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Abstract

This thesis investigates uncertainty quantification and transfer learn-
ing for a transformer-based autonomous driving model. The task is
formulated as supervised trajectory prediction, mapping multi-camera
inputs to future trajectories. Directly transferring the performance of
the model from the source domain (urban passenger cars) to the target
domain (highway heavy trucks) is difficult due to significant differences
in camera setups, vehicle dynamics, environments, etc.

A two-stage fine-tuning procedure is applied to address these do-
main gaps. This two staged procedure revealed that fine-tuning the
latent representation while freezing downstream components substan-
tially improves target-domain object detection by realigning pre-trained
knowledge. End-to-end fine-tuning further improves trajectory accu-
racy by adapting predictions to target-domain motion patterns while
maintaining plausible prediction behaviour.

We also study uncertainty quantification using Conformalized Quan-
tile Regression. Raw Quantile Regression lacks reliable calibration
guarantees, and therefore, Conformal calibration applied on top of
Quantile regression achieves the desired empirical coverage across all
prediction horizons and axes. The resulting conformalized intervals
behave intuitively, widening over time and in heteroscedastic scenes.

The results show that Transfer learning effectively adapts the pre-
trained model to the heavy-truck domain, proving superior to learning
from scratch despite some remaining gaps. Furthermore, conformal
calibration provides vital reliability information, establishing a strong
foundation for uncertainty-aware trajectory prediction.

*Postal address: Mathematical Statistics, Stockholm University, SE-106 91, Sweden.
E-mail: avinjsingh@gmail.com. Supervisor: Chun-Biu Li.
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1 Introduction

A driver does more than just follow the road ahead while driving. The driver
observes the surroundings, anticipates how nearby vehicles may move, adapts
to the vehicle being driven, and often senses when a situation is uncertain. For
autonomous driving models, this creates two related problems. First, the model
must predict a future trajectory from high-dimensional sensor input. Second, the
model should not treat every prediction as equally reliable, especially when the
scene is ambiguous, unfamiliar, or different from the data on which the model was
originally trained.

Modern autonomous driving models increasingly use deep neural networks to
solve this problem in a data-driven way. Instead of manually designing each rule for
observation, anticipation and prediction, the model learns from recorded driving
examples. In this thesis, the driving task is formulated as a supervised learning
problem. The input consists of multi-camera image sequences and route infor-
mation, while the output is the future trajectory for the autonomous vehicle (ego
vehicle). This formulation is practical because it uses offline driving logs and avoids
unsafe trial-and-error learning in real traffic. At the same time, it remains a diffi-
cult statistical learning problem because the input is high-dimensional, temporally
dependent, and strongly shaped by the data collection platform.

Transformer-based architectures are well suited to this type of problem be-
cause attention allows information to be exchanged across spatial locations, camera
views, and time steps. The model to be studied, after a comprehensive literature
review, is Unified Autonomous Driving (UniAD) (Hu et al., 2023), an end-to-end
(Chen et al., 2024) autonomous driving architecture that performs all the auxil-
iary tasks such as observation, anticipation, and prediction (planning) through a
shared latent representation. This is attractive because the final trajectory loss
can, in principle, influence earlier scene representations through backpropagation,
rather than treating observation and prediction as completely separate tasks.

However, a model trained in one driving domain cannot necessarily be applied
directly to another. In this thesis, the source domain is nuScenes (Caesar et
al., 2020), a passenger-car autonomous driving dataset, while the target domain
is MAN TruckScenes (Fent et al., [2024), a heavy-truck driving dataset. Both
of these datasets contain images, driving trajectories, and annotated elements
from driving sequences or scenes that are 20 seconds long. The datasets have
hundreds of such scenes with varying locations, time of the day, weather, etc. These
two domains differ in several important ways, such as the number and placement
of cameras, camera intrinsics and extrinsics, driving speed, vehicle type, scene
distribution, and available spatial priors. A model trained on nuScenes has learned
useful general driving knowledge, but that knowledge is tied to the source-domain
sensor geometry and motion patterns. Direct untrained (zero-shot) application to



TruckScenes is therefore expected to suffer from domain shift.

Motivated by this, the first main goal of the thesis is to study transfer learning
from nuScenes to TruckScenes. The transfer-learning procedure is divided into
two stages. The latent representation is fine-tuned in the first stage while the
downstream trajectory prediction modules are kept fixed. The purpose of this
exercise is to adapt the model’s internal scene representation to the truck-domain
camera geometry and visual statistics. The full UniAD model is fine-tuned end-
to-end after that, allowing both the representation and the trajectory prediction
components to adapt to the target-domain motion patterns.

Uncertainty quantification forms the second main goal of this thesis. A stan-
dard trajectory prediction model outputs a single future path. Such point predic-
tions may be useful, but they do not communicate whether the model is confident
or uncertain. This is especially limiting in autonomous driving, where the same
observed scene may allow several plausible futures. This thesis uses Conformalized
Quantile Regression (CQR) (Romano et al., [2019)) to construct calibrated predic-
tion intervals around the trajectory outputs. The aim here is to provide formal
bounds on prediction uncertainty under the assumptions of conformal prediction.

The broader goal of this thesis is, therefore, to investigate two practical ques-
tions that arise when applying modern transformer-based driving models to a new
domain, i.e., how well knowledge can be transferred from a large source-domain
model to a smaller target-domain truck dataset, and how final trajectory predic-
tions can be equipped with calibrated uncertainty information? For want of time,
we chose to investigate uncertainty quantification on UniAD trained on nuScenes
only due to the equivalence between both in terms of implementation. This thesis
investigates the following questions:

1. How large is the source-to-target domain gap when a UniAD model trained
on nuScenes is evaluated on TruckScenes?

2. Can a two-stage transfer-learning procedure improve the model’s target-
domain perception and trajectory prediction performance?

3. Does fine-tuning adapt the predicted trajectories to the speed and motion
patterns of the TruckScenes domain?

4. Can Conformalized Quantile Regression provide calibrated prediction inter-
vals for the future trajectory, and do these intervals reflect higher uncertainty
in more difficult scenes?

Through these questions, the thesis studies both adaptation and reliability.



1.1 Thesis Structure

The rest of the thesis is organized as follows. Section 2 presents the theory and
methodology. It first formulates autonomous driving as a supervised learning prob-
lem, then introduces latent representations, imitation-based trajectory learning,
transformer attention, and the UniAD architecture. The section then describes the
source and target datasets, the domain gap between nuScenes and TruckScenes,
and the two-stage transfer-learning curriculum. Finally, it introduces uncertainty
quantification through Conformal Prediction, Quantile Regression, and Confor-
malized Quantile Regression.

Section 3 presents the experimental results. Section 3.1 evaluates latent repre-
sentation fine-tuning and object detection performance. Section 3.2 evaluates end-
to-end UniAD fine-tuning for motion prediction and planning using loss curves,
L2 trajectory error, and qualitative trajectory examples. Section 3.3 presents the
CQR results, including empirical coverage, interval widths, and qualitative exam-
ples of low- and high-uncertainty scenes.

Section 4 discusses the results in relation to the aims of the thesis, with em-
phasis on transfer learning, uncertainty calibration, remaining limitations, and
possible future work. Section 5 summarizes the main conclusions.

2 Theory and Methodology

2.1 Supervised Learning

Autonomous driving (AD) can be viewed as a sequential decision-making problem
i.e., at each moment, the vehicle observes its surroundings and must predict future
motion. This makes reinforcement learning a natural fit for this problem, since an
agent learns behaviour through trial and error by receiving rewards or penalties
from the environment. Unrestricted exploration is not practical in real driving,
and unsafe actions cannot be tested freely in the real world; mistakes may have
physical and life threatening consequences. Even realistic simulators differ from
real roads in appearance, sensor noise, traffic behaviour, and rare situations (Chen
et al., [2024)). It is more practical to begin from recorded driving data rather than
from unrestricted trial-and-error interaction.

Supervised learning provides this formulation. Instead of asking the model
to discover good driving behaviour by experimentation, we train it from examples
where an observed driving situation is paired with a trajectory followed by a human
driver. This trajectory is treated as the label, and the task becomes learning a
mapping from observations to future motion, imitating the trajectory taken by a
human expert. This formulation is termed as Imitation Learning or Behaviour
Cloning (Chen et al., |2024; Codevilla et al., |2018). The intuition is similar to
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learning from worked solutions in a mathematics textbook. The learner does
not rediscover every method independently, but learns patterns from many solved
examples.

Driving data differs from many textbook supervised learning examples because
they are correlated. Consecutive frames from the same scene are not independent
because the road layout, surrounding vehicles, weather conditions, and vehicle mo-
tion usually change only gradually. Thus, nearby frames contain similar informa-
tion, like several slightly different photographs of the same event. This correlation
must be considered when formulating the statistical learning problem and when
separating data for training and validation.

2.1.1 The Classical Framework

Supervised learning provides a statistical framework for learning a prediction rule
from examples. Each training example consists of an input and a corresponding
output, and the goal is to predict the output for new, unseen inputs. If X denotes
the input space and ) denotes the output space, a predictor is a function

f: X =Y. (1)

Here, x € X is an input, y € ) is the corresponding label or response, and f(z) is
the prediction (Hastie et al., 2009).

In the classical statistical formulation, the observed input—output pairs are
treated as realizations of random variables:

(X, Y:) % Pxy, Dy = {(@ 5}, (2)
Here, X; and Y; are the random input and response for observation ¢, Pxy is their
joint distribution, Dy is the training dataset, and N is the number of training ex-
amples. The notation ’iid’ means independent and identically distributed (Hastie
et al., 2009). This assumption is mathematically convenient, but it is an ideal-
ization for sequential driving data, where nearby frames from the same scene are
temporally correlated.

To choose a good predictor, we use a loss function L(y, §), which measures the

penalty for predicting ¢ when the true response is y. The ideal objective is the
expected risk, while the quantity available in practice is the empirical risk:

R(f) = Exyyerey [L(Y, F(X)],  Ry(f) = %ZL(Z/Z-,J”(%))- (3)

Here, R(f) is the average prediction error on the population distribution, and
Rx(f) is its sample-based approximation. Since Pyy is unknown, empirical risk
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minimization replaces the inaccessible population average by the observed sample
average (Hastie et al., 2009).

The predictor is usually chosen from a parameterized family {fy : 6 € O},
where 6 denotes trainable parameters and © is the parameter space. Training
searches for

N
0 cagmin~ > L(y folwr)),  Tu(a) = fyl). (4)
e N 4

Here, 9 is the fitted parameter vector and fAN is the learned predictor (Hastie et al.,
2009). For regression problems, one often writes

Y = f(X)+e, E[c]|X]=0, (5)

where f* is the unknown target function and e represents the part of ¥ not ex-
plained by X, such as measurement noise or unobserved factors (Hastie et al.,
2009).

A common regression loss is the squared-error loss L(y, §) = |ly—9||3, where |||
denotes the Euclidean norm. Under this loss, the population-optimal prediction is
the conditional mean:

£*(@) = argmin B[V — all} | X = o] = E[Y | X = a]. ©

Here, a is a candidate prediction value (Hastie et al., [2009)). This result is im-
portant later because standard supervised regression produces a point prediction,
often interpretable as an average future response given the input.

2.1.2 Formulating the Driving Task

We now specialize the supervised learning notation to the driving task. The aim is
to construct training pairs (X;, Y;), where X; contains the input information avail-
able to the model at decision time and Y; is the future trajectory to be predicted.
The vehicle whose future motion is predicted is called the ego vehicle. Other
moving objects, such as cars, pedestrians, and cyclists, are called surrounding
actors. These terms only define the prediction problem; statistically, the task
remains an input-output regression problem.

For training example ¢, let ¢; denote the decision time. The visual input consists
of four synchronized camera views observed over the current and three previous
time steps:

Iti—3:ti = ([ti—Sajti—27[ti—17]ti)7 (7)
where [; = (It(l),I§2),Ifs),I§4)) denotes the four camera images at time ¢, and

It(m) € R™wxe ig the image from camera m. Here, h and w are image height and



I; ;= iCam 1, Cam 2,
Cam 3, Cam 43}

Camera 3 Camera 1

| Trajectory ¥;

Camera 4 Camera 2

Figure 1: Illustration of the supervised input—output pair. At decision time t;, the
predictor consists of synchronized images from four cameras over the current and
three previous time steps, providing temporal context. The response is the future
trajectory of ego vehicle, represented by six waypoints in Cartesian coordinates
(with ego vehicle at the centre (0,0)) over the next three seconds.

width, ¢ is the number of colour channels, and m € {1,2,3,4} are indexes of the
cameras.

Several time steps are used because motion cannot be reliably inferred from
one snapshot (Hu et al., [2023). A single photograph of a cyclist may not reveal
whether the cyclist is stopped or moving quickly. Similarly, /;,_s.;, helps the model
infer velocity and acceleration of the ego vehicle and surrounding actors, and it
reduces ambiguity when an object is temporarily hidden or only partly (Hu et al.,
2023).

Visual information alone may still be insufficient because the same scene can
allow different valid futures. For example, at an intersection, the vehicle could
turn left, turn right, or continue straight depending on the intended route. We
therefore include a high-level route command (Hu et al., [2023))

C; € {0,1}°, (8)

where C; is a one-hot vector encoding the intended manoeuvre, such as left,
straight, or right. The full supervised input is

Xi:(*[ti—&t“Ci)GRd, d:hwc44+3 (9)

Here, d is the dimension of the flattened input representation: four cameras, four
time steps, h x w pixels, ¢ colour channels, and three command entries. In this
thesis, h = 943, w = 1980, and ¢ = 3, i.e. pictures captured by the cameras from
target domain have a size of 1980 x 980 with 3 RGB channels (Fent et al., [2024)),
which gives total dimensions (d) = 89,622,723.
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The response variable is the future trajectory of the ego vehicle over a fixed
prediction horizon containing waypoints. Waypoints are the cartesian coordinate
2-D points which represents one timestep of the future trajectory for the ego
vehicle, as shown in figure [I| . We represent it by H future waypoints:

T
Y, = (Pi,b RN PZ,H) ) Pi,T = (Pig,cra qu—) € R (10)
Here, P, ; is the 7-th future waypoint for training example 4, while P?_and P/, are
its Cartesian coordinates in the vehicle-centred coordinate frame. In this thesis,

H = 6, corresponding to six future waypoints over three seconds, so Y; € R'2.
The supervised driving task can therefore be written as

Y, = fo( X)), (11)

where fj is the learned prediction model with parameters 6, X; is the observed driv-
ing context, and Y; is the predicted future trajectory. The labels Y; are obtained
from recorded human driving demonstrations. Thus, the model is not discover-
ing driving behaviour by trial and error; it is learning a statistical mapping from
recorded situations to the trajectories that were actually followed.

2.1.3 Bridging the Dimensionality Gap: Latent Representation

The supervised formulation creates a large dimensionality gap: X; contains tens
of millions of pixel values, while Y; contains only twelve trajectory coordinates.
Learning a direct function from all raw pixels to these coordinates is statistically
inefficient, because many pixel-level details, such as sky texture, lighting variation,
and background colour patterns, are not directly relevant for predicting the future
path. A useful model should therefore compress the image history into a repre-
sentation that keeps motion-relevant information and discards noise and irrelevant
information.

This intermediate representation is called a latent representation. It is “latent”
because it is learned internally by the model rather than directly observed in the
dataset. A simple analogy is the difference between a street photograph and a
navigation sketch. A photograph contains many visual details, but a sketch that
marks road layout, nearby objects, and approximate directions of motion is often
more useful for deciding where to go next. Similarly, the latent representation
should be a compact summary of the scene rather than a copy of the input images.

Let @, denote the learned encoder that maps the visual history into such an
internal representation (Li et al., 2024). For training example 1,

Zi = ®y(I,_34,) € RHZ*Wzx4, (12)
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Here, I, 3., is the multi-camera image history, ®4 is the encoder with trainable
parameters ¢, and Z; is the learned latent representation. The quantities H; and
Wy denote the spatial size of the representation, while ¢ denotes the number of
learned feature channels at each spatial location. The important point is that
Z; is much smaller and more structured than the raw input and also stores ex-
tra information like speed, heading of surrounding actors etc. in learned feature
channels(q) :

Hy; Wy q<d, (13)

where d is the raw input dimension (Li et al., [2024)) defined in Equation @
The prediction model can then be viewed as a composition of an encoder and
a trajectory module:

~

Yi = 99(Zi, Cs) = go(Py(L1,—34,), Ci) - (14)

In Equation , gp is the trajectory prediction module with trainable parameters
0, C; is the route command, and }A/Z is the predicted future trajectory. Thus, the
model does not predict the trajectory directly from raw pixels. Instead, it first
builds a task-specific scene summary Z;, and the trajectory module predicts from
this summary. A high-level view of this model has been shown in figure 2

keeps task-relevant structure
road layout, objects, motion cues
.

Raw visual history M

Iy, 34, S
(S EEES) SIHHED gy Predicted trajectory
i L Yie R12
Learned encoder Trajectory module
T
d, 9o ///
compresses visual input predicts future waypoints 7
4 time steps R six future waypointsv
d ~ 8.96 x 107 ¥ Z; e RHzxWzxa )

mostly discard
lighting, sky t

Route command
C; e {0, 1}3

left / straight / right

intention

Figure 2: High-level view of the supervised driving predictor. The raw multi-
camera image history is first compressed by an encoder into an internal scene
summary Z;. This representation is lower-dimensional than the original pixels
and is intended to retain road layout, relevant objects, and motion cues while
discarding visual details that are not useful for predicting the future trajectory.
The trajectory module then combines Z; with the route command C; to produce
the predicted trajectory Y;.

