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Abstract

Autonomous robots—including self-driving vehicles, sidewalk delivery robots,
and more—must navigate among humans in a safe and socially-compliant manner.
Current approaches for building and evaluating such autonomous systems rely on
data-driven techniques; however, a generalization gap emerges, as methods trained
in these traditional paradigms are unable to cope with unexpected real-world scenar-
ios. Therefore, this thesis aims to develop improved methodologies and evaluation
settings to increase and assess robustness in autonomous navigation against these
challenges, along two key pillars of enhanced data utilization.

First, we introduce scenario characterization and repartitioning schemes, for ro-
bustness against out-of-distribution safety-relevant and corner case scenarios. We
create a hierarchical characterization method which leverages counterfactual probes
to nd hidden safety-relevant scenarios in large datasets. We then address the in-
duced generalization gap by incorporating the characterizations into downstream tra-
jectory prediction models' inductive biases. To promote greater interpretability and
generalizability, we factorize scenarios into disentangled contexts, creating compo-
sitionally novel test sets. We then use modular architectures and auxiliary signals to
implicitly reason over and adapt to these settings.

Second, we design targeted scenario modi cation approaches, to expose and
address failure cases and weaknesses of naive autonomy methods. For robustness
against perception errors affecting downstream motion prediction, we construct a
framework for converting top-down pedestrian trajectory datasets into a more chal-
lenging rst-person view perspective. We then develop a correction module to
account for the resulting errors, trained end-to-end with trajectory prediction ap-
proaches. For robustness against adversarial, safety-critical scenarios, we develop a
reactive, skill-based adversary policy which leverages a learned, multi-faceted criti-
cality objective to perturb existing scenarios. We then train ego policies in a closed-
loop manner against these generated scenarios, demonstrating improved downstream
ego performance. Finally, we process and annotate unlabeled and underutilized data
sources, to learn human-like behavior from real-world crash videos. We use these
learned behavior models to further increase the realism of adversarially perturbed
scenarios, as well as the ef cacy of closed-loop ego training.

Overall, we nd that enhanced data utilization is a key component in develop-
ing robust evaluation settings and policy methodologies in autonomous navigation.
Because broader machine learning domains exhibit similar data scarcity and out-
of-distribution challenges, generalizing these ideas beyond autonomy is likewise
promising.
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Chapter 1

Introduction

As arti cial intelligence (Al) technology advances, more and more autonomous robots are being
tasked with operating and navigating among people in shared environments. Such applications
span academia and industry, including self-driving vehicles, sidewalk delivery robots, and auto-
mated room service in hotels [30, 72, 104, 205]. While these robots can be required to perform a
wide variety of interactions with their environments (e.g., lifting a pallet for a warehouse robot,
picking up and dropping off a passenger for an autonomous taxi, etc.), an essential challenge
for these robots remains the task of autonomous navigation itself, wherein a robot is required
to ef ciently drive or move to a destination while operating in a manner which is both “safe”
(i.e., avoiding collisions and near-misses) as well as “socially compliant” (i.e., behaving non-
obstructively and predictably to other entities) [12, 111].

Autonomous robots incur a variety of risks across different task settings, although all are quite
severe. Physical risk of injury or death to humans remains a primary concern, as evidenced by
multiple fatal collisions caused by autonomous vehicles in recent years [107]. Such high pro le
incidents also carry the risk of damaging human trust in autonomous robotics more broadly,
hampering adoption and delaying potential societal bene ts [77, 194]

There are thus several key challenges to be addressed for an autonomously navigating robot,
spanning the canonical levels of an autonomy stack [25]. A robot must be adept at sensing
andperceivingthe environment in which it operates, detecting and tracking static and dynamic
obstacles and other agents. The autonomous agent must also begpabtedtihe future behavior
and intents of relevant external agents, for both humans and other robots. Finally, the agent
must intelligently process these intermediate inputdan its actions and ultimatelgontrol and
actuate the physical hardware. Each layer presents its own challenges and is critical to the overall
performance and safety of the system.

Leveraging data has become essential in both developing and evaluating approaches across
all levels of the autonomy stack. Because real-world experiments are both expensive and risky,
large-scale datasets and high-quality simulators are widely used [154]; with recent advances
in machine learning (ML) and Al more broadly, deep learning approaches have become the
dominant approach for utilizing this data [49]. In the prototypical data utilization paradigm,
datasets comprising recorded human demonstrations are randomly split into training, validation,
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Figure 1.1: Long-tail distribution of scenarios in autonomous navigation. Benign data is far more
common than critical data.

and testing sets of scenartpsvhere machine learning models iteratively use the training set to
adjust their parameters, the validation set to judge their current progress, and the testing set to
assess nal performance [6, 54].

However, despite their advantages, pre-recorded datasets and standard data utilization prac-
tices also introduce signi cant challenges. In social navigation and autonomous driving, sce-
narios tend to follow a heavy-tailed distribution, where safety-critical and other corner cases are
exceedingly rare and unlikely to be captured exhaustively during dataset collection, a problem of-
ten referred to as the “curse of rarity” [41, 97, 111], as shown in Figure 1.1. Furthermore, datasets
and simulations still cannot capture or faithfully reproduce all relevant aspects of real-world sce-
narios [61]. These limitations lead to generalization and simulation-to-reality (sim2real) gaps,
where models which perform quite well in a dataset are “brittle” and non-performant in unex-
pected real-world scenarios [2, 4], evoking the sentiment among many robotics researchers that
“simulations are doomed to succeed” [14].

In this context, improving “robustness”—the ability of a system to maintain performance and
safety in the face of these challenges—remains a critical need. By developing and leveraging
hanceddata utilization approaches that go beyond the aforementioned typical usage frameworks
(e.g., arti cial distribution shift creation, synthetic long-tail scenario creation, etc.), this thesis
aims to |l this need.

1.1 Thesis Statement

Naive utilization of real-world recorded data tends to be insuf cient for evaluating and ensur-
ing the robustness of social robot navigation and autonomous driving policies. By adopting
enhanced data utilization techniques, policies can achieve greater robustness, maintaining per-
formance across challenges such as out-of-distribution scenarios, perception errors, and adver-
sarial behavior. This thesis explores how these advanced techniques, when paired with increas-

Ln this thesis, we use the terms “scenario” and “scene” interchangeably.
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Figure 1.2: This thesis develops “enhanced data utilization” techniques along two key pillars:
scenario characterization and partitioning, and targeted scenario modi cation.

ingly rigorous and realistic evaluation settings, drive methodological advancements—including
end-to-end learning, scenario characterization, and adversarial training—to improve robustness
across multiple levels of the autonomy stack.

1.2 Contributions and Overview

In this thesis, we present several approaches for enhancing the robustness of different evalu-
ation settings and autonomy policies, across both autonomous driving and social navigation.
These developments upon the naive data utilization paradigm are depicted in Figure 1.2. We
begin by developing advanced scenario characterization techniques and repartitioning existing
datasets—ourst key pillar of enhanced data utilization. By holding out portions of the datasets

as unseen, out-of-distribution test sets, we assess baseline motion prediction approaches and
introduce strategies for reducing the incurred drops in performance. We then turn to method-
ologies for modifying collected data in a realistic and useful way—segondkey pillar of
enhanced data utilization. In social navigation, we reconstruct motion prediction datasets by in-
corporating perception errors, and develop methods to reduce their impact. Finally, returning to
autonomous driving, we contribute approaches for adversarially perturbing background-vehicle
behaviors in closed-loop driving simulations, demonstrating that realistic perturbations result in
better performing policies. The remainder of this thesis is organized as follows:

In Chapter 2, we introduce common problem formulations, important notation, and key met-
rics used throughout this thesis. Related work is discussed within each technical chapter in
self-contained sections.

