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Abstract

Achieving real-world robot safety requires more than avoiding risk—it demands
embracing and managing it effectively. This thesis presents a safety case for risk-aware
decision-making and behavior modeling in complex, multi-agent environments such as
aviation and autonomous driving. We argue that safety stems from an agent’s ability
to anticipate uncertainty, reason about intent, and act within operational boundaries
defined by prior knowledge, rules of the road, social context, and historical precedent.

To enable safe and interpretable decision-making, we integrate MCTS with logic
specification to improve rule adherence into learned policies for both single and
multi-agent settings. We develop symbolic rule-mining methods using inductive logic
programming, extracting interpretable constraints from both trajectories and crash
reports. To address out-of-distribution risk, we propose a fusion framework that
combines neural imitation learning with symbolic rule-based systems. Finally, to
mitigate modelling risks we will talk about combining RAG with crash reports for
grounded action arbitrations in complex settings.

To support learning from real-world behavior within aviation, we introduce three
datasets: TrajAir, a social aerial navigation dataset; TartanAviation, a time-synced
multimodal dataset for intent inference; and Amelia-48, a large-scale airport surface
movement dataset across U.S. airports, enabling predictive analytics in air traffic
management.

Together, these contributions and the tools developed along the way enable au-
tonomous systems to reason under uncertainty, incorporate diverse priors, and operate
reliably in complex, real-world settings.
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“Hello, babies. Welcome to Earth. It’s hot in the summer and cold in the
winter. It’s round and wet and crowded.. There’s only one rule that I know
of, babies — ‘God damn it, you’ve got to be kind.”

— Kurt Vonnegut



To Mom and Dad
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Chapter 1

Introduction

1.1 Motivation

Achieving effective human-aware autonomy requires more than avoiding risk—it
demands embracing and managing it. Autonomous systems that need to operate
alongside humans must do so by adhering to established rules, behavioral expectations,
and safety practices. Although generalist agents trained on internet-scale data can
leverage common-sense priors to bootstrap reasonable behavior, deploying them intro-
duces challenges that call for a careful balance between robust safety guardrails and
preserving model expressiveness. One way to achieve this is by rethinking the Absence
of Unreasonable Risk (AUR) principle [54] for embodied intelligence systems. Central
to safety standards like ISO-26262 [2] and DO-178C [1], AUR ensures that even when
failures or malfunctions occur, a system’s operation does not result in an unacceptable
level of harm. All this leads to a fundamental research question: How can we ensure
AUR while deploying data-driven autonomous agents in the real-world? In everyday
life, humans continuously assess and mitigate risks, striking a balance between safety
and performance through an implicit understanding of their environment. This ability
stems not only from acquired knowledge learned from others (akin to behavior cloning)
- but also from personal experience gained through interaction with the world (akin
to reinforcement learning). In addition, humans develop an understanding of laws,
rules, and regulations, applying them contextually to different situations. This thesis
focuses on equipping autonomous agents that interact with humans in shared spaces
with similar capabilities. We explore safety-critical domains: from aviation navigation

1



algorithms for pilotless AI aircraft [126] and self-driving vehicles [138]— united by the
goal of achieving safe and seamless human-aware autonomy. Aviation is especially
critical with the planned introduction of autonomous agents in an increasingly dense
airspace. Recognizing that risk emerges from both known and unknown factors, I have
decomposed the AUR framework into four knowledge-aware quadrants. The risks
associated with known uncertainties in human behavior (known-unknowns), failures
to contextualize established rules (known-knowns), inherent “baked-in” system failure
modes (unknown-knowns), and unforeseen black swan events (unknown-unknowns),
each of which requires distinct mitigation strategies to balance safety and performance.

As robots leave the deterministic world of factory floors and take a leap into the
chaotic real world, roboticists are facing newer and harder challenges in modeling
and handling the inherent stochasticity of these new arenas. The feasibility of this
transition hinges on how well these robots perceive and reason in real-life situations.
Developing risk-aware and safe algorithms is critical if these machines are to coexist
alongside uncertain human actors while operating in a world designed for humans.
Humans have the uncanny ability to adaptively balance safety and performance while
navigating alongside other humans. They build behavior models of other humans
with the assumption that the other human will act in a cooperative manner without
breaking social and legal rules. Humans continuously monitor the adherence of the
other agents to these models. Higher trust enables them to take riskier but potentially
rewarding actions while low trust prompts conservative behaviour.

For autonomous agents to integrate within the current infrastructure, autonomous
systems need to act in a manner that is indistinguishable from humans. Endowing
them with these attributes necessitates developing systems that can predict human
behavior, comprehend and ground abstract rules in the action space, and embrace
the uncertainty that is inherent in cooperative decision-making alongside humans.
This thesis provides pathways to achieve this by using data-driven methods that use
historical data to synthesis strategies for human-robot collaboration within the multiple
domain.

1.2 Safe and Seamless Full-Scale Aerial Autonomy

The content of this thesis is applicable to multiple robotics domains. Although
results are presented on established domains like autonomous vehcile and unamnned
aerial systems, this thesis also presents some pioneering work in the understudied
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domain of full-scale autonomous aircraft.

Advanced Aerial Mobility (AAM) is an inclusive term that covers urban (UAM),
regional (RAM), intraregional (IAM), and suburban air mobility (SAM) solutions [12].
All of these proposed solutions have one thing in common: They all envision a future
where autonomous or semi-autonomous aerial vehicles are seamlessly integrated into
the current airspace system. AAM solutions open doors to significant socio-economic
benefits while at the same time presenting challenges in the seamless integration of
these systems with human-operated aircraft and controlling agencies.

Today, manned and unmanned vehicles are separated, limiting the utility and
flexibility of operations and reducing efficiency. Human-operated aircraft follow one of
the two rules for operation: Visual Flight Rules (VFR) or Instrument Flight Rules (IFR).
Flying under VFR or IFR is typically a function of weather conditions. Under VFR, an
aircraft is flown just like driving a car within the Federal Aviation Administration (FAA)
established rules of the road. On the other hand, IFR flying is typically associated
with flying aircraft under degraded weather conditions where separation is provided
by the Air Traffic Control (ATC). While the pursuit of integrating AAM can start
either under IFR or VFR, automated-VFR operations often have better scalability than
automated-IFR operations [120]. Another option involves Unmanned Aircraft System
Traffic Management (UTM) solution [12], which in its current iteration only focuses
on small unmanned aerial aircraft operating close to the ground (less than 700 ft) in
uncontrolled airspace.

Mastering VFR operations for autonomous aircraft has significant operational
advantages at unimproved sites and achievable traffic density compared to IFR or
completely separated operations between manned and unmanned systems. For (semi-
)autonomous aircraft to operate in tandem with human pilots and ATC controllers
under VFR, technological advancements in certain key areas are required, specifically:

1. Unmanned aircraft should be able to guarantee self-separation even in a tightly-
spaced terminal airspace environment;

2. Unmanned vehicles should be able to interpret high-level instructions by ATC to
meet the expectations of a normal traffic flow;

3. Autonomous aircraft need to understand the expected and unexpected behavior
of other aircraft;

4. Communications by other pilots and ATC need to be parsed, and corresponding
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Figure 1.1: Figure shows the safety vs performance trade-off while advocating for informed risk
quantification and mitigation strategies. Also shown is the motivating example showcasing practical
safety in the case of two cars in parallel lanes on a highway. A conservative (red) bubble characterizes
this as an unsafe encounter, as the car on the left can always swerve into the ego agent but humans
perform this task every day with reasonable assumptions (yellow) on the behaviour of the other
agent.

responses should be produced; and

5. Other aircraft need to be detected and estimated, and their future trajectories
need to be predicted.

Many of these challenges have parallels in the self-driving industry, and technolog-
ical improvements can be leveraged to produce domain-specific solutions for AAM.
While this is promising, VFR-like AAM integration introduces newer challenges while
pushing boundaries on the current state of technology. This thesis addresses some of
these challenges.
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1.3 Thesis Vision and Organization

We now introduce the statement of this thesis that frames the broader vision of
this body of work.

Thesis Statement
This thesis contends that safe autonomy in social, safety-critical settings requires
rethinking safety as risk-aware reasonable social intelligence—grounded in predic-
tion, rule adherence, and planning under uncertainty—wherein distinct mitigation
strategies are crafted for each identified risk source.

We decompose the safety case into 4 quadrants based on the sources of uncertainty.
Commonly known as the Rumsfeld Matrix, we categorize sources of risk into four
quadrants:

1. Known-Unknowns: Things we are aware of but do not understand. (eg behavior
uncertainty)

2. Known-Knowns: Things we are aware of and understand. (eg rules-of-the-road)

3. Unknown-Unknowns: Things we are neither aware of nor understand. (eg
black-swan events)

4. Unknown-Knowns: Things we understand but are not aware of. (eg biases in
training data)

PART I: [Known-Unknowns] Modeling uncertainty in human behavior

We cannot eliminate uncertainty in human behavior, but we can quantify it. Recent
approaches model human behavior using a combination of multi-modal trajectory data
and deep social models [137] to learn the underlying uncertainty. But availability of
high-quality data, generalizability and downstream use in decision-making remain a
challenge. Prior work in socially aware trajectory prediction has focused on pedestrians
and self-driving vehicles, with little exploration of aviation. This thesis pioneers human
uncertainty estimation in aviation domain by developing a series of progressively ad-
vanced aviation trajectory prediction datasets and models. We started with TarjAir [137],
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the first opensource 3D trajectory prediction dataset using aircraft transponder data,
and subsequently introduced TartanAviation [134], a multimodal dataset combining
vision, speech, and transponder data. Towards the end, we introduce Amelia-48 [125],
the largest public domain data set featuring multiple years of FAA surface movement
data (70TB) from 48 US airports. We also introduce TrajAirNet, trajectory prediction
method, to model agent-agent, agent-environment, and agent-context interactions. The
future trajectories of agents around an airport are a function of the history of all the
participating heterogeneous agents, their respective goals, the static airport environment,
and the dynamic weather context. The proposed method uses the dataset to effectively
capture all aspects of this behaviour to predict aircraft trajectories.

Part II: [Known-Knowns] Neurosymbolic Reasoning for Rule Adherence

Compliance with established rules minimizes risk. While distilling rules as logical
specifications provides concise and interpretable representations [92], their scalability in
complex contexts and their integration with learning-based systems remain a challenge.
Learned policies often fail to capture the governing rules, making them vulnerable to
covariate shifts. To address this, the thesis incorporates Signal Temporal Logic (STL)
as spatio-temporal constraints into policy networks. In this work, STL specifications
were integrated into a learned policy via MCTS, where STL robustness values guided
the search towards rule-compliant trajectories. Unlike methods that embed STL during
training [92], our online approach allows dynamic rule adjustments. This neurosymbolic
approach achieved a 60% improvement over a learning-only baseline. Furthermore, we
integrate our prediction models into downstream decision-making pipelines that distill
pilot behavior into uncertainty-aware policies. Our approach leverages multi-agent
MCTS that combines learned behavior with strict collision checking to achieve safer,
more reliable plans.//

Part III: [Unknown-Unknowns] Managing out-of-distribution scenarios:

This is one of the hardest risk to manage because it is unforeseen requiring
nuisance-free fallback safety mechanisms. Any system deployed in the real world will
encounter out-of-distribution (OOD) scenarios necessitating mitigation strategies that
gracefully degrade the system to a safe state. While learning-based planners excel
in in-distribution (ID) settings, they can be unpredictable in OOD. To combine their
strengths with the robustness of rule-based systems, I replaced the uniform prior in
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categorical evidential learning [34] with a rule-based informed Dirichlet prior. In our
approach, a rule-based planner [176] generates a traffic-compliant prior over future
trajectories, which a neural network refines into a data-driven posterior. This ensures
that in OOD scenarios, the posterior remains close to the rule-based prior for safety,
while in ID scenarios, the network captures nuanced driving behavior—yielding robust
performance across both conditions.

Part IV: [Unknown-Knowns] Mitigating Latent Failure Modes

Embodied AI systems can harbor hidden risks that emerge only after deployment,
making runtime mitigation particularly challenging. Operational Design Domains
(ODDs) define the conditions under which these systems operate safely. However,
establishing an ODD is itself challenging, as it requires anticipating potential failure
modes in advance. Motivated by the “Swiss-Cheese” model, to mitigate unknown
common-mode failures, I explored the use of multiple reasoning engines concurrently,
each with distinct approaches: some based on learned data, others purely rule-based.
However, this raises the challenge of runtime arbitration between the different models.
To address this, I focused on using LLMs to adjudicate actions from different planners.
Defining ’safe’ behavior is inherently complex, as overly simplistic definitions can lead
to unintended consequences. To address this, I modified GraphRAG [68] to mine crash
reports for safety-critical counterfactual reasoning. These human-generated reports
served as a rich source of grounded guardrails in realistic, context-sensitive terms,
helping us define and ensure meaningful safety metrics for autonomous systems. In
addition to this, previous works rely on handcrafted logic specifications, limiting both
their complexity and soundness. Although LLMs can directly ground the rules in
data, they struggle with inductive reasoning on their own. To address this, I propose
combining Inductive Logic Programming (ILP) [42] with LLM synthesis for rule mining.
ILP decomposes rule learning into generate, test, and constrain stages, progressively
pruning the hypothesis space. Using crash reports as a rich source of rule information,
I use LLMs to extract relevant information to feed into the ILP system. Using rules
generated from the ILP system, the system can serve as runtime monitors to identify
safety critical cases.
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Chapter 2

TrajAir And TarjAirNet: Dataset and
Method For Social Aircraft Trajectory
Prediction

2.1 Introduction

General Aviation (GA) comprises all civil flights except scheduled passenger airline
services. More than 90% of the roughly 220,000 civil aircraft registered in the United
States (US) are GA aircraft [56]. In contrast with airline service aircraft, which operate
with two pilots in a structured higher-altitude operational envelope, GA aircraft are
often individually piloted in a more unstructured lower-altitude environment. This
makes the pilotage challenging in the best of circumstances. According to the Federal
Aviation Administration (FAA), for every commercial airline accident in 2015, there
were approximately 36 accidents in GA, with 77 % of non-fatal accidents in terminal
airspaces [123]. This low altitude environment is also where a bulk of the next
generation of Unmanned Aerial Vehicles (UAVs) are expected to operate [143]. These
UAVs are expected to seamlessly interact with other UAVs and crewed air traffic
operating in this shared airspace. Nowhere is this interaction more pronounced than
in low-altitude terminal airspace around airports.

All flights typically begin and end in airspace surrounding airports known as
terminal airspace. Low altitudes, multi-agent close-proximity interactions, dynamically
changing conditions, and rapid decision making are hallmarks of this type of airspace.
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Figure 2.1: TrajAir dataset includes recorded ADS-B trajectories of aircraft interacting in a non-
towered general aviation airport and the weather context from METAR strings. TrajAirNet predicts
multi-future samples (cyan) of trajectories for all agents by conditioning each on the history (blue)
of all the agents and the weather context.

