
thesis for the degree of licentiate of engineering

Towards Safe and Efficient,
Interactive Planning with Learning-based

Optimal Control

Nominal, Stochastic, and Distributionally Robust Approaches,
with Applications to Autonomous Heavy Vehicle Combinations

Erik Börve

Department of Electrical Engineering
Chalmers University of Technology

Gothenburg, Sweden, 2026



Towards Safe and Efficient,
Interactive Planning with Learning-based Optimal Control
Nominal, Stochastic, and Distributionally Robust Approaches,
with Applications to Autonomous Heavy Vehicle Combinations

Erik Börve

Acknowledgements, dedications, and similar personal statements in this the-
sis, reflect the author’s own views.

© Erik Börve 2026 except where otherwise stated.

Department of Electrical Engineering
Chalmers University of Technology
SE-412 96 Gothenburg, Sweden
Phone: +46 (0)31 772 1000

Cover:
Examples of interactive predictions and plans in various traffic scenarios.

Printed by Chalmers Digital Printing
Gothenburg, Sweden, April 2026



Towards Safe and Efficient,
Interactive Planning with Learning-based Optimal Control
Nominal, Stochastic, and Distributionally Robust Approaches,
with Applications to Autonomous Heavy Vehicle Combinations
Erik Börve
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Planning has emerged as a fundamental component in modern autonomous
systems (AS), spanning a wide range of applications from manufacturing and
robot manipulation, to the focus of this thesis: autonomous vehicles. A key
remaining challenge for these systems is operating in environments shared
with other actors, such as, humans or other robotic systems. To find a plan
that is both safe and efficient, the AS needs to predict the plan of other actors.
Crucially, this includes how the AS and other actors influence each other, or
in other words, how they interact.

This thesis investigates the intersection of learning- and optimization-based
control approaches. In particular, we investigate optimal control over finite,
receding horizons, commonly referred to as Model Predictive Control. Three
Model Predictive Control problems are investigated, each with a fundamen-
tally different treatment of the predicted plan of other actors: Nominal, con-
sidering only the most probable future outcome; Stochastic, considering a
distribution of the future outcomes, and Distributionally Robust, considering
a set of distributions of the future outcomes.

The results provides steps towards interactive planning with guarantees on
an optimal tradeoff between safety, and efficiency. In particular this includes,
theoretical, algorithmical and applied developments, that introduce a close
coupling between the planner for the AS and the predicted plan of other ac-
tors. Simulation studies show that the AS can obtain human-like reasoning,
exploiting interaction for necessary performance increases, while acting cau-
tiously when faced with uncertainties to not jeopardize safety.

Keywords: Interactive Planning, Learning-based Model Predictive Con-
trol, Stochastic Optimization, Distributionally Robust Optimization.
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CHAPTER 1

Introduction

1.1 Safe and Efficient Interactive Planning

Planning provides an overarching framework for regulation of movement in
mechanical systems, integrating principles from many fields, such as mechan-
ical, electrical, control and computer science. Through the use of motion
control, it represents not only the coordination of actuators, sensors, and con-
trollers, but also the deliberate shaping of motion into a meaningful and intel-
ligent behavior. This technology forms the foundation of modern automation
and robotics, enabling complex tasks such as precision manufacturing, robotic
manipulation, and, of particular interest to this work, autonomous navigation.
A common denominator in these applications is the requirement on the me-
chanical system to move through the environment to a goal or reference, while
respecting its, and the environments’ physical constraints. Further, tasks in
modern automation often occur within dynamic environments, in turn intro-
ducing a broad range of additional challenges. The mechanical systems, often
referred to as agents, must continuously respond to, e.g., variable external
disturbances, and time-varying conditions, requiring controllers to leverage
real-time sensory feedback and adaptive algorithms to maintain the desired
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Chapter 1 Introduction

contextual behavior.
Classical feedback control methods for autonomous systems (AS) directly

leverage the most recent measurement of itself and the environment to pro-
duce a dynamically feasible control action for the current time. However,
such approaches have demonstrated limited capability in addressing complex
physical constraints, such as those related to environmental geometry or dy-
namics. This has led to a widespread adoption of planning algorithms for
AS applications. On a high level, planning algorithms can be divided into
Motion planning and Trajectory planning. These divisions are closely related,
and occasionally even used interchangeably in academic works. Following [1],
motion planning algorithms utilize a defined goal and measurements of the en-
vironment to produce a path through the environment that connects the AS
and the goal. Trajectory planning algorithms on the other hand, utilize such
a path to produce another that is dynamically feasible. In this thesis we will
discuss algorithms that jointly tackle the objectives of motion planning and
trajectory planning. Our algorithms will utilize a defined goal and AS state
with measurements of the environment to produce dynamically feasible paths
from the AS, through the environment, and to the goal. To avoid confusion
between the two terms, we will simply refer to our methods as planners that
aim to solve planning problems.

The methods of this thesis further aims to find efficient solutions with guar-
antees on safety. Efficiency if often defined in terms of how well the AS is
able to complete the task, utilizing application-specific metrics, e.g., com-
pletion time or expended energy. Safety on the other hand, lacks a unified
definition. In some settings, safe planning is synonymous with absolute con-
straints on violating the imposed system limitations. This approach has a
solid theoretical foundation, but may fail when the constraints are effected by
large uncertainty. Such uncertainties are particularly prevalent in dynamic
environments that include exogenous agents, e.g., other mechanical systems
or humans. Many works argue that it is impossible to ensure constraint sat-
isfaction with absolute certainty under these conditions. The act of moving
in an uncertain environment has an inherent risk that is only eliminated by
not moving in the first place [2]. This highlights the fact that safety and
efficiency can represent competing objectives. A planner that prioritizes cau-
tion may provide strong safety guarantees at a loss of operational efficiency,
whereas a more bold planner may improve performance while jeopardizing
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1.1 Safe and Efficient Interactive Planning

safety. Hence, we treat safety and efficiency by aiming for a balanced trade-
off, attaining high efficiency while imposing a high probability of satisfying
the safety constraints.

Prediction Planning

Goal

Environment
Ŷ ue

Perception

xx̂

Figure 1.1: Common architecture for planning in dynamic environments.

Modern architectures for planning in dynamic environments are often di-
vided into three subcomponents: Perception responsible for measuring the
state of the environment, Prediction responsible for predicting the near future
of the dynamic environment, and Planning responsible for producing the plan
for the controllable mechanical system, often referred to as the ego-agent. A
typical architecture based on this subdivision is displayed in Figure 1.1. This
figure includes: Environment prediction Ŷ ; Ego-agent control action ue; En-
vironment state x, and environment state estimation x̂. The prediction and
perception modules can be just as crucial as the planner. A poor predic-
tion of the future environment state based on a poor estimate of the current
environment state tends to produce infeasible plans.

The architecture of Figure 1.1 is prevalent in successful planning applica-
tions, however, it suffers from a key flaw: Decoupling prediction and planning.
Consequentially, the plan of the ego-agent is assumed to not influence the dy-
namics of the environment. This can be particularly detrimental for applica-
tions in environments that include exogenous agents, where the plan of each
agent may be contingent on the plans of others. This bi-directional influence
between different agents is often referred to as an interaction, and is a set-
ting that has received vast attention in recent years. A frequently appearing
term in the context of interactive dynamic environments is interaction aware-
ness. In past years, this term has been applied broadly to describe varying
degrees to which interactions are considered by the planner. We believe this
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Chapter 1 Introduction

definition to have settled at describing a setting where the AS considers inter-
actions in it’s predictor, while assuming that the planner does not influence
the prediction. This assumption can be validated by, e.g., considering a highly
passive AS that interferes minimally with the plans of other agents. Indeed,
this interpretation of interaction awareness can be handled by the architecture
displayed in Figure 1.1. Importantly, this is not how interactions are treated in
this thesis. Our aim is to actively consider how the ego-agent plan influences
the plans of surrounding agents, requiring a coupling between the predictor
and planner. Figure 1.2 displays the important adaptation of the architec-

Prediction & Planning

Goal

Environment
ue

Perception

xx̂

Figure 1.2: Architecture for interactive planning in dynamic environments.