In Chapter 3, we mine for hidden safety-relevant driving scenarios, leveraging counterfac-
tual probes and hierarchical scenario characterization to form the basis of these splits. We then

3



improve motion prediction performance by introducing dif culty-weighted and collision-aware
losses. This chapter is based on our IEEE Intelligent Vehicles Symposium (1V) 2024 paper [154],
with collaborators Ingrid Navarro, Meghdeep Jana, Soonmin Hwang, Jonathan Francis, and Jean
Oh.

In Chapter 4, we factorize driving scenarios into discrete, disentangled ego-centric and social-
centric contexts, creating distribution shifts on the basis of compositional novelty of combina-
tions therein. We mitigate the observed drop in motion prediction performance by utilizing
modular machine learning architectures and an auxiliary dif culty prediction task. This chapter
is based on our paper currently under review with the IEEE Robotics and Automation Letters
(RA-L) [155], with collaborators Jonathan Francis and Jean Oh.

In Chapter 5, we re-simulate perfectly annotated social navigation scenarios, captured in a
top-down perspective, in an egocentric view with annotations derived from imperfect perception.
We then develop a correction module, jointly learned with the downstream motion prediction
task, to reduce the impact of these errors. This chapter is based on our IEEE International Confer-
ence on Intelligent Robots and Systems (IROS) 2023 paper [153], with collaborators Meghdeep
Jana, Soonmin Hwang, and Jean Oh.

In Chapter 6, we adversarially perturb existing driving scenarios by leveraging reactive and
human-like skill policies. Through closed-loop training with these generated scenarios, we en-
hance autonomous driving performance in both safety-critical and normal settings. This chapter
is based on our RA-L 2025 paper [156], with collaborators Ingrid Navarro, Jonathan Francis, and
Jean Oh.

In Chapter 7, we process unannotated real-world crash videos to learn from human behavior
during critical driving scenarios. We then use these insights to ground adversarial perturba-
tion methods and further improve closed-loop autonomous driving performance. This chapter is
based on our paper currently under review with the IEEE Transactions on Intelligent Transporta-
tion Systems (T-ITS) [157], with collaborators Juliet Yang, Jonathan Francis, and Jean Oh.

Finally, in Chapter 8, we discuss our overall conclusions from this work and highlight some
promising future directions.



Chapter 2

Background

We rst de ne the key problem settings, notation, and metrics used throughout this thesis, includ-

ing both standard formulations as well as our extensions. We primarily focus on two tasks for

an autonomous agent—open-loop motion prediction and closed-loop planning in simulation—
which use shared dataset sources. We evaluate these tasks in an enhanced data utilization manner
via 1) developing arti cial distribution shifts by splitting the scenarios into non-uniform train-test

sets; and 2) applying perturbations, or modi cations, to the scenarios directly in a targeted way.

2.1 Scenario Datasets

In this thesis, we utilizdrajectory datasets which consist of recorded human demonstrations,
as used widely in both social navigation and autonomous driving (AD) [13, 15, 37, 124, 137].
Scenario-based testing via datasets has emerged as a core methodology in autonomy, where
alternatives such as on-road testing in AD via a suf ciently large number of miles driven can be
prohibitively expensive, risky, and infeasible [75, 101].

We thus consider the set of scenarios that comprise a trajectory dateSet\a@s denote
s 2 S as a single scenario taken from this corpus, de ned ag X ; M ; meta ), where:

i) X = fXq;X5; 1 Xy g denotes the trajectories of all scenario participants (i.e., “agents”,
including pedestrians, cyclists, and vehiclessinEachX; = in“)gth1 is the trajectory of
agent, consisting of its observed sequence of states dwdiscrete timesteps, whefeis xed
and shared across agents within the scenario. Each>é't)atecludes the agent's ground-plane
position, heading, and velocity, as well as meta information including the type of the agent and a
valid bit per timestep indicating whether the agent is present.

i) M consists of the relevamiapcontext (e.g., road lines, stop sign locations, traf c light lo-
cations, etc.). This context includes primarily static information, as xed locations in the ground-
plane, but also includes dynamic elements such as the status of each traf c light at each timestep.

iii) meta contains additional meta information that is task-speci c. For instance, it may
include pairs of agent IDs which are interacting with each other in the scenario, as determined
by expert annotators. It may also specifyego ID for the agent which is either the scenario
participant which recorded the data in the rst place or, more generally, the agent designated as
the focus of prediction or control.



Note that depending on the speci ¢ dataset and task, some of the above informatio@yn
not be present. For instance, many social navigation datasets neither distinguish between ego and
background agents nor provide high-de nition map information [124, 137]. Still, recent work,
such as UniTraj [40] and trajdata [71], has demonstrated the bene ts of adopting a uni ed format
for more effective training and fairer evaluation across datasets.

2.2 Core Autonomy Tasks

2.2.1 Motion Prediction

One key autonomy task is that of motion predictionherein the future trajectories of agentsin a
scenario must be predicted, given a brief historical observation. These predictions may be used in
the downstream portion of conventional control stacks, to inform an ego-agent's motion planner
as it attempts to nd possible con ict-free and traf c infraction-free paths. Thus, improving
the agent's robustness and its ability to detect possibly safety-critical scenarios is of paramount
importance in ensuring the overall acceptable performance of autonomous vehicles in real-world
deployments [80].

In the standard motion prediction task, time-varying features in a scesar® split into a
history andfuture portion. GivenT = Tyt + Tyt representing the total number of timesteps in
the scenario, we de n& ™t = £X g/ as the history portion andft = fX VgL ., as
the future portion. LeA be a subset of agents to predict, speci edneta. Then, the motion
forecasting task is to predict the future ground-plane positioﬂ%f%{sgiven onlyX MstandM ,
for each agent2 A.

Because the ground truth future is available in these datasets, the most commonly used met-
rics are Average Displacement Error (ADE) and Final Displacement Error (FDE). These metrics
can be easily computed on a per-agent basis, for ground truth futurext{écnd predicted fu-
ture track)?if“‘, for each ageritin the scenario. The-distance in the ground plane at each future
timestep is then taken; ADE is the average of these distances, while FDE is the nal distance.
Since future motion is multi-modal, typical models prodicelistinct future trajectories along
with con dence or probability values that a particular mode is best [9, 150]; in these cases, ADE
and FDE are computed only for the mode which best matches the ground truth, in a “be5t-of-
style [37, 124, 187].

2.2.2 Closed-Loop Planning

A signi cant limitation of motion prediction is that it is generally an “open-loop” task; that is,
predictions are computed and evaluated after a speci ed history portion and are not by default
updated as the ego agent continues navigating. In contrast, “closed-loop” simulation of an agent
is appealing as it (and, optionally, background agents) may react and update their decisions as a
scenario unfolds [16, 160].

LIn this thesis, we use the terms “motion prediction”, “motion forecasting”, “trajectory prediction”, and “trajec-
tory forecasting” interchangeably.