As compared to en-route airspace, where agents are typically well-separated, agents in
terminal airspace are at a higher collision risk. Out of the nearly 20,000 active airports
[81] in the US, only around 4% are towered, meaning that a control tower is present
as a centralized authority ensuring separation. This indicates that most GA airports
are non-towered, implying that the pilots must directly communicate with other pilots
and take decentralized actions. Pilots operating in non-towered airspace are solely
responsible for guiding aircraft to safety.

In the context of social navigation, where only implicit rules are assumed [116],
GA offers a unique case where all aircraft operating within terminal airspace are
expected to self-organise to follow guidelines established by the FAA, which act like
rules-of-the-road for aircraft. These guidelines ensure separation and smooth flow by
standardising a rectangular traffic pattern around the runways [55]. More details on
these guidelines are provided in future sections. While not enforced, pilots are expected
to adhere to the traffic pattern, but deviations arise due to the lack of specificity, pilot’s
experience level, type of aircraft, weather, and position of other agents. This design
flexibility improves efficiency and ensures safety while accommodating the needs of
various agents using the same infrastructure. Only the traffic pattern’s general shape,
direction, and altitude are established. This leaves room for each pilot to make their
own decisions to maintain separation while respecting personal minimums and aircraft
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Figure 2.2: Figure shows the dataset and its collection setup at the Pittsburgh-Butler Regional Airport
(KBTP)—a non-towered GA airport that serves as a primary location for the dataset. Lighter color
indicates lower altitude. (a) Shown is a snippet of the processed dataset with aircraft trajectories
showing clear lobes for traffic patterns for both runways. (b) The left traffic pattern and nomenclature
for the runways at the airport. (c) Picture of the data-collection setup.

capabilities.

Airports can have multiple agents using the same airspace where all agents are
expected to follow socially-compliant trajectories while loosely following the traffic
pattern guidelines. Using a diverse set of inputs such as radio, transponder data,
weather, and vision, each pilot constructs their airspace situational awareness to decide
an entry or exit from the pattern. To avoid collisions, therefore, it is critical for each
pilot to predict the future trajectory predictions of other agents in that airspace.

In this work, we address the problem of learning how to predict the actions of
other agents (aircraft) in a static environment with the dynamic context needed to
navigate an aircraft in non-towered terminal airspace safely.

This work presents a novel dataset, TrajAir, that provides recorded trajectories of
multiple aircraft operating around a standard non-towered airport while also providing
the weather conditions during these operations. While several datasets exist for ground
navigation or pedestrian trajectories, few datasets are available for aerial navigation
that imposes unique challenges including the need to handle regulations and weather
conditions.

This work also provides a baseline trajectory prediction method, TrajAirNet, to model
agent-agent, agent-environment, and agent-context interactions. The future trajectories
of agents around an airport are a function of the history of all the participating
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heterogeneous agents, their respective goals, the static airport environment, and the
dynamic weather context. The proposed method uses the dataset to effectively capture
all aspects of this behaviour to predict aircraft trajectories.

The major contributions of this work are as follows:

1. We provide the first publicly-available large-scale processed trajectory and weather
data with multiple aircraft socially interacting in a non-towered GA airport.

2. We provide an open-source end-to-end attention-based baseline method to predict
socially-aware multi-future trajectories in a static environment with a dynamic
context.

2.2 Related Work

2.2.1 Aircraft Trajectory Prediction

Previous work on aircraft trajectory prediction can be split into macro-level pre-
dictions in high-altitude en-route airspace and micro-level predictions for terminal
airspace. En-route long-range predictions are often a function of weather conditions
[13, 133, 58, 132]. For terminal airspace, previous work has focused on larger airports
with commercial aviation (CA) traffic. CA aircraft usually follow strict approach
procedures for entering and exiting terminal airspace and are often guided by air
traffic control, making the trajectory prediction problem akin to learning the statistical
variation in following these procedures [193, 18, 7]. Non-towered terminal airspace, on
the other hand, while still following FAA guidelines, has a much higher complexity
and often expects air traffic to follow socially compliant behaviour. The lack of a
centralised authority gives the pilots more freedom with the choice of actions to achieve
a particular goal. To the best of the authors’ knowledge, no publicly available dataset
or open-source trajectory prediction methods exist for non-towered GA traffic, which
forms the bulk of the aviation infrastructure.

2.2.2 Trajectory Prediction Datasets

The majority of the research in socially-aware human-robot interaction has focused
on pedestrians and autonomous vehicles (AVs) [43, 110, 111, 158, 192]. The arena is
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often crowded spaces like shopping malls, college campuses, or city streets. Pedestrian
datasets like UCY [90], ETH [141], and the Stanford Drone Dataset [154], among
others [155], have long been the dominant datasets for evaluating pedestrian trajectory
prediction tasks. Within the AV domain, Argoverse [33], KITTI [62] and nuScenes [28]
have been more popular.

With TrajAir, we introduce the new 3D domain of general aviation within the
paradigm of social navigation. The dataset differs from previously published datasets
due to the spatial dependence of the agent trajectories within a static environment.
TrajAir trajectories are conditioned not only on the relative location of agents but also
on their absolute locations. In addition, trajectories are explicitly goal-directed. This
enables benchmarking models that use goal- or intention-driven predictions. Due to
the FAA guidelines, the trajectories loosely follow the same semantic structure opening
up the field of structured predictions in social navigation. Another point of difference
is the presence of a global context in the form of weather data directly affects the
trajectories and goals of all agents. This allows benchmarking algorithms that can use
contextual clues to aid social behaviour prediction.

2.2.3 Trajectory Prediction Algorithms

Social trajectory prediction algorithms typically use three separable modules to
generate trajectory predictions. A sequential module like recurrent units [89] or
convolutions [130] is first used to encode the observed trajectories of each agent to
generate a vector in latent space. A social module then uses a method like pooling
[5] or attention [119] to encode the social context. A generative module then decodes
the socially-aware representation into an output that is either the relative coordinates
[89], a distribution on the relative coordinates [197] or accelerations [149]. Due to
these algorithms’ the domain specific nature they do not generalize well to GA aircraft.
The use of relative or ego-centric coordinate systems, suitable for pedestrians and
AV domains, renders these algorithms unsuitable for domains like GA, where the
decisions are a function of the absolute spatial coordinates. While algorithms like
Trajectron++[158] have been proposed to support domain independence with support
for dynamics, its extension to 3D space, airport maps and double-integrator dynamics is
non-trivial. The proposed baseline method, TrajAirNet, which uses absolute coordinates
and global contexts, builds on similar structuring to provide a trajectory prediction
algorithm that combines the state-of-the-art in each of the aforementioned modules.
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Figure 2.3: Our proposed TrajAirNet baseline model for aircraft trajectory prediction in static
environment with a dynamic context. The model uses Temporal Convolutional Networks (TCNs)
to encode the 3-D trajectory. The dynamic weather context (wind vectors) are encoded using
Convolutional Neural Networks (CNNs), which are appended to the encoded trajectory. To encode
the social context, we use a Graph Attention Network (GAT) that uses attention to combine data
from different agents. Finally, we use Conditional Variational Autoencoders (CVAEs) to produce
multi-future acceleration commands, which are then used in a forward Verlet integration to produce
future aircraft trajectories for all agents.

2.3 TrajAir Dataset

The TrajAir dataset is collected at the Pittsburgh-Butler Regional Airport (ICAO:KBTP),
a single runway GA airport, 10 miles North of the city of Pittsburgh, Pennsylvania.
Additional information about KBTP is available online1. Aircraft entering and leaving
non-towered airspace need to follow guidelines established by the FAA to ensure the
safety and efficiency of all participating agents. KBTP has Left Traffic patterns for
both runways, meaning the patterns are rectangular-shaped with left-handed turns
relative to the direction of landing or take-off. Figure 2.2b shows the traffic pattern
for Runway 8 and 26 around KBTP with the corresponding direction of traffic flow.
Aircraft usually take-off or land into the wind; hence the nomenclature follows this
sequence. When an aircraft takes off, it is on an upwind leg. A left turn puts it on a
crosswind leg, followed by turns into downwind leg and base leg. The final left turn
puts the aircraft on the final leg for a touch-down. FAA also establishes that an entry
into the pattern should be at a 45-degree angle to the downwind leg.

1http://www.airnav.com/airport/kbtp
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2.3.1 Dataset Overview

The trajectory data is recorded using an on-site setup (see Figure 2.2c). Data is
provided starting on 18 Sept 2020 and continues till 23 Apr 2021. It includes a total
of 111 days of data discounting downtime, repairs and bad weather days with no
traffic. Data is collected from 01:00 AM local time to 11:00 PM local time. The dataset
can be accessed at https://theairlab.org/trajair/. More information about the dataset,
including the file structure and dataloaders, is also provided.

2.3.2 Trajectory Data

The dataset uses an Automatic Dependent Surveillance-Broadcast (ADS-B) receiver
[44] placed within the airport premises to capture the trajectory data. The ADS-B
In receiver receives data directly broadcasted by other aircraft with ADS-B Out. For
aircraft that do not have an ADS-B Out, the Traffic Information Service-Broadcast (TIS-B)
takes the position and altitude of aircraft using radar and converts that information
into a format that’s compatible with ADS-B. It then broadcasts the information to our
receiver. The receiver uses both the 1090 MHz and 978 MHz frequencies to listen to
these broadcasts. The ADS-B uses satellite navigation to produce accurate location and
timestamp for the targets, which is recorded on-site using our custom setup.

2.3.3 Weather Data

The weather data is obtained post-hoc using the METeorological Aerodrome Reports
(METAR) strings generated by the Automated Weather Observing System (AWOS)
system at KBTP. We use the Iowa State METAR repository [71] to gather all the
weather data during the trajectory collection time frame. The raw METAR string is
then appended to the raw trajectory data by matching the closest UTC timestamps.

2.3.4 Data Processing

The data obtained from the ADS-B receiver and the METAR strings is processed to
make it suitable for training networks. The following steps are performed:

• Removal of data points that have corrupt or no location fields.
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• Removal of duplicate data points with the same aircraft identifier and location
fields.

• Removal of data points where the altitude is more than 6000 feet MSL, and
distance is more than 5 km from one end of the runway.

• Transforming the data to a local Cartesian coordinate frame in SI units. The
origin is at the end of the runway, with the horizontal x-axis pointing along the
runway.

• Processing raw METAR strings to get wind velocity and direction along and
across the runway in the local Cartesian frame in SI units.

• Interpolating trajectory data every second for all agents.

• Segmenting the data into scenes with at least one active aircraft in the airport
vicinity.

The raw data and processed data are provided as part of the data release. A snippet
of the processed data is shown in Fig 2.2a. Lighter color indicates lower altitude.
Both left-hand patterns are visible as distinct lobes on both sides of the runway. The
variability in following the pattern is also evident, as are the trajectories before entering
and after leaving the pattern.

2.4 TrajAirNet Prediction Network

We propose TrajAirNet, an end-to-end network to provide aircraft trajectory predic-
tions within the terminal airspace. The proposed baseline method provides us with
the ability to do the following: 1) condition the prediction on ego agent’s absolute
position history in the static environment, 2) condition the prediction on the absolute
position of other agents within the terminal airspace weighted according to their relative
importance to the ego-agent, 3) condition the prediction on the dynamic environmental
context like wind, 4) predict multi-modal multi-future trajectories of all the agents, and
5) operate invariant to the number of agents in the scene without using zero-padding.
To achieve this, the method uses multiple components in an end-to-end fashion using
a combined loss function. Section 2.4.1 defines the nomenclature and provides a formal
mathematical definition of the problem. Section 2.4.2 provides details on each model
component, and Section 2.4.3 provides details on the implementation and the loss
function.
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2.4.1 Problem Formulation

We consider the problem of predicting the multi-modal distribution of future
trajectories of all the agents given the past history and environmental context. Let
xat = (xat , y

a
t , z

a
t ) and ϕat denote the position and context of the ath agent at time t,

respectively. While the context may include terrain, maps, weather and wind conditions;
for the purposes of this work, we only focus on wind as the context. Let x1:A

t1:t2 and ϕ1:At1:t2
denote the trajectories and context over a {t1, . . . , t2} time-horizon for all {1, . . . , A}
agents in that scene. We then define our trajectory prediction problem as finding
distribution of future trajectories x̂1:A

tobs:tpred+tobs
conditioned on the past trajectories

x1:A
1:tobs

and context ϕ1:At:tobs , where, tobs is the observation time window, and tpred is the
prediction time horizon. Mathematically,

x̂1:A
tobs:tpred+tobs

∼ p(x̂1:A
tobs:tpred+tobs

| x1:A
1:tobs

, ϕ1:At:tobs) (2.1)

2.4.2 Model Details

We propose a baseline trajectory prediction algorithm, TrajAirNet, that takes as
input the past trajectories of all the agents, along with the weather context, to predict
multi-future trajectories of all agents. The network combines elements from Temporal
Convolutional Networks (TCNs), Graph Attention Network (GATs), and Conditional
Variational Autoencoder (CVAEs). Each component addresses various needs of the
underlying problem. The entire architecture is shown in Figure 2.3.

The TCN layers are used to encode the spatio-temporal trajectory into a latent vector
without losing the causal relations in the underlying data. This latent representation
can be used for other downstream tasks like trajectory prediction. While LSTMs have
been a popular choice to encode the trajectory space, our choice of TCNs is largely
because they have been shown to perform better or at least as good as LSTMs [15].

The GAT layer is used to encode the influence of other agents on the predicted
trajectory of a particular agent. While max-pooling has been a traditional choice
to incorporate the effect of other agents, the lack of interpretability in the latent
encoded output makes max-pooling a rather black-box choice [197]. Using an attention
mechanism as in GATs, on the other hand, has become a popular choice because
attention can be directed selectively at particular agents in a scalable manner in terms
of the number of agents [179]. This becomes especially important in the shared-airspace
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domain, where the relative importance of an agent is not only based on their proximity
to the ego agent but also on their absolute location in space. Another advantage of
using GATs is that it makes the algorithm permutation-invariant as well as invariant
to the number of agents without a need to pad zeros.

The CVAE layer serves as the backbone of the multi-future trajectory prediction.
There is inherent stochasticity in the data, and CVAEs are well suited to capture this
distribution. They have been used successfully in both pedestrian and AV trajectory
prediction networks [158]. The CVAEs encode the underlying distribution in its latent
space, which can then be sampled at run-time to provide samples in the trajectory
space. In order to incorporate the dynamics of the vehicle, we decided to a generalized
dynamics formulations in the form of a forward Verlet integration [149] that provides
a constant velocity model for a zero output. Instead of predicting the positions directly,
we predict the Verlet acceleration and then calculate the absolute positions of each
agent.