ture, introducing a bi-directional coupling between prediction and planning.
Hence, the planners discussed in this thesis are referred to as fully interactive,
as they not only understand, but also can leverage the interaction to benefit
their own plan. This allows our planners to utilize the safety-efficiency trade-
off to the full extent, e.g., by avoiding intentionally passive behavior when
it is excessively conservative. Simultaneously, this close coupling introduces
large practical and theoretical challenges. The primary aim of this thesis is
to address these challenges. While consideration of the Perception module
may be of interest, this thesis will primarily aim to tackle the integration of
Prediction and Planning assuming that a sufficiently accurate estimate of the
environment state x̂ ≈ x is available.
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1.2 Learning-based Model Predictive Control

1.2 Learning-based Model Predictive Control

A powerful framework for realizing safe and efficient planning objectives is op-
timal control. The solution of a predictive, optimal control problem (OCP) can
produce plans that are dynamically feasible, respect environmental and phys-
ical constraints, and optimize some performance metrics. Indeed, this closely
follows our outlined goals, making it a particularly compelling planning al-
gorithm for our setting. These methods typically rely on model assumptions
for the ego-agent and environment dynamics, but can provide strong guaran-
tees on constraint satisfaction and optimality in many cases. In this thesis,
we primarily discuss optimal control over a finite, receding horizon, popularly
referred to as Model Predictive Control (MPC). As we consider potentially
non-linear models, the MPC problems lack explicit solutions and need to be
solved in real-time. This control architecture introduces requirements on the
computational effort, in turn limiting the complexity and families of the mod-
els considered.

Learning-based Model Predictive Control (LB-MPC) further considers a set-
ting where some models are partially or completely inferred from data. Typi-
cally, learning is used to capture external disturbances or to represent system
dynamics that are not fully known a priori. In our setting, the most signif-
icant sources of uncertainty and incomplete information arise from the envi-
ronment dynamics. Although the ego-agent dynamics are generally known or
accurately modeled, the dynamics of exogenous agents are most often only
partially characterized. Further, the decision-making process of such agents,
e.g., humans or human-operated systems, is incredibly complex. Two different
humans can make two drastically different decisions under the same external
conditions. In recent years, state-of-the-art approaches to human motion and
behavior prediction have increasingly relied on black-box machine learning
(ML) models, such as large neural networks. While such prediction models
typically achieve high accuracy on many widely used benchmarks, closely-
coupling these models with MPC-based planning remains challenging. First,
the complexity of such ML models can render real-time solution of the result-
ing MPC problem intractable, in particular when gradient-based optimization
solvers are employed. Second, MPCs that account for modeling uncertainty
are often restricted to considering certain families of distributions. This in
turn places restrictions on the design of the ML predictor. Finally, inferring
models from a finite number of samples implies that there will be errors in the
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Chapter 1 Introduction

predictions. To maintain the guarantees that are provided by the MPC these
errors should be accounted for. This leads to three distinct research questions
for this thesis: How can -

RQ1 - learning-based prediction methods be coupled with MPC methods to
achieve interactive planning?

RQ2 - the inherent uncertainty of exogenous agents be incorporated into
learning-based and stochastic MPC methods for interactive planning?

RQ3 - prediction errors arising from learning-based models inferred from a
finite number of samples be accounted for in MPC for interactive plan-
ning?

1.3 Contributions
In this thesis, we propose three approaches to interactive planning, by intro-
ducing a close-coupling between the two modules. Hence, all three papers
provide solutions towards our first research question. In particular, Paper A
provides a method for coupling general black-box motion predictors with MPC
for interactive planning through a distributed optimization approach. The
method relies on an iterative scheme between predictor and planner, which
terminates at a given tolerance or when convergence stops. To tackle the sec-
ond research question, Papers B and C model decision uncertainty by moving
over to the gray-box setting, treating humans as Markov Decision Processes
with a finite number of decisions. In Paper B, we treat a stochastic LB-MPC
problem that utilizes the distribution of interactive decisions to optimize the
expected performance, subject to constraints on the probability of collisions.
In particular, we propose a range of tight constraint reformulations that allow
the ego-agent to successfully complete challenging maneuvers in crowded en-
vironments, which often coincide with emerging interactions. Finally, Paper
C directly tackles the third research question, considering the same inter-
active planning setting as Paper B, while levering Distributionally Robust
Optimization (DRO). We propose theoretical results for the learning method
to allow for a learning-based Distributionally Robust MPC (DR-MPC) that
utilize estimates of the size and probability of prediction errors, while actively
accounting for them in the interactive plan.

8



1.4 Outline

The methods in this thesis are applicable for any autonomous system in an
environment with exogenous agents. The demonstrated solutions are tailored
for applications for autonomous vehicles (AVs), in particular, for autonomous
heavy-vehicle-combinations (HVCs). In a similar fashion, the uncertain ex-
ogenous agents that we treat are primarily human driven vehicles (HDVs).

1.4 Outline
The thesis is structured as follows. Part I presents a broad background and
overview of the accompanying papers. This includes: a general introduction
in Chapter 1; an overview of different predictors, environments, and scenarios
in Chapter 2; an overview of MPC theory in the deterministic, stochastic, and
distributionally robust settings in Chapter 3; a summary of the accompanying
papers in Chapter 4; and finally, a summary and outlook on future work in
Chapter 5. Part 2 contains the accompanying papers.

9





CHAPTER 2

Interactive Prediction

The following chapter introduces the prediction problem in interactive envi-
ronments and scenarios. We present the general problem setting in Section
2.1 and further introduce solutions using rule-based methods in Sections 2.2
and learning-based methods in Section 2.3.

2.1 Problem Formulation

Environment and Scenarios
In this thesis, we aim to treat environments with exogenous agents, of which
the future behavior is inherently uncertain to the ego-agent. This is a partic-
ularly relevant setting when considering planning problems in environments
with humans, or human-operated systems, such as HDVs. Indeed, two dif-
ferent humans can make two drastically different decisions under the same
external conditions. In turn, this difference can depend on a vast amount
of different factors, e.g., mental state, personality, and prior experiences. For
example, an HDV may behave cautiously in an intersection if the human over-
heard an accident on the radio, but the same human may behave aggressively
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Chapter 2 Interactive Prediction

Figure 2.1: Conceptual prediction uncertainty for a highway setting.

in the same intersection if their favorite football team recently lost a match.
Clearly it is ridiculous to assume that an AS could have perfect information
of such factors, making the human future plan inherently uncertain to the
ego-agent. Not only are high-level decisions of humans uncertain, finer details
such as how much the steering wheel is turned or how heavily the gas pedal
is pressed introduce similarly inherent uncertainties. Outside of the actions
of the human, its dynamics may contain further uncertainties. While modern
perception system often can classify the agent type and associated dynamics
equations with high confidence, e.g., bipedal, bicycle, or vehicle, it may be
more difficult to identify its’ parameters, e.g., leg length, wheel base length,
or tire rolling resistance.

The uncertainty corresponding to high-level decisions often amounts to mul-
tiple distinct trajectories, often referred to as multimodal uncertainty. Uncer-
tainties that stem from finer details in the dynamics and decision-making
typically cause a spread around each distinct mode. Figure 2.1 provides a
conceptual visualization of these uncertainties in a highway environment.

In interactive environments, human actions are further affected by the ac-
tions of other humans and the autonomous system (AS). A common denomi-
nator in such environments is that multiple agents share the same resources,
e.g., space on a road. Hence, it becomes particularly interesting to inves-
tigate specific scenarios where the AS and other humans are competing for
said resource. Figure 2.2 displays two such scenarios. The arrows indicate
two examples of compatible plans for the respective agent in corresponding
color. In both scenarios, the autonomous HVC and the human driver must
coordinate their use of the shared space. In Figure 2.2a the ego-vehicle aims
to quickly change lane to meet an upcoming highway exit, while the human

12



2.1 Problem Formulation

(a) Highway driving environment. (b) One-way intersection environment.

Figure 2.2: Different compatible modes for interactive driving scenarios.

aims to keep its velocity in the current lane. In Figure 2.2b, both vehicles
prefer to cross the intersection first, to avoid decreasing their velocity. Hence,
in both scenarios, each vehicle prefers to utilize the resource prior to the other,
causing a conflict which is resolved through interaction. All these factors have
made trajectory prediction a notoriously difficult problem, which to this day
receives great attention in both research and practical applications.