This latent-space formulation is useful for three reasons. First, it reduces the
effective dimension of the problem, making learning more data-efficient and less

12



sensitive to irrelevant visual noise. Second, it combines information from multiple
cameras and time steps into one common internal representation, so the model
has context of the scene as a whole rather than as separate images. Third, it gives
the downstream predictor features closer to the quantities needed for trajectory
prediction, such as spatial layout, object positions, and motion cues (Hu et al.,
2023)). In this sense, the latent representation acts like a learned set of notes
about the scene. It is not the full raw observation, but it contains the information
needed to predict the future path. In the architecture studied later, this latent
representation is also reintroduced at several stages, acting like a residual source
of scene information so that specialized sub-tasks like object detection, motion
prediction do not lose access to the underlying driving context (Hu et al., [2023)).

2.1.4 The Optimization Objective

After defining the input X;, latent representation Z;, and trajectory label Y;, we
specify the loss function used for training. The loss determines what the optimizer
rewards or penalizes. In trajectory prediction, this is not only a numerical detail.
A trajectory should be close to the demonstrated trajectory, but it should also rely
on a meaningful scene representation and avoid geometrically unsafe predictions.
We define geometrically unsafe predictions as paths that violate external semantic
constraints (e.g., lane boundaries and obstacles) or internal kinematic constraints
(e.g., steering limits and physical feasibility).
For training example 4, write the ground-truth and predicted trajectories as

~

}/i: (H,l?"'7~Pi,H>7 2:(3,17"'JE,H)7 H,77E7T6R2- (15)

Here, H is the number of future waypoints, 7 € {1,..., H} indexes the future
prediction step, P, - is the recorded future waypoint, and f’w is the corresponding
predicted waypoint. In this thesis, H = 6.

The most direct loss is the Imitation loss (Ross et al., 2011)),

~
Pi,T_PiT

)

z. (16)

R H
Lt (Vi T = Y|
T=1

The norm ||-||2 is the Euclidean norm. Equation penalizes the squared distance
between each demonstrated waypoint and the corresponding predicted waypoint.
The intuition is like tracing a curve drawn by a teacher: the closer the predicted
curve is to the demonstrated curve, the smaller the penalty.

For one waypoint, the squared loss gives the gradient
2 ~

Vs, |Pir = Br||, = 2(Pr = ). (17)
T,T )

13



Here, V denotes the gradient with respect to the predicted waypoint. Equa-
tion shows that gradient descent pushes the prediction toward the recorded
waypoint.

However, imitation alone is passive. It teaches the model to reproduce recorded
behaviour, but it does not explicitly teach why a trajectory is safe. The squared
distance is geometrically blind, a one-metre error into empty space and a one-metre
error toward a nearby object receive the same imitation penalty. The training
objective therefore combines imitation with additional structure.

The model can be written as a composition, (as defined in Equation ,

}/;i = gg(Zi, Oz) = ge(¢¢(-fti—3:ti>» CZ)

Where Y; is the model prediction for the ¢th example.

Representation Loss The representation loss (Hu et al., 2023)) ensures that Z;
remains a meaningful scene summary:

N
['rep<¢) = %Z&ep(zia Tz)7 Zz = (I)¢>(Itif3:ti)- (18)

i=1

Here, N is the number of training examples, /¢, is the sample-level representation
loss, and T; denotes auxiliary targets used to supervise the internal scene represen-
tation. These targets may encode relevant object locations, motion cues, or spatial
structure. The purpose is that the latent representation should describe the scene,
not merely act as an arbitrary numerical shortcut for the final trajectory.

This point is important because Y; is low-dimensional. If the model is op-
timized only for final trajectory error, it may find shortcuts that work on the
training set but fail on new scenes. In the extreme case, the representation may
collapse, meaning that different scenes are mapped to nearly indistinguishable
internal summaries:

Dy(1,) = Py(1y) even when I, and [, describe different scenes.

Here, I, and I, denote two different visual inputs. If this happens, the down-
stream trajectory module may still reduce training loss by exploiting dataset-
specific correlations, but it no longer has a reliable view of the scene. The result
can be good training loss and poor validation performance (Chen et al., [2024)).

A simple analogy is solving mathematics problems by memorizing final an-
swers without understanding the method. On familiar homework problems, the
answers may look correct; on a new exam question, the student fails because the
intermediate reasoning was never learned. Similarly, the representation loss grades

14



the model’s intermediate reasoning by forcing the latent space to preserve scene
information needed for prediction.

For this reason, the representation objective is useful in two stages. First, the
representation can be trained separately:

~

Grep € arg m(gn Lrep(9). (19)

This builds a sound latent representation before the trajectory prediction relies on
it. Second, the representation loss is present in the full objective loss as well, as
shown in Equation [23] so that the latent space does not collapse when the model
later focuses on minimizing final trajectory loss (Hu et al., 2023)).

Trajectory Prediction (Planning) Loss The Trajectory Prediction (plan-
ning) loss (Hu et al., 2023)) combines imitation with a collision-aware term:

N
‘Cplan ! Z |: 1m1t£1m1t }/;7 Y) + )\COH'CCOH(}/})] (20)

=1

Here, A\t > 0 and Aeonp > AO control the relative weight of imitation and collision
avoidance. The prediction Y; depends on both 6 and ¢ through Equation . This
Loss combines the imitation loss from ({16)) with a collision based regularization,
making it clear that the objective of training is not to simply copy the human
driver but also keep safety (collision avoidance) as a constraint.

The collision-aware term is based on geometric overlap. For two planar regions
A and B, define the Intersection-over-Union (Hu et al., 2023)) score as

area(AN B)

(21)
Here, AN B is the overlapping region and A U B is the union of the two regions.
If the regions do not overlap, the IoU is zero; if they overlap strongly, the IoU is
large (Figure [3).

For trajectory prediction, the Collision loss (Hu et al., 2023) is written as

H Mz,T R
coll ? Z Zw IoU <bOX Pva wegoagegm 0 ) Bi,j,f) . (22)

T=1 j=1 r=1

Here, M; . is the number of relevant surrounding objects at future step 7, B; ;-
is the two-dimensional footprint of object j, and box(]%-ﬁ; Wego, Lego, Or) 18 the pre-
dicted vehicle footprint (area occupied by the vehicle at a specific moment in time)
centered at f’” The constants weg, and leg, are the width and length of the ego
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(a) Collision (b) No overlap (c) Safety margin

IoU(A,B) >0 IoU(A,B) =0 IoU(A,B) =0
IOU(A(;, B) >0
vehicle B B - As_ o __ , AsNB
— i
—> e —_— : —_ —>
1
1 B (R Hhicle
vehicle A vehicle A vehicle B Lo - _v_el;nfl_e _A_ ___ ! vehicle F
<>
5
physical footprints overlap empty intersection no contact, but buffer overlaps

Figure 3: Top-down illustration of Intersection-over-Union (IoU) for two vehicle
footprints. In (a), the physical rectangles overlap, so the IoU is positive and the
situation corresponds to a collision. In (b), the footprints are disjoint, so the IoU
is zero. In (c), the physical footprints are still disjoint, but inflating vehicle A by a
safety margin ¢ gives an enlarged footprint As that overlaps vehicle B, producing
a positive margin-based [oU.

vehicle. The quantity d, > 0 is an additional safety margin, r € {1,..., R} indexes
the margin level, and w, > 0 is the weight for that margin (Hu et al., 2023).

The margin 9, is necessary because expert demonstrations usually do not con-
tain actual collisions. If the loss only penalized physical overlap, then almost all
training examples would have zero collision loss, giving little information about
near-misses. Inflating the vehicle footprint creates a soft buffer around the pre-
dicted path. This is similar to leaving personal space when walking through a
crowd. One does not wait until bodies touch before changing direction. The mar-
gin makes near-collisions visible to the loss before they become hard collisions (Hu
et al., [2023). Figure |3| provides a visualization of IoU with and without safety
margins.

The full objective(Hu et al., 2023) is
Etotal<07 ¢) = )\planﬁplan(97 ¢) + )\rep‘crep((b)a (23)

where Apjan > 0 and A, > 0 control the relative importance of the trajectory
objective and the representation objective. Training corresponds to solving

~

(0,0) € arg ng%bn Liotal(0, @). (24)
Here, f and gg denote the fitted trajectory and representation parameters after
optimization.

Overall, the objective balances three goals. The imitation term pulls the pre-
dicted trajectory toward the demonstrated trajectory. The collision term discour-
ages predictions that overlap with, or pass too close to, surrounding objects. The
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representation term keeps the latent space informative and prevents the model
from achieving low training loss through a collapsed or shortcut-based representa-
tion. This does not provide a formal safety guarantee, but it makes the supervised
objective more aligned with the physical requirements of trajectory prediction than
imitation loss alone.

2.1.5 Advantages of the Supervised Learning Formulation

Formulating the driving task as supervised learning, or behavioral cloning, has
several practical advantages. The available data already consist of input—output
pairs (X;,Y;), where X; is the observed driving situation and Y; is the future
trajectory followed in the recording (Chen et al., 2024). The training problem can
therefore be written as

N
. 1
NS argrerggN;L(lﬁ;,fe(Xi))- (25)

Here, fy is the prediction model with parameters 6, © is the parameter space, L is
the loss function, N is the number of training examples, and 6 denotes the fitted
parameters. This objective is useful because it turns a difficult sequential decision
problem into a concrete empirical risk minimization problem.

Reinforcement Learning (RL) represents the formal mathematical stan-
dard for this task because it treats driving as a Markov Decision Process, where
an agent learns to maximize a long-term reward through continuous environmental
feedback and causal reasoning. While RL is theoretically superior for its ability to
discover super-human policies and account for the consequences of its own actions,
it is notoriously difficult to deploy due to the ’reality gap’ of simulators and the
lack of a perfect, hand-engineered reward function (Chen et al., 2024).

Avoiding reward-function design. Driving combines several objectives: mak-
ing progress, staying comfortable, obeying rules, and avoiding collisions. In a
reinforcement-learning formulation, these goals must be compressed into a single
reward signal, which is difficult to formulate and can encourage undesirable be-
haviour if the reward is misspecified. Supervised learning avoids this step by using
the demonstrated trajectory Y; as the target. The assumption is not that the
human driver is mathematically optimal, but that the demonstration provides a

useful example of behaviour that balances many practical constraints (Chen et al.,
2024).
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Using offline data efficiently. Supervised learning can train directly from
recorded driving logs. The model does not need to explore dangerous actions in
the real world, and it does not rely on a simulator as the main source of experience.
In simple terms, supervised learning is like learning from worked examples: the
model repeatedly compares its prediction with the recorded trajectory and adjusts
its parameters accordingly. While Offline and Off-Policy RL theoretically allow
for policy optimization from recorded logs, they suffer from overestimation bias
and instability caused by bootstrapping on out-of-distribution actions. Supervised
learning bypasses these issues by treating the task as a direct mapping problem,
providing a more stable and predictable optimization landscape for complex ar-
chitectures like UniAD. Consequently, we trade the potential for super-human
optimization for the reliability and safety of expert-aligned behavior (Chen et al.,
2024).

Encouraging predictable behaviour. The loss in Equation (25| penalizes de-
viations from demonstrated trajectories. Therefore, in familiar situations, the
model is encouraged to stay close to behaviors observed in the dataset. This gives
the model a useful human-driving prior. It means that the model is biased toward
the support of the training data. (Chen et al., 2024]).

Overall, the supervised formulation is suitable because it is data-driven, avoids
unsafe exploration, removes the need for a hand-designed reward function, and
provides a stable optimization objective. These advantages make it a natural
starting point for the trajectory prediction problem considered in this thesis.

2.1.6 Limitations of the Supervised Paradigm

Although supervised learning provides a tractable formulation, it remains an ap-
proximation to the full driving problem. Driving is sequential and closed-loop,
whereas supervised learning treats the task mainly as prediction from recorded
examples. This creates two important limitations.

Compounding errors and distribution shift. During training, the model
observes inputs generated by human driving behaviour. During deployment, the
model’s own predictions can influence the future situations it encounters. Thus,
the training and deployment input distributions may differ:

Prrain(X) # Paeploy(X). (26)

Here, Piain(X) denotes the distribution of inputs in the recorded training data,
and Pieploy(X) denotes the distribution of inputs encountered when the learned
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model is used. A small prediction error can move the system into a state that
is less common in the training data. The next prediction is then made from a
less familiar situation, so errors can accumulate over time. A simple analogy is
walking with a compass that is slightly misaligned: the first step is almost correct,
but after many steps the final position can be far from the intended path (Chen
et al., 2024)).

This issue is especially relevant for driving data because nearby frames from the
same scene are temporally correlated. Consecutive frames often contain nearly the
same road layout, nearby vehicles, and motion pattern. Therefore, a large number
of frames does not necessarily mean the same number of independent examples.
This is one reason why evaluation should avoid mixing near-duplicate frames from
the same scene across training and test sets.

The insufficiency of point predictions. A standard supervised regression
model outputs a single future trajectory,

where X is the input, J?is the fitted prediction function, and ?Z is the predicted tra-
jectory. Under squared-error loss, this point prediction estimates the conditional
mean (Hastie et al., 2009),

fr(@) =ElY | X = a]. (28)

Here, f*(z) is the population-optimal squared-error predictor at input z, and
E[Y | X = ] is the expected future trajectory conditional on that input.

This is reasonable when the future is concentrated around one likely outcome.
It is less suitable when several distinct futures are plausible. For example, if two
different manoeuvres are possible, an average trajectory may fall between them
and may not correspond to a realistic path (Chen et al., 2024). More importantly,
the point prediction in Equation does not say whether the model is confident
or uncertain. A routine scene and an ambiguous scene may both produce one
trajectory, even though the second prediction should be treated with more caution.

These limitations motivate the later uncertainty quantification part of the the-
sis. Instead of relying only on the point prediction Y;, Conformalized Quantile
Regression is used to construct calibrated prediction intervals. The goal is not to
remove uncertainty, but to make it visible and statistically controlled under the
assumptions stated later.

2.2 Transformer

The previous section formulated trajectory prediction as a supervised learning
problem. The remaining question is what type of function class is suitable for the
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high-dimensional input I;,_3.;,, which contains several camera views over multiple
time steps. A useful model must process local visual patterns, but also compare
information across cameras, spatial locations, and time (Li et al., 2024)). For exam-
ple, a small vehicle braking ahead may be more relevant for the future trajectory
than a visually larger but irrelevant background region.

Classical convolutional and recurrent architectures impose useful but restrictive
structures. Convolutions process information mainly through local receptive fields,
while recurrent models summarize the past through a fixed-dimensional hidden
state (Zhang et al., |2023)). Both mechanisms can create bottlenecks when the
prediction depends on interactions between distant parts of the scene (Vaswani
et al., 2017). A simple analogy is looking at a traffic scene: a human driver does
not inspect every pixel equally, but focuses on relevant evidence such as nearby
vehicles, road boundaries, and recent motion.

This motivates the use of the Transformer (Vaswani et al.,|2017)) architecture
. The Transformer relies on Attention (Vaswani et al., 2017), which allows the
model to form data-dependent weighted averages of other representations. Intu-
itively, Attention lets the model decide which parts of the observed context should
influence a particular prediction. Thus, instead of compressing all spatial and
temporal information through one narrow bottleneck, the model can selectively
retrieve information from the full observed context window.

2.2.1 The UniAD Paradigm: End-to-End Differentiability

Before comparing modular and end-to-end architectures (Chen et al., [2024]), we
clarify the three functional blocks shown in Figure |4 In this context, perception,
prediction, and planning are engineering names for three statistical subproblems.
Perception estimates the current scene from sensor observations: which relevant
objects and road structures are present, and approximately where they are. Pre-
diction forecasts how surrounding moving objects, such as vehicles or pedestrians,
may move in the near future. Planning chooses the ego vehicle’s own future
trajectory, using the current scene estimate, predicted surrounding actor motion,
and route command. Thus, perception asks “What is around the ego vehicle
now?”, prediction asks “How might the surroundings move next?”, and planning
asks “Where should the ego vehicle go?” A simple analogy is walking through a
crowded train station: first one observes people and obstacles, then anticipates
how nearby people may move, and finally chooses one’s own path (Chen et al.,
2024; Hu et al., [2023).

While Transformers provide the mechanism for processing complex sequence
data, their deployment inside the driving stack is equally important. Classical
systems often use a sequence of separate modules: one model estimates the current
scene, a second predicts the motion of surrounding actors, and a third produces
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A. Classical Modular Pipeline (Sequential & Discrete)

Discrete Discrete
Images Perception Boxes Prediction Paths Planning Trajectory
current scene actor future ego trajectory
«--%¢--- «--3¢---
0 Gradient 0 Gradient

B. UniAD End-to-End Paradigm (Continuous & Differentiable)

Differentiable Gradient Path via Backpropagation

Perception Unified Prediction Unified Planning rajectory
current scene Queries actor future Queries ego trajectory

Figure 4: Compact comparison of optimization paradigms. A. Modular ap-
proach: perception, prediction, and planning communicate through discrete in-
termediate outputs, which limits gradient flow between modules. B. UniAD-
style end-to-end approach: continuous latent features and query-based atten-
tion preserve a differentiable path from the final trajectory loss to earlier scene
representations.

the ego trajectory. The limitation is that each component is optimized using a
local proxy objective, such as bounding-box error, even though the final goal is
accurate and safe trajectory prediction. Good performance on each intermediate
task therefore does not automatically imply good performance of the end task
which is trajectory prediction for the ego vehicle (Chen et al., 2024)).