2.4.3 Implementation Details

TrajAirNet codebase is available open-source at https://github.com/castacks/trajairnet.
A modified dataloader breaks the scene into sequences of length tobs + tpred with a
certain minimum number of agents constant across each sequence. The number of
agents can change from sequence to sequence. For each agent in a given scene, the
raw trajectory in absolute coordinates is encoded using the same TCN layers.

haobs = TCNobs(x
a
1:tobs

) ∀ a ∈ {1, . . . , A} (2.2)

To include the environmental context, wind velocities along and across the runway
in our case; the raw context is encoded using a standard CNN layer and the output
is concatenated to the TCN encoded trajectories. The choice of CNN over MLP was
motivated to enable spatial contexts in later revisions of the algorithm.

haenc = haobs ⊕ CNN(ϕa1:tobs) ∀ a ∈ {1, . . . , A} (2.3)

The concatenated encoded trajectories and encoded context for all agents are then
stacked together as the input to the GAT layers. Each agent acts as a node in the GAT
graph structure. We use a standard GAT structure with multi-head attention [178].

h1:Agat = GAT (h1:Aenc) (2.4)
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The output for each agent from the GAT is then segregated and concatenated with the
full encoded output haenc for each agent a. This concatenated vector then serves as a
conditional input to the CVAE layers. The CVAE is characterized by an encoder Q(·)
and a decoder P (·). For all a ∈ {1, . . . , A},

hapred = TCNpred(x
a
tobs:tobs+tpred

)

z ∼ Q(z | hapred, haenc ⊕ hagat), for training

z ∼ N (0, I), for testing (2.5)

hacvae ∼ P (hacvae | z, haenc ⊕ hagat)

Finally, the sampled CVAE output is passed through a MLP layer to get the correct
dimension for the acceleration output.

satobs:tobs+tpred =MLP (hacvae) (2.6)

The acceleration output is then converted to absolute positions for all t ∈ {tobs, . . . , tobs+
tpred}, using,

x1:At+1 = 2x1:At − x1:At−1 + s1:At ∆t2 (2.7)

The entire pipeline uses a combination of loss functions.

Ltotal = Ltraj + Lcvae (2.8)

The Ltraj measures how close the predicted trajectory is to the ground-truth trajectory
using a mean squared error (MSE) loss.

Ltraj =MSE(xatobs:tobs+tpred , x̂
a
tobs:tobs+tpred

) (2.9)

The Lcvae measures the KL-Divergence between the sampling distribution of the latent
variable, the easiest choice being N (0, I), to the distribution of latent variable that we
learn during training.

Lcvae = Dkl(Q(z | hapred, haenc ⊕ hagat) || N (0, I)) (2.10)

For training, we use the Adam optimiser with a learning rate of 1e− 4.
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(a) (b)

(c) (d)

Figure 2.4: Figure shows the qualitative results for the TrajAirNet framework. Four independent
scenarios are chosen to showcase the performance. Blue is the observation trajectory (tobs = 11 sec).
Green are the sampled trajectories from the TrajAirNet output. Black shows the output closest to the
ground truth (tpred = 120 sec), which is shown in Red. Also shown is the airport diagram to scale.

2.5 Evaluations and Discussion

Evaluations for the proposed network are carried out on a 28 day subset of data
from the TrajAir dataset that contains 4-sets of 7 consecutive days of data in different
months. Results from our network along with comparative methods are shown for
all four sets. In order to focus on long-horizon predictions, we use tobs = 11 sec and
tpred = 120 sec. The choice of the observation and prediction horizons are chiefly
motivated to match the scale of decision horizons in GA. We compare our results with
the following baselines:

1. Constant Velocity [158]: Trajectories are predicted by setting acceleration to zero
in the Verlet integration.

2. Nearest Neighbour: We use a nearest neighbour search to find the closest absolute
trajectory in the training set to the queried trajectory using an L2 metric.

23



Algorithm 7Days-1 7Days-2 7Days-3 7Days-4
Const. Vel. [158] 1.79/4.08 1.90/4.31 1.92/4.30 1.82/4.16
Nearest Neigh. 3.13/2.70 1.92/1.99 3.41/2.69 2.59/2.58
STG-CNN [119] 1.19/2.35 1.36/2.70 1.33/2.67 1.17/2.29
TransformerTF [64] 1.58/3.85 1.69/4.10 1.97/4.36 1.79/4.19
TrajAirNet (ours) 0.73/1.42 0.81/1.63 0.86/1.72 0.71/1.41

Table 2.1: Table shows the quantitative results ADE/FDE (in Km) for TrajAirNet
baseline along with comparative results.

3. STG-CNN [119]: Uses a spatio-temporal graph convolutional neural network for
trajectory prediction.

4. Transformer-TF [64]: Standard transformer implementation for trajectory predic-
tion.

We chose not to include extensive comparative results from other social trajectory
prediction algorithms. Our experiments found that the top-performing algorithms for
pedestrian and AV benchmarks either exploit the problem’s underlying structure or
require non-trivial modifications, making them unsuitable for a domain transfer. A
simple change in hyper-parameters very often did not provide optimal performance as
can be seen from the short comparative result section. We use two popular metrics
[197] for evaluating the performance of the proposed network: Average Displacement
Error (ADE) and Final Displacement Error (FDE). Results for the best of N trajectories
are used where the network is queried N times, and the best ADE/FDE scores are
recorded. We nominally use N = 5.

2.5.1 Results and Discussions

Figure 2.4 shows the qualitative results for the TrajAirNet framework. Four in-
dependent scenarios are showcased to highlight the various behaviours captured by
TrajAirNet. Figure 2.4(a) shows a scenario with two agents on the downwind leg of
the pattern. The algorithm correctly predicts a longer turn to base for the trailing
aircraft to improve spacing between agents. Figure 2.4(b) shows three aircraft with one
aircraft trying to enter the pattern. While the algorithm correctly predicts the entry,
it fails to predict the entering aircraft’s roundabout turn to improve spacing. This
highlights the diversity of maneuvers in the dataset and the difficulty in predicting
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them. The third scenario shows an aircraft entering downwind with another trailing
aircraft already in the pattern. The network predicts that the trailing aircraft extends
the crosswind leg and falls in line behind the aircraft entering the pattern. Lastly,
the fourth scenario in Figure 2.4(d) shows three aircraft in the traffic pattern around
the airport with the aircraft on downwind-to-base turning early to improve spacing.
Table 2.1 shows the quantitative results for the TrajAirNet framework. As can be seen,
TrajAirNet dominantly outperforms prediction baselines across all the sub-datasets.

2.6 Conclusions

This work presents a novel dataset for socially-aware trajectory prediction in
the aviation domain. Additionally, it also presents a baseline trajectory prediction
algorithm for this static environment with a dynamic context. To the best of the authors’
knowledge, this is the first publicly available dataset and method in the domain of
general aviation. A major motivation of this work is to open up this domain to the
wider robotics and automation community. With the recent advances in self-driving
and social robotics, this publication aims to encourage a more in-depth look into
the similar and unique problems faced by the autonomous aviation community and
propose solutions in this relatively under-explored domain.
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Chapter 3

TartanAviation : Multi-modal
Datasets for Terminal Area
Operations

3.1 Background

Figure 3.1: Our custom data collection setup installed at the Allegheny County Airport with its
approximate location within the airport premises with respect to the runway geometry. The setup
recorded images, audio, and aircraft trajectory data.

In 2023, an average of 45,000 flights per day served over 2.9 million passengers
in the US [3], which is nearly at the saturation capacity of the current US air traffic
control system [120]. The expected introduction of Advanced Aerial Mobility (AAM)
operations within the National Airspace System heralds a further increase in flight
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operations, necessitating a need to increase the airspace capacity [10]. Compared to en-
route airspace, terminal areas experience a higher air traffic density as nearly all aerial
operations start or end within these areas. The effective future management of this
high-risk airspace necessitates insights into various aspects of air traffic management.
In addition to manned AAM operation, data is needed to achieve advances in fully
or partially autonomous AAM agents. Curated datasets within this domain not only
enable analytical research into understanding how the system is currently managed but
also help accelerate the development of novel technologies for future operations. More
generally, the aviation domain presents newer challenges to widely applied technologies
like vision-based object detection, speech-to-text translation, and time-series analytics.
Advancements in AI and machine learning can potentially revolutionize air traffic
control systems, ensuring safer and more efficient coordination for the ever-increasing
number of flights.

In this work, we introduce TartanAviation, a multi-modal dataset collected at
towered and non-towered terminal areas within the US. The TartanAviation dataset
covers three primary concurrently collected modalities of data: trajectory positions for
capturing the spatial and temporal information of aircraft movements, video flight
sequences collected with static cameras installed within terminal areas, and audio
communications to document the voice interactions between pilots and air traffic
controllers. While prior datasets in the aviation domain have focused on specific
modalities like speech [99, 200] or vision [167, 4], TartanAviation aims to provide
a more holistic view of terminal airspace operations across various data modalities.
Additionally, while previous datasets focus on large commercial airports, TartanAviation
focuses on smaller regional airports within the Greater Pittsburgh area. Regional airports
serve a multitude of different aircraft and mission profiles, providing a richer and more
diverse data stream. We specifically focus on two airports: the towered Allegheny
County Airport (ICAO:KAGC) and the non-towered Pittsburgh-Butler Regional Airport
(ICAO:KBTP).

Human vision is the last line of defense against mid-air collisions, making it critical
for aviation safety [185]. With recent advances in computer vision technologies, visual
detect-and-avoid (DAA) systems have shown promising results in detecting airborne
objects at greater distances [63]. Prior datasets for DAA either lack diversity [4],
are computer-generated [167], or are relatively small [52, 113]. In this context, the
TartanAviation vision dataset is a large-scale real-world dataset collected by placing
static cameras within the terminal area. TartanAviation currently offers 3.1 million
images covering challenging scenarios like snow, mist, rain, varying cloud cover, and
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diverse aircraft types. The data is augmented with the associated weather and air
traffic trajectory data. With over 700k aircraft labels, these challenging real-world
scenarios promise to enable more research in robust computer vision techniques for
long-range object detection.

Trajectory data represents the time-series information of aircraft positions operating
within the terminal airspace. This data is collected by recording Automatic Dependent
Surveillance-Broadcasts (ADS-B) using receivers placed within the terminal area. ADS-B
is an aviation surveillance technology where aircraft automatically broadcast their
position and other data using GNSS satellite navigation, enabling tracking by air traffic
control and nearby aircraft without ground interrogation. It is a key component of
global air traffic systems and is mandatory in several countries for enhanced safety
and efficiency. Prior studies have looked into the performance of ADS-B including its
accuracy, integrity, continuity and availability [6] as well as its use in sequencing the
optimal landing order for arriving flights.[188] Our prior work, TrajAir [136], provided
111 days of ADS-B data at KBTP. TartanAviation extends this tally to a total of 661
days of data at both KBTP and KAGC. Beyond the aviation domain, trajectory data
can enable more research in time-series forecasting, social trajectory prediction, and
anomaly detection.

Radio communications enable pilots and Air Traffic Controllers (ATC) to share time-
sensitive intent and instructions over dedicated frequencies. The information included
in these communications helps pilots and ATC to build situational awareness, enabling
the safe operation of aircraft on the ground and in the air. Radio communication
within aviation use both High-Frequency (HF) as well as Very-High-Frequency (VHF)
bands. While HF is mostly used for long-range communication, for example in oceanic
flights, VHF is preferred for short to medium range communication. A VHF radio
operates on frequencies between 118.0 megahertz (MHz) and 136.975 MHz [189]. While
most speech datasets are unimodal [65], recent multi-modal datasets with text and
trajectory [67] have focused exclusively on commercial aircraft operations at large
airports. TartanAviation provides first-of-its-kind speech data at relatively smaller
airports, including both towered and untowered airfields. Along with the diversity in
speech data, TartanAviation also provides concurrent trajectory data, enabling novel
research in multi-modal speech-to-text translation and speech-to-intent predictions [168]
conditioned on external context.

All of the data in TartanAviation was collected with administrative support and
prior authorization at both the KAGC and KBTP airports. TartanAviation represents our
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Figure 3.2: Our custom setup hardware with the camera and ADS-B antenna mounts (left). We
also showcase the data collection pipeline with the associated sensor suite and automatic logic that
triggers camera and speech recordings (right).

first step at building a centralized comprehensive multi-modal repository for aircraft
data within the terminal airspace.

3.2 Methods

This section briefly overviews the equipment and protocols used to collect the
datasets. Figure 3.2 shows the setup and an overview of the data collection pipeline.
An waiver from Carnegie Mellon University IRB was obtained prior to data collection.

3.2.1 Vision Data Acquisition

The vision data was exclusively collected at the KAGC airport. The setup was
mounted at 40.351422 latitude, -79.923939 longitude, as shown in Figure 7.1. The vision
setup uses an array of Sony IMX 264 cameras connected to a NVIDIA Xavier AGX
32GB dev kit via a LI-JXAV-MIPI-ADPT-6CAM camera adaptor. The cameras collect
data at 2048× 2448 resolution at 24 Frames Per Second (FPS). The camera recordings
were triggered using ADS-B data by enforcing an 8 km fence around the setup. If an
aircraft crosses the threshold, the camera automatically starts recording. The recording
stops either at the end of a 250-sec timer or if the aircraft exits the 8 km fence. A
new recording is activated if the recording times out before the aircraft exits. This
process repeats till the aircraft leaves the geo-fence. To ensure seasonal diversity, data
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collection occurred in multiple phases from December 14, 2021, to February 23, 2023,
from sunrise to sunset.

Post-Processing
As shown in Table 3.2, along with the raw camera output, TartanAviation offers various
useful meta-data, including ADS-B and bounding box labels.

For ADS-B, each recorded video sequence has a PKL file that contains the GPS
coordinates of all flying aircraft in the area at the specific time of recording. The
ADS-B data also provides the unique flight ID and N-number (if provided by the pilot
to the ADS-B) per aircraft. The unique flight ID and the N-number of the aircraft are
used to parse the FAA N-number registry inquiry website. Furthermore, we obtain
the ADS-B data and interpolate it to obtain ground truth information matching the
frequency of the camera recording, i.e., 24 Hz.

For the bonding box labels, each recorded video sequence has a zip file containing
the label files for individual video frames. The labels are text files, where each row
provides the bounding box information for a flying aircraft in the video. In particular,
the label files include the bounding box coordinates for the aircraft in the image, a
unique track ID for each aircraft, the range of the aircraft, the manufacturer, type, and
model.

We leverage two main modules to generate the bounding box labels: (a) Auto-
labeling and (b) Manual label verification/generation. The Auto-labeling module is
performed in two stages. The first stage uses our deep learning-based aircraft detection
& tracking system, AirTrack [63], to obtain initial bounding box hypotheses. Despite
not having perfect recall, this stage makes labeling bounding boxes easier and reduces
the amount of manual labor required downstream. The second stage projects the
3D ADS-B data into the image frame using the calibrated extrinsics to provide an
initial estimate of the aircraft position in the image. This projection helps filter false
positives from the detector and provides the initial airborne object location to the
labeler. Once the auto-labeling procedure is finished, we manually verify the image
labels frame-by-frame and make any necessary corrections using our custom labeling
software.