Predictor Interface
The goal of the interactive predictor module is to capture the uncertainties
using relevant observations from the perception module and produce beliefs of
the human plans for the near future. In a general sense, we may describe the
interactive predictor as a parameterized function Φθ : X 7→ P that maps from
input features X ⊆ X to a distribution P (Y = Y |X = X) ⊆ P describing the
inherently uncertain human future Y. The choice of parameters θ ⊆ Θ can be
inferred from expert knowledge, laws and data, varying based on Φ and the
application. Regardless of the practical setting, the prediction problem aims
to find the Φθ, which can describe the future of the environment with high
accuracy. In practice, accuracy and computational effort may be a trade-off,
varying with the application.
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Considering a setting with one ego-agent e and i = 1, . . . , nh human agents,
the input features typically consist of a collection of current, and m past
observations of the agents’ state x = [x⊤

e ,x⊤
1 , . . . ,x⊤

Nh
]⊤ ∈ R(nh+1)nx . In

the interactive setting, it becomes crucial to further consider the n future
states of the ego-agent. That is, at discrete time k the input features become
X(k) = {Xpast(k), Xe,plan(k)} where Xpast(k) = [x(k),x(k−1), . . . ,x(k−m)],
Xe,plan(k) = [xe(k + 1), . . . ,xe(k + n)]. The output distribution attempts to
estimate the probability of the environment state for n future time-steps,
P̂ (Y = Y (k)|X = X(k)) where Y (k) = [x̂(k + 1), . . . , x̂(k + n)] and x̂ =
[x̂⊤

1 , . . . , x̂⊤
nh

]⊤ ∈ Rnhnx . It is similarly common to design predictors to only
provide a nominal trajectory Ŷ , corresponding to the most likely future ac-
cording to P̂ .

Importantly, the future ego-agent state is present in the input as it is neces-
sary to predict the human interaction, but not in the output as it is determined
by the planner. Each of the interactive predictors discussed in further detail
in this chapter all consider a unique Φθ with varying X, Ŷ , and P̂ , but the
general framework remains the same. Figure 2.3 displays a schematic view of
the communication between the predictor and planner. The planner provides
the future ego-plan, and the predictor provides the environment prediction,
with a circular dependence.

Interactive Predictor and Planner

Predictor Φθ Planner
x(k) ue(k)P̂ or Ŷ

Xe,plan

Figure 2.3: Interface for interactive predictor coupled with planner.

Indeed, the problem consists of finding a Φθ that attains the most accu-
rate description of exogenous agents. However, the interactive prediction and
planning setting restricts the flexibility of the method choice, as the predictor
must be compatible with the planner. There are further high restrictions on
computational effort, as the predictions need to be done in real time, and
potentially multiple times per sample due to the circular dependence. Inte-
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gration of prediction and planning through MPC is introduced in Chapter 3
and is discussed in detail in Papers A,B, and C.

2.2 Rule-based Models
A popular approach for the design of Φθ is to encode domain knowledge in
the form of explicit rules, such as traffic regulations, right-of-way conven-
tions, kinematic and dynamic constraints, and predefined interaction heuris-
tics. Such rule-based methods have historically played a central role in behav-
ior prediction, particularly in structured environments such as road networks,
pedestrian walkways, and controlled robotic settings. By constraining predic-
tions to physically feasible and legally compliant behaviors, rule-based models
offer a high degree of transparency and interpretability, which is especially
valuable in safety-critical applications like autonomous driving and advanced
driver-assistance systems. Moreover, their relatively low computational re-
quirements and predictable failure modes can make them more suitable for
real-time deployment and for use in combination with MPC-based planners.

For interactive trajectory prediction applications, rule-based models are of-
ten integrated with dynamic models and applied step-wise over the prediction
horizon. The rule-based model ϕθ : x 7→ u takes the state of the environment
x̂(k) and predicts control actions u(k), which then propagate through the dy-
namics f(x̂(k),u(k)) to produce x̂(k + 1). The procedure is then repeated at
step k + 1 combining x̂(k + 1) with the ego-agent plan xe(k + 1), continuing
sequentially until step n. All together, the combination of ϕθ and f forms the
predictor Φθ with input features X(k) = {x(k), Xe,plan(k)}. In principle, Φθ

can be non-linear, and not continuously differentiable with respect to X.

Traffic Models
Rule-based traffic models are of particular interest in this thesis. These
models characterize the motion and interactions of road users through rules
grounded in traffic regulations, human driving heuristics, and physical con-
straints. Through parameterized control laws, these models typically specify
how the agents should behave to complete different driving objectives such as,
maintaining a safe following distance, yielding the right of way, and adjusting
speed to road geometry. One of the most widely used rule-based traffic mod-
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els is the Intelligent Driver Model (IDM)[3], designed to describe longitudinal
vehicle motion in traffic flow. The IDM expresses a vehicles acceleration as
a continuous function by combining two intuitive driving objectives: main-
taining a desired speed in free-flow conditions and preserving a safe gap when
following another vehicle. For a vehicle with index i and its leading vehicle
with index j we may express its acceleration as follows,

v̇i = a

(
1−

(
vi

vref

)δ

−
(
s⋆(vi, vj)
px,j − px,i

)2
)

s⋆(vi, vj) = s0 + T0vi + vi(vi − vj)
2
√
ab

.

Here, a represents the maximum comfortable acceleration and determines how
quickly a vehicle accelerates when unconstrained. In free-flow conditions, the
vehicle speed vi is regulated toward the desired reference speed vref , with the
exponent δ controlling how smoothly acceleration decreases as this speed is
approached. Interactions with a leading vehicle are governed by the ratio be-
tween the desired dynamic gap s⋆ and the actual gap px,j − px,i. The desired
gap s⋆ encodes the spacing a driver aims to maintain and consists of three
components: a minimum standstill distance s0, a speed-dependent term de-
termined by the desired time headway T0, and a relative-velocity term that
accounts for approaching a slower leader. This last term depends both on
the acceleration parameter a and the comfortable deceleration b, reflecting
the driver’s anticipation of required braking effort. Together, parameters s0,
T0, a, and b characterize individual driving styles, ranging from cautious to
aggressive behavior. A conceptual visualization of the states and parameters
is displayed in Figure 2.4a. Although the IDM is typically applied to longi-
tudinal trajectory prediction in car-following scenarios, numerous extensions
have been proposed to capture more complex traffic dynamics. Some particu-
larly interesting examples include, highway merging [4], intersections [5], and
probabilistic interpretations [6].

The MOBIL (Minimizing Overall Braking Induced by Lane changes) model
is a widely used rule-based framework for modeling lane-changing behavior in
traffic [7]. It complements longitudinal car-following models like the IDM by
providing a mechanism to decide when a vehicle should change lanes based
on safety and incentive criteria. MOBIL evaluates a potential lane change by
balancing the expected acceleration gain for the lane-changing vehicle against
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px, j − px, i

s0 T0vi vi(vi − vj)
2√ab

vi vj

(a) Vehicle-following scenario using IDM.

ai

̃ai

̃ajaj

aj̃aj

(b) Highway lane-change scenario evaluation using MOBIL.

ψn ψf

(c) 2-point visual steering model for highway lane change.

Figure 2.4: Conceptual visualizations of rule-based traffic models.

the negative impact it would have on surrounding vehicles, particularly those
in the target lane. A key feature of the model is the inclusion of a safety crite-
rion, ensuring that the lane change does not force other vehicles to decelerate
beyond a safe threshold, and an incentive criterion, which determines whether
the maneuver provides a net benefit considering both the driver’s own advan-
tage and a weighted factor for the surrounding traffic. For a vehicle index i

and two vehicles following vehicles, one in the current lane j and one in the
target lane k, the incentive criterion is formulated as,
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(ãi − ai) + p (ãj − aj + ãk − ak) ≥ ∆ath.

Here, a and ã denote the current and expected acceleration of the respective
vehicles, most often calculated with the IDM. The politeness factor p weighs
how much the lane changing driver considers its impact on the surrounding
vehicles, and ∆ath defines a minimum threshold of net acceleration gain re-
quired to justify the lane change. The safety criterion is typically expressed
as a hard constraint on the deceleration of other vehicles, i.e., ãj ≥ bmax and
ãk ≥ bmax, for some bmax < 0. This combination allows MOBIL to reproduce
lane-change decisions while maintaining overall traffic stability. A conceptual
visualization of a lane-change scenario is displayed in Figure 2.4b. Lastly,
models such as the IDM and MOBIL are often complimented with a steer-
ing model. One such example is the two-point visual steering model [8]. It
assumes that a driver tracks two points on the future path, typically a near
and a far point along the lane, and continuously adjusts steering to minimize
deviations from the intended trajectory. The near point is often chosen a few
meters ahead of the vehicle to capture immediate lane alignment, while the
far point is selected tens of meters ahead to anticipate long term effects. In
the case of [8], the design is based on a PI-controller that aims to minimize
the angle between the vehicle heading and the respective points as,

δ̇ = kf ψ̇f + knψ̇n + kIψn.