A second limitation is optimization. If modules communicate through discrete
or non-differentiable outputs, the final trajectory loss cannot easily update earlier
perception representations. For instance, if the final trajectory is poor because
an object was poorly represented upstream, the planning loss may not provide
a useful gradient signal to correct that earlier representation. Also, since each
module compresses the full representation into its outputs, there is information
loss. This information, if discarded, may be useful for the end task but not for
the early sub-tasks. Since the model is sequential, this information once discarded
cannot be retrieved by the end motion planner, leading to sub-optimal behavior
(Chen et al., 2024).

The architecture used in this thesis, Unified Autonomous Driving (UniAD)
(Hu et al., |2023), addresses this by framing the driving pipeline as an end-to-end
differentiable Transformer based neural network. Rather than passing only dis-
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crete coordinates between components, UniAD represents relevant scene informa-
tion through continuous latent vectors. At an abstract level,

Zi=Oy(Li_sy),  Yi=go(Z:,C). (29)

Here, I;,_s., is the multi-camera image history for training example i, ®4 is the
representation encoder with parameters ¢, Z; is the learned latent representation,
C; is the route command, gy is the trajectory prediction module with parameters
0, and Y] is the predicted future ego trajectory.

Because attention operations are differentiable (Vaswani et al.; 2017)), the final
trajectory loss can influence earlier representations through backpropagation. This
does not guarantee safe driving, but it makes joint optimization of representation
and prediction possible. The following subsections define the attention mechanism
and explain why it is useful for building continuous latent representations from
spatial-temporal data.

2.2.2 The Bottleneck of Recursive Estimation

In trajectory prediction, the observed history can be viewed as a multivariate
stochastic process. Let

Xir = (X1,...,x7) € RT*% (30)

where x; € R%» denotes the observation or feature vector at time ¢, 7" is the number
of observed time steps, and d;, is the input dimension. The available information
up to time t is represented by

Fi=o0(xX1,...,X¢). (31)

Here, o(-) denotes the sigma-algebra generated by the observations up to time t.

The prediction problem is to infer a future quantity Y from this history.
Recurrent Neural Networks (RNNs), including LSTMs and GRUs, process a

sequence through a continuous hidden state h, € R% as shown in Figure :

ht == @(thxt -+ Whhht—l + b) (32)

Here, ¢ is a nonlinear activation such as tanh, W, € R%*%n» maps the current
input into the hidden state, Wy, € R%*%% maps the previous hidden state into
the current hidden state, and b € R% is a bias vector.

The hidden state h; functions as a recursive summary statistic intended to
encode the observed history xy,;. This compression mechanism can be formal-
ized via the Information Bottleneck principle (Tishby et al., [2000), wherein the
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network implicitly optimizes a trade-off: minimizing the representation complex-
ity I(x14;hy) while maximizing the predictive information 7(h;;Y) regarding the
future trajectory. However, the standard RNN architecture imposes a strict struc-
tural constraint by confining h, to a fixed-dimensional Euclidean space R%, inher-
ently bounding its channel capacity. Consequently, this induces a severe represen-
tational bottleneck (Bahdanau et al., 2014)). By the Data Processing Inequality,
applied along the temporal Markov chain x; — h; — - -+ — hy, the mutual infor-
mation between early inputs and the current state, I(xy; h;) for k < ¢, is subject
to strict decay, rendering the retention of long-term dependencies mathematically
prohibitive.
The optimization issue appears in the chain rule. For k < ¢,

oh, ([ {4 Oh, \ oh
a_xk - <s= +1 8h31> a_xk (33)

k

The product contains one Jacobian factor for every intermediate time step. If
these Jacobians contract on average, the gradient signal from x; to h; can become
small. For example, if

Ohg
Hahs—l <ec<1 fors=k+1,...,t, (34)
then oh oh
t t—k k
— | < — . 35
‘ an = ¢ an ( )
Here, || - || denotes a matrix or vector norm, and ¢ is a contraction constant. Equa-

tion (35| illustrates the vanishing-gradient problem (Pascanu et al., 2013):
distant observations may have a weak effect on the training signal. Gated models
reduce this problem, but the path between distant observations still passes through
many sequential updates.

2.2.3 The Transformer Paradigm: Global Estimation

Transformer (Vaswani et al., [2017) reduces this recursive bottleneck by using a
different computational structure. It defines a parameterized sequence-to-sequence
mapping
f0 - RN Xdmodel _y RNdeodel’ (36)
where N is the number of tokens and d,,oqe 1S the internal feature dimension. The
tokens may represent time steps, image patches, spatial cells in a latent represen-
tation, or learned query vectors.
Instead of compressing the entire history into a single hidden state, the Trans-
former keeps a separate representation for each token inside the context window.
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RINN: Sequential Processing Transformer: Parallel Attention

D O 6
o))

Global Context Window

High

Figure 5: Comparison of historical data utilization. Left: A Recurrent Neural
Network (RNN) processes historical data sequentially, compressing past observa-
tions into a temporal chain of hidden states (h;). Right: A Transformer bypasses
the sequential bottleneck by utilizing an attention mechanism, querying all histor-
ical tokens (z) directly and concurrently to construct the output (). The varying
thickness of the purple arrows visually denotes the dynamic attention weights as-
signed to different historical observations.

Attention lets these tokens interact , as shown in Figure 5] Thus, the computa-
tional path between two tokens is reduced from order O(7T) in a recurrent chain
to order O(1) within one attention layer (Vaswani et al., 2017). This does not
mean information is preserved perfectly, but it gives distant tokens a direct route
to influence one another.

Statistical and Computational Trade-offs This structure changes both esti-
mation and computation. Since token representations can be updated in parallel,
the model does not need a long chain of hidden states before a distant observa-
tion can affect the current representation. During gradient-based optimization,
information from different positions in the context can therefore contribute more
directly to the loss gradients.

Since there are no free lunches, The cost is that self-attention compares every
token with every other token. The core operation forms the pairwise affinity matrix
QK and the time and memory complexity scale as O(N2dyoqe1) (Vaswani et al.,
2017).

Here, N? comes from all pairwise token comparisons, and dpoqe is the feature
dimension. In trajectory prediction, /N can be large because the latent representa-
tion may contain many spatial cells across several time steps. Thus, Transformers
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provide flexible global interaction, but the context size must be managed carefully.

2.2.4 Scaled Dot-Product Attention

The mechanism that enables this direct information routing is Attention (Vaswani
et al., |2017). For a statistical audience, a useful comparison is the Nadaraya—
Watson estimator (Nadaraya, 1964; Zhang et al., [2023). Given observations
D = {(x1,y1),-..,(Xn,¥nN)}, it estimates the response at a target point x by a
locally weighted average:

N

- _ Ki(x, ;) ‘
y(x) = ; S Kax) (37)

Here, Kj(x,x;) is a kernel measuring normalized similarity between x and x;, and
h is a bandwidth controlling locality. Scaled dot-product attention has the same
broad weighted-average structure, but the similarity rule is learned through projec-
tions rather than fixed in the original input space. More precisely, the analogue of
the Nadaraya—Watson kernel K} (x,x;) is the non-negative learned attention
kernel

Tk,
Katt (i, Kj) = exp(qz—\/d_J) ) (38)
k

Here, q; is the i-th query vector, k; is the j-th key vector, and d}, is the query-key
dimension. The raw dot product q, k; is therefore the pre-softmax similarity score,
while k.4 is the kernel-like quantity that is normalized into attention weights.

Let Hiarger € RM*dmodel denote the target representations to be updated, and
let Hyouree € RY*dmodel denote the source representations from which information
is extracted. Attention first forms

Q = HtargetWQa K= HsourceWK7 V = HsourceWV- (39)

Here, W € Rimoderxde W g € Rmodetdk - and Wy, € RémoderXdv are learned pro-
jection matrices. The matrix Q € R™*% contains queries, K € RV*% contains
keys, and V € R¥*% contains values. Intuitively, queries ask for information, keys
are addresses used to identify relevant source tokens, and values are the contents
retrieved. A useful analogy is searching in a library: the query is the question, the
keys are catalogue entries, and the values are the material retrieved.

The pairwise score matrix is

S=QK'. (40)

Because q; and k; are projected into the same latent space, their inner product
measures alignment between query ¢ and key j. A high positive score means that
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Nadaraya-Watson Attention Mechanism

Query: x Query: Q

Data Points: x; Keys: K

Similarity Metric Learned kernel
Ratt (Qiy kj)

. lormalization Weights: oy
Weights: w; g
g !

Payload

Targets: y; Values: V

Kernel Kj,(x,x;)

=

Weighted Avera
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Figure 6: Analogy between Nadaraya—Watson kernel regression and scaled dot-
product attention. Both methods compute a weighted average of values. Kernel
regression uses a fixed similarity rule Kj(x,x;), while attention learns query and
key projections that define the kernel-like similarity rae(q;, k;)(refer to Equation
, which is then normalized by the softmax to produce weights a;.

the corresponding value vector should receive a larger weight. After scaling and
exponentiation, this score gives the learned attention kernel in Equation (38]).

The scores are scaled by \/dj.. If the components of q; and k; are independent
with zero mean and unit variance, then

d
Var <Z qimkjm> = dj,. (41)
m=1

Here, ¢;m, and kj,,, are the m-th components of q; and k;. Thus, without scaling,
the dot-product variance grows with dj, which can push the softmax into regions
with small gradients. Dividing by 1/dj, stabilizes the pre-softmax variance.

The row-wise softmax gives the attention matrix (Vaswani et al., 2017)

A = softmax ((?/Ii_:) : (42)

Each row of A contains non-negative weights summing to one. Equivalently, the
element a;; can be written as

_ ’fatt(Qia kj) _ exp(qjkj/\/d_k)
S Ka(aike)  Sopn exp(a) ke/v/dy,)
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Here, «;; is the weight assigned to value vector v; when updating query q;. These
weights resemble probabilities mathematically, but they should not be interpreted
as calibrated probabilistic beliefs.

For a single query q;, the output is

N
Z; = Z Qi V. (44)
j=1

Here, v, is the j-th row of V, and z; € R% is the updated representation for query
1. Equation captures the main intuition: attention replaces a fixed summary
of the input by a learned weighted average of relevant value vectors. Because z; is
formed directly from all attended values, gradients can reach distant or spatially
separated tokens through a shorter computational path than in Equation (33)).

2.2.5 Self-Attention vs. Cross-Attention

The same scaled dot-product attention operation can be used in two ways, de-
pending on where the Query (Q), Key (K), and Value (V) matrices come from.

Self-Attention (Vaswani et al., 2017): Modeling Internal Dependencies
In self-attention, all three matrices are derived from the same representation:

Zself = Attention(HWQ, HWK, HWV) (45)

Here, H € RV*dmodel ig the input representation, and Zgr is the updated repre-
sentation. Self-attention computes pairwise similarity weights within a single set
of representations. It should not be interpreted as a covariance matrix; rather,
it learns which elements of the same sequence should exchange information. For
example, in our case study, two nearby actors in a scene can influence each other’s
representations if their interaction matters for prediction.

Cross-Attention (Vaswani et al., 2017): Conditional Feature Extraction
In cross-attention, the queries come from a target representation, while keys and
values come from an external source representation:

Ztarget - Attention(HtargetWQa HsourceWKu HsourceWV)- (46)

Here, Hiager is the representation being updated, Hgouree is the representation
being read from, and Zi,,ee is the updated target representation. Cross-attention
therefore acts as targeted feature extraction: the target asks for information, and
the source provides the evidence.
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Updated Trajectories
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Figure 7: High-level schematic of the query-based decoder used at the planning
stage. A fixed number M of learned query vectors is updated through self-attention
and then uses cross-attention to extract relevant information from the larger latent
representation. Positional encodings (@) are added to preserve temporal, spatial,
or query identity. This avoids full self-attention over all N latent tokens while still
allowing the trajectory module to retrieve task-relevant evidence.

The Directionality of Cross-Attention The asymmetry of cross-attention is
important. The representations mapped to Q are the ones that ask for information
and are updated. The representations mapped to K and V act as the source of
information. The library analogy is again useful: the target representation asks
the question, the source keys determine which parts of the source are relevant, and
the source values provide the content retrieved. Reversing the roles would change
which representation is updated. Since we want to update target representation
using context from source, therefore the target representation to be updated is
always introduced as Q rather than as K,V and source context is always intoduced
via K,V (Vaswani et al., |2017)).
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Application Example: The UniAD Architecture In UniAD (Vaswani et
al.,2017), the architecture departs from discrete, hand-crafted intermediate repre-
sentations by utilizing continuous Unified Queries, as shown in Figure [ For-
mally, these queries are instantiated as a set of learnable embedding vectors,
Q € RNXdmodel Rather than being derived purely from the current observation,
they are initialized as free parameters and iteratively optimized across the entire
training dataset via stochastic gradient descent. Consequently, they encapsulate
a dataset-level inductive bias, acting as structural ”slots” that learn to represent
potential traffic entities, map elements, and valid trajectory modes. Before in-
corporating external observations, self-attention mechanisms allow these queries
to interact with one another, resolving spatial and semantic conflicts to ensure
internal consistency. Subsequently, cross-attention layers enable the queries to dy-
namically extract relevant evidence—such as road geometry or motion cues—from
the shared dense latent representation.

By routing information through this continuous, query-based interface rather
than through discrete bounding boxes or fixed semantic classes, UniAD establishes
an end-to-end differentiable computational graph. This allows the gradient from
the final trajectory loss to propagate backward, explicitly shaping the intermediate
perception and prediction features. While this does not theoretically guarantee
recovery from severe intermediate errors, it couples the optimization objectives,
enabling joint representation learning in a way that is structurally impossible for
a strictly modular pipeline.

2.2.6 Temporal Structure

Attention by itself has no inherent notion of temporal order. If the same permu-
tation is applied to the queries, keys, and values, the output is permuted in the
same way (Vaswani et al., 2017):

Attention(I1Q, ITK, ITV) = IT Attention(Q, K, V), (47)

where IT € {0, 1} is a permutation matrix. Equation means that attention
can compare tokens, but does not automatically know whether one token came
before or after another. Temporal or positional information must therefore be
added explicitly.

Positional Encoding A common method is sinusoidal positional encoding (Vaswani
et al., 2017):

pos

) pos
PEpos2m = sin <—) ) PEpos 2m+1 = cos (100002m/dm0de1

100002m/dmode1 ) . (48)
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Here, pos is the position index, m indexes pairs of feature dimensions, and dp,ogel
is the model dimension. The denominator controls the wavelength. Small values
of m produce high-frequency components that distinguish nearby positions, while
larger values produce low-frequency components that vary more slowly. Instead
of representing time as a single integer, the model receives a multi-frequency code
for temporal position.

The Geometric Logic of Sinusoidal Encoding Sinusoidal encodings are use-
ful because they give the attention mechanism a structured notion of relative po-
sition. Without positional grounding, the model treats inputs as an unordered set
of features. The sinusoidal construction in Equation helps in three ways:

e Relative translation. For a fixed offset k, PE(pos+ k) can be represented
as a linear transformation of PE(pos). This helps the model reason about
relative temporal distances At.

e Dot-product interaction. Since attention depends on QK positional
information should remain visible through inner products. Products of si-
nusoidal terms involve expressions such as cos(f; — 6,), making similarity
depend partly on relative position.

e Multi-scale time representation. High-frequency components distin-
guish adjacent frames, while low-frequency components provide slower vari-
ation across the sequence. This is useful because motion prediction depends
on both short-term changes and broader temporal context.

In Figure[7] positional encodings are added both to the latent spatial features
and to the learnable queries. For the latent space, they help preserve temporal and
spatial identity. For the queries, they prevent all learned proposals from collapsing
into a single indistinguishable state during self-attention.

Enforcing Causality via Masking A causal mask is required when an at-
tention layer processes a sequence containing future positions that should not be
visible to the current prediction. This is done by adding a mask matrix M before
the softmax:

KT
A = softmax (Q + M> , (49)
Vdj
where
0 o
M, = { o I=h (50)
—00, j > 1.
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Here, i indexes the query position and j indexes the key position. Since exp(—o0) =
0, forbidden future positions receive zero attention weight after the softmax. In
this thesis, the input history [;,_s., already contains only past and current obser-
vations. Therefore, causal masking is mainly relevant if the architecture internally
processes future tokens during training, or if it is used autoregressively.

2.2.7 Query-Based Decoding over the Latent Representation

In the original Transformer, the encoder processes the input sequence using self-
attention, and the decoder generates the output using self-attention and cross-
attention. This structure is powerful, but full self-attention over a large latent
scene representation can be expensive. If the latent representation contains N
tokens, full self-attention requires an N x N pairwise comparison.

To reduce this cost, UniAD uses a query-based decoder (Hu et al., 2023)), shown
in Figure Instead of applying full self-attention over every latent token, the
model starts from a smaller set of learned query vectors (refer to Application
Example in section for definition of unified queries) and lets these queries
read from the latent representation. This assumes that the latent representation
already contains the relevant scene information, and that the decoder only needs
to retrieve what is useful for the downstream prediction task.