In this thesis, we largely consider the task of re-simulation, where eachiagenstantiated
from a base scenargand follows a behavior function8} in episodic roll-outs. These behaviors
may take multiple forms, ranging from xed trajectories to follow, to reactive policies capable
of adapting to others' behaviors while pursuing higher-level objectives. Often, the ego agent
assigned byneta is controlled using a learning policy and must safely navigate to a given goal,
while background agents largely reproduce their original trajectosy{ 160, 210]. In a training
or evaluation cycle, thke-th sequential roll-out of a base scenario is denoteRl&s where)@i(");t
refers to the observed position of ageat timeste.

Since the ego agent may react to the behavior of other agents during a roll-out, and thus
deviate from its original recorded trajectory, direct compariso)@éﬁﬂ to the ground truttX ¢go
with ADE and FDE is insuf cient. Therefore, task-level metrics, such as the success rate of
reaching the goal safely and distributional realism metrics based on kinematic pro les are often
utilized [116, 210, 217].

2.3 Enhanced Evaluation Settings

2.3.1 Arti cial Distribution Shifts

For a particular evaluation scheme, the total set of all ager@8smust be split to form a training,
validation, and test set. In the naive data utilization regime, these agents are split uniformly at
random according to some desired size of each set, often at the scenario level of granularity (i.e.,
all “focal” agents within a givers 2 S are assigned to the same set).

Under distribution shift conditions§ is instead split into two setsSyp , representing the in-
distribution set, an®oop representing the out-of-distribution set—according to some criteria.
The task of robust autonomy, then, is to minimize the drop in performance on relevant task
metrics (e.g., collision rates, ADE, etc.) when models are testeghgp andS,p , after being
trained and validated only o8 . Furthermore, splits may optionally be performed at the agent
level instead of the scenario level, as different focal agents within the sanmsgy experience
very different task contexts.

2.3.2 Scenario Modi cations

Generating synthetic scenarios and agent behavior therein to address the “curse of rarity” is
exceedingly challenging and often results in simulation-to-reality (sim2real) gaps [2, 4]. We
therefore focus on targetguerturbations or modi cations, of existing scenarios according to
carefully-constructed desiderata to expose and mitigate speci ¢ weaknesses in naive data utiliza-
tion paradigms.

We useP to denote gerturbation functionwhich modi es a base scenar®by altering
agent behaviors, possibly conditioned on historical cues. In an open-loop process, this function
conditions only ors, that is, the tupl€X; M ;meta). In a closed-loop training or evaluation
cycle, this function is permitted to additionally observe all trajectories from #p past roll-outs
on the base scenario, denofe@l(")gkfl, each corresponding to a prior episode with a different
perturbation ofs. These roll-outs are themselves the result of rolling out agents in response to
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prior perturbations, forming a sequential interaction history. ConcreéRely,de ned as follows:

n 0 «
P: s RM ) 1fB 1;B;:::Bng
=1
where each behavior functionB| follows the de nition in Section 2.2.2. The task of robust
autonomy in this setting, then, is to maximize task performance on a held-out test set of sce-

narios, where both training and testing may involve either unmodi ed or perturbed scenarios,
independently.



Chapter 3

Safety-Informed Distribution Shifts

In this chapter, we introduce the rst key pillar of enhanced data utilization for robust autonomy:
creating arti cial distribution shifts based on safety relevance. We demonstrate this approach in
the autonomous driving (AD) domain, focusing on motion prediction. As discussed in Chapter 1,
large-scale motion prediction datasets such as the Waymo Open Motion Dataset (WOMD) [37]
suffer from the “curse of rarity”, where safety-critical and other rare events are severely under-
represented or entirely absent. Consequently, industry and academia have resorted to validating
AD agents via on-road tests [66, 180], where these valuable rare events are also potentially dan-
gerous to other drivers and VRUS, or via simulated experiments [33, 34, 41], wherein the arti cial
behaviors of agents and inaccurate world physics in the simulators can leave models unprepared
and inadequate for real-world deployment [44, 62].

Recently, several works have identi ed a potential solution to this challenge of robust train-
ing, by generating “new” traf ¢ scenarios that serve as training samples for otherwise rare events
and/or as dif cult test-cases to challenge already-trained models. Unfortunately, despite recent
advances in safety-critical scenario generation methods [18, 160, 192], generating non-trivially
challenging cases that match the realism, frequency, and dif culty of safety-critical scenarios that
agents might encounter in the real world remains an open problem. While we partially address
these generation challenges in Chapters 6 and 7, an effective and under-explored alternative lies
somewhere in the middle: we propose an approach to mine large-scale datasets of real-world ve-
hicle deployments to nd and leverage meaningdafety-relevanscenarios that may be hidden
in the data. Our key insight is that, in autonomous driving, safety-relevance includes not just sce-
narios where observed agents act in a safety-critical manner, but also scenarios where agents are
able to avoid infractions through proactive maneuvers. Therefore, we propose to leverage coun-
terfactual probes to additionally charactengleat-if scenarios where these proactive maneuvers
werenot performed. Such ne-grained scenario characterization enables trajectory forecasting
models to more easily distill diverse defensive driving skills [148] from existing datasets, e.g.,
preemptive braking as illustrated in Figure 3.1 (left).

Under this paradigm of scenario characterization, we propos8dfesShift  framework
for identifying and studying the most safety-relevant scenarios in a widely-available autonomous
driving dataset. The more extreme scenarios are held out as an out-of-distribution (OOD) test-
set, as described in Section 2.3.1, thus acting as a stand-in for the valuable and rare, long-tailed
events. In this way, we avoid both the challenges of attempting to generate new safety-critical
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Figure 3.1. An overview oafeShift . Our framework consists of a scoring methodology

that uses counterfactual probing to characterize and score scenarios, expluainf scenarios

where proactive maneuvers were not performed, thus resulting in safety-criticality or near misses.
We also apply and assesses this scoring approach on two downstream tasks: safety-informed
distribution shift creationwhere challenging scenarios are found and held out for evaluation;
androbust trajectory predictionwhere trajectory prediction algorithms are assessed under this
distribution shift and remediated.

scenarios as well as the challenges in performing simulation-to-real transfer; instead, we optimize
the usefulness of existing data. To the best of our knowledge, prior work that focuses on creating
arti cial distribution shifts has not done so based on safety-relevance, instead focusing on, e.g.,
lane or global location characteristics [42, 200], speed of driving [70], or the city that the data
was captured in [70]. Furthermore, prior efforts in scenario characterization under distribution
shift settings rely on empirical, dataset-speci ¢ heuristics [47, 115, 141].

Our main contributions, illustrated in Figure 3.1, are thus as follows: 1) A versatile approach
for scenario characterization in autonomous driving, focused on capturing safety-relevant sce-
narios; 2) A methodology for scoring safety-criticality for the purposes of crafting a distribution
shift, including novel progress in incorporating the aforementioned fuller spectrum of safety-
relevance, and improving safety performance therein; and 3) An evaluation of existing socially-
aware trajectory prediction approaches in this safety-informed distribution shift setting, utilizing
WOMD [37] as an exemplar. Our developed remediation strategy for this setting reduces the
predicted trajectories’ collision rates by an averag@é@¥s across the tested models.

This chapter is based on work done with my collaborators [154]. Our code and tools are
freely available ahttps://github.com/cmubig/SafeShift

3.1 Related Work

3.1.1 Socially-Aware Trajectory Prediction

Motion prediction in crowded environments is a well-researched task in the domains of au-
tonomous driving and motion in human crowds [139]. Most current approaches for motion
prediction are data-driven, i.e., they focus on characterizing behavior and interactions observed

10



in the data. To capture a multi-modal distribution of possible futures, generative frameworks are
frequently used [10, 117, 123, 142, 150, 162]. To model joint behavior and social cues, vari-
ous techniques such as social pooling [1], rasterized representations [78], and attention-based
methods [117, 120, 150, 203] have been employed. Several state-of-the-art techniques have also
explored learning richer representations for motion prediction, such as modeling context infor-
mation as road graphs or polylines [45, 94] and goal conditioning [142].