The system used in the Auto-labeling module, AirTrack [63], consists of modules
for ego-aircraft motion estimation, detection and tracking, and secondary classification
to filter out false positives. The inputs are two successive grayscale image frames
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It, It−1 ∈ RH×W where H ×W are the dimensions of the input frames. We utilize
the full image resolution of 2048 × 2448 during inference to maximize the chances
of detection at long ranges. The outputs are a list of tracked objects with bounding
box coordinates, track ID, 2D Kalman filtered state, estimated range, angular rate,
and time to closest point approach (tCPA). We then filter out false positive detections
by projecting the ADS-B data into the image frame and ensuring that the projected
ADS-B coordinates lie within a 100 pixel radius of the predicted image bounding box.
Whenever we have false negatives from the model, we manually add in the bounding
box label if the aircraft is visible in the image.

For the ADS-B data projection, we assume that the 4-camera setup is located
at the origin of a north-east-down (NED) world reference frame where the positive
z-axis points towards the earth’s center and the positive x-axis points towards True
North. Given all the relevant information, such as GPS coordinates and altitudes, we
can compute the 3D position of aircraft using geodesics. The corresponding image
frame location in homogeneous coordinates for camera i (i = 1, . . . , 4) is given by the
following perspective projection: pi = Ki[Ri | ti]P, where Ki is a known 3× 3 intrinsic
matrix for camera i, [Ri|ti] constitutes the 3 × 4 extrinsic matrix of camera i, and
P ∈ R3 is the aircraft 3D position in the world reference frame. In particular, we use
the PnP-RANSAC algorithm to estimate [Ri|ti]. Using time synchronization, the 2D
correspondences for the recorded 3D observations are manually labeled using custom
labeling software. Since the setup is static, this is a one-time calibration step that gives
us the projection matrix for camera i, with which we can project new 3D aircraft data.

3.2.2 Trajectory and Weather Data Acquisition

The trajectory and weather data are collected at both the KAGC and KBTP airports.
Data collection follows similar procedures as our prior ADS-B dataset [136]. We use a
Stratux ADS-B receiver capable of receiving position reports on both the 1090 MHz
and 978 MHz frequencies. The receiver was installed within the terminal area of each
airport. The recording operation ran from 1:00 AM to 11:00 PM local time, a period
selected to encapsulate the full range of aviation operations during both peak and
off-peak hours. Data collection at KBTP started on September 18, 2020 and concluded
on October 27, 2022. Data collection at KAGC began on October 31, 2021 and ended
on February 17, 2023. Data was collected in discrete phases, resulting in 381 days
or 36 million raw position reports of data at KBTP and 280 days or 27 million raw
position reports of data at KAGC. Weather reports for the corresponding airports are
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collected post hoc in the form of METeorological Aerodrome Reports (METAR) strings.
We use the Iowa State METAR repository [71] to compile reports for the duration of
the ADS-B data. The total file size of the audio dataset is 1.9 GB compressed and 12
GB uncompressed.
Post-processing: The raw ADS-B data is first post-processed to remove corrupted and
duplicate data points. The data is then filtered for altitude and distance from the
airport. We nominally chose 6000 ft MSL and a 5 km radius around the airport. Once
filtered, the data is transformed from a global to a local Cartesian coordinate frame in
SI units with the origin at the end of the runway. The raw METAR strings are also
processed to get wind velocity and direction relative to the runway in the local frame.
Finally, we interpolate the trajectory data every second for all agents. TartanAviation
provides the processed data along with the raw trajectory and weather data.

3.2.3 Speech Data

The speech data is collected at both the KAGC and KBTP airports. The setup
uses a Bearcat SR30C radio receiver capable of receiving aviation radio frequencies.
For towered KAGC, the radio is tuned to receive 121.1 MHz, the air traffic control
tower frequency for KAGC operations. KAGC has an active tower 24 hours a day. For
KBTP, the radio was tuned to 123.05 MHz, the Common Traffic Advisory Frequency
for KBTP operations. The audio is recorded at a rate of 44.1k samples per second
onboard the system. The record trigger mechanism for the speech setup is similar in
construction to the vision setup and uses ADS-B data to trigger recordings. The trigger
threshold was set to 10 km. The corresponding raw ADS-B data is also provided
for the communication recordings spanning multiple years for both airports. The
communication data from KBTP starts on September 6 2020 and ends on October 27
2022. After filtering, this data comprises 278 days of data, corresponding to 790 GB of
disk space. The communications data for KAGC starts on October 31, 2021 and ends
on February 17, 2023. The KAGC data comprises 392 days of data, corresponding to
1358 GB of disk space. In total, the dataset contains 670 days of raw communications
recordings. The total file size of the audio dataset is 2.15 TBs uncompressed and 505.2
GB compressed.
Post-processing: We filtered the raw recordings using two conditions: audio clips
must be longer than 1 second and have a maximum decibel level above -20 db. This
removes erroneous recordings and clips that don’t contain any spoken words. The
KAGC audio has 33289 audio files comprising 2131.9 hours of audio, with 327.714
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Extension Nomenclature Content
.zip <camera_id>_<timestamp> Zip folder containing sequence data
↪→ .mp4 <camera_id>_<timestamp> Video File
↪→.avi <camera_id>_<timestamp>_sink_verified Video File with embedded labels
↪→.srt <camera_id>_<timestamp>_subtitle Raw timestamps of the recorded video
↪→.pkl <camera_id>_<timestamp>_sink_adsb Raw ADS-B dictionary
↪→.pkl <camera_id>_<timestamp>_acft_sink Raw aircraft type data
↪→.zip <camera_id>_<timestamp>_labels Zip folder containing the image labels
↪→↪→.label <frame_number>.label Text file containing label data

Table 3.1: File structure information for TartanAviation image data

hours above -20 db. The KBTP audio has 8534 files and 1242.9 hours of audio, with
149.9 hours above -20 db. This gives a total of 41823 files, 3374.8 hours of audio, and
477.6 hours of audio above -20 db.

3.3 Data Records

The dataset [134] is stored on open access servers maintained by Carnegie Mel-
lon University School of Computer Science and is available using the download
scripts hosted on https://github.com/castacks/TartanAviation.git [DOI: 10.5281/zen-
odo.14699102]. We provide Python scripts to enable data download of each modalities,
including support for sample and partial data. These scripts provide a platform-agnostic
way to download these datasets. Each of the modalities also have documentation that
list any dependencies required to execute the scripts.

Additional information about the raw and processed data for all the modalities
is available at https://theairlab.org/tartanaviation/. The following sections present
details on the data formats and provide information on file organization.

3.3.1 Image Data

The image dataset is split across 550 independent sequences. We define a sequence
as all of the data recorded during a single event where the camera recordings were
started and stopped. The vision data folder contains multiple zipped files, each
associated with a particular camera recording for that sequence. Each zipped sequence
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Raw Data Fields Processed Data Fields
Field Units Description Field Units Description
ID # ADS-B Aircraft ID Frame # Relative Timestep
Time HH:MM:SS.ss Time of observation ID # ADS-B Aircraft ID
Date MM/DD/YYY Date of observation x km Local X Cartesian Position
Altitude Feet Aircraft Altitude (Mean Sea Level) y km Local Y Cartesian Position
Speed Knots Aircraft Speed z km Local Z Cartesian Position
Heading Degrees Aircraft Heading

wx m/s
Component of wind along
the dominant runwayLat Decimal Degrees Latitude of the aircraft

Lon Decimal Degrees Longitude of the aircraft wy m/s
Component of wind across
the dominant runway

Age Seconds Time since last observation
Range km Distance from airport centre
Bearing Degrees Bearing Angle with respect to North
Tail Aircraft Registration Number
AltisGNSS boolean Indicator flag for Altitude Measurement

Table 3.2: Variable description for the TartanAviation ADS-B trajectory data.

folder has multiple files, as presented in Table 3.1. Further information regarding the
nomenclature and file contents is also shown in Table 3.1. In addition to the video
files and labels, we also provide ADS-B data for each sequence.

3.3.2 Trajectory and Weather Data

TartanAviation provides both raw and processed data for each airport. Raw data
is separated into individual folders for each day of collection. Each raw data folder
has CSVs with fields detailed in Table 3.2. The processed files are available as
comma-separated TXT files with fields described in 3.2.

3.3.3 Speech Data

Both the raw and filtered audio files are included in the dataset. The filtered data
is organized in a directory structure by location, year, month, and day. Each day is
individually zipped, contains audio files in the WAV format, and has an accompanying
text file that contains the audio clip’s start, end, and total time.
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Figure 3.3: Qualitative samples from the TartanAviation Image dataset showcasing the diversity of
the collected images in different lighting conditions, seasons, cloud covers, and aircraft types.

3.4 Technical Validation

The data collected were assessed to ensure the reliability of the data provided for
each modality individually.

Figure 3.4: Log-normed trajectory his-
tograms from ADS-B aircraft position re-
ports at Allegheny County Airport.

Figure 3.5: Log-normed trajectory his-
tograms from ADS-B aircraft position re-
ports at Pittsburgh-Butler Regional Airport.
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Figure 3.6: Quantitative diversity from the TartanAviation Image dataset showcasing the distribution
of the collected images with respect to aircraft groups, cloud heights, and cloud cover.

3.4.1 Image Data

Figure 3.3 shows example images from the dataset. The subset highlights the
variation in lighting conditions, seasons, cloud covers, cloud heights, and aircraft
types. The tightly labeled bounding boxes provided with each image are also shown.
The scale of the bounding boxes with respect to the total image size highlights the
challenge faced by object detection algorithms trying to reliably detect aircraft in a
cluttered background. Figure 3.6 shows quantitative results for the entire dataset. To
showcase the diversity in aircraft, we group the images based on single-engine land
(SEL), multi-engine land (MEL), and Rotorcraft (rotor). This shows an almost equal
distribution in the dataset with SEL as the major class with 56%. Further, we group the
images based on the recorded cloud height. Cloud height has a direct impact on the
available lighting. While 56.4% of the images have no clouds in them, 5.6% of images
have very low cloud layers below 2000 feet above ground level (AGL). Grouping the
images by cloud coverage, we observe that while 56.4% of data has no clouds, 12.2%
of data has overcast skies. In addition to this, 6.4% of data has active precipitation
while 12.4 % of data has visibility less than 10 statute miles.

3.4.2 Trajectory Data

Figure 3.5 and Figure 3.4 showcase trajectory histograms for the KAGC and KBTP
Airports. The histograms represent the aircraft occupancy frequencies on a log scale
around both airports. The airport is at the center in both images, with the geographic
north pointing upwards. The effect of runway geometries is clearly visible. Figure 3.5
shows the 08/26 KBTP runway while Figure 3.4 shows the crossing smaller 13/31 and
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Figure 3.7: A portion of the spectrogram and waveform for audio file 6.wav from KBTP on
November 2, 2020. The spectrogram shows the frequency of the audio signal versus time. In the
time period of this figure, it is clear when the pilot is speaking, which can be seen as the higher
intensity portion of the spectrogram and the spikes in amplitude in the waveform.

larger 10/28 runways at KBTP. Also clearly visible are the different types of operations
at both airports. KBTP is an un-towered airport and home to a few flight schools. The
left traffic patterns for both runways are clearly visible, highlighting the adherence to
FAA guidelines when operating in an un-towered airfield. KAGC, on the other hand,
is a towered airfield that hosts medical evacuation helicopters and business jet traffic
in addition to flight schools. This leads to more straight-line arrivals and departures
from the airport runways, as reflected in the figure.

3.4.3 Speech Data

Our filtering of the audio data ensures that empty files are discarded while any
that could contain speech data are included. The threshold of -20 db was chosen
to preserve any audio louder than radio silence. Figure 3.7 shows a portion of the
spectrogram and waveform of one of the audio files from our dataset, specifically
6.wav from KBTP on November 2, 2020. It is apparent in the spectrogram where the
pilot is speaking and where there is radio silence. Furthermore, some low-intensity
noise during radio silence occurs at clear intervals and shows up as vertical lines
with even spacing. During the speaking portion of the audio, there is a clear spike
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in intensity between all bands, with the highest being between 0-3 kHz. The human
ear is highly sensitive in frequencies between 1-4 kHz, with the sensitivity dropping
off steeply to the limit of around 20 kHz [166]. Research in the interpretability of
speech finds that the values below 4 kHz yield high accuracy in articulation [59]. The
spectrogram shows these vital frequencies for speech data are recorded sufficiently.
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Chapter 4

Amelia-48: Large Scale Terminal
Surface Movement Dataset

4.1 Background

Surface area operations refer to aircraft and vehicle movements on or near the
airport surface. In this work, we restrict the surface movement definition to include
aircraft landing, taking off, or taxiing within the marked airport movement area along
with vehicles. We are interested in predicting agent behavior within this area and
therefore, we aim to capture any aircraft and vehicle trajectory that enters it. The
scope ends when the agent either exits the area or crosses the non-movement boundary
markings on the airport surface. To use the collected data for training a trajectory
forecasting model, we transform the raw position reports into smooth trajectories
that include agent metadata. The processed data format is compatible with existing
dataloaders for motion forecasting.

NASA’s Sherlock Data Warehouse [9] is a comprehensive aviation data platform
developed by the Aviation Systems Division at NASA Ames Research Center. It
integrates extensive flight, air traffic management, and weather datasets to support
research in airspace operations, safety, and efficiency. While Sherlock is a powerful tool
for aviation research, access to its full dataset is restricted and not available for public
use. Only authorized researchers and collaborators can utilize the complete resources
of Sherlock.
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Toward this goal, we first introduce Amelia-48, a large-scale dataset, collected using
the Federal Aviation Administration’s (FAA) System Wide Information Management
(SWIM) Program. Amelia-48 comprises trajectory data from 48 U.S. airports collected
starting Dec 1st of 2022. In addition to the SWIM data, we collect, post-process,
and release airport surface maps in the form of easy-to-use lightweight graphs with
semantic markings for important attributes such as taxiways, runways, hold-short lines,
etc. To the best of our knowledge, Amelia-48 is the largest dataset of its kind and
is geared towards use by researchers even beyond those interested in airport motion
forecasting.

4.2 Trajectory Data Collection

4.2.1 Raw Data

To build Amelia-48, we leverage the System Wide Information Management (SWIM)
Program [152], an information system that provides a repository of aviation data
spanning the National Airspace System. We utilize the SWIM Terminal Data Distribution
System (STDDS), which aggregates terminal data from various sources like Airport
Surface Detection Equipment – Model X (ADSE-X), and Airport Surface Surveillance
Capability into a single data stream providing position reports for aircraft and vehicles
operating within a few miles of the airport, covering approaching and ground movement
events. The raw dataset is a collection of SMES messages covering Terminal Radar
Approach Control Facilities (TRACONs) within the NAS.

