outlined in
our project and the one discussed in this paper [18], such as predicting the routes
of a vehicle based on its recent trajectory, there are also notable differences. In
their model, destination scores are generated, and subsequently, routes to the most
probable destinations are calculated, with the most likely region being designated
as the final destination. Another distinction is that they exclusively utilize LSTM
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models for their predictions.

The method explored in [44] also employs an LSTM model for predicting the next
location. What sets this approach apart is how the authors represent vehicle tra-
jectories, focusing solely on longitude and latitude coordinates at specific positions.
They specifically handle spatial features without considering temporal features such
as time of day and travel time along the journey. In our context, if we were to use
longitude and latitude coordinates for predicting trajectories, it might be beneficial
to follow the same approach explained in this paper, consisting of partitioning the
coordinates into smaller regions or cells. This is necessary because when predicting
a specific trajectory using latitude and longitude, there could be an infinite number
of possible data points that can describe the trajectory, as longitude and latitude
are continuous in space. The authors address this by defining a finite set of locations
that can express all trajectories, essentially representing trajectories as sequences of
small cells.

The approach outlined in [45] utilizes Large Language Models (LLMs) to bridge the
existing gaps in trajectory prediction, particularly the lack of high-level scene under-
standing and interaction information that skilled drivers possess. The framework
described in this paper enhances trajectory prediction through a structured four-step
process. The first step, Sparse Context Joint Coding, transforms agent and scene
features into a format that LLMs can process. The subsequent phase, High-level
Interaction Modeling, is employed to model the complex interactions and contextual
dynamics within the environment, such as social dynamics and movements of other
vehicles. The third step, Lane-aware Probabilistic Learning, focuses specifically on
lane information, emulating human-like navigational insights to enhance prediction
accuracy and adapt to lane-specific contexts. Lastly, the Multi-modal Laplace De-
coder is employed to generate diverse and probabilistically predictions, ensuring that
the model’s outputs adhere to the physical and operational constraints of real-world
driving scenarios. Although LLMs have not been explored in this thesis, incorpo-
rating them could significantly improve the accuracy of models in this context as
future work.

6.3 Adaptability
To address the limitations of Long Short-Term Memory (LSTM) models in effi-
ciently capturing seasonality and trends present in time series data, the authors
in [46] employed a hybrid approach incorporating three key components: a ma-
chine learning model, data pre-processing methods, and an optimization algorithm.
The approach outlined in this paper uses Seasonal-Trend decomposition using Loess
(STL) techniques for preprocessing the data, combined with a Backtracking Search
Algorithm (BSA) to optimize the parameters of LSTM networks. The time series
data is decomposed into three components: seasonal, trend, and remainder using
the STL technique. This decomposition isolates distinct patterns within the time
series, making it easier to analyze and model each component separately. The BSA
algorithm is used to improve learning ability. Separate LSTM networks are trained
on the seasonal, trend, and remainder components of the decomposed time series,
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with the BSA optimizing the internal weights and thresholds of these LSTMs, lead-
ing to enhanced prediction accuracy. The fundamental difference with our method
of adaptability lies in the fact that we do not use specific models; our approach
is generalized and fits both LSTM models and transformers. Additionally, our ap-
proach does not aim to find the best configuration for the model, but instead globally
aims to retrain the model with the current configuration using a new dataset. The
intention is to teach the model new behavior, thereby increasing its capability to
predict accurately in this specific scenario.

The work presented in [47] aims to enhance the accuracy of streamflow prediction by
integrating Extreme Learning Machine (ELM) with Particle Swarm Optimization
(PSO) and Grey Wolf Optimization (GWO) to create a hybrid model that facilitates
adaptability in the learning process. As in the preceding paper [46], the authors
use optimization algorithms to select the model that significantly reduces the Root
Mean Squared Error (RMSE) and Mean Absolute Error (MAE) and improves the
Nash-Sutcliffe Efficiency (NSE). While the technique outlined in this paper could
serve as a starting point for developing the adaptability process for our framework,
it is worth mentioning that using optimization algorithms to build adaptability for
different types of models can be an exhausting task. Finding the best algorithm
that works well across all types of models is challenging. For instance, PSO and
GWO work satisfactorily with ELM models, a type of neural network known for
its fast learning speed and strong nonlinear ability. However, due to their struc-
ture, ELM models are lightweight and use a single-layer feedforward network where
the hidden layer parameters (weights and biases) are randomly assigned and remain
fixed. While PSO and GWO optimization algorithms have shown good performance
in this scenario, they might face challenges with the high dimensionality and com-
plexity of transformer models, for example. This is why our approach of retraining
the model on unseen behavior to optimize its capability of predicting accurate re-
sults in a specific environment initially seems to be a good approach to enhancing
adaptability.
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Discussion

This chapter is a discussion of the findings outlined in the earlier sections of this
thesis. The goal is to provide comprehensive reflections on the results, while also
considering ethical aspects.