3.1.2 Robustness Assessment in Trajectory Prediction

One approach to examine robustness for trajectory prediction is robustness to adversarial at-
tacks. Recent studies have shown that state-of-the-art prediction models often lack basic social
awareness and collision avoidance when faced with these attacks [140, 182, 211]. A signi cant
disadvantage with these techniques however is that they ultimately rely on simulating realistic
agent behavior, which often incurs a simulation-to-real gap [44, 56, 62, 192]. Another approach
to ensuring robustness involves studying models' performances under a data domain distribution
shift setting, recognizing that AD models will ultimately encounter unseen scenarios in the wild.
Some approaches involve identifying domains based on meta characteristics of the scenario,
such as road shape characteristics, side-of-driving, and average speeds [42, 70]. Another recent
method explores clustering scenarios into domains based on several features, including lane de-
ection angles, global bounds of the scenario and trajectories, and lane shape information [200].
Many of these works also include domain adaptation or remediation strategies to reduce the
impact of the distribution shift, such as by leveraging Frenet coordinates [186, 200], few-shot
adaptation [42], or motion-based style transfer [82]. However, to the best of our knowledge, no
work has attempted to create distribution shifts based on safety-relevance or study remediation
therein.

3.1.3 Critical Scenario Identi cation in Autonomous Driving

Many existing datasets rely on mining the immense amount of collected data from road-tests
for interesting scenarios [15, 21, 37], considering surface-level metrics such as traf ¢ density
and kinematic complexity. Therefore, prior frameworks for critical scenario identi cation (CSI)
have been designed to expand upon these initial dataset characterizations [181, 212]. These
frameworks typically focus on creating taxonomies for categorizing con ict scenarios, as well
as for developing metrics and validation methods to describe and cope with them. In [47], sce-
narios are instead hierarchically scored along metrics related to anomaly, interestingness, and
relevance, better handling more complex maneuvers. Another recent work expands beyond this
by de ning complexity aspects relating to the road graph layout, surrounding objects, and topol-
ogy of agents' paths [141]. However, the use of these surrogate metrics for CSI alone, without
applying counterfactual reasoning, can fail to identify more subtle safety-relevant scenarios, as
illustrated in Figure 3.1. Furthermore, these metrics often rely on empirical weighting and thresh-
olding schemes, as well as on privileged information not uniformly available in AD datasets (e.g.,
global reference frames, drivable area identi cation, etc.) [47, 141]; thus they cannot be applied
to several key datasets, including WOMD.
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(a) Correlation Analysis for Individual Features  (b) Correlation Analysis for Social Features

Figure 3.2: Pearson correlation coef cients for each pair of metrics, showing how the features
complement each other. Analysis performed on WOMD [37].

3.2 Scenario Features

We propose a hierarchical scheme as in [47, 141], where low-level, base features are computed
within a scenario and then later aggregated to form a score representing a scenario's overall
safety-relevance. We consider base features across two main categodiegdual features
related to single-agent behavior asatialfeatures relevant to the interactions between agents.

For both of these categories, accurate lane assignment is highly important but is nontrivial,
e.g., VRUs often do not adhere to lanes. Whereas a simple method of snapping to the best-
tting local lane has been used in previous work [200], we instead leverage a probabilistic ap-
proach [145] to nd valid lanesequencefor agents. Additionally, we permit lane assignments
based on physically plausible lane de ection angles rather than the lane connectivity graph alone.
We excluded some features utilized in previous frameworks and datasets [47, 115], such as driv-
ing region-based anomaly detection, that require the knowledge of global, city coordinates which
are not generally available across all AD datasets. Instead, to identify anomalies, we utilize a traf-
c primitive extraction and clustering approach pioneered in [51]. This process produces cluster
centers for both single trajectories and trajectory pairs, allowing us to easily measure anomalies.

Individual Features: We primarily focus on metrics derived from relative positional data of a
trajectory, such as speed, acceleration, and jerk. We additionally implement metrics to incorpo-
rate map context, including waiting period (WP) [207], speed difference with the lane's speed
limit, and the percentage of time that the agent is following a lane. Finally, we include a trajectory
anomaly value, derived from its distance to the nearest individual traf c primitive cluster.

Social Features We use widely studied and accepted safety surrogate metrics, as in [47, 149,
171]. These include time headway (THW), time-to-collision (TTC), deceleration rate to avoid
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crash (DRAC), and the difference between minimum time to con ict pointi\{ TCP) in both

agent trajectories and road graph locations of interest (e.g., crosswalks, stop signs). We then
incorporate a measure of collisions directly, counting situations where two agents' center points

or segmented paths overlap at a given timestep. Finally, analogous to the individual trajectory

anomaly, we add a trajectory-pair anomaly value using paired traf ¢ primitive clusters.

Our full feature selection, along with a correlation analysis is shown in Figure 3.2. For the
individual features, the kinematic-based ones correlate positively, as could be expected, while
the other features are largely weakly correlated. Similarly, for the social features, TTC and
THW have a weak correlation, as they both involve a leader-follower scenario. The two forms of

MTTCP are also relatively strongly correlated, as agent trajectories are required to be somewhat
intertwined for both. This analysis implies that the selection and extraction of base features are
largely complementary, without excessive overlap in coverage.

3.3 Scenario Scoring

Using the base features described in Section 3.2, we de ne a safety-relevance scoring function
that can characterize a given scenario. We then propose a counterfactual re-scoring approach
where we re-characterize the same scenario by takireg-if alternatives into account.

3.3.1 Scoring Functions

We start by hierarchically aggregating the base features to create overall trajectory and scenario
scores as follows. LeV,q be the total set of extracted individual featur¥s,,. be the set
of social features, and 2 V represent a single feature taken from one of these sets (e.g.,
acceleration, TTC, etc.). Then, Ivg-‘t” be such an extracted individual featwéor trajectoryi
at timestegd. Similarly, vi(;}) denotes a social feature over trajectoriesnd] together.

To combine these extracted base features, we rst convert them to a form in which a larger
value corresponds to more safety-relevance (i.e., for features such as speed,webresty,
but for features such as TTC, we ukev). We then aggregate the individual features into an
individual score. We take the maximum value for each metric incurred throughout the trajectory
and then linearly combine them according to weights speci ed in [47]; let these weights be
denoted a%V i,y andW 4. Then, a trajectory’s individual score is expressed in Equation (3.1),
where “ 7 denotes the vector scalar product:

h [

IndScore ; = W g mtax(vi(t)) jV2 Vi (3.1)

Note that we do not perform any sort of value detection thresholding to avoid reliance on
empirical decision making. Similarly, for each pair of trajectories, we compute a social score, as
follows in Equation (3.2):

h [
SocScore j = W g mtax(viﬁj)) V2 Ve (3.2)
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Table 3.1: Trajectory scoring variations.

Variation IndScore SocScore
Ground Truth  (GT) x& (Xizers Xj67)
Future Extrapolated (FE) ®ire (Ri.re; Rj re)
Asymmetric  (AS) Xire (Rire; X 67)
Combined (CO) max(TrajScore qr; TrajScore  gg)

Asymmetric Combined (AC) max(TrajScore g; TrajScore ,s)

Figure 3.3: PDF of our score variations, exhibiting long-tailed behavior. Analysis performed in
WOMD [37].