Our data collection started on Dec 1st, 2022, and represents over 50TB of raw
trajectory data recorded and stored on our in-house server. We ensure redundancy
against server downtime and networking snags in our collection process through
concurrent Advanced Message Queuing Protocol [? ] connections. Each connection
records data for one hour and then offloads the data to storage as a tarball.

4.2.2 Processed Data

To process the raw position messages, we further develop data pre-processing scripts
following [137]. Here, we focus on 48 airports in the US1, for which we produce clean

1List of currently supported airports: ameliacmu.github.io/amelia-dataset/.
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Table 4.1: List of fields with corresponding units and descriptions in the pre-
processed Amelia-48 dataset.

Field Units Description

Frame # Timestamp
ID # STDDS Agent ID
Altitude feet Agent Altitude (Mean Sea Level)
Range km Distance from airport datum
Bearing rads Bearing Angle w.r.t. North
Lat decimal degs Latitude of the agent
Lon decimal degs Longitude of the agent
Speed knots Agent Speed
Heading degrees Agent Heading
x km Local X Cartesian Position
y km Local Y Cartesian Position
Type int Agent Type [0:aircraft, 1:vehicle, 2:unknown]
Interp boolean Interpolated data point flag

interpolated data in formats suitable for most modern ML-based trajectory forecasting
dataloaders. We do so by defining a 3D geographical fence around the airport of
interest, and then filtering the position reports that fall inside it and within 2000ft
above ground level. The data is padded with reports before and after the requested
time to ensure continuity in the processed data.

We also extract relevant metadata from each position report which we then interpo-
late and resample at 1Hz. We produce CSV files corresponding to one hour of data
for each airport. Table 4.1 shows the various fields in each CSV with their units and
descriptions. To get the local cartesian coordinates, we pick an arbitrary origin within
the airport surface.

4.3 Data Records

4.3.1 Raw Data

The raw data contains everything captured by the SMES SWIM system for the
airports in the United States. To download the raw data, please follow the instructions
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in AmeliaSWIM repository on how to download the data for a user specified time
duration.

4.3.2 Processed Data

To convert the raw data into CSV files, please follow the instructions in AmeliaSWIM
on how to use the processing script. We provide the processed trajectory data used for
our trajectory forecasting experiments, which contains 1 month of data for each of the
10 airports:

1. Boston-Logan Intl. Airport - Jan 2023

2. Newark Liberty Intl. Airport - Mar 2023

3. Ronald Reagan Washington Natl. Airport - April 2023

4. John F. Kennedy Intl. Airport - April 2023

5. Los Angeles Intl. Airport - May 2023

6. Chicago-Midway Intl. Airport - June 2023

7. Louis Armstrong New Orleans Intl. Airport - July 2023

8. Seattle-Tacoma Intl. Airport - Aug 2023

9. San Francisco Intl. Airport - Sept 2023

10. Ted Stevens Anchorage Intl. Airport - Nov 2023
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4.4 Conclusion

This work contributes Amelia-48, a large-scale dataset for airport surface movement
which comprises trajectory information and graph-based representations of the airport
maps. We validate our dataset and data processing pipelines, providing statistical
analyses, visualizations, and insights for 10 major U.S. airports. To the best of our
knowledge, this is the largest dataset of its kind in the public domain, specifically
geared toward training next-generation data-driven predictive models for airport surface
operations.

The work was extended to Amelia-TF, a large transformer-based trajectory forecast-
ing model trained on ∼9.4 billion tokens of the processed dataset. We open-source all
data and model tools at: ameliacmu.github.io.
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Part II

[Known-Knowns] Neurosymbolic
Reasoning for Rule Adherence
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Chapter 5

Signal Temporal Logic Tree Search
for Guided Imitation Learning

5.1 Introduction

In many real-world domains, the ability to learn from multiple interactions with
the environment is either prohibitively expensive or comes with safety concerns.
Providing embodied AI agents with the ability to learn effectively from offline datasets
of human demonstrations is thus critical in our pursuit to deploy them reliably in
real-world domains. Prior works have demonstrated limited success when Learning
from Demonstrations (LfD) is treated as a purely supervised learning task [14]. Expert
demonstrations are often noisy, incomplete, or both. Thus, pure LfD policies, like
Behavior Cloning (BC), perform suboptimally when deployed in the real world. They
also often fail to distill the underlying rules and constraints that guide the behaviors
of the expert agent. These issues are especially more pronounced when using LfD to
train policies for safety critical systems when a goal is to be achieved while adhering
to rules. We thus ask the question:

Can we encode rules as high-level task specifications to improve the online performance of the
LfD policies?

For continuous dynamical systems, there often exist spatio-temporal constraints that
define the rules of operation of the system. However, traditional LfD methods do not
provide a formal way to bias the system behavior for the satisfaction of rules. Moreover,
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Figure 5.1: Figure shows the proposed approach in a prototypical scenario to plan for an aircraft
landing in a non-towered airfield. The expert/pilot demonstrations (grey) are used offline to train
an LfD policy; online, we use the Signal Temporal Logic specifications in the MCTS expansion to
ensure rule compliance.

the rules are often expressed in ambiguous natural language with partial specifications.
Temporal logics such as Signal Temporal Logic (STL) provide a mathematically robust
representation to encode such spatio-temporal constraints. They can be used to logically
specify desired behavior translated from requirements expressed in natural language.
STL is used to specify properties over real-valued dense time signals often generated
by continuous dynamical systems [106]. Quantitative semantics associated with STL
provides a real value called robustness which quantifies the degree of satisfaction or
violation. This property enables the designer to encode domain-specific constraints and
quantitatively measure their satisfaction with motion planning and control. In order to
infuse the STL specifications to improve the base LfD, we propose using a variant of
Monte Carlo Tree Search (MCTS) that uses an offline pre-trained network to generate
simulated roll-outs. MCTS is a powerful heuristic search algorithm often deployed for
long-horizon decision-making tasks [164]. MCTS, when used with a UCT heuristic,
[86] has properties like anytime convergence to the best action. This makes it well
suited to be used as a long-horizon goal-directed planner within large state spaces
with a time budget.

In this work, we present a novel decision-making method that uses MCTS to
build a tree structure that guides the offline pre-trained LfD policies online with
STL specifications. We achieve this by biasing the MCTS heuristic sampling towards
branches with higher STL satisfactions. The primary insight is that while the LfD
policy decides on the low-level executions in line with the expert demonstrations,
STL encourages the satisfaction of high-level objectives. This hierarchical approach
provides a method to encode rules while allowing the agent to choose how to satisfy
the constraints in a learning-enabled framework. The STL specifications thus provide a
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Figure 5.2: Overview of the approach: Offline, we train an LfD policy using datasets, which are
used Online in a Monte-Carlo Tree Search (MCTS). The online expansion uses a modified heuristic
that uses robustness values from Signal Temporal Logic (STL) specification to guide the search
toward higher rule conformance.

guide rail against the low-bandwidth noise in the expert demonstrations.

In order to showcase the efficacy of the proposed algorithm, we use the prototypical
case study of planning for a General Aviation (GA) aircraft operating at a non-towered
airfield. GA aircraft operating under Visual Flight Rules (VFR) in non-towered airspaces
are allowed to operate without a central authority while following some general rules
established by the FAA. While not enforced, pilots are expected to adhere to these
rules, but deviations arise due to a multitude of factors. Transponder data is available
to observe and learn from this behavior, but it is often noisy as each pilot follows a
variation of the rules. The proposed algorithm uses this data to train a behavior cloning
policy and ensures rule compliance by augmenting the MCTS using STL specifications
derived from the rules.

The contributions of this work are as follows:

1. We propose a novel method to incorporate high-level rules expressed in STL
specifications in online MCTS simulation that augments any base pre-trained LfD
policy.

2. We showcase results on a challenging real-world problem that uses human
demonstration data with experimental evaluations performed on a simulator and
show improvements over the base policy.

The chapter is organized as follows: In Section 5.2, we provide an overview of the
previous approaches to solve sequential decision-making using imitation learning,
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MCTS, and STL. In Section 5.3, we introduce the approach and our algorithm. In
Section 5.4, we provide implementation details for the GA problem statement. Section
5.5 provides comparative results with established baselines. Section 5.6 provides
concluding remarks and outlines future work.

5.2 Related Work

Guiding LfD robot behavior using specifications expressed in formal logic has been
previously explored in literature. Previous methods have leveraged LTL [76, 180] or,
more recently, STL [91, 83, 190, 147] to encode the desired robot behavior to enable
planning for autonomous systems. Most prior work focuses on offline backpropagating
STL robustness along with imitation learning loss to improve the trained policy’s
constraint satisfaction. These proposed offline methods that learn from either a margin
based on the lower bound of STL satisfaction [39], reward functions [144, 145], vector
representation [69], or risk metrics [96].

While offline learning has led to improved STL satisfaction, there are no guaran-
tees that the resulting controller will produce satisfying trajectories [93] nor can it
accommodate post hoc specification changes. To this end, methods that use constraints
online in the form of Control Barrier Functions [102] and one-step state feedback [190]
have been proposed, but neither uses expert demonstrations. [75] takes an alternate
approach to improving the efficiency and applicability of LfD-generated policies using
beam search with goal generation as a hierarchical approach. The closest to our work
is the recently proposed method [93] that uses STL and expert demonstrations to
synthesize a trajectory-feedback controller. The offline component uses an LSTM-based
controller whose parameters are modified on-the-fly. Our proposed method has no
such requirements for using a particular architecture, nor does it require updating the
base policy’s parameters.

While a majority of the algorithms showcase results on either grid-based worlds [82],
simple reach-avoid problems [102], or deterministic settings [83], our work showcases
results using real-world, noisy expert demonstrations.
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5.3 Methodology

This section details the problem statement and the proposed framework.

5.3.1 Preliminaries

Given a continuous-space dynamic system of the form ṡ = f(s, a), we define
a discrete-time Markov Decision Process without rewards, (MDP \R). Let M =

(S,A, T, ρ0, G) where S is the set of states s ∈ S, a ∈ A is the discrete set of actions or
motion primitives that follow f(·), T : S × A⇒ S is the transition function, ρ0 ∈ S is
an initial state distribution, and G is the goal distribution.

The task is to produce a policy π(θ) from a start location s0 ∈ ρ0 to goal location
g ∈ G that leads to a trajectory τ = (s0, a0, s1, a1, . . . , g). We also assume access to
expert trajectories D = {(sj0, aj0, sj1, aj1, . . . , gj)}Dj=0 and high-level STL specification Φ

that encodes any rules we expect the system to follow. An STL formula Φ can be built
recursively from predicates using the following grammar

Φ := ⊤ | µc | ¬Φ | Φ ∧Ψ | ♢[a,b]Φ | □[a,b]Φ | Φ1U[a,b]Φ2 (5.1)

where Φ1,Φ2 are STL formulas, ⊤ is the Boolean True, µc is a predicate of the form
µ(s) > c, ¬ and ∧ the Boolean negation and AND operators, respectively, and 0 ≤
a ≤ b < ∞ denote time intervals. The temporal operators ♢,□ and U are called
“eventually", “always", and “until" respectively. The quantitative semantics of a formula
with respect to a signal x⃗t can be used to compute robustness values [46] for the
specifications used in our application.

5.3.2 Framework

The overall framework is shown in Fig. 5.2 and Algorithm 1. We first train an
LfD policy by formulating the problem as finding a distribution of future actions ât
conditioned on the past trajectories st−tobs:t and the goal g where tobs is the observation
time horizon.

π̂θ ∼ Πθ(ât | st−tobs:t, g) (5.2)
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The MCTS (see Algorithm 2) uses the policy π̂θ to generate simulations. Each
simulation starts from the root state and iteratively selects moves that maximize the
STL-modified UCT heuristic.

For each state transition, we maintain a directed edge in the tree with an action
value Q(s, a), prior probability P (s, a), STL heuristic H(s, a), and a visit count N(s, a).
The total heuristic value is calculated as

U(s, a) = Q(s, a′) +
c1P (s, a

′)
√
N(s)

1 +N(s, a′)
+ c2H(s, a′) (5.3)

where c1 and c2 are the hyperparameters controlling the degree of exploration and STL
heuristic’s weight. Starting with the initial state s(0), at each time step, we calculate
the action to take, which maximizes U(s, a) (Line 12). If the next state already exists
in the tree, we continue our simulation, else a new node is created in our tree, and we
initialize its P (s, ·) = p⃗θ(s) from our policy π̂θ (Line 8). The expected reward v = vθ(s)

can be provided by the user as a learned value function or as a cost-map (Line 9). The
heuristic hSTL is calculated using the STL specification (Line 14). We initialize Q(s, a),
H(s, a) and N(s, a) to 0 for all a. We then propagate the cost v and the STL heuristic
hSTL back up the MCTS tree, updating all the Q(s, a) and H(s, a) values seen during
the simulation, and start again from the root.

After running forward simulations of the MCTS, the N(s, a) values provide a good
approximation for the optimal stochastic process from each state. Hence, the action we
take is randomly sampled from a distribution of actions with probability proportional
to N(s, a). We expand the search space until we exhaust the planning budget time
planHorizon. After each action is selected, the MCTS tree is reinitialized from the
actual trajectory followed by the agent. The planner is terminated when the goal is
reached, or the maximum number of steps is reached, whichever comes first.

5.4 Experiments

In our experiments, we tackle the case of planning for a general aviation aircraft
at a non-towered airport. This section provides the necessary background, problem
definition, and implementation details.
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Algorithm 1 Plan (θ,Φ)

s← Sample(ρ0)

g ← Sample(G)

while s ̸= g and not maxSteps do
while timeElapsed ≤ planHorizon do

N(·)←MCTS(s0:t, g, θ,Φ, 0)
end while
a← choicea′(N(s, a′))

s← T (s, a)
end while

5.4.1 Background

In an environment without a centralized controlling authority, such as near a
non-towered airspace, the FAA establishes rectangular airport traffic patterns. These
patterns facilitate the smooth flow of aircraft entering and leaving the airspace, similar
to roadways for automobiles. However, different pilots follow distinct paths [135],
leading to variations in the expert demonstration trajectories. This variation arises
due to the unique combinations of aircraft type, weather, pilots’ experience, visual
observations, and the non-strict regulations for following the pattern. A single fixed
set of waypoints to follow would not suffice to cover all possibilities for the aircraft.
With such a broad set of rules, a range of possible trajectories can be followed to land
an aircraft safely.