The key simplification is how the queries are generated. In a standard encoder,
queries are derived from the input data itself, creating the N x N bottleneck.
UniAD instead uses a small fixed matrix of learnable queries, with M < N. For
a statistician, these M vectors can be understood as learned proposal slots or
latent questions. Rather than asking every latent token to compare with every
other token, the model asks M learned questions about the scene. The M tokens
start as generic learned questions and are transformed by the attention mechanism
by adding revelant context from the latent representation. These transformed
queries then contain specific and rich context about the questions the planner needs
answers for before it can predict a plausible trajectory. For example, the question
might about the location of other surrounding actors in the scene. Without this
high context information a safe and plausible trajectory is impossible.

Including cross-attention between queries and latent tokens, and self-attention
among the queries, the approximate complexity changes from

O(NQdmodd) — O<MNdm0del + M2dm0del)' (51)

Here, N is the number of latent tokens, M is the number of learned queries, and
dmodel 18 the feature dimension. The term M Ndoqe1 comes from cross-attention
between queries and latent tokens, while M2d ;040 comes from self-attention among
the queries. Since M < N, this is cheaper than full self-attention over all latent
tokens (Hu et al., [2023).
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Statistically, the query-based decoder acts as an efficient conditional feature
extractor. It allows a small number of learned query vectors to retrieve spatial
and temporal evidence directly from the latent representation. A useful analogy
is asking a small set of well-designed questions about a large image, instead of
comparing every part of the image with every other part. This preserves the main
advantage of attention, namely selective information retrieval, while keeping the
computation feasible for large latent representations.

2.3 Transfer Learning

Before defining the specific adaptation procedure, we first motivate why transfer
learning is used instead of training the full architecture from random initialization.
In statistical machine learning, Transfer Learning Yosinski et al., 2014} Zhuang et
al., 2020 uses information learned by training on a source domain to improve
learning in a related target domain. In this thesis, the source domain is a large
passenger-car driving dataset, while the target domain is a smaller heavy-truck
driving dataset.
Let
Ds ={(a}, 4 )} ~ Ps,  Dr={(a] 4/ )}i% ~ Pr. (52)

Here, Dg and Dy denote the source and target datasets, ng and np are their
sample sizes, 27, x7 are inputs, y7, y! are supervised labels, and Ps and Py are the
corresponding data-generating distributions. In this section, the main supervised
output is the future trajectory, denoted by Y,

Training from scratch estimates all model parameters using only the target
dataset Dr. For a high-capacity transformer-based model, this is statistically
difficult because the target dataset may be too small to constrain millions of pa-
rameters without overfitting. Transfer learning instead starts from parameters

learned on the larger source dataset:

. IR N 1l
G5 € argmin —— > Ls(y), fulal)),  Orcarg i > Lyl fula]))
i=1 i=1

(53)
wo = Wg. Here, w denotes the trainable model parameters, f,, is the prediction
model, Lg and Ly are the source and target losses, g is the pre-trained source
solution, and wy is the initialization used for target-domain fine-tuning.

The intuition is similar to that of a student who has already learned general cal-
culus before studying a specialized engineering application. The student still needs
to adapt to the new problem, but does not need to relearn algebra, derivatives,
and basic functions from the beginning. Similarly, early visual and geometric fea-
tures, such as edges, object shapes, and spatial layout, can be partly reused across
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driving domains. Transfer learning, therefore, acts both as an initialization strat-
egy and as a regularization strategy: it starts optimization from a useful region
of parameter space and reduces the amount that must be learned only from the
smaller target dataset.

In this thesis, we start from a UniAD (Hu et al., |2023)) model pre-trained on
source domain data and, after adapting the architecture, we fine-tune the pre-
trained parameters further on target domain using low learning rates. The moti-
vation behind low learning rates is that we do not want to destroy the common
mappings source domain and target domain have, we only want to adapt it to
target domain.

2.3.1 Datasets

This study uses two datasets representing the source and target domains. The
source domain, denoted by Dy, is the nuScenes dataset (Caesar et al., 2020). It is
a large-scale benchmark for urban autonomous driving, collected using a passenger
vehicle with a multi-sensor setup. Its empirical distribution contains many dense
urban scenes, including pedestrians, cyclists, intersections, and low-speed traffic.
It consists of 1000 annotated driving scenes, each of 20 seconds length. Samples
from this domain are used for the initial pre-training of the architecture.

The target domain, denoted by Dr, is the proprietary MAN TruckScenes
dataset (Fent et al., 2024). It is collected from a heavy-duty commercial truck
operating mainly in highway environments and logistics hubs. It consists of 747
annotated driving scenes, each of 20 seconds length. The target samples represent
the distribution on which the transfer-learning procedure is evaluated and fine-
tuned. The central problem is that the source and target distributions are related
but not identical.

2.3.2 Domain Gap

Deploying a model trained on nuScenes directly on MAN TruckScenes creates a
domain adaptation problem. The joint distributions of inputs and trajectory labels
differ:

Py(X,Y'™) £ Py(X,Y'™) (54)

Here, X denotes the model input and Y% denotes the future trajectory label.
This joint shift can be decomposed into three main effects:

Ps(X) # Pr(X), covariate shift, (55)
Ps(G) # Pr(G), scene-prior shift, (56)
Ps(Y™ | X) # Pp(Y'™ | X), conditional or concept shift. (57)

33



In Equation , G denotes a high-level scene type, such as urban intersection,
highway lane-following, or logistics-yard driving. Covariate shift means that the
visual inputs change. Scene-prior shift means that the relative frequencies of scene
types change. Concept shift means that the same type of observed situation may
require a different future trajectory because the vehicle platform and driving en-
vironment have changed.

The main source-to-target shifts are described below. For each shift, we sepa-
rate the description from the statistical implication, because the important point
is not only what changes, but why that change affects the learned model.

e Sensor topology: number and placement of cameras.

Description. nuScenes uses a six-camera surround-view system, while TruckScenes
uses four cameras (Caesar et al., 2020; Fent et al., [2024]):

Xgam c RGXHXWX07 X%am c R4><H><W><C' (58)

Here, X and X7 denote the camera-image inputs in the source and
target domains, H and W are image height and width, and C' is the number
of colour channels.

Statistical implication. This is a structural covariate shift. The pre-trained
model has learned to combine six perspective views into a shared latent
representation. When two views are removed, the input is not merely missing
pixels; the geometry of the multi-camera fusion problem changes. If Zg and
Zr denote the source and target latent representations, then one generally
expects

Epg[Zs] # Ep.[Zr],  Varpy,(Zs) # Varp,(Zr). (59)

Here, E denotes expectation and Var denotes variance. The downstream
trajectory module is trained to process latent activations with source-domain
statistics. If the latent statistics shift too much, it receives out-of-distribution
features. Intuitively, this is like learning to navigate using six mirrors and
then suddenly being given only four: the task is still related, but the learned
spatial reference system must be realigned.

Adaptation implication. The camera embeddings should therefore not be
randomly reinitialized. Instead, source embeddings corresponding to shared
camera positions can be reused, while unavailable source views are removed.
This preserves the parts of the multi-camera prior that remain valid.

e Camera intrinsics and field of view.
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Description. TruckScenes uses wider-angle cameras than nuScenes. Under a
simplified pinhole projection model (Fent et al., 2024),

x
u= f—+c, v:fg—l—cy, (60)
z z

where (z,y, )" is a 3D point in camera coordinates, (u,v) is its image loca-
tion, f is the focal length, and (c,, ¢,) is the principal point.

Statistical implication. Changing the field of view changes the mapping be-
tween physical size and pixel size. Objects at the same physical distance may
appear smaller, more distorted, or differently shaped in the target domain.
Therefore, the distribution of visual scales changes:

Ps(scale(X)) # Pr(scale(X)), (61)

where scale(X') denotes image-level object scale features extracted from the
input. This matters because the visual encoder is trained on source-domain
scale statistics. A distant object that was large enough to be salient in
nuScenes may become a small, low-texture region in TruckScenes. The model
may then treat it as background unless the visual representation is adapted.

A real-world analogy is switching from a normal camera lens to a wide-angle
action camera. The scene is still the same physical world, but distances,
object sizes, and distortions look different. A visual system trained on the
first lens cannot automatically interpret the second lens perfectly.

Adaptation implication. The latent representation and spatial attention lay-
ers must be fine-tuned so that visual features from the wider field of view
are mapped to the correct physical scene representation.

Camera extrinsics and mounting height.

Description. Truck cameras are mounted higher than passenger-car cameras
and may have a different downward pitch. The camera projection depends
not only on intrinsics but also on the extrinsic transformation (Fent et al.,
2024):

I’img x K [R t} Pworld - (62)

Here, pyoria is a 3D world point in homogeneous coordinates, pimg is the
projected image point, K is the intrinsic matrix, R is the rotation matrix,
and t is the translation vector.

Statistical implication. The model learns an implicit relationship between
image coordinates and physical ground-plane locations. If the camera height
and pitch change, the same pixel location can correspond to a different physi-
cal location. Let D denote physical depth and let U = (u, v) denote an image
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coordinate. The learned source-domain depth relationship need not match
the target-domain relationship:

Ep[D | U] # Ep,[D | U]. (63)

This means that a model trained on passenger-car geometry may systemati-
cally estimate objects as too close or too far away when used on truck images.
In trajectory prediction, such errors matter because the future path depends
strongly on where obstacles and road boundaries are in physical space.

Adaptation implication. Fine-tuning the latent representation is necessary
to recalibrate the pixel-to-ground mapping. Without this step, the end-to-
end trajectory model may be forced to operate on geometrically biased scene
summaries.

Information asymmetry: missing deterministic spatial priors.

Description. In some source-domain training setups, the model can use ex-
ternal spatial information such as lane boundaries, drivable areas, or intersec-
tion layouts. TruckScenes does not provide the same deterministic spatial
priors. Thus, the target model must rely more heavily on sensor-derived
features.

Statistical implication. The prediction task changes from a more constrained
conditional distribution to a less constrained one:

PS(Ytraj | Xsensorsa Xmap) — PT(YVUraj | Xsensors)- (64)

Here, X¢ensors denotes sensor-derived input features and X,,,, denotes exter-
nal spatial map information. Removing X,,,, increases uncertainty because
the model must infer road structure from the visual latent representation
alone. This is similar to navigating with and without a detailed map. With
a map, many impossible paths are ruled out immediately. Without a map,
the model must infer which areas are drivable from what it sees.

Adaptation implication. The latent representation must preserve stronger
visual evidence about road structure, lane-like geometry, and free space. The
final end-to-end stage can then adapt the trajectory output to this sensor-
only representation.

Speed distribution and latent-grid compression.

Description. nuScenes primarily represents lower-speed urban driving, while
TruckScenes contains higher-speed highway driving (Caesar et al.,|2020; Fent
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et al., [2024)). The physical reason this matters can be illustrated by

U2

1
Ekin = §m112, dstop ~ % (65)

Here, Fiiy, is kinetic energy, m is vehicle mass, v is speed, dop is an idealized
stopping distance, and a is the magnitude of deceleration. These equations
are not used as a physical simulator; they only illustrate why higher speeds
and heavy vehicles require longer-range perception and different trajectory
dynamics.

Statistical implication. A larger physical perception range must be repre-
sented by a finite latent grid. If a 200 x 200 latent grid represents 50 m in
the source domain but 150m in the target domain, then the physical side
length represented by each grid cell changes as

150 . 50
3—— = 3As. (66)

A = — =
T7 9200 200

Here, Ag and Ap denote the physical side length represented by one grid
cell in the source and target domains. Since the grid represents a two-
dimensional ground plane, the physical area per cell increases by a factor of
nine. This creates a spatial quantization problem: more physical space must
be summarized by the same number of latent cells.

The implication is increased risk of feature collision, where distinct physical
objects or road structures are compressed into the same or nearby latent
locations. In simple terms, this is like drawing a large highway scene on the
same small sheet of graph paper: each square of the graph now represents a
larger real-world area, so fine details become harder to separate.

Adaptation implication. The latent encoder must learn a more aggressive
compression mapping. Fine-tuning should therefore first focus on the spatial
representation before the complete model is adapted end-to-end.

Scene and contextual shift.

Description. The operating environment changes from dense urban roads to
highways and logistics hubs. This changes both the frequency of scene types
and the visual contexts in which trajectories are observed (Caesar et al.,
2020; Fent et al., 2024]):

Ps(G) # Pr(G),  Ps(X|G)# Pr(X|G). (67)

Here, G denotes a high-level scene type and X denotes the input features.

37



Statistical implication. The scene prior P(G) affects what the model expects
to see. In nuScenes, dense urban intersections and low-speed interactions are
common. In TruckScenes, highway lanes, commercial vehicles, guardrails,
and logistics environments become more prominent. The contextual shift
P(X | G) is equally important: even if the task is still trajectory prediction,
the visual evidence surrounding the trajectory changes.

A simple analogy is recognizing the same driving rule in two countries with
different road layouts. The rule may be conceptually similar, but the sur-
rounding cues are different, so a learner initially trained in one environment
may make systematic mistakes in the other.

Adaptation implication. The target-domain training stages must adapt both
the latent representation and the final trajectory mapping so that the model
no longer relies too strongly on urban source-domain scene priors.

Table 1: Summary of source-to-target domain shifts and corresponding adaptation
responses.

Shift

Statistical implication

Adaptation response

Camera topology

Camera intrinsics
Camera extrinsics
Missing map priors
Speed and spatial
horizon

Scene context

Latent activation statis-
tics change because the
number of camera views
changes

Object scale and distor-
tion statistics change
Pixel-to-ground mapping
becomes biased
Conditional prediction be-
comes less constrained and
more uncertain

Larger physical range
must be compressed into
the same latent grid
Source and target scene
priors differ

Slice and realign camera em-
beddings

Fine-tune visual and spatial
representation layers
Recalibrate latent spatial rep-
resentation

Strengthen sensor-derived la-
tent features

Fine-tune spatial compression
before full model training

End-to-end adaptation on
target-domain trajectories

2.3.3 Bridging the Domain Gap: A Two-Stage Adaptation Curriculum

A natural but inefficient strategy would be to fine-tune the entire architecture
end-to-end immediately on TruckScenes. The difficulty is that several shifts occur
at the same time: the number of cameras changes, camera geometry changes,
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map priors are missing, the spatial horizon expands, and vehicle dynamics differ.
If all components are updated at once, the optimizer receives competing signals
from many sources of mismatch. This can lead to unstable gradients and poor
adaptation.

We therefore use a two-stage adaptation curriculum: first latent representation
fine-tuning, then end-to-end fine-tuning. The model parameters are conceptually
partitioned as

w = (,0), (68)

where ¢ denotes the parameters responsible for constructing the latent represen-
tation, and 6 denotes the remaining trainable parameters used to map the latent
representation to the final trajectory output. Freezing a parameter group means
that it is held fixed during backpropagation. The corresponding part of the model
still produces outputs in the forward pass, but its weights are not updated by the
optimizer.

The motivation for staging is simple: first make the model see the target domain
correctly, and only then train the full prediction system. This is similar to adapting
from a small car to a large truck. Before refining the full driving strategy, one must
first adjust to the new viewpoint, blind spots, and spatial scale.

Stage 1: Latent representation fine-tuning. The first stage adapts the vi-
sual and geometric representation to the target domain. The downstream trajec-
tory parameters are frozen, and only the representation parameters are updated:

¢ € arg m(gn L:ep(¢; Dr), 6 frozen. (69)

Here, L., is the representation loss on the target dataset Dp. The goal is to make
the latent space geometrically meaningful for the truck domain before relying on
it for end-to-end trajectory prediction.

e Topological realignment via embedding slicing. The source and target
camera sets are

Cs = {FL,F,FR,BL,B,BR},  Cr = {FL,FR,BL,BR}.  (70)

Here, FL, F, FR, BL, B, and BR denote front-left, front, front-right, back-
left, back, and back-right camera positions. If Fg(c) denotes the source
camera embedding for camera ¢, the target embeddings are initialized by

Here, Ep denotes the target-domain camera embedding tensor. The source
front and back embeddings are dropped because the corresponding cameras
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are not available in the target topology. The statistical implication is that the
target model begins with embeddings already aligned to comparable physical
viewpoints, rather than learning all camera identities from noise.

e Geometric recalibration of the latent space. The intrinsics and extrin-
sics shifts in Equations and mean that the same visual pattern can
correspond to a different physical position in TruckScenes than in nuScenes.
Stage 1 therefore focuses on recalibrating the latent representation. The
statistical implication is that the model first learns a target-domain pixel-to-
scene mapping before the final trajectory loss is allowed to modify the entire
model.

e Latent-space compression and spatial horizon. TruckScenes requires a
larger physical perception horizon because of higher speeds and longer stop-
ping distances. Expanding the latent grid from 200 x 200 to 600 x 600 would
preserve metric resolution but would be computationally expensive because
attention cost grows with the number of tokens. Therefore, the latent grid is
kept fixed while its physical coverage increases. The statistical implication
is that each latent cell must summarize more physical space, making repre-
sentation learning harder. Stage 1 isolates this compression problem so that
the model can adapt the latent space before the final trajectory objective is
optimized end-to-end.

Stage 2: End-to-end fine-tuning. After the latent representation has been
adapted, the second stage unfreezes the full model. This stage addresses the
conditional shift in Equation : the same type of observed scene may imply
different future trajectories for a heavy truck than for a passenger car. The target-
domain objective is

~ o~

(¢7 6) € arg H;IGH Etotal((b; 67 DT) (72)

Here, Lyt is the full training loss on the target dataset, including the represen-
tation and trajectory objectives used by the architecture.