The steering rate, δ̇, depends on the angular velocities of both points ψ̇f

and ψ̇n, together with the angular position of the far point ψn. The far
point guides predictive, anticipatory steering, scaled by the gain kf , while the
near point provides fast, reactive corrections through kn and kI . Together,
these terms capture how drivers combine immediate and future visual cues
to produce smooth, controlled steering. A conceptual visualization of a lane-
change scenario with corresponding angles, is displayed in Figure 2.4c.

Together, these models constitute the parameterized function ϕθ(x(k)) that
produces the control actions for each vehicle and time step ui(k). The dy-
namics are often chosen based on the vehicle type, assumed available from
the perception module. A common choice is the kinematic bicycle model, see
e.g., [9]. For a passenger vehicle with state xi = [px, py, v, ψ]⊤ and control

18



2.3 Learning-based Models

ui = [a, δ]⊤, the continuous time dynamics become,

ẋi =
[
v cos (ψ1 + β), v sin (ψ1 + β), a, v sin β

ℓ/2

]⊤

where β = arctan(tan(δ)/2). Further, px, py describes the position of the
center of gravity, v describes its velocity, ψ is the angle to the reference frame,
and ℓ is the length of the vehicle. The state dynamics are then discretized
to form f , where the discretization method is chosen to obtain a suitable
trade-off between computational effort and accuracy [10].

In Papers A, B, and C, these three rule-based traffic models are combined
with kinematic models and used to varying extent for both simulation and
prediction.

2.3 Learning-based Models
Rule-based trajectory prediction methods provide transparent and structured
modeling of agent behavior, but also exhibit limitations when applied to more
complex environments. Their reliance on handcrafted rules can make it diffi-
cult to account for rare events and subtle aspects of human decision-making,
such as social cues or context-dependent behavior. As scenario complexity
increases, maintaining and extending rule sets becomes progressively more
challenging, often requiring simplifying assumptions to preserve tractability.
These factors have driven a growing interest in learning-based approaches that
instead aim to infer behavioral patterns from data.

In a general sense, the supervised learning process assumes a general struc-
ture of Φθ and learns the parameters θ by matching the prediction Ŷ to labeled
measurements Y . In recent years, the most popular approach is to utilize deep
machine learning (DML). In this setting Φθ, often some constellation of a deep
neural network, is treated as a black-box, producing Ŷ , P̂ from X, without any
discernible connection to e.g., physics or geometry. These methods often ob-
tain state-of-the-art performance on benchmark datasets and have started to
show impressive generalization capabilities in practical applications [11]. Some
notable architectures include: Trajectron++ [12], and Scene Transformer [13].
This thesis does not focus on further developing ML methods for prediction,
but rather on applying and adapting existing methods for interactive predic-
tion and planning. Paper A in particular presents a method for interactive
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prediction and planning that is compatible with black-box predictors.
Although DML demonstrates remarkable performance across complex high-

dimensional tasks, its reliance on highly parameterized NNs often limits trans-
parency and human interpretability. In safety-critical applications, such as
planning with exogenous agents, these attributes are not only desirable but es-
sential. Without the possibility of further analysis, unexplainable errors could
carry severe human and societal consequences [14]. In contrast, Interpretable
Machine Learning (IML) methods are designed to make their decision-making
processes transparent and understandable to humans. Unlike involved black-
box models, these approaches allow practitioners to directly examine how
input features contribute to predictions. Some classical examples include lin-
ear and logistic regression, where model coefficients quantify the influence
of each variable; decision trees, which represent decisions as a sequence of
human-readable rules; and adaptive rule-based models, which express pre-
dictions through structured, often simplified relationships between features
and outcomes [15]. In this sense, IML models can serve as a middle ground
between rule-based models and DML models, offering greater flexibility and
expressive power than rule-based approaches while maintaining more trans-
parency and interpretability than DML models. In Papers B and C, we shift
our focus to IML models by representing the decision-making of exogenous
agents as Markov processes which are combined with rule-based models.

Markov Processes
Among approaches to trajectory prediction in machine learning, structured
probabilistic models stand out for their ability to represent assumptions about
dynamics explicitly. One such framework is the Markov process, which pro-
vides a mathematical description of stochastic systems that evolve over time.
A Markov process consists of a set of states and a transition mechanism that
specifies the probability of moving from one state to another. Its defining
characteristic is the Markov property, according to which the future evolution
of the system depends only on the present state and not on the full sequence
of past states. The behavior of the process is fully characterized by its tran-
sition probabilities, which determine how the distribution propagates across
future time steps. The probability of a future state is commonly decomposed
as follows,

p(xk+1) = px(xk+1|uk,xk)pu(uk|xk)p(xk).

20



2.3 Learning-based Models

k
0 1 2

0

1

2

3

4

5

6

pu(u=u1|x0)

pu(u=u2|x0)

pu(u=u1|x1)

pu(u=u2|x1)

pu(u=u1|x2)

pu(u=u2|x2)

x0

x1

x2

Figure 2.5: Multimodal Markov process evolving over a prediction horizon.

Here, px describes the distribution of the dynamics and pu describes the
distribution of the actions, often referred to as the policy. In a learning-based
setting, it is common to consider a parameterized function describing the pol-
icy, i.e., p(u|x) = ϕθ(x), where the parameters θ are to be inferred from
data. While applicable both in the DML and IML setting, this is particularly
well suited to IML because of the structured representation of the dynamics
through the Markov property. A particularly appealing property of Markov
processes for interactive prediction is the ability to explicitly encode multi-
modality in the transition mechanism. Prior work has identified that Markov
Jump systems are well suited towards this end [16]. Figure 2.5 demonstrates
such a Markov Process with two possible modalities where pu uniquely deter-
mines the transition probability (dynamics px assumed certain). Sequentially
expanding the possible modalities over the prediction horizon builds a tree
structure of possible futures.

A similar approach is utilized in Papers B and C, where the action proba-
bility is modeled by combining an interpretable ϕθ(x) with rule-based traffic
models.

Guarantees for Learning Schemes
The vast amount of learning schemes measures success in terms of how close
Ŷ is to Y on average. However, this notion of performance, typically captured
through empirical risk on training or test data, provides only a partial view
of reliability. The average error does not quantify how much performance
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may degrade on unseen data, nor does it characterize the probability of rare
but consequential failures. In many planning applications, for example those
that utilize MPC, this limitation becomes critical. Prediction errors directly
influence constraint satisfaction, recursive feasibility, and stability. Not only
is a good average behavior desirable, but deviations and tail events should be
quantified and accounted for to ensure sufficiently safe operations.

In recent years, much research has been done towards combining MPC
with learning systems that provide heuristic uncertainty quantification, such
as Gaussian Process Regression [17], Monte Carlo dropout [18], or deep en-
semble estimates [19]. These methods have been proven to provide useful
approximates of predictive uncertainty, showing impressive performance also
in practical applications. However, since these methods do not consider finite-
sample estimation errors, they cannot establish rigorous performance guaran-
tees.

In more recent years, Conformal prediction (CP) [20], has provided a com-
plementary approach. Under the assumption of exchangeability, conformal
methods construct prediction sets that achieve distribution-free coverage in
finite samples. Crucially, they can be layered on top of arbitrary predictors,
converting residual information into uncertainty sets. For MPC, such sets can
be propagated through constraints to obtain probabilistic feasibility guaran-
tees with explicit confidence levels [21] [22]. While CP-based MPC approaches
can provide valid guarantees in many settings, they have failed to do so in
interactive environments, as the process of interaction introduces distribution
shifts that violate the exchangability assumption. Further, while the guaran-
tees are valid, the methods instead struggle to be useful. Efficiency may be
heavily impaired, or feasibility may be lost altogether, as the provided safety
guarantees can become excessively conservative.