An agent's trajectory score is then computed by adding togetherdigidual score with the
socialscore of all trajectory pairs it is involved in:
X
TrajScore ; = IndScore ; + SocScore j; (3.3)
i6i

We combine thes@&rajScores into a nal ScenarioScore  as follows. We begin by
taking the weighted sum of all agents' scores in the scenario, where each weight is inversely
proportionate to its minimum distance to an agent marked as requiring prediction. Then, to
regularize the effect of scenario density, we normalize this total, proportionate to the total number
of agents present.

3.3.2 Counterfactual Re-Scoring

The key insight of counterfactual re-scoring is to assess the safety-criticality of a scenario based
on potentialwhat-if cases in addition to the recorded ground truth event. We hypothesize that the
characterization using counterfactual scenarios can capture the hidden risks better than using the
ground truth record only, which will subsequently result in improved performance in downstream
tasks such as robust trajectory prediction.

To nd scenarios beyond just those with high aggregated criticality and/or surrogate critical-
ity values, we wish to perform a counterfactual probe into what could happen if an agent were
to simply maintain its current progress within a lane. This represents, e.g., the behavior of a
distracted driver ignoring external factors. We craft this probe for an dagantrst extracting
its assigned lane sequenceXii’s., Next, we convert its coordinates to a Frenet frame [186], a
coordinate system representing progress and displacements along the given lanes' centerlines.
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Finally, we perform a constant-velocity extrapolation in the Frenet frame, to compute a “fu-
ture extrapolated” trajectory. For agents without a lane assignment, we perform the same steps
in Cartesian space. We denote this future extrapolated trajectofyms in contrast with the
original ground truth trajector); ct.

To incorporate this method into the trajectory score in Equation (3.3), we extract the individ-
ual and social features of bo¥h. gt andX;.re. We rst compute the individual score usit. re.
To compute the social interaction scores, for a pair of interacting agjenjswe compute's so-
cial score betwee(¥;.rg; Xj. 1) andj 's score analogously. We denote thisymmetriscore as
TrajScore ;.as. Similarly, we compute the reference ground truth score using exclusively the
GT trajectories for both agents and denote thiJegScore ;.gr. We then take the maximum
value of these two scores into a nasymmetric combineitiajectory scoreJrajScore . ac. In
Table 3.1, we summarize these scoring variations and ablations.

We compute &cenarioScore  for these trajectory variations by utilizing the correspond-
ing TrajScore  (e.g.,ScenarioScore gg usesTrajScore g exclusively, etc.). As shown
in Figure 3.3, this overall scenario scoring method follows a long-tailed distribution as desired.
The scores that incorporate future extrapolation have a much wider spread than just the ground
truth, indicating a greater variety of scenarios captured.

3.4 Downstream Tasks

We showcase the utility of our scenario scores from Section 3.3 by applying them to two down-
stream tasks: 1) creating a safety-informed distribution shift to better evaluate trajectory predic-
tion models; and 2) leveraging the scores to conduct remediation on such models, reducing the
incurred drop in performance.

3.4.1 Distribution Shift Creation

We wish to evaluate and improve the robustness of trajectory prediction models when facing
scenarios more challenging/safety-critical than those on which they were trained. That is, we
must splitS in such a way tha®p contains relatively low safety-criticality whil8oop contains

the most criticality. Thus, we propose the following approach of splitngto the desired
safety-informed subsets.

First, we implement a simple uniform, random training/validation/test split to analyze behav-
ior absent of a domain shift contexttniform . Next, as a baseline, we implement the cluster-
based domain identi cation schema from [200], representing a recent approach for domain shift
creation that focuses on other aspects of the scenarios instead of safety-rel€lastas
Finally, we incorporate a safety-informed approach leveraging our schema described in Sec-
tion 3.3: Scoring . We hold out the top 20% scoring scenarios as the test set, then randomly
partition the remaining scenarios into training and validation.
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3.4.2 Robust Trajectory Prediction

We propose a remediation strategy leveraging the proposed scores in Section 3.3 to increase
downstream prediction model performance on challenging, more safety-relevant scenarios. In-
spired by the dif culty-weighting of samples, as discussed in [219], we utlliB@Score . ac

for each agentto linearly weigh its contribution to a prediction model's loss function, out of the

N total agents in a mini-batch:

X

WeightedLoss = Loss; Score jac (3.4)

1
N
|

Equation (3.4) is then applied after computing the loss function for a given model, but be-
fore invoking the optimization pass. This encourages the model to not treat all scenarios and
agents' trajectories as equal and to care about more safety-relevant situations. Next, because
the future extrapolated score depends only on information availabé&'ih we can incorporate
TrajScore ;e into a model directly, to add a sense of counterfactual understanding to its in-
ductive biases. We encode this score for each agsith a simple multilayer perceptron. Then,
we concatenate this feature directly with the context encoding representation used in each model
(i.e., a function of trajectory histories, lane embedding, etc.) before passing it to the model's
trajectory decoding stage.

We also propose to incorporate a collision-aware loss objective within each model. Many
models in AD trajectory forecasting produce multi-modal futures, where they okitpatssible
future modes for each agent, along with a scalar, con dence value for each [78, 150, 162]. We add
in a cross-entropy (CE) loss objective upon these con dence values, where the “correct” mode is
the mode that minimizes collisions with other agents' ground truth futures. In the case where a
model already has a CE loss objective (e.g., to minimize the distance to the agent's ground truth
future), we linearly weigh the two target values according to a regularization parameter.

3.5 Experimental Setup

Dataset We utilize WOMD [37] as an exemplar dataset to validate our approach, as it contains
a particularly wide variety of scenarios. This variety is highlighted in terms of both geographic
and roadway diversity, as well as scenario complexity and traf ¢ density [98, 179]. We utilize
a subset from the publicly available training and validation sets from WOMD, consisting of
roughly 17k scenarios. We consider our three different data splits (Section 3.4djerm |,
Clusters , Scoring —to createS;p for training and validation (roughl¥35 scenarios), and
Soop for testing (roughly35k scenarios).

Baselines We implement two representative baseline models to validate the ef cacy of our
distribution shift and remediation strategies. First, we include MTR [150], which, as of this
writing, is the current top-performing model on WOMD leaderboards. Second, we implement a
version of A-VRNN [117], where we utilize social pooling [1] instead of a graph attention layer
for the hidden state re nement. While both models are designed to be “socially-aware,” neither
is explicitly structured to predict safe futures. We follow the same training procedure performed

16



Figure 3.4: Examples of WOMD [150] scenarios by score. In-Distribution and Out-of-
Distribution follow ourScoring splitin Section 3.4.1.

by MTR, where the models are trained for 30 epochs, and learning rate reduction begins after
epoch 20.

As a baseline remediation strategy, we implement the Frenet-based domain normalization
approach in [200]. This approach converts all coordinates into a trajectory’s Frenet frame, before
passing the coordinates to a trajectory prediction model. In order to obtain reasonable perfor-
mance, we use both the Cartesian and Frenet coorditegethervia concatenation, rather than
replacing the former with the latter. We then implement our proposed remediation approach,
described in Section 3.4.2 for both models.