The rationale is that representation and trajectory prediction are not inde-
pendent. If only the final trajectory module were fine-tuned, it would have to
predict truck-specific trajectories from features still optimized for passenger-car
urban driving. Conversely, if only the latent representation were fine-tuned, the
model would not fully adapt its final trajectory mapping to truck-domain dynam-
ics. End-to-end fine-tuning allows both parts to adjust jointly.

Trajectory forecasting can be written abstractly as learning

Pr <Y;et~ﬁjt+H | Xl:t) ; (73)
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where X1, is the observed input history up to time ¢, Y;:f?t g 18 the future trajec-
tory over horizon H, and Pr is the target-domain distribution.

e Joint adaptation of representation and trajectory prediction. Fine-
tuning on Dr encourages the model to reduce reliance on source-domain ur-
ban dynamics and instead match the empirical transition patterns of highway
trucking. The statistical implication is that the learned conditional distribu-
tion Pr(Y® | X) should reflect target-domain motion patterns rather than
source-domain ones.

e Data-driven kinematic priors. Instead of hard-coding truck-specific phys-
ical constraints into the prediction solver, the model is allowed to learn these
regularities from target-domain trajectories. The statistical implication is
that quantities such as longer deceleration profiles and smoother steering
behaviour are absorbed through the empirical loss. This does not guaran-
tee physical feasibility in all cases, but it encourages the learned trajectory
distribution to better match the kinematics observed in heavy-truck data.

Throughout both stages of the adaptation curriculum, the model parameters
are updated using the Adam optimizer (Kingma & Ba, 2014)). Due to the substan-
tial memory footprint required to process high-resolution multi-camera sequences
and maintain continuous dense latent representations, the training is conducted
with a micro-batch size of 4. This ensures that the optimizer can reliably compute
gradients for the computationally heavy attention mechanisms without exceeding
hardware limitations.

Overall, the two-stage curriculum adapts the model from representation to
prediction. Stage 1 aligns the latent space with the target-domain sensors and
geometry. Stage 2 jointly fine-tunes the complete trajectory-prediction system
on TruckScenes. This ordering reduces the burden on end-to-end fine-tuning by
ensuring that the final trajectory objective receives a more stable and target-
relevant latent representation.

2.4 Uncertainty Quantification using Conformal Predic-
tion
2.4.1 Uncertainty

In this thesis, uncertainty refers to the fact that the future target is not known
exactly, even after observing the input. Statistically, uncertainty can be repre-
sented by a probability distribution, a variance, a quantile, or a prediction set. A
standard supervised model often returns only a point prediction,

= f(z), (74)
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where z is the input, f is the fitted prediction model, and ¢ is the predicted
target. A point prediction is useful, but it does not describe how plausible nearby
or distant alternatives are.

A useful analogy is travel-time prediction. Saying “the trip will take 20 min-
utes” is a point prediction. Saying “the trip will probably take between 18 and 30
minutes” also communicates uncertainty. The second statement is more useful for
planning because it describes both the central estimate and the possible error.

Uncertainty Quantification (UQ) aims to report more than a single point esti-
mate. Depending on the method, this may be a predictive distribution, a variance
estimate, a confidence interval, or a prediction set. For example, a probabilis-
tic model may describe uncertainty through a predictive distribution p(y | x, D),
where y is the target, z is the input, and D is the training data. A highly concen-
trated predictive distribution indicates low uncertainty, whereas a diffuse distri-
bution with large spread, heavy tails, or high entropy indicates high uncertainty.

Relevance in Autonomous Driving In the driving prediction problem, rely-
ing only on deterministic point estimates can be limiting. The same observed scene
may allow several plausible future motions, especially when other road users are
present, visibility is poor, or the model observes a rare situation. A prediction and
planning system that produces only one trajectory provides no direct information
about how uncertain it is about that predicted trajectory.

In this thesis, uncertainty estimates should be interpreted as statistical relia-
bility information, not as direct safety guarantees. A calibrated interval can tell
us how often the true future coordinate is expected to fall inside the interval under
the assumptions stated later, but it cannot by itself guarantee collision-free or safe
behaviour. Its role is to make uncertainty visible. For example, if the prediction
interval is wide, a downstream module could choose to behave more cautiously,
such as by reducing speed or leaving a larger spatial margin. This thesis does not
evaluate such a downstream controller; it focuses just on constructing statistically
calibrated prediction uncertainty intervals.

Aleatoric Uncertainty: The Irreducible Noise Aleatoric uncertainty de-
scribes variability that remains even if the model class and parameters were known.
It is uncertainty caused by the data-generating process itself, conditional on the
information available to the model. A common regression model is

Y =f(X)+e, E[|X]=0. (75)

Here, X is the input random variable, Y is the target random variable, f* is the
unknown regression function, and ¢ is the part of Y not explained by X. In this
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model, aleatoric uncertainty is represented by the conditional noise variance
Var(e | X = x). (76)

If this quantity is constant in x, the noise is called homoscedastic. If it changes
with z, the noise is called heteroscedastic.

e Homoscedastic noise: the noise variance is the same across the input
space, for example € ~ N(0,0?%), where o2 is constant.

e Heteroscedastic noise: the noise variance depends on the input, for ex-
ample € | X =z ~ N(0,0%(z)), where o?(z) changes with .

A simple example is depth estimation from images. Objects that are far away
are often harder to localize precisely than objects close to the camera. The input
x therefore affects the amount of measurement noise. More data can help esti-
mate this noise more accurately, but it does not necessarily remove the noise itself
(Hillermeier & Waegeman, 2021)).

Epistemic Uncertainty: The Reducible Ignorance Epistemic uncertainty
describes uncertainty caused by limited knowledge of the model or its parame-
ters. It can arise from finite training data, poor coverage of some regions of the
feature space, or a model class that is too simple for the true relationship. Un-
like aleatoric uncertainty, epistemic uncertainty can often be reduced by collecting
more representative data or using a more suitable model.

In Bayesian methods, epistemic uncertainty is commonly represented by the
posterior distribution p(@ | D), where § denotes model parameters and D denotes
the observed data. If the posterior is spread out, many parameter values remain
plausible; if it is concentrated, the data strongly identify the parameters. Un-
der regular parametric Bayesian assumptions, such as correct model specification,
identifiability, and a fixed-dimensional parameter space, one may have posterior
concentration of the form

p(0 | Dy) —— g, (77)
N—oo

where Dy is a dataset of size N, 6* is the true parameter value, and dy- is a point
mass at 6. Equation should be interpreted as an idealized statistical principle,
not as a universal guarantee for modern deep neural networks (Hiillermeier &
Waegeman, 2021)).
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Uncertainty types in terms of Parametric Variance Bounds In Bayesian
predictive modeling, the total predictive variance of a future target Y* at a new
input 2* can be decomposed using the law of total variance (Depeweg et al., 2018)):

Var(Y* ’ LE*,D) = Eg,\,p(‘ﬂp) [Var(Y* ‘ .I*, 9)]
Aleatoric%:lcertainty

+ Vargwpip) [EQY™ | z%,0)] (78)

J/

~
Epistemic Uncertainty

Here, Y* is the unknown future target, z* is the corresponding input, D is the
training data, and 6 is a random parameter drawn from the posterior distribution
p(@ | D). The first term is often associated with aleatoric uncertainty because it
averages the remaining output noise for fixed parameter values. The second term
is often associated with epistemic uncertainty because it measures how much the
prediction changes when plausible parameter values are varied.

This variance decomposition is theoretically useful, but a variance alone does
not automatically provide a calibrated prediction interval. A common but restric-
tive practice is to assume approximately Gaussian errors and use an interval such
as

7y + 1.960, (79)

where ¢ is the point prediction and ¢ is an estimated predictive standard deviation.
This interval is appropriate only under strong assumptions, such as approximate
normality and a reliable variance estimate. In complex prediction tasks, errors may
be skewed, heavy-tailed, or input-dependent. This motivates distribution-free
methods that provide finite-sample coverage guarantees under exchangeability,
without requiring a Gaussian error model.

2.4.2 Exchangeability

A finite sequence of random variables 7, Z,,..., Z,, taking values in a mea-
surable space Z, is exchangeable if its joint distribution is invariant to permu-
tations(Angelopoulos et al., 2024). Mathematically, for every permutation 7 €

Perm(n),

d

(Z1soo i Zn) = (Za(ys -+ s Zn))- (80)

Here, Perm(n) is the set of all permutations of {1,...,n}, and 2 means equality in
distribution. Intuitively, exchangeability means that the order of the observations
does not carry statistical information about their joint distribution. Shuffling
the observations changes their order, but not the probability law assigned to the
sequence.
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Independent and identically distributed (IID) observations are exchangeable
(Angelopoulos et al., 2024). However, exchangeability is weaker than IID, ex-
changeable observations must be identically distributed, but they do not need to
be mutually independent. This distinction matters because conformal prediction
relies on exchangeability rather than full independence.

Exchangeability in Scene-Based Driving Datasets The finite-sample guar-
antees of conformal prediction require the calibration and test examples, or more
precisely their nonconformity scores, to be exchangeable. Standard statistical
pipelines often assume IID observations to satisfy this condition. For sequential
driving data, this assumption is not automatically valid at the frame level.

Consecutive frames from the same driving sequence are generally not exchange-
able because their order carries information about motion. For example, the state
at time ¢ is strongly related to the state at time ¢t — 1. Reversing or randomly
permuting frames from one sequence would usually not produce a sequence with
the same joint distribution.

To make the exchangeability assumption more plausible, this thesis uses scene-
level splitting. Entire scenes or driving logs, rather than individual frames, are
treated as the primary units when separating training, calibration, and test data.
Frames within one scene may still be temporally correlated, but different scenes
are not directly dependent. Thus, scene-level exchangeability is a working assump-
tion: it is not automatically guaranteed, but it is more defensible than frame-level
exchangeability.

In practice, this means that frames from the same scene should not be di-
vided across training, calibration, and test splits. The analogy is grouping exam
questions by topic: if several near-duplicate questions come from the same topic,
placing some in training and some in testing would make the test look easier than
a genuinely independent test. Scene-level splitting reduces this leakage and better
matches the assumptions needed for conformal calibration.

2.4.3 Conformal Prediction

Traditional uncertainty quantification often relies on parametric assumptions, such
as Gaussian error distributions. These assumptions can be inaccurate when errors
are skewed, heavy-tailed, or strongly input-dependent. Conformal Prediction (CP)
(Angelopoulos et al., 2024; Vovk et al., 2005 addresses this issue by avoiding a
parametric model for the error distribution.

Rather than estimating the full conditional density p(y | ), CP wraps around
an existing predictor and converts its outputs into prediction sets. In regression,
the prediction set is often an interval. The term conformal refers to the idea that
a new observation should look similar, according to a chosen score, to previous
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calibration observations. A useful analogy is quality control: instead of assuming
a machine’s errors are Gaussian, we measure errors on a calibration batch and
choose a tolerance large enough to cover most future errors.
Let
Dcal = {(thl),...,(Xn,Yn)} (81)

be a hold-out calibration dataset of size n, where X; is an input and Y; is the
corresponding target. Let X, .1 be a new test input with unknown target Y, ..
The theoretical validity of CP relies on the exchangeability of

Under this assumption, CP can construct prediction sets with finite-sample marginal
coverage without knowing the true data-generating distribution (Angelopoulos et
al., 2024; Vovk et al., 2005).

Theoretical Guarantees of Marginal Coverage Given a target miscoverage
level a € (0, 1), CP constructs a prediction set C'(X,,+1). For scalar regression, this
set is often an interval [L, U], where L and U are the lower and upper endpoints.
The defining guarantee is (Angelopoulos et al., 2024)

P{Yn+1 c 6(Xn+1)} >1-a. (83)

The probability in Equation is taken over the random calibration sample and
the random test point. The guarantee is called marginal because it averages over
all possible test inputs X, ;1.

For common conformal constructions with continuous nonconformity scores,
the achieved coverage is also bounded above:

1
n4+1

1—a§IP’{Yn+1 € (7(Xn+1)} <l-a+ (84)
The term 1/(n 4 1) appears because the rank of the test score among the n cal-
ibration scores and the one test score can take only n + 1 discrete values. The
upper bound in Equation controls the achieved coverage probability, not the
length of the prediction interval. Short and informative intervals still require a
useful underlying prediction model and a suitable score function.

The Limitation of Marginal Coverage The guarantee in Equation does
not imply exact conditional coverage for every individual input x. In general, CP
does not guarantee

P {Yn+1 € 6(Xn+1) | Xpi1 = x} >1—a for every x. (85)
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This distinction is very important. Marginal coverage can be correct on average
even if the errors are unevenly distributed across the feature space. For example,
intervals may over-cover easy cases and under-cover difficult cases while still achiev-
ing the desired average coverage. Exact distribution-free conditional coverage for
every z is impossible in general without additional assumptions, restrictions, or re-
laxations. Practical alternatives include approximate conditional coverage, group-
conditional coverage, locally weighted conformal methods, or stronger modeling
assumptions.

2.4.4 The Split Conformal Methodology

Full conformal prediction evaluates candidate labels y for a new test input X,
by appending (X, 11,y) to the data and recomputing conformity scores. For many
learning algorithms, this requires refitting the model for many candidate values of
y. For large neural networks, this is computationally infeasible.

Split Conformal Prediction (SCP) (Lei et al., 2018) avoids this bottleneck by
separating model training from calibration. The available data are divided into
two dlSJOlIlt subsets: a training set Dy, and a calibration set Dcal The prediction
model f is trained once on Dy,.in. Because D, is not used to fit f the calibration
scores can be treated as exchangeable with the future test score, conditional on
the trained model.

The Nonconformity Score and the Empirical CDF A nonconformity score
measures how unusual or inaccurate or non-conformal a prediction is. Let

s:XxY R (36)

be a score function, where X is the input space and ) is the target space. For
scalar regression, a common choice is the absolute residual

s(z,y) =y — f(2)]- (87)

Here, x is an input, y is the observed target, and f (x) is the point prediction.
For a vector-valued trajectory, one may instead use a norm-based score,

s(z,y) = ly = f(@)]s, (83)

where || - ||2 is the Euclidean norm. Another option, used later in this thesis, is to
calibrate separate scalar scores for each coordinate and prediction horizon.
For each calibration point (X;,Y;), define

= s(X;, V), i=1,...,n. (89)
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The empirical cumulative distribution function (CDF) of these scores is
~ 1
Fu(s) == I(s; <s). (90)

Here, I(+) is the indicator function, which equals 1 if the condition inside is true
and 0 otherwise. Equation counts the fraction of calibration errors that are
no larger than a candidate threshold s.

The Finite-Sample Threshold Correction The goal is to choose a threshold
7 such that future scores are below 7 with probability at least 1 — «. The finite-
sample correction comes from a rank argument. Under exchangeability, the rank
of the test score s,,; among

S15+-+58n, Snt1 (91)

is uniformly distributed over {1,...,n + 1}. Therefore, to guarantee marginal
coverage at least 1 — a, we use the rank

k=Tn+1)-a)l, (92)
where [-] is the ceiling function. Equivalently, the adjusted empirical probability

level is
ptarget = [(n + 1)(1 — a)—l . (93)

n

Let sy < -+ < 5(,) denote the ordered calibration scores. If k& < n, the split
conformal threshold is

f = S(k). (94)
Equivalently, using the empirical CDF,
~ (1 —
f:inf{sER:Fn(s) > [+ 1 O‘ﬂ}. (95)
n

If £ > n, a finite threshold cannot be obtained from the calibration scores alone;
one may set 7 = 0o, or note that a finite split conformal threshold requires suffi-
ciently large n relative to a.

Constructing the Set and the Homoscedastic Limitation With the cali-
brated threshold 7, the split conformal interval for a new scalar input X, is

~ ~

C(Xni1) = [f(Xurr) = 7, f(Xui) +7] . (96)
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Figure 8: Calculation of the split conformal threshold 7. The threshold is the small-
est score at which the empirical cumulative distribution function F,,(s) reaches the
finite-sample target probability piarget (Ptarget = 0.8 here).

The true target Y, lies inside this interval if and only if the test residual score
Sna1 s no larger than 7. Therefore, under exchangeability, the interval in Equation
satisfies the marginal coverage guarantee in Equation .

The limitation is that standard SCP uses one global threshold 7. Therefore,
the interval width 27 is constant across all inputs. This is valid marginally, but it
may be inefficient and locally miscalibrated in heteroscedastic problems. In easy
regions of the input space, the interval may be unnecessarily wide; in difficult
regions, it may be too narrow. This motivates combining conformal calibration
with an interval model whose width can vary with the input (Romano et al., [2019)).

2.4.5 Quantile Regression

Standard Split Conformal Prediction is a post-hoc calibration method that applies
a global margin around a point predictor. To obtain intervals that adapt to local
variability, we use Conditional Quantile Regression (QR)(Romano et al., 2019).
Instead of estimating only the conditional mean, QR estimates boundaries of the
conditional distribution given the data.