7.1 Design and Implementation Choices
The focus is mainly going to be on the four major designs and implementations:
data generation, prediction models, adaptability, and interpretability.

The data generation process was heavily driven by the lack of data and to combat the
issues of not being able to evaluate any of the work done, we looked at alternatives.
Finally settling for using a probabilistic programming language, Scenic. Being able
to write scenarios and automating the process of generating data that resembled the
one of a real driving journal was crucial for the thesis. Something that would help
the evaluation would be doing a simulation-to-reality comparison, the combination
of scenic data generation and data collected by a car. This is, unfortunately, not
covered in the thesis, as we opted to focus on the simulation application, completing
that, and if there were time, put the effort towards bringing the framework to real
driving scenarios.

Considering the prediction models, we did extensive research trying to identify a
couple that suited our needs. We wanted models that worked in a multivariate
setting, something that directly limited our search space. We chose to pick the most
promising model that we could find, the Temporal Fusion Transformer and picked
two models that traditionally have been used in similar settings, the transformer and
LSTM, to compare the results from the most promising model. The results from the
comparisons confirmed what we thought, that the more complex TFT performed
best. However, TFT was designed to work with almost all kinds of forecasting
problems, making it not tailored to our specific task. Ideally, there would exist a
model specifically designed for this task or developed by us, but we opted not to
because developing the framework was the purpose of this thesis.

Adaptability is the tool we used to incorporate adaptiveness in the framework. The
results were conclusive that it works and successfully lets a model learn new be-
haviors. The design behind the adaptiveness is based on the concept of transfer
learning and neighborhood analysis, with some extra steps. It works great with our
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framework and domain. Closely related to adaptability is the safety specification.
Where we opted to represent the specification with invariants and temporal logic.
The latter was picked because Scenic allowed for scenarios to have temporal require-
ments, which means that Scenic can not construct a scene if the requirement, the
temporal logic formula, is not valid in the dynamic scenario.

Regarding interpretability, a lot of design and implementation choices were made.
The process of finding methods for interpreting in a multivariate setting was exhaus-
tive. We chose to adapt existing methods that were proven to work in the univariate
setting and aggregating them to multivariate, but also to create our interpretability
method. For us, this was a key decision in our thesis because it let us tinker and
explore the area of interpretability in a completely new way, not just changing param-
eters, observing attention weights, and watching results from already constructed
methods.

7.2 Research Goals
The main goal of this thesis was to create a framework that given a set of inputs
can construct an interpretable prediction model. The interpretations should yield
insight into the model’s predictions, leading to transparency for the end users. The
prediction model should accurately capture the behavior of a driver and be able to
suggest routes based on real-time data. Based on our results, we have successfully
created a framework that inherits these features. However, as mentioned in Section
7.1, not being able to evaluate the framework on real data is a loss for the result, but
we still believe that the transition to the real setting will be quite painless because
the generated data is designed with authenticity in mind.

The prediction models, which are an essential part of the framework, performed well.
We did reach an accuracy of just above 60 percent during training, but, we believe
that this is far from the best accuracy we could get, the issue here is not being data
but instead our target forecasting. Because we opted for regular forecasting, where
we predict a segment for each future time step, the model, even though it would
predict all segments correctly and in the right order, would punish some outliers. For
example, consider the case where the entire prediction is shifted 1 time step forward,
the prediction is almost correct but would be punished by a lot, thus lowering the
accuracy. Looking at our predictions, this is what happened most of the time, and
it led to the model skipping over segments because predicting them usually led to a
higher loss. Thus, we get predictions where not all segments are directly connected,
this can be easily solved by interpolating between the segments when suggesting
the route for the user. However, in hindsight, some approaches could yield a better
performance, such as, instead of segmenting the roads we could segment an entire
map. The accuracy would potentially be higher, albeit with less detailed predictions.

Interpretability, the other very essential part of our framework, also performed well.
Unfortunately, we can not score the interpretations in any reasonable way because
there is no ground truth to compare to. We believe that the work we have done and
the evaluation of the interpretability methods are enough to show that the interpre-
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tations work, and based on our goals, yields favorable answers. We also believe that
we have shown that for our use case, IMT is the best performer specifically for model
agnostic and post-hoc interpretability. It does not need any adaptions to work with
new models, it is truly a black-box explainer. It also does not inherit the issues
IMT-LIME and IMT-SHAP have, such as complexity, overestimating the feature
importance of certain continuous features, and not working with class features.