To illustrate with an example, the high-level goal of landing on a runway through
traffic patterns can usually be divided into three stages [51]. The three stages can be
represented by three individual regions to be occupied by the aircraft in a particular
order (See Fig. 5.3). The first stage is termed the downwind leg, which involves flying
in the opposite direction to the intended landing runway at 1000 ft above ground level.
Once the pilot is at a 45° angle from the approach end of the runway, the second
stage begins, in which a perpendicular turn is made to the base leg until it reaches the
runway approach’s extended center line. Once the turn is complete, the third and final
stage begins, which is a descending path to the point of touchdown. We provide a
mechanism to encode such traffic patterns and utilize LfD to implement the sequence
of actions that can land an aircraft from a given start to the runway, just like a human
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Algorithm 2 MCTS (s0:t,g,θ,Φ,hSTL)

if s ∈ G then
return s == g, hSTL

end if
if s /∈ Tree then

Tree← Tree ∪ s

Q(s, a)← 0

N(s, a)← 0

P (s, a)← π̂θ(s)

v(s)← CostMap(s)

return v(s), hSTL

else
a← argmaxa′

[
Q(s, a′) +

c1P (s,a′)
√
N(s)

1+N(s,a′) + c2H(s, a′)
]

s′ ← T (s, a)

hSTL ← STL(s′ + s0:t,Φ)

v, hSTL ←MCTS(s′ + s0:t, g, θ,Φ, hSTL)

N(s, a)← N(s, a) + 1

Q(s, a)← N(s,a)Q(s,a)+v
1+N(s,a)

H(s, a)← N(s,a)∗H(s,a)+hSTL

1+N(s,a)

return v, hSTL
end if
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pilot.

5.4.2 Problem Definition

Consider a fixed-wing aircraft at time t, let st = (xt, yt, zt, χt) ∈ R3 × SO(2) denote
the position and heading of the agent. We also define the system ṡ = f(s, a) (5.4) as:

ẋ = v2D cosχ (5.4a)

ẏ = v2D sinχ (5.4b)

ż = vh (5.4c)

χ̇ =
ge tanϕ

v2D
(5.4d)

v =
√
v22D + v2h (5.4e)

where v is the aircraft’s inertial speed, v2D is the speed in the 2-D plane, ϕ is the
roll-angle, and vh is vertical speed. Finally, ge is the acceleration due to gravity. We
ignore the effects of wind. The action space A = {(vj , vjh, ϕj)}Aj=0 is a fixed library of
30 motion primitives that discretize each of the control inputs. We use the inertial
velocities (v) 70 and 90 knots, the vertical velocities (vh) +500 ft/min and -500 ft/min,
and the bank angle (ϕ) discretization such that χ changes by 45° and 90° heading
over the chosen time-horizon of 20 sec. The goal distribution G is a one-hot vector
representation of the final goal of a particular agent as the eight cardinal directions
along with two runway ends, as shown in Fig. 5.3. The set G is represented
as G = {N,NE,E, SE, S, SW,W,R08, R26} with each element representing the final
region the airplane is desired to reach as shown in Fig. 5.3. For simplicity, we also set
the start states to one of these regions, i.e. ρ0 = G.

5.4.3 Implementation Details

The implementation details are split between online and offline components.
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Figure 5.3: Goal representation is in the form of a one-hot vector where each region is the respective
goal element in the goal vector G. The maroon rectangle shows airport traffic patterns.

Dataset

We use the TrajAir1 dataset, which provides recorded trajectories of aircraft operating
at the Pittsburgh-Butler Regional Airport (ICAO:KBTP) [135]. The dataset contains
111 days of transponder data, processed to obtain the local x, y, and z coordinates of
aircraft at every second. This is used to extract expert demonstrations from pilots as
they navigate the un-towered airspace. The dataset trajectories are smoothed using
a B-spline (basis-spline) approximate representation of order 2. The trajectories are
not biased toward satisfying the STL rules as there are variations in landing patterns
exhibited by the dataset.

Offline LfD Policy Details

The LfD policy takes as input the past trajectories of the agent to predict its
possible action distribution. While the method can use any LfD policy, we use a
goal-conditioned generative adversarial imitation learning (GoalGAIL) method [45].
The GoalGAIL is modified to use Temporal Convolutional Layers (TCNs) to process the
sequential trajectory data. TCN layers encode a trajectory’s spatio-temporal information
into a latent vector without losing the underlying data’s temporal (causal) relations
[16]. We use TCNs as an alternative to using LSTMs [198] for encoding the trajectories.

1http://theairlab.org/trajair/
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Figure 5.4: Table shows the quantitative results with randomly sampled start and goal states for
two LfD policies with ablation studies with the STL heuristic. Results show the Success Rate ↑ /
STL Score ↑ for two vanilla LfD policies and their ablations with the STL heuristic. Results show
both Landing X ⇒ R and Takeoff R ⇒ X scenarios for each of the cardinal directions X .

We break the trajectories in a scene into sequences of length tobs + tpred where
tobs = 11sec and tpred = 20sec. In a given scene, the raw trajectory in absolute
coordinates of the agent is encoded using the TCN layers as hobs. The agent’s goal
g ∼ G is encoded through an MLP layer, φ1, and is concatenated with the encoded
trajectory vector. Equations 5.5 show the encoding sequence.

hobs = TCNobs(s1:tobs) (5.5a)

hg = φ1(g) (5.5b)

henc = hobs ⊕ hg (5.5c)

ŝtobs:tobs+tpred = φ2(henc) (5.5d)

The Lact measures how close the predicted trajectory is to the expert trajectory using
a mean squared error (MSE) loss.

Lact =MSE(stobs:tobs+tpred , ŝtobs:tobs+tpred) (5.6)

A discriminator Dψ is trained to distinguish expert transitions (s, a, g) ∼ τexpert , E(s1:tobs),
from policy transitions (s, a, g) ∼ τpolicy , ŝtobs:tobs+tpred .

The discriminator is trained to minimize,

LgoalGAIL (Dψ, ) =E(s,a,g)∼policy [logDψ(a, s, g)] +

E(s,a,g)∼expert [log (1−Dψ(a, s, g))]
(5.7)

The combination of these two loss functions is used to train the model.

Ltotal = Lact + LgoalGAIL (5.8)

55



Figure 5.5: Figure shows a qualitative example from one of the cases where the aircraft starts from
the South-West and needs to land at one of the runways (R26). The specifications Φ1, Φ2 and Φ3

are shown as rectangles. White marked lines show the aircraft trajectory, and the magenta shows
the MCTS tree. The runway threshold for R08 (+x-axis) is at the center.

In order to convert ŝ to â, we match the generated trajectories from the control inputs
in the library A using a weighted L2 Euclidean error distance over (x, y, z) points on
the trajectory. For training, we use the AdamW optimizer with a learning rate of 3e−3.

Signal Temporal Logic Specifications

We evaluate the performance of our agent based on reaching the goal while
adhering to the airport traffic pattern. The goal objective, as well as traffic pattern
compliance, are both encoded using STL specifications. We use the three stages for
the landing pattern as defined in (IV-A). Φ1, Φ2, and Φ3 represent the STL formulas
encoding occupancy of regions corresponding to the downwind, base, and final stages,
respectively. The landing STL specification becomes:

ΦL = ♢(Φ1 ∧ (♢(Φ2 ∧ (♢□Φ3)))) (5.9)

♢(Φ) can be interpreted as “Eventually" being in a region represented by Φ. The
nested ♢ operators encode a sequential visit of regions represented by Φ1, Φ2, and Φ3.
Similarly, the takeoff STL specification is defined based on the goal regions reached by
the aircraft. By defining reaching a goal region g ∼ G by an STL formula Φ4, we get
the takeoff specification:

ΦT = ♢(Φ4) (5.10)
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The robustness values of the STL specifications are evaluated on the state trajectory
traces generated by the search tree. The first element of the traces is the tree root node,
and the last element of the trace is the node whose value is currently computed.

Online Monte Carlo Tree Search

The MCTS is implemented as a recursive function where each iteration ends with a
new leaf that corresponds to an action in the trajectory library. The implementation
uses a normalized costmap v(s) that is built by counting the frequencies of the aircraft
in the TrajAir dataset at particular states s.

5.5 Evaluations

Evaluation of the proposed approach is done using a custom simulator that follows
the dynamics defined in Eq. 5.4. The network implementations are done on PyTorch.
For calculating STL robustness values, we formulate our specifications using the rtamt

[129] package, an online monitoring library. To showcase real-time online evaluations,
simulations are performed on an Intel NUC computer with Intel® Core™ i7-8559U
CPU @ 2.70GHz × 8. The complete implementation details and parameter details are
in the open-sourced code-base2 and the associated Readme.

5.5.1 Qualitative results

Figure 5.5 shows an example scenario where the aircraft starts from the South-West
and is tasked with landing at R26 while following the standard FAA traffic pattern.
The rules of the traffic pattern are encoded as STL specifications. The white-marked
line shows the aircraft’s position at each step. At every step, the MCTS replans, and
the resulting tree is shown in magenta. The STL sub-specifications are shown as
rectangles. As can be seen, the aircraft manages to reach the runway while satisfying
the specifications. The size of the search tree is a function of available planHorizon.

2Codebase: https://github.com/castacks/mcts-stl-planning
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5.5.2 Comparative results

In order to perform quantitative studies, we compare the performance of the
proposed algorithm with vanilla LfD policies. We uniformly sample 100 start-goal pairs
randomly from ρ0, G. G is truncated to N,S,E,W,R where R represents both R08
and R26 to condense the results. We then provide these to Algorithm 1, which plans
for the agent. Based on the selected start and goal pair, a relevant STL specification
is chosen. Each episode ends when the agent reaches the goal or if the maximum
steps are exceeded. In addition to the goalGAIL policy, we also train a pure Behavior
Cloning (BC) policy. The BC policy uses a TCN to encode the history and outputs an
action without a goal vector or a discriminator. Comparisons were carried out with
both these policies integrated into the MCTS framework with ablation on the STL
heuristic to show the impact of the STL specification.

We define our evaluation metrics as follows:

• Success Rate: Fraction of episodes that were successful in reaching their goal
locations.

• STL Score: Average of the normalized fraction of the STL robustness value
satisfied over all the episodes. A higher value indicates better satisfaction.

Table 5.4 shows the quantitative results. Our proposed algorithm performs signifi-
cantly better than the baselines for all start-goal pairs. We get an almost perfect success
rate in the aircraft takeoff scenarios. The aircraft landing cases are more challenging
due to following the specific landing patterns when incoming from different sides of
the runway, which is reflected in the success rates shown. Additionally, we observe
the baseline BC performs similarly to GAIL on the success metric but not on the
STL robustness. This indicates that while BC policies are comparable in reaching the
goals, the transient performance of GoalGAIL is better. Incorporating STL improves
the robustness values for both LfD policies.
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5.6 Conclusions

In this work, we present a novel method that improves the online robustness of
offline pre-trained LfD policies using MCTS to fuse STL specifications. To the best of the
authors’ knowledge, this is the first method that combines high-level STL specifications
with low-level LfD policies through MCTS. Our experimental evaluation targets the
real-world problem of autonomous aircraft planning and exhibits the feasibility of our
techniques for similar challenging decision-making problems. We show our method
outperforms vanilla LfD methods on a number of successful missions for multiple
complex objectives using real-world data.
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Chapter 6

Multi-Agent Tree Search for Data
Driven Social Navigation

6.1 Introduction

A social robot strives to synthesize decision policies that enable it to seamlessly
interact with humans, ensuring social compliance while attaining its desired goal.
While marked progress has been made in social navigation and motion prediction
[116, 155, 170], achieving seamless navigation among humans while balancing social
and self-interested objectives remains challenging.

Social navigation can be formulated as a Partially Observable Stochastic Game
(POSG) [156, 151]. Deep Reinforcement Learning (DRL) methods [114] explicitly
formulate the POSG reward to derive a policy from simulated self-play experiments.
While such techniques are promising in sparse-data domains where the robot is easily
distinguishable from human, tuning reward parameters for homogeneous navigation
among humans is not trivial [118]. DRL policies are also a function of the underlying
simulator, which often translates to undesirable behavior with the sim-to-real transfer
owing to the lack of compatibility with real-world scenarios.

On the other hand, data-driven approaches are common in social trajectory pre-
diction. They aim to directly characterize human interactions observed in the data
[155], eliminating the need for reward shaping and accurate simulations. Recent
sequence-to-sequence models, for instance, have achieved promising results in intent
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prediction [158, 137, 124]. However, using these models for downstream navigation is
difficult as they often suffer from prediction failures [53] which hurt their generaliza-
tion capabilities. This potential for unsafe behavior prompts the need for robustifying
models deployed in the real world.

In social navigation, the actions of one agent influence those of another and vice-
versa [156, 73]. This temporally recursive decision-making intuition has been used for
modeling human-like gameplay [165, 78]. Leveraging this insight, we propose using a
recursive search-based policy to robustify offline-trained models with downstream social
navigation objectives. Specifically, we use Monte Carlo Tree Search (MCTS) [85] as
our search policy which provides long-horizon recursive simulations, collision checking
and goal conditioning. We combine it with a socially-aware intent prediction model
to provide short-horizon agent-to-agent context cues and motion naturalness. We use
MCTS to fuse these short-horizon cues with long-horizon planning by including global
reference paths to guide the tree expansion. We refer to our framework as Social Robot
Tree Search (SoRTS).

The growing operations of Unmanned Aerial Vehicles are leading to a demand
for using airspace concurrently with human pilots [11, 66]. We, therefore, select the
domain of general aviation (GA) to showcase our approach. GA was recently framed
within the paradigm of social navigation [137, 124], where pilots are expected to follow
flying guidelines to coordinate with each other and respect other’s personal space to
ensure safe operations. This is analogous to following etiquette in human crowds and
vehicular settings.

Safety-critical domains, like GA, demand high competence to guarantee seamless
and safe operations. This entails developing trustworthy robots which are able to
understand and follow navigation norms but also understand long-term dynamic
interactions to avoid causing danger or discomfort to others. In this paper, we separate
these aspects into two axes, navigation performance and safety. We center our framework
design and evaluations around these two axes.

Statement of contributions:

1. We introduce and open-source SoRTS, an MCTS-based algorithm for long-horizon
navigation that robustifies offline learned socially-aware intent prediction policies
for downstream navigation.

2. We introduce X-PlaneROS, a high-fidelity simulation environment for navigation
in shared aerial space, and;
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6.2 Related Work

6.2.1 Social Navigation Algorithms

Social navigation has a rich body of work focused on pedestrian and autonomous
driving domains [116]. In pedestrian settings, classical model-based approaches [22, 115]
have been proposed and remain prominent baselines. Yet, their extension to other
domains is non-trivial. Recent DRL methods [114, 38, 35] that use handcrafted safety-
focused reward functions [173] have produced promising results in these domains.
However, shortcomings in simulator design [23], and domain-specific reward functions
limit real-world performance [173]. Achieving scalability and robustness is challenging,
often requiring expensive retraining. Similar to our approach, [151] introduces a DRL
method that uses MCTS to train and deploy policies. While their method relies on
pre-defined reward functions and simulator training, our work extends these methods
to use offline expert-based policies, providing domain-specific treatment for social
navigation.

