2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Beyond Scalar Rewards: Distributional Reinforcement Learning with
Preordered Objectives for Safe and Reliable Autonomous Driving

Ahmed Abouelazm*!2, Jonas Michel*2, Daniel Bogdollu, Philip Schorner':2, and J. Marius Zo6llner!»2

Abstract— Autonomous driving involves multiple, often con-
flicting objectives such as safety, efficiency, and comfort. In
reinforcement learning (RL), these objectives are typically
combined through weighted summation, which collapses their
relative priorities and often yields policies that violate safety-
critical constraints. To overcome this limitation, we introduce
the Preordered Multi-Objective MDP (Pr-MOMDP), which
augments standard MOMDPs with a preorder over reward
components. This structure enables reasoning about actions
with respect to a hierarchy of objectives rather than a scalar
signal. To make this structure actionable, we extend distribu-
tional RL with a novel pairwise comparison metric, Quantile
Dominance (QD), that evaluates action return distributions
without reducing them into a single statistic. Building on QD, we
propose an algorithm for extracting optimal subsets, the subset
of actions that remain non-dominated under each objective,
which allows precedence information to shape both decision-
making and training targets. Our framework is instantiated
with Implicit Quantile Networks (IQN), establishing a concrete
implementation while preserving compatibility with a broad
class of distributional RL methods. Experiments in Carla show
improved success rates, fewer collisions and off-road events,
and deliver statistically more robust policies than IQN and
ensemble-IQN baselines. By ensuring policies respect rewards
preorder, our work advances safer, more reliable autonomous
driving systems.

I. INTRODUCTION

End-to-End (E2E) learning has emerged as a compelling
paradigm for Autonomous Driving (AD), directly map-
ping raw sensory input to vehicle actions within a unified
model [1]. By bypassing handcrafted intermediate stages,
E2E approaches mitigate error accumulation and enable
scalable, data-driven driving policies [2]. Unlike modular
pipelines, which rely on carefully engineered perception
and decision-making components, E2E systems reduce error
propagation between modules and allow joint optimization of
perception and control. This streamlines learning and lowers
reliance on manual design [3].

While imitation learning (IL) is effective for acquiring
basic driving skills, Reinforcement Learning (RL) offers
distinct advantages by optimizing behavior through direct
interaction with the environment [4]. By maximizing cu-
mulative rewards, RL agents can adapt to the dynamic and
uncertain conditions of real-world traffic [5]. At the core of
this process lies the reward function, which specifies driving
objectives such as safety, efficiency, and comfort, and thus
directly governs the quality of the learned policy [6].
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Research Gap. Designing reward functions for AD is
inherently complex, as they must capture multiple, often
conflicting objectives, such as safety, efficiency, and comfort,
while also reflecting their relative priorities [7]. A common
practice is to collapse these objectives into a single scalar
reward, typically through naive or weighted summation [5].
However, such formulations are difficult to tune, highly
context-dependent, and have been shown to produce unde-
sirable behaviors when trade-offs are misaligned, such as
prioritizing comfort or efficiency at the expense of safety [8].

To address these deficiencies, research in Multi-Objective
Reinforcement Learning (MORL) has proposed representing
areward as a vector of distinct objectives [9]. This allows the
agent to learn separate value estimates per objective. How-
ever, decision-making still relies on weighted aggregation of
these estimates [10], which limits the learned policy’s ability
to preserve the intended priority of objectives.

Alternative approaches introduce hierarchical rewards in-
spired by rulebooks [11], where relations among objec-
tives are explicitly encoded [12], [13]. While these ap-
proaches provide interpretability and structured priorities
at the reward-design level, agents are still trained with
scalar rewards, restricting agents’ ability to disentangle the
contribution of each objective.

Therefore, a gap remains in developing RL agents that can
semantically represent multiple objectives and enforce their
relative priorities within the learning process itself. Such a
formulation enables safety-critical objectives to guide both
learning and decision-making more reliably, leading to safer
driving behavior.

Contribution. This paper presents a framework that in-
corporates preorder relations, capturing the relative priority
between objectives, directly into RL agents. In this way,
objective priorities are respected during both training and
inference. The key contributions of this work are:

« Preordered Multi-Objective MDP (Pr-MOMDP): We
extend MOMDPs with preorder relations, providing a
formulation that enables reasoning about actions with
respect to prioritized objectives.

o Quantile-based action comparison: Building on the
Pr-MOMDP formulation, we propose Quantile Domi-
nance (QD), a distributional metric that compares full
return distributions to derive pairwise action relations.