7.3 Ethical Considerations
Considering the rerouting system being implemented in a car, as a whole, the ethical
implications of the decision-making process gain critical importance. The technology
does promise efficiency and lets the user sit back and relax and trust that the car
knows what it is doing but with the added interpretability. However, what if the
interpretability is wrong? The dangerous part of interpretability is that it promises
the end user that what you are seeing is the truth about why the prediction model
predicted as it did. All the actions performed by the user after a faulty interpretation
are questionable.

Another ethical concern we have is the implementation of the framework. Because
we have never evaluated the framework with real driving data, some adaptions have
to be made once we start taking that step. The results might not be the same
once we have transferred the environment, and thus should not be used as proof for
the framework working in a real setting. However, it is not necessarily something
bad because if we know the framework works in a simulation setting, and someone
performs some kind of simulation to reality validation or verification then we can be
more certain that the results are still accurate in reality, or even better how we can
transfer what we have created and explored in simulations.

7.4 Threats to Validity
As mentioned multiple times in the previous sections, opting to only use a simulation
environment for the results is a potential threat to the validity. We did manage to
make it work in a simulation setting and that was the goal of the thesis, but not
being able to transfer that knowledge to a real setting would be a great loss. It will,
however, not change the fact that it did work in the simulation, and nothing we
have found indicates that it will not work in a car.

Another potential threat is data, for us, data was only trips we have generated
ourselves. We know and can guarantee that that data is correct and has no issues.
But, if we were to use data that is not perfect the results might look different or our
results may not be reproducible.

Furthermore, the implementation of all three interpretability approaches developed
within this thesis relies on the choice of loss functions. The selection of a suitable loss
function becomes particularly evident when measuring the change in prediction after
the perturbation and masking process. If the chosen loss function is not well-suited
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to the specific context or the characteristics of the data, it can potentially result
in misleading conclusions regarding feature importance. Therefore, considerable
attention was paid to carefully selecting the appropriate loss function that aligns
with the objectives of the task at hand. Additionally, future research could explore
the impact of different loss functions on the outcomes of interpretability methods to
mitigate this threat and enhance the validity of the findings.

Lastly, in multivariate settings, features often interact in complex ways. IMT, IMT-
SHAP, and IMT-LIME may capture these interactions differently, potentially lead-
ing to inconsistent or inaccurate interpretations of feature importance. From an
end-user’s perspective, receiving different interpretations for a single instance can
undermine the model’s reliability. To enhance consistency across these models, the
next step could involve developing an aggregation method that synthesizes the out-
puts from all three approaches. For example, this could mean conducting a detailed
analysis of the specific input data being explained and identifying the feature im-
portance values from IMT, IMT-SHAP, and IMT-LIME where they converge. By
presenting the end-user with a result that integrates these consistent values, we can
provide an explanation that is both reliable and robust. This approach would en-
sure more aligned interpretations, thereby enhancing user trust and confidence in
the model’s predictions.

However, from a research standpoint, implementing these three different approaches
has allowed us to gain insights into their similarities and differences, helping us un-
derstand where and when to use a specific method and for what purpose. Through
developing these three methods, we discovered that, based on their structures, they
can be applied to three distinct types of tasks: Instance-specific Analysis, Perturba-
tion Analysis, and Counterfactual Explanations Analysis.

As mentioned in previous sections, IMT is fast and does not inherit the time com-
plexity issues of IMT-SHAP or the proportionality issues of IMT-LIME concerning
ground truth. IMT is well-suited for Instance-specific Analysis by examining the
contribution of features to the prediction. However, when we need to slightly alter
the input features to understand their specific influences on the prediction (Perturba-
tion Analysis), IMT-SHAP proves to be the appropriate approach. Similarly, when
we need to observe how various small changes in the input can impact the prediction,
IMT-LIME is ideal. Therefore, from a research perspective, developing these three
approaches for the thesis was beneficial. Despite that, to effectively achieve our goal
of implementing interpretability methods that enhance user trust, further work on
result aggregation would be important to avoid inconsistencies.
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Conclusion

The purpose of this thesis was to evaluate and study behavioral trajectory prediction
models, and how one can interpret them. The goal was to create a framework that
combines these two components and facilitates good learning and transparency for
end users. In this chapter, we conclude the findings of the report.