In Paper C we instead connect MPC with Statistical learning theory in the
Markov process setting, to obtain an MPC that can account for finite-sample
estimation errors without heavily impairing performance or jeopardizing fea-
sibility, all while avoiding assumptions that hinder interactive planning.
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CHAPTER 3

Interactive Planning

To complete the interactive prediction and planning architecture in Figure
2.3, we will now introduce three different planning approaches, each as Model
Predictive Control (MPC) problems. Section 3.1 introduces the fundamental
setting, considering a nominal prediction of exogenous agents X̂. Section 3.2
instead describes the stochastic Model Predictive Control (SMPC) setting,
considering an estimated distribution of the future state of the exogenous
agents P̂ . Finally, Section 3.3 continues with the Distributionally Robust

Interactive Predictor and Planner

Predictor Φθ Planner
x(k) ue(k)P̂ or X̂

Xe,plan

Figure 3.1: Interface for interactive predictor coupled with planner.
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MPC (DR-MPC) setting, considering a set of distributions around the esti-
mate. Adopting the same architecture as Figure 2.3, the MPC problem formu-
lations will represent the complete interactive predictor and planner module,
as show in Figure 3.1. The iterative communication between planning and
prediction appears as the problem is being solved. In Paper A, this is done
by leveraging distributed optimization. In Papers B and C, this occurs within
the numerical optimization solver.

3.1 Nominal Model Predictive Control
To produce plans that are dynamically feasible, respect environmental con-
straints, and optimize performance metrics, our aim is to use optimal con-
trol over a finite receding horizon, commonly known as Model Predictive
Control (MPC) [23]. As the ego-agent dynamics are described by nonlin-
ear, continuous-state models, an explicit optimal solution does not generally
exist, and it becomes suitable to employ gradient-based nonlinear optimiza-
tion solvers [24]. In particular, we focus on Newton-based methods that
exploit second-order information to achieve faster local convergence. Com-
mon tools tailored to formulate and solve MPC problems include, e.g., [25],
[26], and [27]. Such methods solve for the locally optimal control inputs
Ue = [ue(0), . . . ,ue(n− 1)] and corresponding states Xe = [xe(0), . . . ,xe(n)],
over the discrete-time horizon k = 0, . . . , n.

MPC problems typically include a few standard ingredients. The state
and control are constrained to sets Xe ⊆ Rne,x and Ue ⊆ Rne,u , respectively.
To account for the unmodeled future over the infinite horizon, the termi-
nal state is typically constrained separately to a terminal set Xe,f ⊆ Rne,x .
It is similarly common to express these sets with vector-valued functions
g(xe,ue) ≤ 0 and gf (xe) ≤ 0, respectively. The discrete-time dynamics of
the ego-agent are modeled as a function f : Rne,x × Rne,u 7→ Rne,x , describing
how it evolves from the current state measurement xe(t), over the horizon, and
to the terminal state xe(n). The final standard ingredients are the stage-cost
ℓ : Rne,x×Rne,u 7→ R, and the terminal cost ℓf : Rne,x 7→ R. Both are intended
to measure the performance of the controller, with ℓf additionally intended to
measure performance in the unmodeled future over the infinite horizon [28].

In this thesis, we consider settings where the properties of the ego-agent, i.e.,
f, g, gf , ℓ, ℓf , can be inferred with reasonable accuracy. Instead, as discussed
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in previous chapters, the main difficulties arise from operating in dynamic
environments with interactive exogenous agents, such as HDVs. Indeed, the
corresponding functions for the exogenous agents become much more difficult
to obtain with the same accuracy. As outlined in Chapter 2, we consider
i = 1, . . . nh human agents whose future state prediction can be provided
by a parameterized function Φθ. Within the MPC framework, the human
state prediction is primarily incorporated to express the collision avoidance
constraints. Collision avoidance typically amounts to ensuring that there is a
strictly positive distance between the ego-agent and the human agent. How
the distance is expressed may vary drastically depending on the geometry of
both agents and the environment. In the most general sense, the distance
between two agents represents the smallest norm difference between a pair of
points (pe,pi) on the respective agents [29]. Considering that the ego-agent
occupies a set E ⊂ Rm and that a human occupies another set Hi ⊂ Rm in m
spatial dimensions, we may express a distance function as,

dist(xe,xi) = min
pe,pi

{||pe − pi|| : pe ∈ E ,pi ∈ Hi}.

A conceptual visualization of this function is provided in Figure 3.2. Here
the function describes the distance between the nonconvex space occupied
by an HVC and the space occupied by two HDVs, respectively. In practice,
it is common to introduce an additional safety margin dsafe e.g., as to: (i)
Increase robustness against unexpected errors, and (ii) Avoid causing potential
discomfort or distress to human agents and technical issues for nearby robotic
agents with implementations of similar safety margins [30].

The final and most crucial fact for interactive planning is that the pre-
diction of human agents depends on the states of the ego-agent Xe. Hence,
the prediction depends on the MPC optimization variables and the predictor
must be directly incorporated into the MPC problem. In the deterministic
setting, the MPC only considers the nominal prediction of human agents.
Indeed, this lacks consideration of the many inherent uncertainties that per-
sist. In practice, such safety concerns are typically mitigated indirectly, e.g.,
by heuristically increasing safety margins. As in Chapter 2 the predictor Φθ

takes past observations Xpast and future ego-state Xe, which here become
optimization variables.

To neatly group the indices in the coming problem formulations, we consider
Ia:b = {a, a+ 1, . . . , b} as the set of incrementally increasing integers from a,
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dist(xe, x1)

dist(xe, x2)

Figure 3.2: Distance between the ego-vehicle (teal), and two HDVs (yellow).

until b. We may now construct the deterministic MPC problem, considering
a nominal prediction of the interactive human agents as follows,

min
Xe,Ue

ℓf

(
xe(n)

)
+

n−1∑
k=0

ℓ
(
xe(k),ue(k)

)
(3.1a)

s.t., xe(k + 1) = f
(
xe(k),ue(k)

)
, ∀k ∈ I0:n−1 (3.1b)

g
(
xe(k),ue(k)

)
≤ 0, ∀k ∈ I0:n−1 (3.1c)

dist
(
xe(k), x̂i(k)

)
≥ dsafe, ∀k ∈ I0:n, ∀i ∈ I1:nh (3.1d)

X̂ = Φθ,i

(
Xpast, Xe

)
(3.1e)

gf

(
xe(n)

)
≤ 0, xe(0) = xe(t), xi(0) = xi(t), ∀i ∈ I1:nh . (3.1f)

Here, I0:n−1 emphasizes that the dynamics (3.1b), together with the state and
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control constraints (3.1c) are repeated for k = 0, . . . , n−1. Similarly, I0:n and
I1:nh emphasize that the collision avoidance constraints (3.1d) are repeated
for all k = 0, . . . , n and for all humans i = 1, . . . , nh. Finally, (3.1f) describes
the boundary conditions, where t describes the real-world continuous time.

To obtain feasible solutions of (3.1) with tractable computational effort
using gradient-based optimization solvers, a number of requirements must be
satisfied. Of foremost importance, all functions must be continuously differen-
tiable [31]. This requirement excludes direct integration of many formulations
such as: switching logic, absolute value functions, max/min operators, or
piecewise-defined functions [32]. Such elements can create non-differentiable
points where gradients are undefined or discontinuous, typically causing solver
software to interrupt immediately. A significant direction in MPC research is
devoted to reformulating or approximating these functions so that they be-
come continuously differentiable, allowing the usage of general-purpose solvers
[33], [34]. However, ensuring differentiability alone does not guarantee com-
putational tractability. The effort required to compute first- and second-order
sensitivities increases with the algebraic and compositional complexity of the
model equations. In practical MPC implementations, these derivatives must
be evaluated repeatedly within each optimization step and at every sampling
instant. Consequently, moderately more complex gradient expressions that
cause a moderate increase in the per-iteration cost, can significantly enlarge
the cost of the complete nonlinear program [35].

In our setting, challenges with both these requirements emerge through the
predictor Φθ. Indeed, large neural network-based black-box models typically
achieve the best empirical prediction performance on popular datasets [36],
[37]. However, many commonly used neural network architectures employ
activation functions such as ReLU, sign, or max operators, which are not
continuously differentiable. Although these functions are well suited for train-
ing via stochastic gradient methods, they violate the smoothness assumptions
imposed by the gradient-based nonlinear programming solvers. Further, em-
bedding a large neural network within the prediction model introduces a deep
composition of nonlinear mappings whose derivatives must be evaluated in
the process of solving the MPC problem. Backpropagation sensitivities of the
optimization variables through many large network layers at every solver it-
eration can therefore add an intractable amount of computational effort [38],
[35].
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In Paper A, we address this challenge by employing distributed MPC tech-
niques to allow the black-box predictor and the MPC-based planner to be
separate modules. The scheme iteratively communicates the nominal HDV
predictions and ego-vehicle plans between the two modules, allowing for in-
teractive planning with black-box predictors.