« Optimal subsets for decision-making: Leveraging QD,
we extract optimal action subsets, non-dominated ac-
tions under each objective, and integrate them into both
action selection and training updates, ensuring higher-
priority objectives consistently shape policy learning.
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II. RELATED WORK

The integration of multi-objective and hierarchical reward
structures into RL policies is a critical area of research. While
significant progress has been made, major challenges remain.
Experiments in the complex domain of AD have revealed that
current approaches insufficiently respect reward structures,
leading to undesirable behavior [8]. In this section, we first
introduce classical reward structures and their challenges in
the context of AD, and subsequently introduce prior work
in MORL and Hierarchical Reinforcement Learning (HRL)
that aims to handle such complex reward structures.

A. Reward Design in Autonomous Driving

AD is a complex domain with a multitude of often con-
flicting objectives [7]. This makes it challenging to manually
design reward functions and can often lead to insufficient
performance [14]. Knox et al. [8] identified several chal-
lenges in the manual design of reward functions, such as
undesired risk tolerance or preference orderings that do not
align with human judgment. These findings are confirmed
by a large-scale survey by Abouelazm et al. [7], highlighting
that most reward functions in the literature utilize different
individual reward terms but aggregate them into a scalar
output, eliminating context awareness and relative ordering.

To avoid error-prone manual reward designs, another line
of work proposes the automated generation of a reward
function based on Large Language Models (LLMs) [15].
However, this approach still collapses multiple reward terms
into a single scalar, not solving the core issue of classical
reward structures. Finally, some works address the runtime
adoption of driving behaviors by introducing priors on driv-
ing aspects, such as comfort or aggressiveness [16], [17].
Here, classically engineered reward terms are combined with
prior conditions so agents can display different behaviors
during inference without re-training. These approaches em-
phasize certain aspects of total reward rather than integrating
hierarchies to address complex reward structures.

B. Multi-Objective RL and Hierarchical Rewards.

As classical reward structures struggle to address scenarios
that require hierarchical or multi-objective reward signals,
this section presents advancements in MORL and HRL.

Rather than just decomposing components of the re-
ward function, several works adapt model architectures by
introducing multi-branch networks for individual reward
components [10], [18]-[22]. While these concepts have
demonstrated performance improvements and can be used
to dynamically adjust weights during runtime [23], [24], an
artificial bottleneck is introduced by merging the resulting
Q-values into a singular value for training.

Differently, Deshpande et al. [9] use a Deep Q-Network
(DQN) per reward objective and generate a list of acceptable
actions for each. However, the action selection is based on
sequential filtering and ordering, which is error-prone and
cannot capture the full range of relations between objectives.
Several works have combined distributional RL with multi-
dimensional rewards [25]-[28]. However, they utilize simple,

unstructured rewards, which are not suitable to address
complex real-world applications such as AD.

Only a few works integrate complex reward structures in
RL applications. Bogdoll et al. [12] proposed a rulebook-
based [11] and situation-aware reward function that showed
performance improvements in traffic scenarios that required
controlled rule exceptions. Abouelazm et al. [13] similarly
designed rulebook-based rewards with a novel risk term
and a normalization scheme that assigns weights according
to the hierarchy level of each reward term. However, both
approaches collapse the structured reward into a single scalar,
limiting their ability to fully exploit the hierarchy.

Unlike prior approaches that collapse objectives into a
single scalar (Fig. 2a), aggregate value estimates without
preserving preorder (Fig. 2b), or rely on unstructured re-
wards, our approach preserves preorder between objectives,
leverages distributional value estimates for robust action
comparison, and encodes reward hierarchies directly into the
learning process.

III. METHODOLOGY

In this section, we formalize our approach, illustrated
in Fig. 2c, to incorporating reward preorder into RL. We
first extend the MOMDP with a preorder relation, referred
to as precedence among objectives, to capture hierarchical
structure (Section III-A). We then introduce a distributional
metric for action comparison and a preorder-guided action
selection framework that adapts both architecture and train-
ing to respect priorities (Section III-C).

A. Problem Formulation

MORL is typically formalized through Multi-
objective  markov  decision  process (MOMDP),
Myompp = (S, A, P,R,v), where S is a finite set of
states, A a finite set of actions, and P(s’ | s,a) denotes the
transition probability from state s to state s’ under action a.