Metrics: To measure safety-criticality, we use collision rate (CR), as the average number of
collisions of each predicted trajectory to the ground truth of the other agents, as in [81], where
collisions with the same external agent over multiple timesteps only count once. We also utilize
standard trajectory prediction metrics, as used in the WOMD challenge, including ADE and
FDE, along with mean Average Precision (mAP). This nal metric categorizes predicted modes
into buckets (e.g., straight, stationary, u-turn, etc.), and punishes mode collapse for overlapping
predictions.
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Table 3.2: Distribution shift experiments in WOMD [37]. ADE / FDE is in metersq is the
change in test collision rate (CR) from the corresponding val CR. A more diasteaseis
better.

Validation Set (In-Distribution)  Testing Set (Out-of-Distribution)

Data Split Method ADE/FDE mAP  CR  ADE/FDE mAP CR (va)

GT -/ - - 0.008 -/- - 0.009¢12:5%)

Uniform MTR [150] 0.73/1.58 030  0.062  0.73/159 0.31 0.061:60%
A-VRNN[117] 1.80/4.63 0.06  0.057  1.82/4.67 0.06 0.058(80%

GT -/- - 0.009 -/- - 0.007 (222%)

Clusters [200] MTR 0.69/150 035  0.060  0.71/155 0.33 0.05160%)
A-VRNN 1.79/459 0.08 0062  1.82/4.70 0.07 0.0420:0%)

GT -/- - 0.005 -/- - 0.017(+ 240%)

Scoring (Ours) MTR 0.72/159 032 0044  0.74/159 0.3®.100(+127%)
A-VRNN 1.99/526 0.05  0.042  2.13/555 0.05.099(+136%)

GT: Ground truth tracks

Table 3.3: Robust trajectory prediction experiments in WOMD [37]. ADE / FDE is in meters.
test IS the change in test CR from thm-remediatedest CR for each method. A more drastic
decreasds better.

Validation Set (In-Distribution)  Testing Set (Out-of-Distribution)

Data Split - Method ADE /FDE mAP CR  ADE/FDE MAP CR (es)

GT /- - 0.005 /- - 0017( - )

MTR 072/159 032 0044 074/159 030 0.100( - )

. MTR+F+[200] 0.73/159 032 0043  0.75/1.59 0.30 0.093:00%
Scoring  (OUrs) \i7R + ours 083/1.80 025 0037 0.89/1.91 0.20.086( 14:0%)
A-VRNN 199/526 005 0042 213/555 005 0.099( - )

A-VRNN + F+ 2.05/5.24 0.06 0.041 2.23/5.73 0.06 0.1863:04%
A-VRNN +Ours 1.76/4.61 0.06 0.039 1.91/4.94 0.06.093( 6:06%)

GT: Ground truth tracksr+: Frenet+ Strategy [200]

3.6 Results

3.6.1 Distribution Shift Results

In Figure 3.4, we highlight some examples of scenarios identi e& g and Soop for our
Scoring method described in Section 3.3. The ID scenarios contain both simple scenarios
with few interactions, as well as moderately safety-relevant scenarios with lane changes and
intersections. The OOD scenarios appear signi cantly more safety-relevant, with more diverse
maneuvers, such as u-turns, larger and more dangerous intersections, and many more VRUs
navigating alongside vehicles.

Our quantitative results for the trajectory prediction experiments are summarized in Table 3.2.
The metric values reported are averaged over the three classes of vehicles, pedestrians, and cy-
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Figure 3.5: Qualitative examples of remediation approaches applied to MTR across two distinct
scenarios. Trajectories progress from the pink starting points.

clists. The ,, value in the nal column indicates the increase in collision rate in the OOD test
value compared to the ID validation value. In tdaiform split, as expected, results between

Sip andSpop are quite similar. For th€lusters  [200] split, we note that while a slight drop

in metric performance for ADE / FDE and mAP occurred, the collision rate actdaltyeased

from validation to test. We suspect this is because the domains identi ed by this strategy have no
sense of safety-criticality, af rming the importance of using such metrics when selecting scenar-
ios. Finally, ourScoring strategy resulted in the largest increase in collision rates bet®gen
andSoop , both in terms of absolute value and percentage change. This increase occurs in both
the ground truth tracks, as well as in our tested methods, more than doubling the in-distribution
rates.

3.6.2 Robust Trajectory Prediction Results

We show our remediation experiment results in Table 3.3. Our proposed method was the most
effective in reducing collisions for the tested models, as shown by the values. For MTR in
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Table 3.4: Scoring strategy ablation study. Results are from using MTR [150] on WOMD [37].
ADE / FDE is in meters. 4 is the change in test CR from val for the given method. The best
distribution shift result idolded.

Scoring Strategy Validation Set (In-Distribution)  Testing Set (Out-of-Distribution)

Ablation Name GT FE AS ADE/FDE mAP CR ADE/FDE mAP  CR ()

Ground Truth X - - 072/157 032 0041  0.75/1.64 029 0.08815%)
Future Extrapolated - X - 073/161 033 0046  0.72/155 031 0.09111%)
Combined X X - 073/1.60 032 0048  0.74/1.59 0.29 0.098¢4%)
Asymmetric - X X 073/161 033 0044 073/158 0.30 0.09925%)

Asymmetric Combined X X X 0.72/1.59 0.32 0.044 0.74/1.59 0.3®.100 (- 127%)
GT: Ground truthFE: Future extrapolateddS: Asymmetric scoring.

Table 3.5: Remediation strategy ablation study based on our proposed approach in Section 3.4.2
utilizing MTR [150] on WOMD [37]. ADE / FDE is in meters. (s iS the change in test CR
from theun-remediatedM TR test CR.

Remediation Validation Set (In-Distribution)  Testing Set (Out-of-Distribution)

Ablation Name SC CL ADE/FDE mAP  CR  ADE/FDE MAP  CR (es)

MTR [150] - - 0.72/159 032 0044  074/159 0.30 0.100( - )
MTR + Ours (SC only) X - 0.74/1.63 031 0046  0.74/161 0.29 0.18300%
MTR +Ours (CLonly) - X 0.81/1.77 027 0038  0.88/1.92 0.23 0.09F(00%

MTR + Ours (Full) X X 0.83/1.80 0.25 0.037 0.89/1.91 0.2D.086 ( 14:0%)

SC: Score incorporatiorCL : Collision loss objective.

particular, we observe the test collision rates are loweretid8yg while for A-VRNN, the rates
decrease b¥%. This resulted in an average decreasd @¥, reducing the gap to the ground
truth collision rate. However, our method does result in a slight decrease in performance on
other metrics for MTR. This is likely because MTR has an existing CE loss to select the best
mode based on these other metrics, meaning the collision loss objective is in contention with its
original objective.

Furthermore, the Frenet+ strategy [200] appeared ineffective in remediating the drop in per-
formance on th&coring data split. We suspect this is due to the presence of more object types
than just vehicles; cyclists and pedestrians are often not in lanes, so incorporating such lane infor-
mation may have been more harmful than bene cial. Additionally, even for vehicles following
well-de ned lanes, the Frenet+ strategy can still incur collisions, particularly at intersections and
unprotected turns.