For a quantile level v € (0, 1), the conditional y-quantile of Y given X = z is

Q(x) = inf {y eR: Fyix—(y) > 7} : (97)

Here, Fy|x—, is the conditional CDF of Y given X = z. The value Q,(x) is the
smallest threshold below which at least a fraction  of the conditional probability
mass lies.
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For a nominal 1 — « interval, one often estimates the equal-tailed lower and
upper quantiles

Q

(e}
— = =1 = 98
=g ol 5 (98)

The learned quantile functions are denoted by @g(l’; 0) and @u(x;é’), where 6
denotes trainable model parameters. The resulting QR interval is

Con(w:9) = | Qe(:6), Qu(a; 6)] (99)

These bounds are not necessarily symmetric around the mean or median. Their
main advantage is that the interval width can vary with z. In driving prediction,
this means that a familiar, nearly straight scene can receive a narrow interval,
while a more ambiguous or rare scene can receive a wider interval.
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Figure 9: Illustration of lower and upper empirical quantiles for a generic signed
scalar score. This figure explains equal-tailed quantiles. The standard CQR proce-
dure used later applies one conformal correction to a learned lower—upper quantile
interval.

Estimating Quantiles via the Pinball Loss The true conditional CDF Fy | x—,
is unknown, so the quantile functions in Equation cannot be computed di-
rectly. Instead, the model learns them from data using the pinball loss (Romano
et al., 2019), also called the check loss. This loss is explained in detail in the next
subsection.
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The Theoretical Trade-off Quantile Regression and Split Conformal Predic-
tion solve complementary problems. QR can learn intervals whose widths vary with
the input, which is important in heteroscedastic settings. However, QR coverage
is model-dependent and, in finite neural-network training, learned quantiles may
be miscalibrated. SCP gives finite-sample marginal coverage under exchangeabil-
ity, but the basic absolute-residual version produces intervals with a global width.
Conformalized Quantile Regression combines these strengths: QR provides the
input-dependent interval shape, and conformal calibration applies a finite-sample
correction to recover marginal coverage.

2.4.6 The Pinball Loss: Asymmetric Optimization

To estimate conditional quantiles, we replace the symmetric regression objective
by an asymmetric one. For quantile level v € (0,1), quantile regression can be
written as the empirical risk minimization problem

. 1 &
6, € arg min — 2,07 (Yi, f(Xi;6)) + R(0). (100)
Here, m is the number of training examples used for quantile regression, X; is

the input, Y; is the target, f(Xj;;60) is the model prediction, § denotes trainable
parameters, p., is the pinball loss, and R(f) is a regularization term.

Mathematical Formulation For a true observation y and a predicted value g,
define the residual

e=y—7y. (101)
The pinball loss (Romano et al., |[2019) is
X 1y —19), if y —9>0,
) = 102
P1(9:9) {(1 —9)(y —y), otherwise. (102)

The case y — ¢y > 0 means the prediction is too low. The alternative means the
prediction is too high or exactly correct. In terms of the residual e, the same loss
can be written compactly as

py(e) = e(y —1I(e <0)). (103)

Here, I(e < 0) is one if e < 0 and zero otherwise.
The derivative with respect to the prediction g, away from y = g, is

Opy(y,9) _ {—% if y > 9,

~ 104
oy 1—7, ify<y. (104)

At y = g, one may use any subgradient between —v and 1 — ~.
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Figure 10: The optimization landscape of the pinball loss. A positive residual
e > 0 means the prediction is too low, while a negative residual e < 0 means the
prediction is too high. The slopes determine the gradients used during optimiza-
tion.

The Mechanics of Asymmetric Penalties The key idea is that the pinball
loss penalizes underprediction and overprediction differently (Romano et al.,[2019)).
For v = 0.5, the two slopes have equal magnitude, and the loss reduces to a scaled
L, loss. Minimizing it estimates the conditional median (Romano et al., [2019).

For v = 0.9, underprediction is penalized with slope 0.9, while overprediction
is penalized with slope 0.1. The optimizer therefore moves the prediction upward
until approximately 90% of the conditional observations lie below the predicted
value and 10% lie above it. This is exactly the defining property of the conditional
0.9-quantile.

Robustness and Gradient Dynamics The piecewise linear shape in Figure
also makes the pinball loss less sensitive to extreme residuals than Mean Squared
Error (MSE). For MSE,

(y—9)" =—2(y —9)- (105)
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Thus, the MSE loss grows quadratically in |y — 3|, and the gradient magnitude
grows linearly in |y — g|. Large residuals can therefore dominate the update. In
contrast, the pinball-loss gradient in Equation is piecewise constant. Large
residuals still matter, but their gradient magnitude does not increase without
bound. This is useful when prediction errors are heavy-tailed or contain rare
unusual cases.

2.4.7 Conformalized Quantile Regression (CQR)

Conformalized Quantile Regression (CQR) (Romano et al., 2019) combines the
local adaptivity of Quantile Regression with the finite-sample marginal coverage
guarantee of split conformal prediction. QR supplies the input-dependent interval
shape, and conformal calibration corrects finite-sample miscalibration.

Phase I: Quantile Regression as the Heuristic Foundation First, a base-
line QR model is trained on a training subset Z;. For a desired miscoverage level
a, the lower and upper quantile levels are

(@8] «
- = L=1——. 106
=g 7 5 (106)

The model estimates two conditional quantile functions just like standard QR,
Qe(x;0) and  Q(;0), (107)

where @g is trained at level ~y, @u is trained at level ~,, and 0 denotes the fitted
parameters. This stage gives a heteroscedastic interval whose width can change
with the input. However, because the interval is learned by a finite neural network
on finite data, it is not guaranteed to have exact 1 — a: coverage.

Phase II: Scoring the Boundaries The learned quantile interval is evaluated
on a separate calibration subset Z,. The main difference from standard split con-
formal prediction is the nonconformity score. Instead of measuring distance from
a point prediction, CQR measures how far the observed target lies outside the
learned interval:

E :max{@g(Xi;é) Y, Y,-—@u(Xz-;é)}, i €. (108)
Here, E; is the CQR calibration score. If F; > 0, then Y; lies outside the learned

interval. If E; < 0, then Y; lies inside the learned interval. Negative scores therefore
indicate that the learned interval had extra slack.
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Phase III: Adaptive Calibrated Inversion Let n = |Zy| be the number of
calibration examples and define

E=Tn+1)(1—-a)]. (109)
Let Eqy < --- < Ey,) be the ordered CQR scores. If k& < n, the CQR correction is

i = B = Quantile <E1, g, DO O‘)]) . (110)

n

Here, 7 is a scalar correction. It does not define the whole interval width by itself.
Instead, it expands or shrinks the learned QR interval by a uniform amount. The
final CQR interval is

C\CQR(Xn-i-l) = [@é(Xn-H; é) - ﬁ> @u(Xn-‘rl; é) + ﬁ] . (111)
Under exchangeability of the calibration and test examples, this interval satisfies

P {Yn+1 e GCQR(X,LH)} >1-a (112)

Thus, CQR preserves the input-adaptive shape learned by QR while adding a
finite-sample marginal coverage guarantee through conformal calibration.

2.4.8 CQR Model Architecture and Implementation inside UniAD

To use CQR inside the UniAD (Hu et al., 2023) trajectory prediction setting, we
add a parallel uncertainty head. The primary planning head predicts a center tra-
jectory, while the uncertainty head predicts input-dependent extents around that
center. This decoupling is useful because the center trajectory and the uncertainty
interval serve different purposes: the center gives the nominal prediction, while the
extents describe how much error should be allowed around it.

The Parallel Uncertainty Network For prediction horizon h € {1,... H},
the primary planning head outputs the center coordinate
(Comycyn) € R2. (113)

Here, ¢, 5 and ¢, are the predicted lateral and longitudinal coordinates at horizon
h. The uncertainty head outputs four non-negative extents,

(Agrhs Dgrps Dy, Dy pn) € Réo- (114)

The symbols L, R, B, and F denote left, right, backward, and forward extents
relative to the predicted center. Non-negativity can be enforced in implementation
by a positive output activation such as softplus.
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Figure 11: Dual-stream architecture used for trajectory prediction and uncertainty
estimation. The primary head predicts the center trajectory, while the uncertainty
head predicts non-negative directional extents around it. The stop-gradient pre-
vents the uncertainty loss from updating the shared representation.

The resulting box is not forced to be symmetric. The model may predict a
larger extent forward than backward, or a larger extent to one side than the other.
A simple analogy is drawing an adjustable buffer around a planned path: the
centerline gives the nominal path, while the four extents say how much room is
needed in each direction.

Directional Pinball Loss and Gradient Isolation The primary planning
head is trained using the standard trajectory loss described earlier. The uncer-
tainty head is trained using a directional one-sided pinball loss (Romano et al.,
2019). Rather than predicting absolute lower and upper coordinates directly, it
predicts distances from the center trajectory.

For calibration or training sample ¢ and horizon h, let

eZE,i,h = Yx’ivh - C‘Z7izh7 eyﬂ,h = Yy’lvh - Cyzizh" (115)

Here, Y, ;5 and Y, ;; are the ground-truth coordinates, and c;;n, ¢y are the
predicted center coordinates. The required non-negative distances to cover the
ground truth in each direction are

dy1,in = max(—egzip,0), dy pip = max(ey;pn, 0),

dy.pin = max(—ey;p,0), dy.rin = max(ey; pn,0). (116)
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For example, if e, ; , > 0, the ground truth lies to the right of the predicted center,
SO dy Rrih = €xin and dg p;n = 0.

For a nominal two-sided coordinate interval with miscoverage «, each side
should leave approximately «/2 probability outside the interval. Therefore, we
train each directional extent at the one-sided quantile level

«

—1- 2 117
v 5 (117)

For ao = 0.1, this gives v = 0.95. For a target distance d > 0 and predicted extent
d > 0, the directional pinball loss is

£.(d,d) = max {v(d—d), (- 1)(d—d)}. (118)

Since 7 is strictly between 0 and 1, therefore the max function inherently selects
the positive ye penalty for positive errors and the positive (v — 1)e penalty for
negative errors, Thereby replicating the piecewise logic in Equation [102]

Here, underestimating the required distance is penalized more strongly than
overestimating it. With v = 0.95, underestimation receives weight 0.95, while
overestimation receives weight 0.05.

The uncertainty-head training loss can be written as

1

H
Lyne = AL Z Z |:£’Y(dw,L,i,h7 Agrin) + Ly(deRin Da,Riih)
HE ety =1

+ L (dyBin, NyBin) + Ly(dyrin, Dyrin)]|- (119)

Here, 7, is the training index set for the uncertainty head and H is the number of
prediction horizons.

Without gradient isolation, the uncertainty loss could update the center tra-
jectory in a way that reduces interval loss but harms the accuracy of the nomi-
nal trajectory. To avoid this interaction, the center prediction is detached when
constructing the residuals in Equation . In addition, gradients from the un-
certainty loss are stopped before reaching the shared encoder, as shown in Figure
[11] Thus, the uncertainty objective updates the uncertainty head, while the pri-
mary planning objective remains responsible for the center trajectory and shared
representation.

Per-Axis Conformal Calibration After training the uncertainty head, con-
formal calibration (Romano et al., 2019)) is applied separately for each axis and
horizon. Let Z.,, be the set of valid calibration indices at horizon h, and let
np, = |Zcarn|. For calibration sample i and horizon h, define the z-axis CQR score

E.in=max{(czin— Durin) — Yeins Yoin— (Coin+ Darin)}s (120)
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and the y-axis CQR score
Eyin=max{(cyin — DyBin) = Yyin, Yyin — (Cyin+ Dy rin)}- (121)

A positive score means that the ground truth lies outside the learned interval for
that axis. A negative score means that the ground truth lies inside the learned
interval. Negative scores are useful because they allow conformal calibration to
shrink intervals if the learned QR intervals are overly conservative (Romano et al.,
2019).

For each horizon h, define

kp =[(n,+ 1)1 —a)]. (122)
The conformal corrections are then

k
ﬁa:,h = Quantile ({EIJ'JL 11 € Ical,h ; —h) , (123)

Np

. . . En,
Ny.n = Quantile | {E, ;11 € Learn}; — - (124)

h

Here, 7, and 1), are fixed calibration constants after calibration. They are not
recomputed for each new test input. During inference, the neural network pro-
duces input-dependent extents, and these fixed conformal corrections are applied
to them.

For a new input X, the final calibrated x-axis interval at horizon h is

Cx,h(X) - [(Ca:,h - Aac,L,h) - ﬁx,ha (Cx,h + Aac,RJm) + ﬁx,h] ) (125)

and the final calibrated y-axis interval is

Cyn(X) = [(eyn — Dy pn) = Ny (Cyn+ Ay rn) + 0yl (126)
Here, ¢, 4, ¢y n, and the four A-terms are produced by the neural network for the

new input X, while 7, 5 and ), 5, are obtained from the calibration set.

Marginal versus Joint Coverage This formulation provides marginal cover-
age separately for each axis and horizon. For a target miscoverage level «, the
conformal guarantees are

P{}/;c,n+1,h € Oa:,h(Xn—‘rl)} Z 1- a, (127)
P{Y,nt1h € Cyn(Xpns1)} > 1—a. (128)

Here, Y, 41,5 and Y} 41, are the true future coordinates of the test example at
horizon h. For a = 0.1, Equations (127)) and (128)) state that each coordinate
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is covered with probability at least 0.90, marginally over the calibration and test
distribution.
These statements do not imply 90% joint coverage of the full two-dimensional
rectangle
Con(Xos1) % Cp (X, (129)

Let

App = {Yont1n € Copn(Xns1)}, Ay ={Yyns1n € Cyn(Xns1)}- (130)

If A, and A, were independent, then
]P)(Ax’h N Ay,h) = P(Aa:,h)P(Ay,h) ~ (1 — (1/)2. (131)

For av = 0.1, this gives approximately 0.9%2 = 0.81. However, independence between
lateral and longitudinal errors is not guaranteed. Without independence, the union
bound gives

P(A%h N Ay,h) Z 1-— Oy — Oy, (132)

where o, and o, are the marginal miscoverage levels used for the two axes. If both
are 0.1, this lower bound is 0.8.

Thus, the intervals in this thesis should be interpreted as per-axis marginally
calibrated intervals, not as 90% joint two-dimensional prediction boxes. If a 90%
joint rectangle were required, one could calibrate each axis at 95% and use the
union bound, or define a single multivariate nonconformity score and calibrate
the full two-dimensional prediction region directly. The per-axis approach is still
useful because it gives dimension-specific uncertainty information: lateral and lon-
gitudinal errors can have different scales and different physical causes.

3 Results

3.1 Results: Fine-Tuning the Latent Representation and
Object Detection

Before analyzing detection metrics, we first examine the optimization behaviour
of the representation fine-tuning stage. TruckScenes (Fent et al., 2024) consists
of 747 sequential driving scenes, out of which 90 percent were used for training
and 10 percent were set as validation set for this experiment. Figure [12] shows the
training and validation loss curves over the 18-epoch adaptation period. During
this stage, the downstream planning module is frozen, and only the representation
parameters are updated using the representation objective

Lstagel(¢) = Lrepresentation((b; DT) (133)
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Figure 12: Latent representation training and validation loss during 18 epochs of
fine-tuning on TruckScenes. The x-axis denotes epoch and the y-axis denotes the
representation loss. The faint blue curve shows raw training loss, the dark blue
curve shows a 17-point smoothed training average, and the orange curve shows
validation loss. The initial validation loss at epoch 0 is off-scale and is annotated
separately. The parallel decrease of training and validation losses indicates stable
target-domain optimization with no clear train—validation divergence.

Here, ¢ denotes the trainable parameters of the latent representation module,
Dr denotes the TruckScenes target-domain training data, Lyepresentation 15 the rep-
resentation loss, and Lgage1 is the objective optimized during this first adapta-
tion stage. Freezing the downstream planning module isolates the representation-
learning problem, the model is encouraged to adapt its internal scene representa-
tion to the target-domain sensor geometry before the final trajectory module is
updated.

The curves in Figure suggest a stable adaptation process. The validation
loss follows the same overall decreasing trend as the training loss and does not
show a clear divergence. This is important because the target domain differs from
the source domain in camera topology, mounting geometry, and scene distribution.
If the representation update were unstable, one would expect large oscillations or
a widening gap between training and validation loss. The observed behaviour,
therefore, indicates that the representation module adapted to the target-domain
inputs without obvious optimization collapse. However, the loss curve alone does
not prove that the representation thus learned is good; that require validation
metrics, qualitative checks, or source-domain evaluation after fine-tuning.

A well-behaved loss curve is still only an indirect indicator. The latent repre-
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sentation is a high-dimensional tensor, so its geometric quality (the locations of
surrounding actors and objects) cannot be inspected directly. We therefore evalu-
ate it through a downstream proxy of object detection. The intuition is similar to
checking a hidden map by asking whether important landmarks appear in the cor-
rect places. If the latent representation fails to encode useful spatial and semantic
information, the detection head is unlikely to produce accurate object boxes. Con-
versely, improved detection performance provides evidence that the adapted latent
space contains more useful target-domain information. This should be interpreted
as proxy evidence, not as definitive proof that every aspect of the latent geometry
is correct.

To quantify this proxy task, we report two detection metrics on the TruckScenes
validation set: mean Average Precision (mAP) and the nuScenes Detection Score
(NDS) (Caesar et al.,[2020)). Under the nuScenes-style 3D detection protocol, mAP
measures detection and classification performance using center-distance matching
between predicted and ground-truth boxes around surrounding actors and other
map elements. NDS is broader: it combines mAP with true-positive errors for
translation, scale, orientation, velocity, and object attributes. These auxillary
tasks such as predicting velocity, orientation, size etc. of detected objects is also
done by the detector. The auxillary tasks are absolutely essential for driving
because these attributes affect driving behavior directly. Thus, mAP mainly mea-
sures whether objects are detected and classified correctly, while NDS additionally
reflects the geometric and kinematic quality of the predicted 3D boxes. These
metrics are useful perception-quality proxies, but they should not be interpreted
as direct guarantees of downstream driving safety.