For N objectives, the reward function is a vector given by
R :8 x A — RN, For any (s,a) € S x A, the vectorized
reward is realized as R(s,a) = {r;(s,a)}}L,, where r;(s, a)
denotes the reward for objective . The discount factors are
similarly defined as v = {v;} ;.

Existing MOMDP formulations typically handle multiple
objectives either by treating all reward components as equally
weighted and aggregating them into a single signal [29] or by
enforcing a strict lexicographic order [9]. Both approaches
impose rigid constraints that limit the framework’s ability to
capture more flexible relations among objectives.

To address this limitation, we introduce the Preordered
MOMDP (Pr-MOMDP), an extension of MOMDP that incor-
porates a pre-order relation > over reward components. This
extension preserves the vectorized reward structure while
enabling comparisons that respect the hierarchy among ob-
jectives. In contrast to rulebooks [11], which use < because
they operate on costs to be minimized, we employ > since
our formulation is reward-based and maximizes returns. The
proposed formulation of Pr-MOMDP is given in Eq. 1.

Mpremompr = Myompp + (=) = (S, A, P, R,v, =) (1)
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Fig. 1: Examples of lexicographic and partial order rewards

For any 7;,7; € R, the relation r; = r; indicates that the
reward component 7; has a higher priority than r;. The
introduction of a pre-order allows reward relations to be
represented flexibly as directed graphs. Figure 1 illustrates
two instances: a total order (lexicographic) with r; > 79 =
rs >~ r4, and a partial order in which ro and r3 remain
incomparable. Such flexibility is essential for capturing both
strict hierarchies and more general priority structures that
arise in multi-objective decision-making.

To address the complexities of AD, we extend the formula-
tion in Eq. 1 from the fully observable case to the more chal-
lenging partially observable setting. Here, the agent interacts
with the environment through observations o € O generated
by a sensor model. This extension leaves the preorder relation
> unaffected, as prioritization among reward components is
independent of the observation process.

B. Action Relations from Rewards Preorder

The introduction of a precedence relation not only struc-
tures the reward components themselves but also induces a
relational semantics among actions. Building on the relations
introduced in [30], we adapt them to the proposed Pr-
MOMDRP setting: given two actions a,a’ € A with corre-
sponding reward components R(s,a), R(s,a’) € RY and a
preorder relation > over objectives, we define:

o Dominance: a dominates a’ if there exists an objective
r; satisfying r;(s,a) > r;(s,a’), and for any objective
with 7;(s,a’) > r;(s, a), it holds that r; > r; under >.

« Indifference: a and «’ are indifferent if neither a
dominates o’ nor ¢’ dominates a.

o Incomparability: ¢ and o’ are incomparable if there
exist objectives r; and r; such that 7;(s,a) > r;(s,a’)
and 7;(s,a’) > r;(s,a), and neither objective is com-
parable (ordered above the other) under >.

Precedence-based relations provide a meaningful way to
compare actions in terms of their reward vectors, but RL
agents do not act directly on rewards. Instead, decisions are
guided by value functions that estimate expected return over
time. To enable agents to benefit from the semantic struc-
ture of rewards, we address how precedence-based action
relations can be extended into the value-function space. The
next section develops a comparison algorithm that integrates
these relations into learning, allowing objective hierarchies
to guide action evaluation and policy learning.

C. Preorder-guided Action Selection

1) Agent Architecture: Representing multiple value func-
tions within the agent architecture raises design challenges.
Factored-state approaches [31] assign each objective to a sep-
arate subset of the state, but this requires handcrafted features
and is infeasible when learning directly from raw sensor data.
Using the full state with separate networks per objective [9]
avoids hand-design but duplicates computation and prevents
objectives from benefiting from shared representations [32].

To address these limitations, we adopt a multi-head ar-
chitecture: observations are encoded into a common latent
representation that captures task-relevant features, which is
then passed to multiple heads, as demonstrated in Fig. 2c.
Each head outputs a value estimate for its corresponding
objective r; € R, allowing new objectives to be added simply
by introducing an additional head. This design improves
scalability, and leverages shared features while maintaining
objective-specific value predictions.