Similar challenges also emerge through the collision avoidance constraints.
As the general formulation of the minimum distance function introduces a
min-operation, direct integration does not yield a continuously differentiable
optimization problem [39]. In Paper A we propose an outer-approximation of
the HDVs that constrain the ego-vehicle point mass, and consequently remove
the min-operator. In Paper B, we extend existing methods for reformulating
the min-operation and constrain the exact distance between the nonconvex
HVC and HDVs, as it is displayed in Figure 3.2.

3.2 Stochastic Model Predictive Control
In the previous section, we established the standard construction of MPC
problems together with the additional elements that are necessary for inter-
active planning. However, the key flaw with the nominal design is the fact
that the predictor is assumed to represent a perfect, deterministic model of
humans. While the resulting MPC may have some success in practice given
sufficient heuristic safety margins, it fails to treat the key issue: the inherent
uncertainty in the state of the human agents. To achieve this, we need to
leverage tools from Stochastic Model Predictive Control (SMPC) [40], [41].

In the stochastic setting, the state trajectory of human agents receives a
fundamentally different treatment. As a replacement for the point-wise in-
teractive prediction X̂ of all human states over the horizon, it instead con-
siders the trajectories of all humans as a sequence of random variables X.
Crucially for interactive planning, the ego-agent needs to consider how the
distribution of the human state is dependent on the ego-agents own plan.
This implies that interactive planners must consider the conditional distribu-
tion P (X |Xpast,Xe), and consequently that the predictor must provide an
estimate of said distribution as P̂ = Φθ(Xpast, Xe) [42]. Figure 3.3 displays
a nominal state prediction X̂i and an estimated state distribution P̂i for an
HDV at an intersection. The nominal prediction represents what the pre-
dictor believes to be the most probable future, which clearly fails to capture
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Distribution ̂Pi

Nominal Prediction ̂Xi

Figure 3.3: Nominal and stochastic trajectory predictions for an HDV at an inter-
section.

the spread and multimodal nature of the humans behavior. A planner that
only relies on the nominal prediction in this setting could be at high risk of
violating collision avoidance constraints.

With a distribution of the inherently uncertain and interactive environment,
we may now design an SMPC to integrate it explicitly. As in the nominal set-
ting, we consider that the properties of the ego-agent, i.e., f, g, gf , ℓ, ℓf , can
be inferred with reasonable accuracy. Hence, the optimizer treats them as de-
terministic mappings. The primary difference compared to the nominal MPC
setting appears in the collision avoidance constraints. Not only should the
ego-agent plan to avoid the most probable trajectory of the human, but it
should avoid all regions where the human is likely to be. This is exactly what
chance constraints aim to achieve [43]. Rather than constraining the distance
between the ego- and human agents to a sufficient value, it constrains the
probability that the distance between the two agents is sufficient. Describing
the state of each human agent over the horizon as a sequence of random vari-
ables X = [X1,1, . . . ,Xnh,1,X1,2, . . . ,Xi,k, . . . ,Xnh,n] with joint distribution
P , we may express the chance constrained collision avoidance as,

PX∼P [dist(xe(k),xi(k)) ≥ dsafe, ∀i ∈ I1:nh ∀k ∈ I0:n] ≥ 1− ε
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where ε ∈ [0, 1] is a threshold probability.
In addition to modifying the collision avoidance constraints, the presence

of uncertainty may also influence the formulation of the cost function. As
the human state is modeled by random variables, any cost term with a di-
rect dependence on the random variables should be treated accordingly. The
most common approach is to express the MPC objective as minimizing the
expected value of the cost function, subject to the distribution of the human
states. Assuming a similar structure to (3.1) but adapting the cost, collision
avoidance, and predictor for the stochastic setting, finally yields the complete
SMPC problem as,

min
Xe,Ue

EX∼P̂

[
ℓf

(
xe(n)

)
+

n−1∑
k=0

ℓ
(
xe(k),ue(k)

)]
(3.2a)

s.t., xe(k + 1) = f
(
xe(k),ue(k)

)
, ∀k ∈ I0:n−1 (3.2b)

g
(
xe(k),ue(k)

)
≤ 0, ∀k ∈ I0:n−1 (3.2c)

PX∼P̂ [dist(xe(k),xi(k)) ≥ dsafe, ∀i ∈ I1:nh ∀k ∈ I0:n] ≥ 1− ε (3.2d)

P̂ = Φθ

(
Xpast, Xe

)
(3.2e)

gf

(
xe(n)

)
≤ 0, xe(0) = xe(t), xi(0) = xi(t), ∀i ∈ I1:nh (3.2f)

where again the dynamics (3.2b), together with the state and control con-
straints (3.2c) are repeated for I0:n−1 = {0, . . . , n−1}. The collision avoidance
constraints (3.2d) are enforced jointly over the full trajectory k = 0, . . . , n of
all humans i = 1, . . . , nh jointly. As before, (3.2f) describes the boundary
conditions, where t describes the real-world continuous time.

As in the case of (3.1), all functions must be continuously differentiable and
of tractable complexity to allow the use of gradient-based optimization solvers.
Furthermore, in the stochastic setting, it becomes necessary to derive closed-
form expressions for the probability measure and expectation with respect to
the distribution of the human states. Exact reformulations of these expres-
sions are only available for specific distributions, e.g., Gaussian or categorical.
Further, as X represents a sequence of random variables that evolve over time,
each Xi,k is dependent on all prior k − 1, . . . , 0 through the dynamics, alter-
ing their marginal distributions into more involved expressions. In practice,
this often implies that practitioners have to leverage approximations, or relax
guarantees with additional assumptions, e.g., removing temporal dependence
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[44]. For chance-constraint approximations, obtaining valid guarantees often
implies making conservative outer-approximations [45], [46]. In the best case,
this restricts the planners ability to accurately balance safety and efficiency;
in the worst case, this heavily restricts the planners feasible space and may
even produce infeasible problems. For relaxation of guarantees, this may, e.g.,
imply that the probabilistic constraints only hold marginally, and not over
multiple time steps, limiting the statements that can be made regarding the
success of the planning scheme [47].

In paper B we address both these points in a setting where the HDVs
are treated as a Markov system with categorically distributed decisions. We
provide tight approximations for the marginal chance constraints and further
provide applications to different probability measures, such as the joint setting
of (3.2d).

3.3 Distributionally Robust Model Predictive
Control

As described in the prior section, learning-based SMPC accounts for the in-
herent uncertainty by assuming that the probability distribution has been
estimated correctly from the available data. In the vast majority of real-world
applications, this assumption does not hold, as the distribution governing the
behavior of exogenous agents is estimated from finite data. The learned dis-
tribution will, almost surely, deviate from the true underlying distribution,
which in turn degrades the safety guarantees [48], [49]. Without explicitly
quantifying the discrepancy between the estimated and the true distribution,
there is no guarantee that the learned model provides useful information for
the interactive planner. A poorly trained model may, e.g., incorrectly assign
a low probability to a safety-critical event, causing the estimated probability
to fall below the threshold value ε. As a result, the SMPC may exclude the
event from consideration, potentially leading to less safe solutions.

Learning-based Distributionally Robust Model Predictive (DR-MPC) lever-
ages techniques from Distributionally Robust Optimization (DRO) to ad-
dresses this limitation by explicitly accounting for uncertainty in the esti-
mation of the probability distribution itself [16]. The central idea in learning-
based DRO is to replace the assumption of a single known distribution with
an ambiguity set, defined as a collection of probability distributions that are
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deemed plausible given the available data. Instead of optimizing the expected
cost with respect to a single learned distribution, the controller optimizes
against the worst-case distribution within this ambiguity set. Similarly, the
chance constraint considers the worst-case distribution, maximizing the prob-
ability of constraint violations. This approach provides robustness against
distributional misspecification due to the finite sample, while maintaining a
probabilistic description of uncertainty [50].