Data-driven approaches focus on learning policies from datasets that record in-
teractions between agents [173, 116]. As these models do not need explicit reward
construction, they can capture the rich, joint social dynamics. However, these methods
are challenging to deploy directly owing to noisy and missing demonstrations [19, 40].
To alleviate this, [156] used the gradients of a Q-value function for Model Predictive
Control, and [73] proposed a generalization to this method using dual control for
belief state propagation. These methods rely on Inverse Reinforcement Learning as
an additional step to generate the Q-value functions. Using gradients from sequence
models directly in optimizations has also been proposed [160], but the convergence
properties were not examined. Our method is more direct in its use of sequential
models and calculating gradients or Q-values is not required. Instead, we transform
the model’s outputs into action distributions for the downstream planning task.

6.2.2 Social Navigation Evaluation

Different metrics have been considered for the evaluation of social robot navigation
[116, 61, 155]. Some of the main axes of analysis for evaluation include behavior
naturalness based on a reference trajectory or irregularity of the executed path [117, 159],
performance and efficiency [101, 50, 98], and notions of physical personal space or
discomfort [171, 37]. User studies are often conducted to evaluate more subjective
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Figure 6.1: An overview of SoRTS, a Monte Carlo Tree Search (MCTS)-based planner for social
robot navigation whose tree search is guided by three components; a Social Module, a Reference
Module and a Cost Map. The Social Module leverages an offline-trained intent prediction model to
characterize agent-to-agent interactions and predict a set of possible future states for the ego-agent.
The Reference Module provides the agent with the closest reference state from a global plan which
embodies navigation guidelines the agent must follow. The Cost Map encodes a global visitation
map to further guide navigation. MCTS uses all these modules to provide online collision checking
and long-horizon simulations by searching for choosing between different decision modalities.

aspects such as the perceived discomfort and trust that a robot induces during an
interaction [27]. Following prior works, we focus on navigation performance to measure
our agent’s smoothness and ability to follow navigation guidelines, and safety to judge
its ability to respect others’ personal space. We also conduct a user study where we
ask experienced pilots to interact with our algorithm in a realistic flight setting and
rate the robot’s performance, perceived safety and trust.

6.3 Problem Formulation

We formulate social navigation as an approximate POSG, a framework for decen-
tralized finite-horizon planning. For more details about POSGs and their use within
social navigation, we refer the reader to [48, 151, 156].Following [124, 137], we assume
M agents with sit ∈ R3 representing state of agent i at time-step t and ait ∈ A is the
discrete set of actions or motion primitives that follow ṡ = f(s,a). Let si0 and sig
represent the start and goal states respectively. The system also has access to a set of
offline expert demonstrations D and set of global reference trajectories τR. We omit
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superscripts to refer to the joint state for all agents.

Thus, given the set of start s0 and goal sg states of M agents, the objective is
to find a sequence of control inputs π = {a0, . . . ,ag} such that the agents follow
collision-free trajectories τ = {s, · · · , sg}. The generated trajectories need to ensure
||sit − sjt || ≥ d ∀i, j ∈ {1, . . . ,M} ∀t where d is the minimum separation distance to
satisfy the safety objective. Furthermore, the trajectories also need to stay close to
reference trajectories min ||τ − τR|| to satisfy the navigation objective and follow τ ∼ D
to satisfy the social objective. Without loss of generality, we assume first agent (i=0) to
be the robot ego-agent and at each time step execute the optimal action.

6.4 Approach

We designed SoRTS along the axes of navigation performance and safety. The core
insight of SoRTS is to use social modules and global reference paths to bias the MCTS to
search for and choose between various decision modalities. Fig. 6.1 shows an example
of two aircraft merging on a single path. Each aircraft can safely execute the merger
by choosing from three actions: forward, speeding up, and slowing down. MCTS, in
its forward simulations, not only prunes branches that lead to future collisions but also
uses the social module to choose between cutting-in-front (socially undesirable) and
yielding (socially desirable), thereby producing socially compliant and safe behavior.

6.4.1 Modules

SoRTS is a search-based planner which uses Monte Carlo Tree Search (MCTS)
whose tree expansion is guided by three modules. First, a Social Module handles
the short-horizon dynamics in the scene, characterizing social interactions and cues.
Second, a Reference Module provides the agent with a global navigation guideline, e.g.,
an airport traffic pattern. Finally, a Cost Map encodes global value map. MCTS uses
these components together and provides collision checking and long-horizon socially-
compatible simulations. Its corresponding pseudo-code is shown in Algorithm 3 and
4.
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Social Module

We leverage an offline-trained intent prediction algorithm parameterized in θ, Pθ(·),
to account for the short-term agent-to-agent dynamics following the expert trajectories
in D.

pθ(s
i
t,a

i
t) ∼ Pθ(ait | st−tobs:t, sig) (6.1)

where pθ(·) provides a distribution of future actions ait for agent i conditioned
on the past trajectories st−tobs:t of all the agents and the goal sig where tobs is the
observation time horizon.

Here, we use Social-PatteRNN [124], an algorithm which predicts multi-future
trajectories from learned interactions that exploit motion pattern information in the
data.

Reference Path Module

Given the start and goal state of agent i the algorithm samples a suitable reference
trajectory τ ir ∈ τR, Algorithm 3 in Algorithm 3. Similar to Section 6.4.1, this trajectory
is used to compute a reference action distribution pr(·),

pr(s
i
t,a

i
t) ∼ Pr(ait|sit, τ ir) (6.2)

proportional to the L2 norm between s and τr at time t. In Algorithm 4, the reference
action is obtained in Algorithm 4. τR can be drawn from expert distributions D, global
path planning algorithms like A-Star, logic specifications [8] or can also be handcrafted.

Cost Map

The algorithm also uses a cost map of the environment representing the value
function, v(s). For our case, we use the cost map to represent state visitation frequency
to bias the search towards more desirable areas. Algorithm 4 uses the cost map
in Algorithm 4. This value function can be either learned, e.g., via self-play [151]
or pre-computed from a prior distribution and captures the value of the joint state
distribution.
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6.4.2 Social Monte Carlo Tree Search

MCTS is a search-based algorithm that expands its tree search toward high re-
warding trajectories. In principle, this is done by selecting nodes along the search
that maximize upper confidence bound [85], which balances the degree of exploitation
and exploration. SoRTS, leverages MCTS and uses the components presented in the
previous section to guide its trajectory roll-outs. Formally, it follows the UCT shown
below,

U(s,a) = Q(s,a) + c1 · S(s,a) + c2 ·R(s,a) (6.3)

where Q(s,a) represents the expected value for taking action a at state s; S(s,a) is
visitation normalized component according to the socially-aware module; R(s,a) is
the visitation normalized component according to the reference path; c1 and c2 are
hyperparameters. We drop the time t subscript for ease of notation. In Algorithm 4 of
Algorithm 4, these values follow the update:

Q(s,a) =
N(s,a) ·Q(s,a) + v(s)

N(s,a) + 1
(6.4)

R(s,a) =
N(s,a) ·R(s,a) + pr(s,a)

N(s,a) + 1
(6.5)

S(s,a) =

√
N(s)

N(s,a) + 1
· pθ(s,a) (6.6)

where N(s) is the state visitation count, and N(s,a) the visitation given action a. These
updates are done iteratively by following the states within a time-budget, or until a
new state is found. At each time-step, a new forward simulation tree is iteratively
constructed by alternately expanding the agents’ future states in a round-robin fashion.
Branches that lead to collision states are pruned.1 At the end of planHorizon, the
ego agent takes the first action that maximizes the visitation count in Algorithm 3 of
Algorithm 3. The tree is reset and the process continues till goal is reached.

1Note: In practice, for M > 2, we only use the ego-agent and the closest agent to the ego agent for
tree expansion. While the tree is explicitly constructed only for two agents, pθ provides the high-level
social context for all the agents. This approximation preserves the real-time nature of the algorithm and
is shown to perform well in practice.
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Algorithm 3 SoRTS(s0, sg, θ, τR, v)

1: τr ← GetReferencePaths(s0, sg, τR)
2: while s0t ̸= s0g or timeElapsed ≤ planHorizon do
3: N(·)← SocialMCTS(st, sG, τr, θ, v, 0)
4: a0 ← argmaxa′∈AN(s0t ,a

′)
5: s0t+1 ← f(s0t ,a

0) ▷ Robot’s transition model.
6: end while

Algorithm 4 SocialMCTS(st, sG, τr, θ, v, p)
1: while p ≤ M do
2: if spt ̸∈ S(·) then ▷ New tree node
3: vs ← GetValue(v, st)
4: S(·)← GetSocialActionProbabilities(st, θ)
5: pr(·)← GetReferenceActionProbabilities(τpr , s

p
t )

6: N(spt )← 1
7: return vs
8: end if
9: A′ ← CollisionCheck(A, d, st)

10: ap ← argmaxa′∈A′ U(spt ,a
′) ▷ See eq. 6.3

11: spt+1 ← f(spt ,a
p)

12: p ← p+1 ▷ Choose next agent to expand
13: SocialMCTS(s, sg, τr, θ, v, p)
14: Update(Q,R, S,N) ▷ See eq. 6.4 to 6.6
15: end while
16: return N(·)
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6.5 Experimental Setup

Our experiments focus on assessing SoRTS along our axes of interest, i.e., navigation
performance and safety. As such, this section describes the main aspects of our evaluation
setup and implementation details for our case study.

6.6 XPlaneROS: High-fidelity Simulator for Autonomous Fixed
Wing Operations

6.6.1 Background

Today, manned and unmanned vehicles are separated, limiting the utility and
flexibility of operations and reducing efficiency. One area that is particularly challenging
for autonomous aircraft are airport/heliport operations where conflicts between aircraft
are common and need to be resolved. Mastering visual flight rules (VFR) operations
for autonomous aircraft has significant operational advantages at unimproved sites,
as well as in achievable traffic density compared to instrument flight rules (IFR) or
completely separated operations between manned and unmanned systems.

As is the case with such systems, we need the ability to verify the safety of the
algorithms before deploying them in the real world. There exist realistic simulators for
testing driving cars (CARLA) and autonomous drones (AirSim) which makes testing
and deployment more efficient and safe. A number of high-fidelity flight simulators
exist, such as Microsoft Flight Simulator and X-Plane, but natively do not integrate
with traditional deep learning and robotics pipelines.

In this work we present XPlaneROS that integrate a high-fidelity simulator with
a state-of-the-art autopilot. The complete system enables the use of high-level or
lower-level commands to control a general aviation aircraft in realistic world scenarios
anywhere in the world. We chose X-Plane 11 as our simulator because of its open API
and realistic aircraft models and visuals. For the lower-level control, we’ve integrated
ROSplane as the autopilot. ROSplane is control stack for fixed-wing aircraft developed
by the BYU MAGICC Lab.
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Figure 6.2: Overview of the XPlaneROS system. XPlaneROS builds on top of existing high-fidelity
simulators like XPlane and use proven

6.6.2 System Overview

XPlaneROS interfaces with XPlane 11 using NASA’s XPlaneConnect. With XPlaneROS,
the information from XPlane is published over ROS topics. The ROSplane integration
then uses this information to generate actuator commands for ailerons, rudder, elevator,
and throttle based on higher-level input to the system. These actuator commands are
then sent to XPlane through XPlaneConnect.

ROSplane uses a cascaded control structure and has the ability to follow waypoints
with Dubin’s Paths. XPlaneROS provides additional capabilities to follow a select
set of motion primitives. There have also been some extensions to ROSplane like
employing a proper takeoff, additional control loops for vertical velocity rates and
a rudimentary autonomous landing sequence. Tuning the controllers can also be
challenging and slow. To tackle this, a simple GUI utility is available via which users
can give specific commands for roll, pitch etc and can tune the PID parameters based
on the performance. Fig. 6.2 provides an overview of the simulator.

6.6.3 Code Availability

The repository for XPlaneROS can be found here. The accompanying README
gives details on how to setup and run the codebase.
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6.7 Conclusion

We present SoRTS, an algorithm for long-horizon social robot navigation. SoRTS is
a MCTS-based planner which expands its search tree guided by an offline-trained
intent prediction model and a global path which embodies navigation guidelines.
We introduce X-PlaneROS, a high fidelity simulator for research in full-scale aerial
autonomy. We use it to conduct a user study with experienced pilots to study our
algorithm’s performance in realistic flight settings. To the best of our knowledge, this
is the first work in social navigation for general aviation and attempts to bring unique
problems in general aviation within the purview of the larger robotics community.
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Part III

[Unknown-Unknowns] Managing
Out-of-Distribution Inputs
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Chapter 7

RuleFuser: Injecting Rules in
Evidential Networks

Citation:

Patrikar, Jay, Sushant Veer*1, Apoorva Sharma*, Marco Pavone, and Sebastian Scherer.
"RuleFuser: An Evidential Bayes Approach for Rule Injection in Imitation Learned
Planners for Robustness under Distribution Shifts." International Symposium of Robotics
Research (ISRR) 2024.

7.1 Introduction

Autonomous vehicles are increasingly venturing into complex scenarios that are
common in dense urban traffic. Safely navigating these scenarios while interacting with
heterogeneous agents like drivers, pedestrians, cyclists, etc. requires a sophisticated
understanding of traffic rules and their impact on the behavior of these agents.
However, many modern motion planners are developed by merely imitating trajectories
from driving logs with no direct supervision on traffic rules. In fact, direct supervision
of traffic rules is not practical as the training data would require examples of both
traffic rule satisfaction and violation. Furthermore, the performance of such planners
deteriorates in out-of-distribution (OOD) scenarios. On the other hand, rule-based

1*=equal advising

72



planners account for traffic rules and are more robust to distribution shifts, but they
struggle with nuanced human driving behavior (which can often violate strict traffic
rules) and multi-modal intents. In this paper, we develop a neural planning framework,
RuleFuser, that combines the benefits of both learning-based and rule-based planners.

RuleFuser is inspired by the observation that, while learning-based planners can
often outperform rule-based planners in in-distribution (ID) scenarios, they can behave
much more erratically in out-of-distribution (OOD) scenarios. In order to address this,
RuleFuser takes an evidential approach building on PosteriorNet [34]. Concretely, a
rules-based planner (designed to comply with traffic rules) provides an informative
prior over possible future trajectories an agent may take, which a learned neural
network model subsequently updates to yield a data-driven posterior distribution over
future trajectories. The strength of this update is controlled by an estimate of the
evidence that the training data provides for a given future being associated with the
scene context. In this way, in OOD scenarios, the posterior will remain close to the
traffic-law compliant prior, but in for ID scenes with high representation in the training
dataset, the powerful learning-based model is trusted to better capture the nuances of
interactive driving. Importantly, as in PosteriorNet [34], RuleFuser only requires access
to nominal driving logs and does not require exposure to OOD scenarios.