2) Value Functions Estimation: Strictly applying prece-
dence at the level of value estimates raises important chal-
lenges. Previous rulebook approaches [33] rely on discrete,
boolean comparisons that assume rewards can be evaluated
as satisfied or violated. Value functions, by contrast, often
have large magnitudes, are noisy, and fluctuate during train-
ing. Enforcing strict prioritization in this setting can lead to
undesirable outcomes. For example, strict prioritization may
lead the agent to favor a negligible gain in clearance over
significant progress, resulting in overly conservative behavior
such as remaining stationary. Such brittleness highlights
the need for a more tolerant evaluation mechanism that
accounts for the uncertainty in value estimates and can
capture precedence in a distributional form.

To address these limitations, we adopt a distributional RL
approach. Specifically, we use quantile-based value function
estimates inspired by Implicit Quantile Network (IQN) [34],
combined with a distribution-aware metric for pairwise ac-
tion comparison (Section III-C.3) to enable more tolerant
evaluation of actions under the same objective 7;. These
comparisons then inform a preorder-based action selection
algorithm (Algo. 1) that maintains, for each objective, the
subset of non-dominated actions consistent with the hierar-
chy, denoted the optimal subset.

IQN models the entire quantile function, treating the
quantiles 7 € [0,1] as a continuous random variable. This
allows the network to approximate the inverse cumulative
distribution function (inverse CDF F~1) of the return dis-
tribution, as expressed in Eq. 2. For each objective r;, the
network outputs a matrix Z"(oz,a) € RITIXIAl where each
row corresponds to a sampled quantile 7 and each column
to an action a.

Z:—i(oh ) ~ an(ot’a)(T)v

3) Distribution-aware Pairwise Comparison: This section
focuses on comparing actions using the full return distribu-
tion of a reward component r;. Previous works collapse the
distribution into a single statistic, such as conditional value-
at-risk (CVaR) [34] or mean variance (MV) [35], thereby

T~ U[0,1] 2
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(a) Single-Head architectures [12], [13], where
all objectives are entangled in a single policy
head f without the ability to separate them.

(b) Multi-Head architectures [10], [18], which
learns one head per objective r; but collapses
decision-making to the mean value estimate.

(c) Our Pr-IQN with a novel action comparison
and selection algorithm to utilize all available
information and preserve a given preorder.

Fig. 2: Comparison of two classical architectures (a, b) with our Pr-IQN approach (c), shown during inference given observations o;.
Information bottlenecks are highlighted in red and novel components for full information utilization in green. Compared to classical
approaches, Pr-IQN leverages distributions Z"" to select actions that respect a given preorder.

discarding distributional structure and increasing sensitivity
to noise. In contrast, we propose quantile dominance (QD), a
distribution-aware metric that compares action distributions
to a quantile-wise ideal reference.

To ensure such comparisons are robust to estimation noise
and consistent across objectives, we enforce scale invariance
by normalizing quantile estimates per objective using Z-score
normalization, denoted by Z"i. We then define the ideal
distribution as the maximum return across all actions at each
quantile 7, as shown in Eq. 3.

Zn = max Z!(a) 3)
Accordingly, the quality of an action is measured by its
Wasserstein-1 distance to this ideal profile, as given in Eq.4.
Since smaller distances indicate stronger alignment with the
quantile-wise OBt\imum, we define the scalar action score
score™ (a) = —W,"(a), such that higher values correspond
to stronger quantile dominance.

— 1 = .
W) = 3 )z:; (a) — 227 @)
TLET
Finally, we define QD between two actions as demonstrated
in Eq. 5, which quantifies the directional difference in
quantile dominance. By construction, QD is asymmetric, i.e.,

QD a—a’ 7& QD a’—a-
QD" , = score’ (a) — score” (a’). 5)

To avoid overly strict action comparisons, we introduce a
tolerance parameter ¢, € R for each objective. Two actions
a and o’ are deemed indifferent if |QD;’, /| < €. Action
a dominates o if QDZ;G, > €, and is dominated by
a’ otherwise. The QD procedure provides a principled way

to assign pairwise relations between actions under a single

objective r;. In the next section, we extend it from individual
objectives to the full pre-order structure over rewards.

4) Preorder Traversal and Action Selection: In contrast
to rulebook planners [30] that require exhaustive evaluation
over all objectives and actions, our algorithm is more effi-
cient. It operates on the fixed action space of the RL agent,
runs in linear time with respect to the number of reward
components N, and yields optimal subsets at each level of
the hierarchy, enabling direct use in agent training.