To ease notation in this section, we consider a single human agent index h
with corresponding trajectory distribution Ph(Xh |Xpast,Xe), conditioned on
the ego-agent trajectory and past observation. As in prior sections the predic-
tor needs to provide an estimate of said distribution as P̂h = Φθ(Xpast, Xe),
which crucially incorporates interaction through the dependence on Xe. The
DR-MPC additionally considers an ambiguity set Pθ around the nominal dis-
tribution, typically defined using a statistical distance or divergence measure
such as Wasserstein distance [51], or ϕ-divergences [52]. The ambiguity set
can be interpreted as a confidence region in the space of probability distribu-
tions which is designed such that it should include the true distribution with
high probability. Learning-based DR-MPC thus naturally arises when con-
sidering ambiguity sets that are constructed with respect to the uncertainty
when fitting the parameters θ based on a finite sample. Given a distribu-
tion estimate P̂h based on m samples and a divergence d, we may consider a
divergence-based ambiguity set as follows,

Pα,m =
{
P : d(P, P̂h) ≤ rα,m

}
.

Here, rα,m ∈ R is a radius and α ∈ [0, 1] is a probability level. A key property
of the ambiguity set is that the radius is chosen such that,

P [Ph(Xh |Xpast,Xe) ∈ Pα,m] ≥ 1− α.

Hence, with probability at least 1− α, the true distribution is contained in
the ambiguity set Pα,m. The radius of the ambiguity set typically depends
both on the sample size m and the confidence level 1 − α. In particular,
the radius decreases as the number of samples increases, reflecting improved
statistical accuracy. Conversely, it increases as the confidence requirement
becomes more stringent, i.e., as 1− α increases.

We may now adapt the SMPC problem (3.2) to the Distributionally Robust
setting by accounting for the ambiguity in the neighborhood of the distribu-
tion estimate. Indeed, if chance constraints are formulated with respect to
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P(Xh)
Estimate P̂ Violation-maximizing P ∈ α, m

Figure 3.4: Stochastic trajectory prediction, and possible worst-case distribution
in its ambiguity set that maximizes the probability of constraint vio-
lations.

the worst-case distribution in the ambiguity set, i.e., the distribution that
maximizes the probability of constraint violations, then with confidence level
1− α, the true distribution will not lead to a larger probability of violations.
Hence, we may formulate the ambiguous chance constraints as,

max
P ∈Pα,m

PXh∼P

[
dist

(
xe(k),xh(k)

)
< dsafe, ∀k ∈ I0:n

]
≤ ε,

i.e., the probability of constraint violation for any distribution in Pα,m must be
smaller than or equal to ϵ. A conceptual visualization of an estimated trajec-
tory distribution and the corresponding distribution in Pα,m that maximizes
constraint violations is displayed in Figure 3.4. Here, Ph describes two modes,
one to keep the current lane and one to change in front of the ego-vehicle. To
maximize the probability of violations, the density in the lane-keeping mode
shifts towards the lane margins, and the density in the lane-changing mode is
increased. This corresponds to the worst-case ground-truth distribution that
we consider plausible, with probability 1− α.

The objective of (3.2) receives a similar treatment to the chance constraints.
As before, we may consider the expected cost as an objective. Different from
before, we may take the expectation with respect to the worst-case distribution
inside of the ambiguity set. This is achieved in a similar fashion to the am-
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biguous chance constraints by introducing an additional max-operation over
distributions in the ambiguity set. As a result, the observed average system
cost will not exceed the cost anticipated by the optimizer, with a probability
of 1− α.

Replacing the expected cost, and chance constraints by their ambiguous
counterparts, and otherwise replicating (3.1), (3.2) yields the learning-based
DR-MPC problem as follows,

min
Xe,Ue

max
P ∈Pα,m

EXh∼P

[
ℓf

(
xe(n)

)
+

n−1∑
k=0

ℓ
(
xe(k),ue(k)

)]
(3.3a)

s.t., xe(k + 1) = f
(
xe(k),ue(k)

)
, ∀k ∈ I0:n−1 (3.3b)

g
(
xe(k),ue(k)

)
≤ 0, ∀k ∈ I0:n−1 (3.3c)

max
P ∈Pα,m

PXh∼P

[
dist

(
xe(k),xh(k)

)
< dsafe, ∀k ∈ I0:n

]
≤ ε (3.3d)

P̂h = Φθ

(
Xpast, Xe

)
(3.3e)

Pα,m =
{
P : d(P, P̂h) ≤ rα,m

}
(3.3f)

gf

(
xe(n)

)
≤ 0, xe(0) = xe(t), xh(0) = xh(t) (3.3g)

where again I0:n−1 = {0, . . . , n − 1} for (3.3b) and (3.3c). As in (3.2) the
chance constraints (3.3d) are expressed for the full human state trajectory,
and (3.3g) describes the boundary conditions, with t representing the real-
world continuous time.

As in the case of (3.1), all functions must be continuously differentiable
and of tractable complexity to allow the use of gradient-based optimization
solvers. As in the case of (3.2), we require analytical expressions for the
expected cost and the probability of constraint violations, which, in turn,
might require conservative approximations. The DR-MPC problem presents
two further challenges: (i) We need to express the ambiguity set, i.e., find
a suitable divergence d, and a radius rα,m, such that the set contains the
true distribution with 1 − α. (ii) We need to find a tractable, continuously
differentiable reformulation of the additional max-operations with respect to
distributions in the ambiguity sets. Indeed, if these two conditions are met, a
solution of (3.3) would provide an interactive plan, accounting for the inherent
uncertainty in human agents, and the estimation errors in the learning-based
predictor, leading to valid safety guarantees.
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The requirements on the human state distribution are challenging to fulfill
already in the stochastic setting of (3.2). Conditions (i,ii) can be challenging
to fulfill on their own for simple distribution, but become further complex
when they need to hold simultaneously, and even more so in an interactive
planning application. On its own, condition (i) is commonly analyzed by lever-
aging statistical inequalities together with assuming uniform convergence of
the learning-scheme [53]. Informally, this implies that the learner uniformly
approaches the true distribution as the number of samples tends towards in-
finity. In the MPC-setting, condition (ii) may be fulfilled by leveraging tech-
niques from duality theory. Given that the max-operations in the cost and
constraints are conic programs for each k, one may equivalently express them
as continuously differentiable min-operation [43]. One may further consider
the distribution of a sequence of random variables by considering a nested
reformulation [54].

In the learning-based DR-MPC setting, conditions (i,ii) have been achieved
in some prior work. One such setting is where HDVs are treated as Markov
systems with categorically distributed decisions [55]. By modeling the Markov
system with a state-independent transition kernel, learned online through a
sample average approximation, they are able to find an ambiguity set and a
tractable reformulation of the DR-MPC problem. However, as the transition
kernel needs to be state-independent, the HDV model is not expressive enough
to describe interaction between the HDV and the ego-vehicle. In Paper C, we
extend prior work to allow for transition kernels that depend on the state of
the HDV and ego-vehicle. This includes deriving a valid ambiguity set such
that (i) holds and applying the nest reformulation to solve (ii). The result is
a learning-based DR-MPC capable of generating interactive plans, accounting
for inherent uncertainty in human behavior, and handling estimation errors
arising from the finite sample size of the underlying distribution.
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CHAPTER 4

Summary of included papers

This chapter provides a summary of the included papers.

4.1 Paper A
E. Börve, N. Murgovski, L. Laine
Interaction-aware trajectory prediction and planning in dense highway
traffic using distributed model predictive control
Published in IEEE Conference on Decision and Control (CDC),
vol. 62, pp. 6124–6129, Dec. 2023.
© 2023 IEEE. .

This paper presents a novel framework that couples trajectory prediction
and planning in multi-agent environments. Instead of directly integrating the
predictor into the MPC problem formulation as in (3.1), the predictor is inte-
grated through a distributed model predictive control scheme. Predictions of
exogenous agents and plans for the ego-agent are communicated between the
two modules iteratively, producing a result where predictions and plans agree.
A demonstration of the framework is presented in simulation, employing a tra-
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jectory planner using non-linear model predictive control. Performance and
convergence of the framework is further analyzed subject to different predic-
tion errors. The results indicate that the obtained locally optimal solutions
are improved, compared with decoupled prediction and planning.

Contributions: EB contributed with the idea, implementation, and main
writing of the manuscript. NM and LL contributed with supervision and
review of the manuscript.