To solve issues with the lack of data, we generated a driving journal using a proba-
bilistic programming language that has an API for a car simulator. Developed and
documented the process of such a generation and established techniques for various
sub-tasks to the problem.

We introduced adaptiveness to the framework by creating an adaptability loop. Here,
we utilized one of the findings from the data generation process, that is, how we can
train models using data from simulations. We generated new data by performing
neighborhood analysis on failed predictions or failed drives, we demonstrated how
training on such data yielded favorable results and a form of adaptiveness. We
successfully incorporated a safety specification to guide the learning process and
maintain a high quality of data while adapting the model to new behaviors.

Interpretability of the old established methods is not well suited for a multivariate
setting, aggregating them means a great loss of information and an increase in time
complexity, making them unusable for something so dynamic as a driving car. The
intrinsic approach to interpretations, with the use of attention weights, is not perfect
either and leads to interpretations that more explain a model than a prediction. To
combat the issues of the above interpretability methods, we have developed IMT,
our method of interpretation. It solves issues with the established techniques and
focuses on truly being a black box explainer, well suited for interpreting multivariate
input and output.

Prediction models in the multivariate forecasting area are sparse but functional.
We have found and created models that can perform the task with high accuracy,
remaining interpretable and adaptable.

In conclusion, we developed and constructed a framework that incorporates pre-
diction models, interpretability methods, data generation, and adaptability. The
framework is complete and covers the information on how we can combine the build-
ing blocks in a way that facilitates interpretable and adaptive route improvement
based on behavioral trajectory prediction.
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8.1 Future Work
To fully understand the logic behind the decisions made by adaptive models for
route improvement based on behavioral trajectory predictions, further research is
needed. This includes extending the methods for interpretability developed dur-
ing this project and testing other types of machine-learning models that were not
covered.

The interpretations produced by IMT, IMT-SHAP, or IMT-LIME essentially focus
on understanding the significant features that played a crucial role in the predic-
tions. An alternative method for exploring the model’s behavior, as outlined in [8],
could involve examining prediction uncertainty. Learning and quantifying uncer-
tainty could provide additional insights for interpretability by allowing us to assess
the model’s confidence in its predictions. Understanding the level of uncertainty
associated with each prediction enables end-users or researchers to evaluate the reli-
ability of the model’s output. This could serve as a global interpretability approach,
complementing the local interpretability methods developed during this project.

Another approach for exploring the model’s behavior could involve using the tech-
niques outlined in [43], which were based on transforming the multivariate time
series into 2D images. Utilizing these techniques would enable us to evaluate the
interpretability methods we developed. While LIME [11] and SHAP [12] are not
inherently suited for multivariate time series data, they excel in interpreting images.
By transforming the trajectory data, originally in tabular format, into an image
format, we could leverage libraries like LIME to interpret the resulting images. This
would allow us to compare the interpretations obtained from our methods of inter-
pretability.

Additionally, the use of established methods for analyzing multivariate time series
data to gain insights into various aspects, such as identifying patterns and trends,
could be explored. This means the use of descriptive statistical measures such as
mean, median, variance, and covariance to understand the central tendency, vari-
ability, and relationships between variables over time. This becomes particularly
valuable in scenarios where the structure of the training data is not known in ad-
vance. For instance, when attempting to predict the destination of a new user,
conducting multivariate analysis on the user’s driving data provides a comprehen-
sive overview of trends and behaviors within the dataset. This global perspective
facilitates the interpretation of results obtained from machine learning models, en-
abling a deeper understanding of the underlying patterns and dynamics driving the
predictions.

Lastly, the framework developed in this thesis could be evaluated using methods and
techniques not covered extensively in this project. This could involve exploring the
potential of using, for example, Large Language Models (LLMs) for learning, as out-
lined in [45]. Additionally, extending the evaluation of the framework could involve
using different multivariate time series datasets from sectors such as healthcare, or
finance, where the data dynamics differ from what we analyzed in the context of
vehicle trajectory prediction. This would allow us to assess the adaptability and
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robustness of the framework across various forecasting tasks. We can also explore
the feasibility of performing evaluations on how experiments conducted in virtual
environments can be generalized to the real world. Carla allows users to use maps
from the real world for simulations. Using this functionality, we can create simulated
data on a real-world map and compare it with data collected from the same map
in reality. This approach would involve gathering data from simulations based on
real-world environments using Carla and then collecting real-world data from these
areas. By performing a parallel study, we can assess the resemblance and differences
between the simulated and real-world data, and determine how well the findings
from the virtual environment approximate real-world scenarios.
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