Algorithm 1 evaluates action relations while preserving
the reward preorder. We apply a topological ordering based
on the reward precedence [30], so that the parents of each
reward r; (i.e., directly connected higher-priority rewards)
are always evaluated before r;. At each step, dominance
relations established at parent objectives are first inherited: if
an action pair (a, a’) is already determined to be dominated,
dominating, or incomparable, this relation cannot be over-
ridden by a lower-priority objective. In addition, we inherit
an action optimal subset ST via Agg(-), which aggregates
parent survivor sets, and removes only actions effectively
dominated by a surviving non-conflicting dominator.

Only indifferent (undecided) pairs are passed forward
for evaluation, where they are compared using the QD
operator (III-C.3), to yield local dominance relations. The
inherited and local outcomes are merged to update the
global dominance structure, while conflicts are filtered out.
Finally, the optimal action subset S,, C ST is constructed,
containing actions that are not strictly dominated under ;.
This stepwise filtering propagates precedence consistently
through the preorder while pruning actions that fail higher-
priority objectives. A key property of the algorithm is that
each optimal subset of actions is guaranteed to be non-empty,
ensuring that at least one feasible action remains available
at every level of the hierarchy.
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Algorithm 1: PREORDER ACTION SELECTION
Input: action set A; objectives R with R}reorder >; parent map
Pa(+); quantile estimates {Z"% };Z; comparator QD(+)
Output: for each r; € R: optimal subset Sy,

2 L < TOPOLOGICALSORT(R, >)
3 for r; € L do

4 (1) Inherit parent relations

5 if Pa(r;) = @ then

6 ‘ ST+ A; Dom'«+0; DomBy'<«0

7 else

8 ST — Agg({SP}PEPa(ri))

9 Dom + Vpepar;) Pom[p]

10 DomBy" + Vpepa(r) PomBy(p]

11 (2) Construct update mask (only update indifferent pairs)
12 Mask < —~(Dom" v DomBy")

13 (3) Compare action pairs using QD

14 (Dom®®, DomBy®) < QD(Z", Mask)

15 (4) Merge inherited and local

16 Dom|r;] + (~Mask A Dom™) v (Mask A Dom®)

17 DomBy[r;] + (=Mask A DomBy") VvV (Mask A

DomBy®)

18 (5) Compute optimal subset at reward 7;

19 C + Dom|r;] AN DomBy|r;]

20 DomBy* + DomByl[r;] A =C

21 Sr; +—{ac S Ba €ST: DomBy‘la,d'] =1}

22 return {Sy, }r,er

23 Legend: Agg(-): aggregation of parent survivor sets; Domla,a’] =1
if a dominates a’; DomByla,a’] =1 if a is dominated by a’; \/ =
element-wise logical OR (over parent relations); Mask = undecided
action pairs mask; C' = Incomparable action pairs
superscripts: T = inherited from parents, QD = computed at r; via
quantile dominance, | = dominated-by after incomparable removal

5) Preorder Informed Training and Inference: Preorder
relations between reward components induce optimal action
subsets at the value-function level. To leverage these sets
during learning, we extend IQN [34] and denote the resulting
algorithm as Pr-IQN. Conventional MORL approaches [9],
[31] perform argmax-based target selection over the full
action set for each objective, ignoring precedence relations
among rewards. In contrast, Pr-IQN modifies the temporal
difference (TD) [36] training targets to respect reward prece-
dence. Specifically, we restrict the target selection for each
objective 7; to the optimal action subset S, obtained from
Alg. 1, as defined in Eq. 6. This masking prevents select-
ing actions that achieve high return for r; while violating
higher-priority objectives. Accord/ingly, the TD error between
quantiles (7,7’), denoted &, #(m7) "is computed as in Eq. 7,
ensuring that value updates promote actions that optimize the
current objective while respecting precedence constraints.

. 1 .
a;li = arg maxﬂ Z Z7i (0141, ) (6)

U/EST‘i TRET

5T ) — i 4y 2 (0r41,a;77) = Z0 (0, a0)  (7)

During inference, the agent samples an action uniformly
from the optimal subset associated with a leaf objective,
following the approach in [30]. When the hierarchy contains
multiple leaves, we introduce a virtual global leaf that
aggregates their optimal subsets and guides action selection.