Table 2: Object detection performance on the TruckScenes validation setting.
Higher values are better for both mAP and NDS.

Model / paradigm Training or adaptation mAP 1+ NDS 1
regime

UniAD, zero-shot Without fine-tuning 0.0009  0.0505

PETR (Liu et al., [2022) Trained for 48 epochs 0.0200  0.1200

TruckScenes baseline (Fent

et al., 2024)

UniAD, this work Fine-tuned for 18 epochs 0.1100 0.2200

Table [2] summarizes the quantitative effect of representation fine-tuning. The
low performance of the zero-shot model isn’t just an engineering failure. It mathe-
matically demonstrates a severe divergence between the source and target marginal
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distributions, Ps(Z) and Pr(Z). In particular, the representation learned from the
source-domain camera geometry and scene distribution does not transfer directly
to the TruckScenes setting. This is consistent with the domain-gap analysis above.
Changes in camera topology, camera mounting, field of view, and driving environ-
ment can all alter the latent features received by the detection and planning heads.

After 18 epochs of representation fine-tuning relative to the zero-shot UniAD
baseline, the performance gap is

mAPUniAD,& . 0.1100
MAPUuaDLs  0.0009
NDSuniaps  0.2200
NDSuniapzs  0.0505

~122.2, (134)

4.36. (135)

Here, the subscript ft denotes the fine-tuned model, and the subscript zs denotes
the zero-shot model. mAP metric improves by roughly two orders of magnitude,
while NDS improves by more than a factor of four. Together with the loss curves
in Figure [I2] these validation results suggest that the representation fine-tuning
successfully adapted the model to the target-domain camera geometry and feature
statistics. The result should be interpreted as strong empirical evidence of target-
domain adaptation.

The comparison with the TruckScenes PETR (Fent et al., 2024; Liu et al.,|[2022)
camera baseline further supports the usefulness of transfer learning. The PETR
baseline, trained for 48 epochs, achieves 0.0200 mAP and 0.1200 NDS, whereas the
fine-tuned UniAD model achieves 0.1100 mAP and 0.2200 NDS after 18 epochs of
representation adaptation. The relative improvements are

mAPUmAD’& . 0.1100 .
mAPprrr  0.0200

NDS 22
Sunang _ 02200 ) oy (137)
NDSpgrr  0.1200

5.5, (136)

This comparison should not be described as a formal statistical significance result,
since no confidence intervals or repeated training runs are reported. Instead, it
provides comparative evidence that initializing from a pre-trained UniAD repre-
sentation is more data-efficient than relying only on target-domain training. From
a Bayesian perspective, transferring the pre-trained source weights wg acts as a
highly informative prior distribution p(¢). Training PETR from scratch assumes a
non-informative prior, which requires an immense amount of target data to narrow
the posterior distribution. Fine-tuning simply updates the prior to the posterior
p(¢|Dr), requiring far fewer samples to converge on a low-error bound because the
model is only searching a localized sub-space for target-specific geometric trans-
formations.
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Figure 13: Qualitative 4-camera detection visualization in a clear-weather multi-
lane highway scene. Projected 3D detections are shown in the camera views. Blue
boxes indicate dynamic actors such as vehicles, while brownish-red boxes indicate
static traffic signs. The example illustrates that the fine-tuned model produces
spatially coherent detections in dense traffic with overlapping vehicles.

The qualitative visualizations in Figures and support the quantitative
results. In the clear-weather highway example, the model produces plausible de-
tections for several nearby and partially overlapping vehicles, suggesting that the
adapted representation can fuse information across the four camera views. In
the rainy example, the model still produces plausible detections for vehicles and
traffic signs despite degraded visibility. These examples do not establish robust-
ness for all dense-traffic or rainy scenarios, but they provide useful visual evidence
that the validation improvements in Table [2| correspond to coherent perception
outputs. Overall, the stable loss curves, improved validation metrics, and qualita-
tive examples indicate that the representation fine-tuning stage produced a latent
representation better aligned with the TruckScenes target domain.

62



CAMERA_LEFT_FRONT CAMERA_RIGHT_FRONT

CAMERA_LEFT_BACK CAMERA_RIGHT_BACK

Detected Boxes
[ car [ traffic_sign truck

Figure 14: Qualitative 4-camera detection visualization under rainy, low-visibility
conditions. Detections with confidence greater than 0.25 are projected into the
camera views. Blue boxes indicate dynamic actors, while brownish-red boxes in-
dicate static traffic signs. The detections remain geometrically plausible despite
visual degradation from rain, wet roads, and reduced visibility. This figure provides
qualitative evidence of robustness in this example, but not a general robustness
guarantee across all adverse weather conditions.

3.2 Results for UniAD Motion Prediction/Planning

After adapting the latent representation to the TruckScenes sensor geometry, the
second fine-tuning stage updates the full UniAD pipeline with end-to-end (full
model) training. In contrast to the representation-only stage, where the down-
stream planning components are frozen, this stage allows both the representation
and the final trajectory prediction modules to adapt jointly to the target domain.
The objective optimized in this stage can be written as

Lstage2(¢a 6) == Ltotal(¢7 97 DT);

where D denotes the TruckScenes target-domain data, ¢ denotes the representa-
tion parameters, and 6 denotes the downstream prediction and planning param-
eters. The purpose of this stage is not only to make the visual representation
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Figure 15: End-to-end UniAD fine-tuning loss on TruckScenes. The horizontal
axis shows training progress over epochs, and the vertical axis shows the total loss
on a logarithmic scale. The legend box identifies the blue curve as the training loss
and the orange curve as the validation loss; the grey dashed vertical lines mark
epoch boundaries. The figure shows a rapid initial decrease followed by an early
plateau, with validation loss no longer clearly improving by the third epoch. The
main takeaway is that end-to-end fine-tuning reached diminishing returns quickly
under the available training budget.

compatible with the truck domain, but also to adapt the final trajectory output
to the speed, road layout, and motion patterns observed in TruckScenes.

Figure 15| shows the training and validation losses during the end-to-end fine-
tuning run. The training loss decreases very rapidly at the beginning of optimiza-
tion and then enters a much narrower range. The average validation loss also
drops strongly during the first part of training, but by the third epoch it no longer
shows a clear improvement. Thus, the available run suggests that the end-to-end
objective reached an early plateau after only three epochs. Because this stage
was computationally expensive and the remaining project time was limited, train-
ing was not extended beyond this point. This stopping decision should therefore
be interpreted as a practical constraint rather than as evidence that the model
had reached a globally optimal solution. Longer training, additional learning-rate
tuning, or repeated runs are likely to still improve the final result, but they were
outside the available time allowed for the thesis.

64



Table 3: Mean L2 distance trajectory error before and after end-to-end fine-tuning.
The zero-shot model is the nuScenes-trained UniAD model evaluated directly on
TruckScenes, while the fine-tuned model is adapted end-to-end on TruckScenes.
Lower values are better.

Horizon Zero-shot UniAD [m] Fine-tuned UniAD [m| Relative reduction
1s 5.440 2.456 54.9%
2s 10.344 5.278 49.0%
3s 14.686 7.245 50.7%
Simple mean 10.157 4.993 50.8%

To evaluate the effect of fine-tuning directly on trajectory prediction, we report
the L2 distance between the predicted and ground-truth ego trajectory at the 1 s,
2 s, and 3 s horizons separately. For horizon h, the metric is

.
2

where P, ;, is the ground-truth waypoint for sample ¢ at horizon h, Pi,h is the cor-
responding predicted waypoint, and N, is the number of valid evaluation samples
at that horizon. Lower values indicate better trajectory accuracy.

Table [3] shows a clear improvement after end-to-end adaptation. Assuming
isotropic Gaussian noise, minimizing the L, distance is equivalent to Maximum
Likelihood Estimation. Therefore, halving this error demonstrates that the model’s
conditional expectation, E[Y|X], has successfully adapted from passenger-car dy-
namics to the heavy-duty physics of the target domain. This improvement is
important because the planning task is affected by both perception-domain and
motion-domain shifts.

Np

dh:NihZ

i=1

Pip—Pip

The qualitative examples in Figures [16] and (17| provide additional context for
the numerical improvement. In both examples, the fine-tuned model retains a
useful road-driving prior. Its predicted trajectories remain smooth, road-aligned,
and physically plausible. This is important because end-to-end fine-tuning can
sometimes damage previously learned structure if the target-domain data is lim-
ited. Here, the qualitative outputs suggest that the model does not forget the
basic geometry of road driving during adaptation.

Figure shows an easy trajectory driving example. The zero-shot model
predicts a trajectory with too little forward progress, which is consistent with a
lower-speed source-domain prior learned from nuScenes. The direction of travel
is not completely unreasonable, but the predicted trajectory is too short com-
pared with the ground truth. After fine-tuning, the prediction is much closer to
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Figure 16: Unchallenging trajectory example after end-to-end fine-tuning. The
camera panels show the LEFT_FRONT and RIGHT_FRONT views. The top row
shows the nuScenes-trained UniAD model evaluated zero-shot on TruckScenes, and
the bottom row shows the TruckScenes fine-tuned UniAD model. In the trajectory
plots on the right, the horizontal axis is forward displacement x in meters and the
vertical axis is lateral displacement y to the left in meters. The legend identifies
the green curve as the ground truth and the orange curve as the prediction. The
small grey boxed label in the camera view gives the result index. The zero-shot
model predicts a low-speed trajectory with insufficient forward progress, while the
fine-tuned model better matches the ground-truth speed and direction. The main
takeaway is that end-to-end fine-tuning corrects much of the source-domain speed
bias in simple road-following scenes.

the ground-truth trajectory. This indicates that the fine-tuned model successfully
aligned its conditional expectation of longitudinal kinematics with the target dis-
tribution, Pr(Y|X), while preserving the structural geometric priors that constrain
the trajectory to a smooth, physically valid manifold..

Figure [17| shows a more challenging scenario. In this case, the ground-truth
trajectory changes lane, likely because the human driver must have responded
to the vehicles up ahead in the original lane. The fine-tuned model does not
reproduce this lane-change maneuver and instead continues along a lane-following
trajectory. This is a meaningful failure mode. The model misses the maneuver
decision, however, the prediction is still not an absurd or physically implausible
trajectory. It remains smooth, forward-moving, and compatible with the road
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Figure 17: Challenging trajectory example after end-to-end fine-tuning. The cam-
era panels show LEFT_FRONT and RIGHT_FRONT views for the zero-shot model
in the top row and the TruckScenes fine-tuned model in the bottom row. In the
right-hand trajectory plots, the horizontal axis is forward displacement x in meters
and the vertical axis is leftward lateral displacement y in meters. The legend iden-
tifies the green curve as the ground truth and the orange curve as the prediction.
The small grey boxed label in the camera view gives the result index. The ground
truth performs a lane-change-like maneuver, while the fine-tuned prediction re-
mains in a lane-following mode. The main takeaway is that fine-tuning preserves
plausible road-driving behaviour, but the model can still miss more interaction-
dependent maneuvers.

layout. The error is therefore better interpreted as a missed interaction-dependent
maneuver rather than a complete breakdown of road-scene understanding. Also the
prediction is much closer to Ground truth than the zero shot predicted trajectory.

In conclusion, the end-to-end fine-tuning results demonstrate a robust positive
transfer, successfully mitigating the distributional shift between the passenger-car
source and the heavy-duty target domain. The consistent reduction in empirical
risk across all temporal horizons indicates that the optimization did not merely
overfit to immediate, short-term state transitions, but effectively aligned the full
joint predictive distribution, PT(KzT?t 41| X1:), with the target domain’s empirical
measure. Qualitatively, the model achieves this alignment without catastrophic
forgetting of the structural priors learned from the source data. It successfully
retains the manifold of physically valid, road-aligned trajectories while shifting its
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conditional expectation to accurately reflect heavy-truck kinematics. Together,
these metrics and visual outputs empirically validate the two-stage transfer learn-
ing framework thereby demonstrating that the pre-trained weights functioned as
a highly informative prior that enabled efficient adaptation. While the residual
variance indicates that the target distribution is not yet perfectly approximated,
extended training is theoretically expected to yield an even tighter convergence to
the true target distribution.

3.3 Results for Conformalized Quantile Regression

The main purpose of the CQR experiments is to evaluate whether the learned un-
certainty intervals are both statistically calibrated and meaningful for sequential
trajectory forecasting. We evaluate three properties, i.e., empirical marginal cov-
erage, growth of uncertainty across the prediction horizon, and input-adaptivity
of interval width across simple and complex scenes (Heteroscedasticity).

In a time-series prediction problem, uncertainty is expected to grow as the
forecast moves further away from the observed context. Near-term predictions
are strongly conditioned on the most recent observations, while later predictions
depend on more unobserved future factors, such as acceleration, braking, steering
changes, and interactions with surrounding actors. Therefore, even when all future
waypoints are predicted directly rather than recursively, the conditional distribu-
tion of the future position is expected to become wider as the prediction horizon
increases.

A useful uncertainty model should also be data-dependent. In statistical terms,
the conditional spread of the response distribution Y | X is generally not constant
across all inputs. Here, X denotes the observed input context and Y denotes the
future trajectory response. Some inputs correspond to familiar and low-variance
outcomes, while others correspond to rare, ambiguous, or noisy outcomes. There-
fore, a good interval model should be heteroscedastic, i.e., it should produce narrow
intervals for predictable samples and wider intervals for samples where the future
is harder to infer. This is important because a single global uncertainty mar-
gin would ignore the fact that different regions of the input space can have very
different levels of predictive difficulty.

Due to limited time, we choose to do Uncertainty Quantification (UQ) on the
nuScenes trained UniAD model only and not on TruckScenes adapted UniAD
model. If we intend to do UQ on a TruckScenes finetuned model as future work,
we can copy the full implementation of CQR model in UniAD as is, because the
model architecture remains the same.

Throughout the trajectory plots in this subsection, x denotes lateral position
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and y denotes longitudinal position in the ego-vehicle coordinate frame. Thus,
the horizontal axis in the figures shows longitudinal position y in meters, while the
vertical axis shows lateral position x in meters. This convention is stated explicitly
because many mathematical coordinate systems use x as the horizontal axis; here,
the notation follows the coordinate convention used in the trajectory output.

Predicted center CQR independent x/y intervals
————— Ground truth Learned QR independent x/y intervals
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Figure 18: Separate per-axis interval visualization. The horizontal axis shows
longitudinal position y in meters, and the vertical axis shows lateral position x in
meters. The solid green curve is the predicted trajectory center, while the dashed
blue curve is the ground-truth trajectory. Grey line segments show the CQR
intervals separately along the z- and y-axes, and light orange segments show the
learned QR intervals before conformal calibration. The orange, red, and purple
markers correspond to the 1 s, 2 s, and 3 s prediction horizons.

It is important to interpret Figure |18 as a separate per-axis uncertainty visual-
ization. In these experiments, not only the QR intervals are predicted separately
for the lateral and longitudinal coordinates, but, conformal calibration is also ap-
plied separately for the two axes as well. Therefore, for a nominal coverage level
of 90%, the guarantee is marginal per axis:

P (Yyp € Con(X)) >090, P (Y, € Cyn(X)) > 0.90. (138)

Here, h € {1,2,3} denotes the prediction horizon in seconds, X is the observed
input, Y, 5 and Y, ;, are the true lateral and longitudinal coordinates at horizon h,
and C, 5 (X) and Cy ,(X) are the calibrated CQR intervals for those coordinates.

Equation (|138) means that the lateral and longitudinal coordinates are each
calibrated to achieve approximately 90% marginal coverage. It does not mean
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that the complete two-dimensional waypoint is guaranteed to lie inside a joint z-y
region with 90% probability. If

Ax,h = {Yx,h < C%h(X)}, Ayﬁ = {Yyh € Cy’h(X)}, (139)

then the event that the full two-dimensional waypoint is covered at horizon h is
Ay n N A, . The per-axis guarantees in Equation (138]) do not imply

P(Azn N Ayp) = 0.90. (140)

If Ayp and A, ) were independent, the joint coverage would be approximately
0.92 = 0.81. Without independence, the union bound only gives

P(App N Ayp) >1—0.1-01=08. (141)

Similarly, per-horizon coverage does not imply that all future waypoints are cov-
ered simultaneously with probability 90%. A joint guarantee over the full trajec-
tory would require either a multivariate trajectory-level nonconformity score or a
multiple-testing correction across axes and horizons. The cross-shaped intervals
in Figure [18| are therefore the most direct representation of the actual statistical
guarantee, i.e., one calibrated interval for lateral error and one calibrated interval
for longitudinal error at each horizon.

Predicted center Per-axis CQR shown as box
————— Ground truth Learned QR shown as box
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Figure 19: Box visualization of the same sample shown in Figure[18 The horizon-
tal axis is longitudinal position y in meters, and the vertical axis is lateral position
x in meters. The solid green line denotes the predicted center trajectory, and the
dashed blue line denotes the ground truth. The dashed pale boxes visualize the
conformalized per-axis CQR. intervals as rectangles, while the solid orange boxes
show the learned QR intervals before calibration. The labeled points indicate the
1s, 2 s, and 3 s horizons.
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Figure shows the same sample but using rectangular boxes. This view is
useful because it is easier to interpret spatially as each rectangle looks like an
uncertainty region around the future waypoint. However, the rectangles are only
the Cartesian visualization of the separately calibrated z- and y-intervals. They
should not be interpreted as strict 90% joint two-dimensional prediction boxes.
The important result in the box view is therefore not the rectangular shape itself,
but the fact that the conformalized CQR intervals expand with time and are wider
than the learned QR intervals where the raw quantile model is too optimistic.