To gain further insight into the bene ts of both the Frenet+ strategy and our remediation
approach, we provide qualitative examples in Figure 3.5 using MTR as the prediction model.
In these scenarios, the prediction with no remediation results in future modes that collide with
an external agent. Meanwhile, the Frenet+ strategy is able to better stay in lanes than the un-
remediated approach but still results in collisions. Finally, our remediation approach is able to
avoid collisions, while still providing reasonable mode diversity and lane conformance.
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3.6.3 Ablation Studies

As shown in Table 3.4, we performed a distribution shift ablation study focusing on the ve
variations of our scoring strategy discussed in Section 3.3. We utilized MTR as it is the best
model according to traditional metrics. Our full method, with asymmetric combined scoring,
resulted in the largest increase in collision rate, while still incurring a moderate increase in the
other metrics. This result con rms our hypothesis from Section 3.3.2 that our counterfactual
probing technique indeed captures a fuller spectrum of safety-relevant scenarios.

We also performed an ablation study focusing on aspects of our remediation strategy, as
shown in Table 3.5. While the collision loss objective alone was quite effective, the best perfor-
mance was achieved utilizing our full approach, incorporating the scores as part of the models'
inductive biases and loss weights as well.

3.7 Discussion

Developing autonomous driving trajectory prediction models through real-world datasets, such
as WOMD, is often considered insuf cient for ensuring robustness and safety. While such
datasets provide realistic recorded scenarios, they rarely contain truly safety-relevant scenarios,
falling victim to the “curse of rarity.” Still, we proposed to further characterize these datasets and
nd hidden safety-relevant scenarios therein. We thus provided a versatile scenario characteriza-
tion approach to score scenarios by a hierarchical combination of complementary individual and
social features. By performing a counterfactual probe, emulating how a distracted agent may op-
erate, we extended the spectrum of safety-relevance to additionally nd hidden risky scenarios,
without requiring unrealistic simulation or dangerous real-world testing.

Under a distribution shift setting where the most safety-relevant scenarios were held out as
out-of-distribution, we demonstrated that both ground truth, as well as our evaluated trajectory
prediction models, incurred a signi cant increase in collision rates. We further contributed a
remediation strategy, achieving a 10% average reduction in prediction collision rates.

Although our remediation strategy proved successful in reducing the test collision rate, the
drop in performance was not remediated completely. Incorporating test-time re nement and col-
laborative sampling techniques, as highlighted in contemporaneous work, could prove a fruitful
direction in improving this strategy further [80]. Another interesting future direction of this work
would be to utilize our scoring strategy to assess safety-critical scenarios generated in simulation
along the axes of realism, frequency, and type of safety-relevance created. Overall, we argue that
trajectory prediction datasets remain valuable in assessing safety in autonomous driving, and
encourage future work to further this direction.
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Chapter 4

Long-Tail Compositional Zero-Shot
Generalization

In this chapter, we further develop the arti cial distribution shift pillar of enhanced data utiliza-
tion, introduced through th8afeShift  framework in Chapter 3, while continuing to focus

on autonomous driving (AD) motion predictiorBafeShift , along with other recent work,
emulates out-of-distribution (OOD) deployment settings by repartitioning existing datasets into
non-uniform train and test splits based on e.g., safety-relevance scores, as in Chapter 3, or cluster
identities [201]. However, these bases are often highly entangled (i.e., single axes that con ate
many underlying attributes), which results in interpretation and generalization challenges, as
emphasized in the broader machine learning literature [7, 85, 177].

Recently, work in related machine learning tasks, such as labeling objects in images, has
developed a relevant framework known as compositional zero-shot learning (CZSL) [109, 127].
In CZSL, object labels in images consist of pairs of object types and attributes. The zero-shot
challenge is to train labeling models on some in-distribution ($Bgnsubset of these pairs
and test on both seen and OQDseempairs. These settings and resulting methodologies have
demonstrated ner-grained evaluation of capabilities and improved model generalizability [3,
109]. It is thus appealing to extend the CZSL setting to AD tasks, especially given both the
hierarchical manner in which humans operate vehicles [114], as well as the causal factorization
of crash risks therein [23, 152]. In the context of driving, however, behavior generalization along
safety-relevant, semantically meaningful axes has not yet been explored.

To address this gap, we propose and assess a safety-informed scenario factorization approach,
enabling both the creation of challenging OOD evaluation settings and the development of ro-
bust, generalization methods for AD motion prediction. Existing studies on human driver error
and risk assessment have organized contributing factors into pertinent categories: road infrastruc-
ture (road layout, signage quality), vehicle-related issues (mechanical reliability, maintenance),
road user conditions (driver experience, mental state), behaviors of other road users (aggression,
erraticism), and environmental conditions (lighting, weather) [23, 152]. Unfortunately, large
motion prediction datasets typically lack much of this detailed information [37, 187].

We thus derive two axes from available indicators: an “ego” context, capturingdaoth
eral andsafety-relevantactors (such as kinematics, map features, and deviation from the speed
limit), and a “social”’ context, capturing relative kinematics as well as safety-criticality indicators
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(a) Scenario factorization into paired ego and social contexts.

(b) llustrative toy examples of context compositions.

Figure 4.1: Overview of our framework. (a) Traf c scenarios are factorized and clustered along
explicitly disentangled ego and social axes. (b) These contexts are then used to create challenging
compositional zero-shot evaluation settings for trajectory prediction, and to enable generalization
strategies to enhance OOD robustness.

(including closing speeds and minimum time-to-con ict point difference (mTTCP)), as shown

in Figure 4.1a. We then create long-tail, zero-shot compositional closed-world and open-world
settings on top of these paired contexts, with these axes serving as analogues to the object and at-
tribute axes in the image-labeling CZSL setting. These settings entail splitting data into seen and
unseen portions non-uniformly, holding out novel combinations of ego and social contexts to be
tested on, as shown in Figure 4.1b. Note that, unlike the established image-labeling setting, our
evaluation focuses on downstream task performavitiein these novel context combinations,

rather than predicting a label for a scenario; to our knowledge, this issthe@xtension of CZSL
concepts to trajectory prediction.

In these closed-world and open-world settings, we observe a signi cant OOD performance
gap in trajectory prediction, when using WOMD [37] as an exemplar dataset and MTR [150]
as a baseline prediction approach. To enhance OOD performance, we then develop and ex-
tend domain generalization techniques from the image-labeling CZSL setting. In particular, we
adapt task modular gating networks [128] to operate directly in the bottleneck layer of base-
line approaches and further enhance the intermediate representation with an auxiliary, dif culty-
prediction head.

Our contributions are thus as follows: 1) We introduce a novel, safety-informed scenario fac-
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torization approach for autonomous driving, leveraging explicitly disentangled “ego” and “so-
cial” axes; 2) We propose new long-tail, zero-shot closed-world and open-world generalization
settings upon these axes, where the dif culty-balanced prediction error in the closed-world test
setting increases by an averagesd% (closed-world) andL4:7% (open-world) over their re-
spective in-distribution performance; and 3) We develop generalization techniques that together
reduce these OOD performance gap2:8%and11:5%r respectively, eliminating nearly half the
gap in closed-world and one quarter in open-world settings, while improving ID performance by
4:0%and1:2%.

This chapter is based on our paper currently under review, with a preprint available [155];
upon publication, our code and tools will be made freely availaditps://github.com/
cmubig/LongComp .

4.1 Related Work

4.1.1 Compositional Zero-Shot Learning

Compositional zero-shot learning (CZSL) is increasingly used in computer vision image-labeling
as a framework for evaluating human-like generalization to out-of-distribution examples [127].
In the canonical CZSL setting, models are tasked with labeling novel combinations of semantic
factors (i.e., object-attribute pairs) not observed during training [109]. To reduce the general-
ization gap incurred, various strategies, such as task modular architectures [128], conditional
attribute learning [175], and attention propagation [76], have demonstrated promising perfor-
mance. More recently, approaches leveraging large-scale pre-trained foundation models such as
CLIP [5, 119], as well as retrieval-augmented generation (RAG) [73], have achieved substantial
improvements therein.