4.2 Paper B

E. Börve, N. Murgovski, L. Laine
Tight Collision Avoidance for Stochastic Optimal Control: with Appli-
cations in Learning-based, Interactive Motion Planning
Submitted for publication as journal article. 2025 .

Trajectory planning in dense, interactive traffic scenarios presents significant
challenges for autonomous vehicles, primarily due to the uncertainty of human
driver behavior and the non-convex nature of collision avoidance constraints.
This paper introduces a stochastic optimal control framework to address these
issues simultaneously, without excessively conservative approximations. We
opt to model human driver decisions as a Markov Decision Process and pro-
pose a method for handling collision avoidance between non-convex vehicle
shapes by imposing a positive distance constraint between compact sets. In
this framework, we investigate three alternative chance constraint formula-
tions. To ensure computational tractability, we introduce tight, continuously
differentiable reformulations of both the non-convex distance constraints and
the chance constraints. The efficacy of our approach is demonstrated through
simulation studies of two challenging interactive scenarios: an unregulated
intersection crossing and a highway lane change in dense traffic.

Contributions: EB contributed with the idea, proofs, implementation,
and main writing of the manuscript. NM contributed with guidance and
ideas for the mathematical proofs. NM and LL contributed with supervision
and review of the manuscript.
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4.3 Paper C
E. Börve, N. Murgovski, M. H. Chehregani L. Laine
Interactive Trajectory Planning with Learning-based Distributionally
Robust Model Predictive Control and Markov Systems
Submitted for publication as conference paper. 2025.

This work investigates interactive trajectory planning subject to uncertainty
in the decisions of surrounding agents. To control the ego-agent we first
learned the decision distribution and solved a Stochastic Model Predictive
Control problem. To account for errors in the learned distribution we showed
that it is possible to utilize Probably Approximately Correct learning in com-
bination with Distributionally Robust (DR) optimization, to obtain a solution
that accounts for the errors induced by the learning model. The results indi-
cate that our PAC learning-based DR-MPC framework provides a method to
interpolate between a robust MPC, and an omnipotent SMPC, based on the
available number of samples.

Contributions: EB contributed with the idea, proofs, implementation,
and main writing of the manuscript. NM and MHC contributed with guid-
ance and ideas for the mathematical proofs. NM, LL and MHC contributed
with supervision and review of the manuscript.
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CHAPTER 5

Concluding Remarks

This thesis has investigated optimization-based approaches to interactive plan-
ning, with different learning-based modeling approaches for exogenous agents.
We conclude the thesis by connecting the work to the research questions and
discuss future work that we believe to be particularly promising.

5.1 Answering the Research Questions
The contributions towards the research questions are summarized in Table
5.1. This also includes the different models that may be considered for
the exogenous agents, spanning from general black-box models, to Markov
Processes with categorically distributed decisions, commonly referred to as
Markov Jump Systems.

RQ1: How can learning-based prediction methods be coupled with MPC meth-
ods to achieve interactive planning?

While the planner and predictor have flexibility in their individual design,
the key enabling factor for interactive planning is the close coupling between
the two modules. To handle interactions, each agent needs to model how its
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Table 5.1: Overview of research contributions by paper.
RQ1 RQ2 RQ3 Exogenous Agent Model

Paper A ✓ Black-box
Paper B ✓ ✓ Markov Jump Systems
Paper C ✓ ✓ ✓ Markov Jump Systems

own plan affects others and how others affect its own. Given that the agent
wishes to optimize its own performance, the ideal interactive plan is fundamen-
tally given by the solution of (3.1), (3.2), or (3.3). Whether each respective
formulation is suitable depends on how the other agents are modeled, under
what assumptions, and with what methods. To ensure compatibility with ex-
plicit MPC solvers, it is essential to preserve continuous differentiability while
maintaining computational tractability. If one wishes to leverage black-box
predictors, Paper A proposes a method for coupling the two modules using
distributed MPC. In a general sense, it displays that distributed optimization
schemes may be a promising alternative to increase flexibility in the choice
of the prediction model. On the other hand, rigorously establishing guar-
antees on e.g., asymptotic convergence, constraint satisfaction, uncertainty
quantification, and, recursive feasibility remains as open questions. Instead,
the Markov system model of Papers B and C was a more promising approach
to this end.

RQ2: How can the inherent uncertainty of exogenous agents be incorporated
into learning-based and stochastic MPC methods for interactive planning? Pa-
pers B and C treat the decision making process of the exogenous agents as a
Markov system with state-dependent and categorically distributed decisions.
Compatibility with the optimal control framework was instead obtained by
considering simpler, and continuously differentiable learning-models. Regard-
less, the papers show that it is possible to model interactive behavior be-
tween two agents by considering a probability distribution of different higher-
level decisions. The obtained solutions show that the ego-agent can adapt
its own state to alter the probability of different decisions for the exogenous
agents, increasing the probability of favorable outcomes. Similarly, the chance-
constraints allow the ego-agent to quantify safety, which in turn can be used
to obtain a desirable balance between safety and efficiency. These findings
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highlight the critical role of accurate collision probability modeling, as conser-
vative or imprecise approaches can significantly hinder performance. Due to
the complexity of human decision making, learning the distribution directly
from data appears practically promising. However, this inevitably introduces
estimation errors into the model, which should be explicitly accounted for.
If one aims to establish rigorous guarantees it becomes further necessary to
treat the uncertainties that appear in the distribution estimate, due to the
finite sample.

RQ3: How can prediction errors arising from learning-based models inferred
from a finite number of samples be accounted for in MPC for interactive plan-
ning?

Papers A and B demonstrate the advantages of incorporating learning-based
models to infer the behavior of exogenous agents from data. However, this
practical utility is accompanied by estimation errors that are inherently in-
troduced by the learning methodology. The ideal learning-based MPC should
account for the induced prediction errors a priori. Paper C presents a method-
ology to systematically account for these estimation errors by leveraging dis-
tributionally robust optimization. The construction of ambiguity sets through
statistical learning theory establishes a connection to the classical DRO set-
ting, thereby facilitating the use of established solution methods. Crucially,
Paper C extends the framework to state-dependent conditional distributions,
allowing for interactive planning. As in Papers A and B, this implies that the
ego-agent is able to optimize its own state to alter the probability of different
decision for the exogenous agents. Unlike in Papers A and B, the probabil-
ity that is considered is the one inside the ambiguity set that maximizes the
cost in the objective and the probability of collisions in the constraints. As
the number of samples increases, the ambiguity set shrinks, and the solutions
approach the result we expect when leveraging the ground-truth distribution.

5.2 Future Work
Building on the contributions of Papers A–C, several directions for future re-
search emerge, spanning theoretical developments, algorithmic enhancements,
and practical applications.

For the framework introduced in Paper A, an important avenue lies in es-
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tablishing stronger convergence guarantees for the proposed iterative schemes,
particularly under more realistic operating conditions. In addition, integrat-
ing these methods with real-time iteration solvers and more sophisticated
distributed optimization approaches such as, alternating direction method
of multipliers, could significantly enhance real-time applicability. Such ap-
proaches could speed up each iteration and decrease the total number of nec-
essary steps for convergence, reducing the overall solution time. Further, di-
rectly applying the framework to state-of-the-art trajectory predictors could
improve its flexibility and relevance across diverse practical driving scenarios.

In Paper B, improving computational efficiency remains a central challenge.
Future work could explore more intelligent branching strategies and scenario
reduction techniques to reduce combinatorial complexity and enable practi-
cal deployment. It is moreover interesting to investigate extensions of the
methodology to more realistic environments, including richer decision distri-
butions and dynamics. In this context, the development and integration of
learning models trained on naturalistic driving data represent a promising
direction to enhance real-world performance.

For Paper C there is interesting theoretical and practical work. On the
theoretical side, it is of particular interest to formally extend the framework
to more general classes of probably-approximately-correct-learnable models,
thereby broadening its theoretical scope and applicability. One could also
establish MPC guarantees, such as stability and recursive feasibility. For
practical applications, it is further interesting to reduce the conservativeness
of the proposed methods. This includes refining the construction of ambiguity
sets and risk measures to better balance safety and efficiency.

Finally, across all contributions, a critical step toward real-world impact lies
in bridging the gap between methodological advances and application-driven
performance metrics. Future work should focus on validating the proposed ap-
proaches in practical settings closely aligned with key business objectives, such
as minimizing the total cost of operation including, e.g., energy consumption,
driver compensation, and delivery times.
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