IV. EXPERIMENTAL SETUP

This section details the experimental setup, including the
RL agent design, hierarchical reward structure, and urban
traffic scenarios in CARLA [37]. We also outline baselines,
ablations, and evaluation metrics to enable a systematic and
fair comparison of performance.

A. RL Agent Description

We design a multimodal observation space that combines
a front-facing RGB camera with resolution 128 x 128 and
a LiDAR point cloud projected onto a 128 x 128 grid map
with two vertical bins. Additionally, the agent is conditioned
on high-level navigational commands [38] and on vehicle
kinematics, including longitudinal and lateral velocities and
accelerations. To encode this observation, we employ Trans-
Fuser [38], a transformer-based backbone that fuses image
and LiDAR features into a shared latent representation.

For decision-making, we couple the RL agent with a
Frenet-based planner [12], which generates trajectories con-
sistent with road geometry. The agent outputs two discrete
boundary conditions (vy,ds): vy denotes the target velocity
at the end of the planning horizon, and d; the lateral
displacement from the lane centerline. These conditions are
used by the Frenet planner to construct a feasible trajectory.

B. Reward Hierarchy

The reward hierarchy illustrated in Fig. 3 organizes driving
objectives according to their criticality for safe and reliable
AD. Safety has the highest priority, as collision and off-road
events are enforced as first-order constraints due to their
catastrophic consequences [11]. The second level addresses
risk mitigation, encouraging conservative driving behavior
by maintaining clearance and proactively reducing collision
likelihood [13]. Placing risk directly below safety ensures
that near-miss situations are penalized before progress incen-
tives can dominate. Below risk, lane keeping enforces com-
pliance with road geometry, supporting both safety and pre-
dictability in mixed-traffic [33]. Progress follows, rewarding
efficient route advancement and adherence to target velocity
profiles. Finally, comfort is assigned the lowest priority as it
primarily affects ride quality rather than immediate safety.

C. Traffic Scenarios

In this work, we focus on urban driving tasks where an
autonomous agent must approach and cross unsignalized
intersections. Such intersections are among the most safety-
critical elements of road networks due to the absence of
explicit right-of-way indicators and the need for implicit
negotiation with other vehicles [39]. While our framework
applies to a broad range of road scenarios, intersections
provide a particularly demanding setting for evaluating risk-
sensitive RL strategies.

Traffic scenarios are generated in CARLA [37], where
training involves randomized configurations of static obsta-
cles and traffic vehicles across multiple T-junctions and four-
way intersections. Vehicle attributes such as geometry, speed,
and lateral positioning are randomized to promote robustness
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Fig. 3: The reward hierarchy with Safety as the highest priority,
followed by Risk, Lane Keeping, Progress, and Comfort. This
ordering guides the agent’s decision-making to emphasize safety
while balancing other objectives.

and generalization. For evaluation, we adopt a hold-out set
consisting of one unseen T-junction and two unseen four-
way intersections, ensuring that performance is assessed on
layouts not encountered during training.

D. Baselines and Evaluation Metrics

We benchmark our RL framework against IQN [34], a
widely used distributional RL baseline. To control for model
capacity, we introduce an ensemble IQN variant with the
same number of policy heads as our reward hierarchy,
allowing us to disentangle gains from increased capacity
and those from explicitly encoding semantic structure. Both
baselines are trained using a weighted sum of the hierarchical
reward components described in Section IV-B, following the
weighting scheme of [13].

Additionally, we adopt the multi-objective approach
of [10], [18], which learns one value head per objective r;
and selects actions using the mean value across objectives,
denoted as mean aggregated IQN (MA-IQN). To isolate
the contribution of each component of our framework, we
conduct ablation studies examining the effect of allocating
separate policy heads per objective, integrating hierarchical
comparisons during training, and varying both the compar-
ison method and threshold. We also evaluate the method
under partial ordering, using a hierarchy in which risk and
lane keeping are children of safety and precede progress.

To ensure a fair comparison, all agents are trained for
the same number of steps using identical architectures and
hyperparameters. Training is repeated with three random
seeds, and each policy is evaluated over three runs to account
for stochasticity in CARLA, following the protocol of [40].
Evaluation uses a hold-out set of intersection scenarios with
varying traffic densities, defined as the ratio of active actors
to the maximum allowed in the environment.