For Figure [I9 and Figure [I8] both visualizations show the expected horizon-
dependent behaviour. At the 1 s horizon, the predicted center and ground truth
are close, and the intervals are small. By the 2 s and 3 s horizons, the intervals
become wider, especially in the longitudinal direction. Intuitively, this is similar to
everyday driving: it is usually easier to estimate where a vehicle will be in the next
moment than after several seconds, because small changes in braking, acceleration,
or steering can noticeably change the later position.

The difference between lateral and longitudinal widths is also important. In
general, a larger interval along one coordinate means that the model assigns larger
calibrated predictive uncertainty to that coordinate under the available informa-
tion. The uncertainty therefore does not need to be the same in all directions.
Let

Weh = [Copn(X),  wyn = |Cyn(X),  An = wypwyp. (142)

Here, w, j, is the lateral CQR interval width, w, ; is the longitudinal CQR interval
width, and A, is the area of the rectangular visualization at horizon h. For Figure
[19] the sample-level widths are shown in Table [4

Table 4: Sample-level CQR interval widths for Figure . The area is the product
of the separately calibrated lateral and longitudinal widths and is shown only as
a spatial visualization aid, not as a joint 90% coverage guarantee.

Horizon  Lateral width  Longitudinal width  Rectangle area

Wa,p, [m] Wy, [m] Ap [m?]
1s 0.43 1.21 0.52
25 1.22 2.87 3.50
35 2.60 5.91 15.37

Table [4] shows that the interval widths increase with horizon for this sample.
The longitudinal width increases more strongly than the lateral width, indicating
that the model assigns more uncertainty to forward progress than to side-to-side
position. This is intuitive in driving. When a vehicle is following a road, its lateral
movement is often restricted by the lane, road boundary, and steering smoothness.
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In contrast, its longitudinal position after a few seconds can change substantially
depending on whether the driver accelerates, maintains speed, or brakes. A simple
analogy is driving behind another car: one can often predict that the vehicle will
remain in its lane, but it is harder to know exactly how far forward it will be after
three seconds because that depends on speed changes. Thus, larger longitudinal
intervals mainly reflect uncertainty in timing and forward progress, while larger
lateral intervals would indicate uncertainty in steering direction, road alignment,
or maneuver choice.

Table 5: Empirical coverage of the learned QR intervals and conformalized CQR
intervals across prediction horizons. The coverages are evaluated on held-out vali-
dation samples after conformal corrections are computed from the calibration split.
Higher coverage is not always better by itself: useful intervals should be calibrated
without becoming unnecessarily wide.

Horizon Valid samples QR xz QRy CQRx CQRy

1s 5719 89.61% 81.83% 89.82% 89.77%
2s 0419 87.14% 64.66% 89.87% 89.72%
3s 5119 85.43% 64.80% 89.96% 89.92%

Table [5| shows why conformal calibration is necessary. Quantile Regression
already produces heteroscedastic intervals, meaning that the interval width can
change from one input to another. However, QR by itself does not provide a finite-
sample coverage guarantee. Its calibration relies on the model, the optimization
procedure, and the amount of available data being sufficient to learn the correct
conditional quantiles. In a finite neural-network setting, this can fail even when
the intervals look visually plausible.

The empirical CQR coverages are close to the nominal 90% level for both axes
and all three horizons. Some values are slightly below 90%, such as 89.72% at the
2 s longitudinal horizon. This is not unexpected when coverage is measured on
a held-out validation set, because empirical coverage is a sample estimate. If pj,
denotes the empirical coverage at horizon h computed from n; held-out samples,
its approximate binomial standard error is

SE(ph) = pA—’”‘(ln; Pn) (143)

Here, pj, is the observed coverage proportion and ny, is the number of valid evalua-
tion samples at horizon h. With n; around 5,000 and pj, ~ 0.90, this standard error
is approximately 0.4 percentage points. Therefore, held-out empirical coverages
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such as 89.7% are close to the nominal target within ordinary validation-sample
variability.

The raw QR intervals are much closer to the target coverage in the lateral
x-direction than in the longitudinal y-direction. This is consistent with the qual-
itative behaviour seen in Figure [I§ Lateral motion is often constrained by lane
geometry and steering smoothness, whereas longitudinal motion depends strongly
on future speed, acceleration, and braking. The raw QR model therefore underes-
timates the longitudinal error distribution, especially at the 2 s and 3 s horizons.
Additional training, stronger temporal modeling, or better loss balancing might
improve QR calibration, but more training alone would not guarantee finite-sample
coverage. This is precisely why conformal calibration is needed.

The implication of low QR coverage is overconfidence. If an interval is intended
to represent a 90% uncertainty band but covers the ground truth much less often,
then the model is presenting an uncertainty estimate that is too narrow. In trajec-
tory prediction, this is problematic because the predicted centerline may appear
more reliable than it actually is. CQR corrects finite-sample miscalibration by
using the calibration set to enlarge or adjust the learned QR intervals. Under ex-
changeability, this yields marginal coverage at the target level, while the empirical
validation coverage is expected to be close to the target up to sampling variabil-
ity. Thus, the QR head provides the adaptive shape of the uncertainty, while the
conformal step makes that uncertainty statistically calibrated at the per-axis level.

Table [5] evaluates calibration, but calibration alone does not measure interval
efficiency. A trivial interval covering the entire road would have high coverage
but would not be informative. Efficiency asks how wide the interval must be to
achieve the desired coverage. In this subsection, efficiency is illustrated through
the sample-level widths in Table [4] and the qualitative examples below.

Contrasting low- and high-uncertainty scenarios. The next qualitative ex-
amples evaluate whether the interval width changes in a meaningful way across
different driving contexts. Low uncertainty is expected when the current input lies
in a well-represented and predictable region of the data distribution. In such cases,
the conditional response distribution is relatively concentrated. High uncertainty
is expected when the input lies in a rarer, more ambiguous, or noisier region of
the data distribution. In such cases, there may be less training support, or several
future outcomes may be plausible.

The qualitative context images in Figures and are six-camera visual-
izations from the trajectory-prediction setting. Their purpose here is to provide
visual context for the uncertainty intervals, not to evaluate the detection pipeline.
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Figure 20: Low-uncertainty trajectory validation example. The horizontal axis
shows longitudinal position y in meters, and the vertical axis shows lateral position
x in meters. The solid green curve is the predicted center trajectory, and the
dashed blue curve is the ground-truth trajectory. The dashed pale boxes show the
CQR intervals, and the solid orange boxes show the learned QR intervals before
conformal calibration.

Figures and show a low-uncertainty case. The predicted trajectory
and the ground-truth trajectory remain almost aligned across the horizon, and the
CQR intervals remain compact, especially laterally. The six-camera view verifies
it. The ego vehicle is traveling in a relatively open scene, the road geometry is
mostly straight, and there are few nearby actors directly influencing the ego path.
Such a scene corresponds to a more common driving pattern.

The result is meaningful because the uncertainty is not inflated uniformly across
all samples. The model assigns narrow intervals to the lateral evolution of the
trajectory because the path is visually and geometrically constrained. The longi-
tudinal interval still increases with time, which is expected even in simple driving,
since the exact future position along the road depends on the future speed pro-
file, acceleration, and braking. Thus, the sample is not interpreted as having low
maneuver ambiguity and lower apparent predictive uncertainty relative to more
complex cases. This is an indication that both aleatoric and epistemic uncertainty
are lower in this case meaning the scene is less complex and the model has trained
on it enough to make it relatively sure about its prediction.

Figures and show a high-uncertainty case. Before focusing on the
specific scene, it is useful to interpret what a larger interval means more gen-
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Figure 21: Six-camera scene view corresponding to the low-uncertainty example
in Figure The image grid shows synchronized front-left, front, and front-right
views on the top row, and back-left, back, and back-right views on the bottom
row. The scene is relatively open, the road geometry is mostly straight, and there
are few nearby actors directly constraining the ego path.

erally. A wider CQR interval indicates that, under the learned representation
and calibration data, the true future coordinate has historically been harder to
contain tightly for similar model outputs. This can be consistent with epistemic
uncertainty, where the model has limited experience with similar scenarios, or
with aleatoric uncertainty, where the scene itself admits several plausible future
behaviours, more sensor noise, etc. CQR does not by itself decompose uncer-
tainty into epistemic and aleatoric components. It provides a calibrated predictive
interval, not a causal explanation of the uncertainty source.

In this example, the camera view is consistent with the larger uncertainty
intervals. The ego vehicle appears to be moving through a dense, low-speed scene
with many nearby cars, parked vehicles, a bus, roadside objects, occlusions, and
possible pedestrian activity. This is less like regular open-road lane following and
more like a constrained exit or dense urban maneuver. Such a scene requires
the model to infer many complex things such as available free space under partial
occlusion and consider a wide variety of possible interactions with numerous nearby
actors. It is also plausibly a lower-frequency situation compared with straight road-
following scenes, which are more common in typical driving data. Therefore, the
larger CQR intervals can be interpreted as the model assigning wider calibrated
uncertainty in a more difficult and less stereotypical driving context.

The contrast between Figures and Figures is the main qualitative
result. In statistical terms, the uncertainty is heteroscedastic: the interval width
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Figure 22: High-uncertainty trajectory example. The horizontal axis shows lon-
gitudinal position y in meters, and the vertical axis shows lateral position x in
meters. The solid green curve represents the predicted center trajectory, and the
dashed blue curve represents the ground-truth trajectory. The dashed pale boxes
show the conformalized CQR intervals, while the solid orange boxes show the
learned QR intervals before calibration. The orange, red, and purple labels mark
the 1 s, 2 s, and 3 s horizons.
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Figure 23: Six-camera scene view corresponding to the high-uncertainty example
in Figure The image grid shows synchronized front-left, front, and front-right
views on the top row, and back-left, back, and back-right views on the bottom
row. The ego vehicle is surrounded by a denser low-speed environment with nearby
vehicles, parked cars, a bus, roadside objects, occlusions, and possible pedestrian
activity.

changes with the input instead of remaining fixed for all samples. This matters
because real prediction errors are not uniform across the feature space. Some
samples are easy because the input strongly constrains the output, while other
samples are difficult because the input is rare, ambiguous, noisy, or interaction-
heavy. A fixed uncertainty margin would ignore this difference. CQR, by contrast,
keeps the interval compact for a familiar and simple scene, and expands it for a
dense and less frequent scene.

The qualitative figures show that the learned interval widths vary in a visu-
ally reasonable way. Compact intervals occur in a simple and regular scene, while
wider intervals occur in a denser and more ambiguous scene. This behaviour has
a natural risk-monitoring interpretation. Low uncertainty means that the model
and calibration procedure assign a narrow set of plausible future ego positions to
the scene. This is appropriate when the road is open, the maneuver is almost
straight, and the visual evidence strongly supports one future trajectory. High
uncertainty means that the future ego position is less reliable if represented only
by the predicted centerline.

The result instead show that CQR provides a calibrated signal that could be

used by a future safety-aware downstream module to identify when the nominal
trajectory is less certain. Such a module could use high uncertainty as an addi-
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tional input for risk assessment, fallback logic, or decision monitoring. Developing
an explicitly uncertainty-aware planning system is outside the scope of this thesis,
but the results here show why such a direction is relevant.

The high-uncertainty cases also suggest where uncertainty could be reduced
in future work. If the uncertainty is mainly epistemic, it may be reduced by col-
lecting more representative training and calibration data from similar low-speed,
dense, actor-rich scenarios. Targeted data collection, scenario reweighting, active
learning, and augmentation of rare situations would expose the model to more
examples of these difficult contexts. If the uncertainty is partly aleatoric, it can-
not be eliminated completely. However, it may still be better characterized by
adding richer context, such as longer temporal history, stronger actor-interaction
modeling, map or lane priors where available, and multimodal trajectory hypothe-
ses. CQR does not remove the underlying uncertainty; rather, it reveals where
the model assigns wider calibrated predictive intervals and makes that uncertainty
statistically calibrated at the per-axis level.

The results show that CQR improves the reliability of the learned QR intervals
while preserving their usefulness for interpreting driving scenes. The empirical
coverage becomes close to the desired 90% level separately for each axis, the in-
tervals grow naturally across the prediction horizon, and the interval size adapts
to the complexity of the scene. The main caveats remain that the guarantee is
marginal per axis rather than joint over the full two-dimensional box, and it is
marginal over the calibration distribution rather than conditional for every indi-
vidual scene. Nevertheless, the qualitative and quantitative results indicate that
CQR provides a calibrated uncertainty layer on top of the trajectory prediction
model, with larger intervals appearing in the types of scenes where a point predic-
tion alone would be less trustworthy.

4 Discussion

Our aim at the start of this thesis was to study whether a transformer-based
autonomous driving model could be transferred from a passenger-car source do-
main to a heavy-truck target domain, and whether calibrated uncertainty intervals
could be added to nuScenes (Caesar et al., 2020) trained UniAD’s (Hu et al., 2023)
trajectory predictions. The results show that both parts of the problem are im-
portant. Direct zero-shot transfer baseline from nuScenes to TruckScenes (Fent
et al., |2024) performed poorly, which confirms that the domain gap is too large
to ignore. Differences in camera topology, camera geometry, speed profile, vehi-
cle type, and scene distribution all affect the latent representation and the final
trajectory prediction.
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The first stage of transfer learning, where only the latent representation was
fine-tuned, improved object detection performance substantially. This indicates
that the pre-trained UniAD model still contained useful visual and geometric
knowledge, but that this knowledge had to be realigned to the TruckScenes sensor
setup. The improvement over both the zero-shot model and the PETR (Liu et
al., [2022) TruckScenes (Fent et al., [2024) baseline suggests that transfer learning
was more effective than learning the representation only from the smaller target-
domain dataset. This supports the idea that the source-domain model provides a
strong initialization, while target-domain fine-tuning adapts it to the new camera
geometry and visual statistics.

The second stage, improved the actual trajectory prediction task. The L2
trajectory error was reduced by roughly half at all evaluated horizons, showing that
the model did not only learn a better perception representation, but also adapted
its prediction behaviour to the TruckScenes domain. The qualitative examples
support this interpretation. After fine-tuning, the model produced smoother and
more target-domain appropriate trajectories than in the zero-shot case, especially
in terms of forward progress and speed. The challenging example shows that fine-
tuning does not solve all planning cases and the model can still miss interaction-
dependent manoeuvres, such as lane changes caused by vehicles ahead, even when
its predicted trajectory remains physically plausible.

The uncertainty quantification results show that point predictions alone are
not sufficient. Raw Quantile Regression (Romano et al., 2019)) produced intervals
that were not reliably calibrated, especially in the longitudinal direction and at
longer horizons. After conformal calibration, the empirical coverage was close to
the desired 90% level for both axes and all horizons. This demonstrates the value
of Conformalized Quantile Regression (Romano et al., 2019), the quantile model
gives input-dependent interval widths, while conformal calibration corrects the
finite-sample miscalibration. The qualitative uncertainty examples also behaved as
expected, with wider intervals in more ambiguous or difficult scenes and narrower
intervals in simpler scenes.

However, the uncertainty results should be interpreted carefully. The confor-
mal guarantee is marginal and per axis. It does not guarantee conditional coverage
for every scene type (Romano et al., [2019). The intervals also do not make the
autonomous driving system safe by themselves; they only provide calibrated infor-
mation about prediction uncertainty. To make practical use of this information, a
downstream planner would need to react to wide intervals, for example, by choos-
ing a more conservative action. This is left as future work and is outside the scope
of this thesis.

There are broader limitations as well. The end-to-end fine-tuning stage was
stopped after three epochs because the validation loss seemed to plateau, and
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due to limited project time, longer training may still improve the model. The
experiments also do not include repeated runs or a full ablation study, so the
results should be treated as empirical evidence from this case study rather than
final benchmark claims. Finally, the detection metrics are only a proxy for latent
representation quality, and L2 distance does not capture all aspects of planning
quality. Future work should therefore include longer training, repeated exper-
iments, stronger evaluation of interaction-heavy scenes, conformal regions, and
integration of uncertainty estimates into an actual planning or safety module.

5 Conclusion

Our study shows that adapting autonomous driving models across domains re-
quires more than applying a pre-trained model directly to new data. The results
suggest that a staged transfer-learning procedure is a practical way to reuse knowl-
edge from a large source-domain model while still adapting to the geometry, ap-
pearance, and motion patterns of a heavy-truck target domain. In this sense, the
main contribution is not only the improved performance after fine-tuning, but the
demonstration that representation adaptation and end-to-end adaptation address
different parts of the domain shift.

It also highlights the importance of uncertainty in trajectory prediction. A
single predicted path gives an incomplete description of the future, especially in
ambiguous driving scenes. By adding calibrated prediction intervals, the model
output becomes more informative. It indicates not only where the vehicle is ex-
pected to go, but also how reliable that prediction is. Overall, the work supports
the view that future autonomous driving systems should combine transfer learn-
ing, calibrated uncertainty estimation, and downstream risk-aware planning rather
than relying only on deterministic point predictions.
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