In parallel, these evaluation settings and generalization strategies have also recently been
extended from static image-labeling to vidactionlabeling, with verb prompts serving as an
analogue to attributes [90, 199]. Nevertheless, our focus on both safety-relevant, semantically
meaningful factorizations, as well as behawgenerationunder these conditions rather than just
labeling, remains largely unexplored. Furthermore, foundation models are less directly appli-
cable in AD, where the heavy-tailed nature of driving behaviors makes large-scale pre-training
alone less effective, especially in distribution shift settings [31, 97].

4.1.2 Scenario Characterization and AD Evaluation

For rigorously developing AD systems, scenario characterization and mining approaches are
essential, enabling ef cient and effective training protocols and more structured evaluation pro-
cedures. Identifying scenarios featuring high levels of interaction between traf ¢ participants is
particularly common in large dataset curation [37, 115, 187], ensuring that training and evalua-
tion examples are suf ciently challenging. Recent approaches have expanded on this to introduce
additional nuanced scenario characteristics, such as inter-agent causality [138], surprise poten-
tial [36], and calibrated regret [118]. UniTraj [40] further proposes a strati ed evaluation proce-
dure along Kalman-dif culty bins and agent trajectory shapes. Other approaches have explicitly
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focused on safety-relevance through automated analyses to capture near-critical scenarios, even
while truly safety-critical, long-tail scenarios are absent from recorded datasets [47, 154]. While
much of this mining has historically been performed heuristically or with clustering, recent ap-
proaches have also explored using large language models and vision language models to identify
challenging scenarios and obtain structured scenario descriptors [161, 198, 216].

Beyond scenario understanding, non-uniform training and testing procedures have also been
increasingly utilized. Prior work has explored creating arti cial distribution shifts on various
bases, including road geometry [42], clustered “domains” stemming from agent trajectory and
map statistics [200, 201], and overall safety-relevance [154]. Although some prior work, like
[176], has studied compositional OOD generalization along axes like weather and time-of-day,
these surface-level axes do not consider the diverse behavior-level attributes that make AD
uniquely challenging. Concurrently, many works have explored reducing the observed drops in
performance, through techniques like Frenet-based domain normalization [200], collision avoid-
ance losses [154], and closed-loop training with synthetic generated scenarios [156, 210]. How-
ever, the entangled nature of such prior domain split techniques makes both performance analy-
sis and broader generalization challenging, with remediation techniques often tailored to speci ¢
settings. We instead disentangle scenarios along meaningful, safety-informed axes (i.e., ego and
social contexts), and extend modular CZSL techniques to target the gap arising from long-tail
compositional challenges.

4.2 Preliminaries

In this section, we de ne relevant notation and task de nitions for compositional zero-shot eval-
uation and generalization in trajectory prediction. Concretely, we utilize our pipeline in Sec-
tion 4.3.1 and Section 4.3.2 to produce discrete “ego” and “social” context labels for agents,
though the de nitions and notations here are independent of those details.

Scenario and Data Format: We extend the base scenario de nition from Section 2.1, adopting
the uni ed data format and features de ned in UniTraj [40]. That is, a particxlﬁ)r data point
contains ground-plane kinematics (position, velocity, and acceleration), a valid bit indicating
whether the agent is present, as well as one-hot encodings both of the agent's type and the cur-
rent timestep; i.e., an enriched trajectory representation. Informatibh aonsists of polyline
representations of road and traf ¢ control devices, with locations interpolated at a xed distance
interval and a one-hot encoding of the feature type (e.g., lane, stop-sign, crosswalk, etc.), along
with other relevant meta information (e.g., speed limit of lanes, lane adjacency graphs, etc.).
Compositional Zero-Shot Trajectory Prediction: In our CZSL setting, we create splits at the
agent level, as described in Section 2.3.1, where an agent-centric scenario is created for a given
“focal” agent inA. We rst obtain paired categorical ego and social context labels from all
agents acrosS. We denote these contexts @g, = fdgg::'ji" and Cogigl = fc‘;gﬁ‘ggda' for some

nite sizes Ne¢go andNsociar Thus the compositional class set is de ned as the Cartesian product
C= Ggo C sociav following the analogous formulation for image-labeling in [73]. This set is
then divided into two subset€5*¢"for the known compositions, which make up the training and
validation set, an€'"***"for the unknown compositions that make up the test set. Importantly,
there is no overlap betwedi**"andC'"**®"! meaning that agent examples in the test set are out-
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of-distribution with respect to the training set; that is, agents with context&*ffiare assigned
to Sp , while those with contexts iG""s*®"are assigned t8o0p .

In the closed-worldtest settingC'"s**"consists solely of novetombinationsof known ego
and social contexts; that is, for each paifedc;) 2 C'"s*¢" bothce andcg are present ilc**¢", but
never jointly on the same example. In the hardpen-worldtest setting, however, we require
that for each joint(ce; ) 2 CU"s®€" at least one ot or ¢s is completely absent frong®®e"
Thus, the task of compositional zero-shot trajectory prediction requires developing a model that
performs well on botlC>**"andC'"s*¢ despite training only o6**¢" Unlike conventional CZSL,
which requiregpredicting labeldor unseen compositions, our setting requgeserating future
behaviorfor agents in unseen compositional contgxtscs) 2 CU"seen

4.3 Approach

To both construct long-tail, safety-relevant compositional settings for trajectory prediction and
enhance generalization performance therein, we rst extract relevant ego and social features (Sec-
tion 4.3.1). We then discretize these features into context labels (Section 4.3.2) and use them to
create challenging train/test splits (Section 4.3.3). Finally, we extend baseline trajectory predic-
tion models with new generalization modules to improve out-of-distribution (OOD) performance
(Section 4.3.4).

4.3.1 Safety-Relevant Feature Extraction

We begin by extending prior work on scenario characterization, nargaligShift  from
Chapter 3 and IMGTP [201], deriving broader sets of both safety-relevant and general attributes
and systematically processing them to support downstream discretization. Given a focal agent
in scenarics, we rst linearly interpolateX "' and each corresponding’s over agent's valid
timestep bounds. We utilize only information from thistory portion ofs to avoid any leakage

from ground truth future trajectories. We then compute and process the following features:

Ego features: These focus on kinematic details, lane information, and traf ¢ control device
proximity. We rst extract agent's position, velocity, acceleration, and curvature, relative to its
nal pose (i.e., its position and headingBis). Then, if a valid lane assignment exists based on
heading similarity and lateral distance thresholds, we include speed-limit compliance, lane type,
and lane-relative, Frenet coordinates of agéntrajectory. Finally, we obtain distances and
relative headings to stop signs, crosswalks, traf c lights, and speed bumps, if such infrastructure
is present.

Social features: These instead focus on agefst interactions with other relevant agents. We
start by computing global scalar attributes, like scenario density. Then, for each non-stationary
external agent within a given distance threshold to the focal agent, we comgeiteretrtype

of the interaction al},i.. We rst assign interactions into collinear, parallel, opposite, or crossing
types, using longitudinal and lateral distances, as well as relative heading differences. We further
break down collinear geometries to leading, trailing, or head-on variants, and all other geometries
to left or right variants relative to agent
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