We evaluate performance using driving metrics and statis-
tical reliability measures. Driving performance is measured
using success rate (SR), off-road rate (OR), collision rate

Algorithm X Algorithm Y
IQN 1 Ensemble
Ensemble | IQN
IQN 1 Pr-IQN
Ensemble I Pr-IQN
Pr-IQN 1 IQN
Pr-IQN I Ensemble

02 04 06 0.8
P(X >Y)

Fig. 4: Probability of improvement [41], quantifying the likelihood
that an algorithm X (the left column) outperforms algorithm Y (the
right column).

(C'R), and route progress (R P), reported as mean + standard
deviation across all seeds and runs. We also assess the agent’s
ability to optimize individual reward components, reflecting
alignment with the designed objectives. To complement these
metrics, we use the RLiable library [41] to compute statistics
such as the interquartile mean (IQM) and optimality gap.

V. EVALUATION

Table II reports an ablation study analyzing the impact of
the comparison metrics, the tolerance ¢, and the integration
of the preorder during training. MA-IQN performs notice-
ably worse since averaging value estimates across heads
collapses the hierarchical ordering, allowing lower-priority
improvements to compensate for violations of higher-priority
objectives. Similarly, collapsing quantile estimates into scalar
metrics such as CVaR or MV in Pr-IQN removes the distribu-
tional structure, leading to unreliable optimal action subsets.

Pr-IQN with QD consistently outperforms IQN and En-
semble across all traffic densities. Tightening the tolerance
from € = 0.4 to € = 0.2 yields further gains by enforcing
stricter adherence to the preorder. Incorporating the preorder
during training further improves the success rate by +3.3%
and +2.5% at densities 0.75 and 1.0. A partial preorder
performs comparably to the total-order variant when the
hierarchy is enforced during training, but is more sensitive
to degradation when it is not, highlighting the importance of
aligning the training objective with the decision structure.

Overall, our best configuration, Pr-IQN* (QD with total
preorder enforced during training and € = 0.2), improves
success rate by (+7.7%, +16.6%, +20.3%) over IQN and
(+11.0%, +14.7%, +13.9%) over Ensemble-IQN at traffic
densities 0.5, 0.75, and 1.0. These results show that preorder-
guided optimal subsets prevent policies from exploiting
lower-priority objectives at the expense of safety.

Additionally, Table I compares policies’ ability to optimize
the top three reward components in the preorder: safety,
risk, and lane-keeping. The table reports the mean and
standard deviation of cumulative rewards per episode, along
with the relative percentage improvement over IQN. Results
show that Pr-IQN™* consistently increases rewards across all
traffic densities, achieving improvements of up to 61% in
safety violations, 41% in risk exposure, and 37% in lane-
keeping rewards. These improvements highlight that explic-
itly incorporating the preorder not only enhances overall task
performance but also yields safer and more reliable driving
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Fig. 5: Interquartile mean (IQM) and optimality gap [41], quanti-
fying the statistical stability of a policy.

behavior by directly prioritizing high-criticality objectives.
Figures 4 and 5 complement these findings using RLiable
metrics across training seeds and evaluation runs. Pr-IQN*
consistently achieves the highest IQM and lowest optimality
gap, confirming its reliability over IQN and Ensemble-
IQN. The probability of improvement analysis further shows
P(Pr-IQN > IQN) and P(Pr-IQN > Ensemble-IQN) sub-
stantially above 0.5, while the reverse probabilities remain
low. These results highlight that incorporating preorder re-
lations into distributional RL improves not only average
performance but also stability and robustness across runs.

VI. CONCLUSION

We introduced Pr-MOMDP to encode reward preorder,
proposed Quantile Dominance (QD) for distribution-aware
action comparison, and developed an algorithm to extract op-
timal action subsets consistent with the preorder. Leveraging
these, we extended IQN into Pr-IQN, where optimal subsets
shape both training and decision-making. Experiments in
CARLA show that Pr-IQN improves safety, success rate, and
overall driving performance compared to IQN and ensemble
baselines, with gains of up to 7.7%-20.3% over IQN and
11.0%-14.7% over Ensemble-IQN across traffic densities.
Future work will address scalability to larger preorders and
investigate how the multi-head architecture can be used for
explainability and targeted fine-tuning of specific objectives.
We also plan to explore hybrid setups, where certain objec-
tives, e.g., traffic-light compliance, are evaluated by external
components such as Car2X and integrated into the preorder.
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