Statement of Contributions: The main contributions of this work are threefold: (i)
We develop a novel method for injecting traffic rules in IL-based motion planners
by leveraging evidential deep learning. This method permits altering the integration
level between the IL and the rule-based planner without necessitating any re-training,
thereby facilitating greater design flexibility. (ii) We introduce RuleFuser, a transformer-
based neural framework that uses dynamic input anchor splines in a joint encoder
with a posterior-net style normalizing flow decoder to estimate both epistemic and
aleatoric uncertainty. We adopt the rule-based planner in [177] and use its output as
a prior in a novel fusion strategy to provide robustness against OOD scenarios. (iii)
We demonstrate the ability of RuleFuser as a planner and predictor to adapt to OOD
scenarios on the real-world nuPlan [30] autonomous driving dataset and deliver safety
levels exceeding those of learning- and rule-based frameworks alone.

7.2 Related Work

Our work builds on a rich literature on both rule-based trajectory prediction and
planning, as well as uncertainty-aware learning-based trajectory forecasting and motion
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Figure 7.1: RuleFuser adopts a parallel setup with two planners: a learned uncertainty-aware IL
planner and a rule-based planner. (Top) For in-distribution driving data, in this illustration Boston,
the IL planner learns to map the input to higher likelihood areas in latent space, indicating higher
evidence. This gives the IL planner more pseudo-counts to contribute towards the Bayesian posterior
contribution, surpressing the impact of the rule-based prior. (Bottom) For out-of-distribution scenarios,
in this case Singapore, the input is mapped to lower evidence, so the posterior is largely controlled
by the rule-based prior.

planning models.

Integrating Traffic Rules in Learned Motion Planning. The behavior of road users
is largely constrained by local traffic rules and customs. As such, it is appealing to
leverage traffic law in trajectory prediction and planning. To do so requires both
(i) representing traffic law, comprised of complex temporal rules as well as a variety
exceptions depending on circumstances, as well as (ii) utilizing a representation of
these rules in the motion planners. Various representations of the traffic law have been
explored in the literature, such as natural language [94, 109], formal logic formulae
[105, 49, 142], and hierarchical rules [175, 32, 172]. In this work, we lean on the
hierarchical representation [175] due to its effectiveness in encoding a broader scope of
traffic law while being flexible enough to permit traffic rule relaxations in the event
of an exception, e.g., allowing speed limit violation to avoid collision. Despite the
interpretability of purely rule-based methods for trajectory prediction and planning,
these methods can struggle in corner cases that fail to align with modeling assumptions.
Conversely, while learning-based methods sidestep these modeling assumptions, their
output can be erratic, and sensitive to distribution shift. Recent work proposes several
strategies attempting to achieve the best of both worlds by integrating traffic rule
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Figure 7.2: Overview of RuleFuser. A spline generator produces a set of dynamically generated
candidate future trajectories. Each one of these trajectories is augmented with a copy of scene
context inputs (ego and agent histories, map and route information), and are processed individually
by a transformer-based encoder. The regression head outputs an error trace for each candidate,
while the classification head estimate the the likelihood of each candidate under the training data
distribution. The results are fused with prior psuedo-counts from a rule-based planner to yield the
final prediction.

compliance into learned motion planning. One strategy involves integrating rules into
the training process, by adding a reinforcement learning (RL) objective capturing a
subset of rules like collision avoidance [103]. Similarly, [97] adds rule-supervision at
train-time by training a network to predict rule-compliance of trajectory candidates
in addition to predicting their likelihood, and using these predictions to re-weight
candidates at inference time to favor candidates which satisfy rules over those that
violate them; similarly themed approaches that explicitly use a traffic rule loss during
training include [195, 194, 140, 100]. Other approaches incorporate rules only at
inference-time. The safety filter strategy, where rule-based filter directly modifies the
output of a learned planner to ensure constraint satisfaction, has seen application across
learning-based planning and control (see [72] for a survey). Recently, similar strategies
have been developed specifically for probabilistic planning architectures, where rule-
compliance checks are used to steer the sampling process at inference time to prefer
plans that meet safety constraints [8, 182, 183]. Overall, while these strategies are
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Figure 7.3: Figure shows the qualitative results for the three methods. While the predicted trajectories
using Neural Predictor showcase good performance in Boston (ID), the performance deteriorates in
the Singapore (OOD). Rule-aware Predictor has consistent performance in both ID and OOD but
fails to capture nuances in speed and turning radius. RuleFuser shows consistent performance in
both ID and OOD scenarios preferring higher performance in ID and falling back to safety in OOD.

effective in balancing the utility of rule-based and learned motion planning, the degree
to which rule-compliance shapes the output plan at test time is static. In contrast,
we propose a strategy which dynamically adapts the influence of rule-compliance by
estimating the epistemic uncertainty of the learned model at test time.

Epistemic Uncertainty Quantification in Neural Networks. Our goal is to impose
rule-based structure to learned motion planning only in those situations where we
expect the learned model to perform poorly. Quantifying our confidence in the model
is a question of estimating epistemic uncertainty, the uncertainty in predictions stemming
from limited data. There is a rich literature on quantifying epistemic uncertainty in
neural network models:

Bayesian methods, or approximations such as Monte-Carlo Dropout [60], Deep
Ensembles [87], or variational inference based approaches [162, 150, 24, 104] aim
to quantify epistemic uncertainty by modeling the distribution of models that are
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consistent with training data, but require additional computation beyond a single
forward pass of the model. Other approaches aim to directly quantify epistemic
uncertainty in the forward pass, either by reasoning about deviations from training
data, either in the input or latent space [88, 199, 122], directly training the model to
provide an estimate [174, 107, 108], or a combination [34]. Related to our proposed
approach, [31] introduces PIETRA, which integrates physics priors into the theory of
evidential neural networks. Also related is [77], which applies evidential learning to the
problem of trajectory forecasting to create a model which falls back to an uninformed
prediction over future agent behavior in out-of-distribution settings. This strategy
does not directly extend to motion planning, as ultimately, the vehicle must pick a
single plan to execute in any given setting. In this work, we address this limitation by
leveraging a rules-based planner as an informative prior which grounds predictions on
out-of-distribution scenarios.

7.3 Problem Setup and Preliminaries

Let x ∈ X be the state of the ego agent, y ∈ Y be the joint state for all other traffic
agents in the scene, s ∈ S be the map features (lane centerlines and road boundaries),
and r ∈ R be the desired route-plan (the lanes the ego desires to track in the future).
Our goal is ego motion planning: Specifically, given the past behavior of the ego xt−H:t,
other agents yt−H:t and the map features and route plan s, r, our goal is to predict
the future ego behavior xt:t+F , where H is the length of the past context available,
and F is the horizon length for prediction. In sum, we would like a model to predict
p(xt:t+F | H), where we use H := (xt−H:t,yt−H:t, s, r) as shorthand for all historical
context available to the planner.

We structure the model’s predictions by first generating a set of K anchor trajectories
encoding possible futures {Tk := x̂kt:t+F }Kk=1 by exploiting the differential flatness of the
bicycle dynamics model and fitting splines connecting the current ego state to different
potential future states [161]. Choosing these splines reduces a high dimensional
regression problem to a classification problem: now, our predictions take the form of a
categorical distribution q ∈ ∆K over these anchor trajectories, where ∆K represents
the K-dimensional simplex.

We take a Bayesian perspective, and assume that we have a prior P(q | H) over
∆K conditioned on the scene context H. How should we use our training data to
update this prior? Suppose we treat each scene context independently, and that for a
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particular yt−H:t and s, we have N relevant examples in our training dataset. Let nk
represent the number of examples where anchor trajectory Tk corresponded to the true
ego future, and let n be the vector of these counts. By Bayes rule,

P(q | H,n) ∝ P(q | H) · P(n | q,H). (7.1)

In this classification setting, P(n | q,H) is a multinomial distribution. The conjugate
prior for a multinomial distribution is a Dirichlet distribution. This means that if we
parameterize the prior as Dir(βprior), then the posterior according to (7.1) will also be a
Dirichlet distribution, Dir(βpost) where βpost = βprior + n. We can see that the number
of matching examples N = 1Tn, also known as the total evidence, controls the influence
of the prior on the posterior prediction. Furthermore, this expression highlights why
the parameter βprior can be interpreted as pseudo-counts for each class. In reality, as
yt−H:t and s are continuous, we will not have any exact matching scenarios in our
training dataset. However, scenarios are not independent from one another: training
examples from similar scenes should influence our predictions on new scenes. Thus,
while the Bayesian update logic above may not directly apply, we can nevertheless
achieve a similar behavior by training a neural network model to estimate the evidence
n. Indeed, as in [34], we leverage a latent-space normalizing flow model to estimate
the evidence nk for each anchor trajectory, thereby ensuring that in order to assign
higher evidence to the regions in the latent space covered by the training data, we must
take evidence away from other regions of the latent space. In this way, in-distribution
(H, Tk) pairs receive higher evidence, while out-of-distribution pairs are assigned lower
evidence.

In this work, we propose using a rule-based planner to compute the prior pseudo-
counts βprior. As a result, if the scene is OOD, then the total evidence ∥n∥1 is small,
and βprior dominates the final prediction, resulting in a smooth fallback to a rule-based
planner. Conversely, if the scene is ID, then ∥n∥1 is larger, and the final posterior relies
more on the learnt network. Fig. 7.1 illustrates the framework for both ID and OOD
scenarios.

7.4 RuleFuser Framework

In this section we introduce RuleFuser, a concrete implementation of the ideas
outlined above; see Fig. 2.1 for an architectural overview of RuleFuser. For further
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details on implementation we would like to point the readers to the ArXiv [138]
version.

7.4.1 Rule-Hierarchy (RH) Planner

The Rule-Hierarchy planner, henceforth referred to as RH planner, is tasked with
defining a prior distribution over trajectories in accordance with their compliance with
a prescribed set of traffic rules. RH planner builds on the implementation in [177], and
we detail its components below:
Route Planner. The route planner generates a reference polyline by determining a
sequence of lanes for the ego vehicle to follow in order to reach a desired goal location.
It then combines the centerlines of these lanes into a single reference polyline. The
route planner is unaware of obstacles and other agents as well as their dynamics, it is
only aware of the ego’s intended position a few seconds ahead into the future and the
lane graph which is made available from an HD map or an online mapping unit. The
route planner chooses the nearest lane to the ego’s future goal position and performs
a depth-first backward tree search to the ego’s current position.
Rules. We express the traffic rules in the form of a rule hierarchy [175] expressed in
signal-temporal logic (STL) [106] using STLCG [91]. Rule hierarchies permit violation
of the less important rules in favor of the more important ones if all rules cannot be
simultaneously met. This flexibility allows for more human-like behaviors [70]. Our
rule hierarchy consists of seven rules in decreasing order of importance: (i) avoid
collision; (ii) stay within drivable area; (iii) follow traffic lights; (iv)
follow speed limit; (v) forward progression; (vi) stay near the route plan;
and (vii) stay aligned with the route plan. This 7-rule hierarchy expands on
the 4-rule hierarchy in [177]. Note that for evaluating the avoid collision rule,
similar to [177], we use a constant-velocity predictor to predict the future of non-ego
agents in the scene.
Trajectory Evaluation. The rule hierarchy comes equipped with a scalar reward
function R which measures how well a trajectory adheres to the specifications provided
in the hierarchy. The exact specifics and construction of the reward function is beyond
the scope of this paper; see [175] for more details.
Prior Computation. Let {R1, · · · , RK} be the reward for the K anchor trajectories. We
transform these rewards into a Boltzmann distribution by treating the rewards as the
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negative of the Boltzmann energy. For each trajectory i,

[p]k =
exp(Rk/ζ)∑K

k′=1 exp(Rk′/ζ)
, (7.2)

where ζ is the Boltzmann temperature. Now, we use this distribution to define a
prior by assigning pseudocounts in proportion to the probability assigned to each
anchor trajectory. Let Nprior be a hyperparameter representing a budget on the
counts. Then, we choose, βprior := Nprior · p which is then used to define the prior as
P(q | H) := Dir(βprior). A large Nprior will require more evidence to diverge away from
the prior, relying more on the RH planner, and vice-versa. Effectively, we can control
how much we want to trust the rule-based prior by controlling Nprior; we will study
the effect of varying this parameter in Sec. 7.5.

7.4.2 Evidential Neural Planner

To complement the rule-based planner, we build an evidential learned model
utilizing a Transformer-based architecture which has demonstrated strong performance
in learned trajectory prediction and planning [163, 128, 127]. The network takes in
the scene context as well as the same K anchor trajectories as the RH planner, and is
tasked with estimating the evidence the training dataset assigns to each candidate future
given the scene context. The network consists of an encoder which maps the scene
context and candidate future trajectory into a latent space, as well as a decoder, which
uses a normalizing flow model to assign evidence to each trajectory candidate and
additionally estimate an error trace to fine-tune the raw spline-based anchor trajectories.
See Fig. 2.1 for an overview.
Encoder. The encoder takes as input the position history of the ego xt−H:t, as well as
that of nearby agents in the scene yt−H:t. In addition, the network has access to the
scene geometry s in the form of lane centerlines, road boundaries, and route information.
In addition, we also provide the network with the same K anchor trajectories, {Tk}Kk=1,
as the rule-based planner to serve as choices of ego future behavior. First, all inputs are
lifted into a d-dimensional space, using a learned linear map on agent trajectories, and
applying PointNet [146] on map elements which correspond to a sequence of points
(e.g., polylines). With all inputs now taking the form of sets of d-dimensional vectors,
we apply a sequence of Transformer blocks with factorized attention to encode these
inputs. Specifically, we first encode the scenario history by stacking the ego history
with the neighbor history, and applying attention layers which sequentially perform
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self-attention across time, self-attention across agents, and finally, cross-attention with
the map features. As we are only interested in ego future prediction, we keep only
the features corresponding to the ego history. We apply encoding operation on the ego
future candidates, and concatenate the resulting future features with the encoded ego
history feature in the time dimension, yielding an embedding of shape [K,H + F, d],
where H + F is the total number of timesteps, K is the number of candidates, and d

is the latent feature dimension. We apply the same sequence of factorized attention
on these features to allow history features to interact with future candidate features.
Note, there is no attention across different future candidates; each candidate is encoded
independently. The result is a set of features, Z , of shape [K,H + F, d]

Decoder. The decoder is responsible for predicting the evidence, n, to assign to each
candidate as well as to predict an error trace for each anchor trajectory. The regression
head operates directly from the temporal features, applying an MLP independently
for each time-step and anchor trajectory, mapping the d-dimensional feature to the
2-dimensional error vector representing the perturbation to the original spline-based
trajectory. To compute the evidence, we first average-pool the features along the
temporal dimension, resulting in a d-dimensional feature per future candidate. Then, an
MLP projects this feature to a lower, dflow-dimensional space, zk = MLP(MeanPool(Zk)).
The evidence assigned to each candidate is computed using a normalizing flow with
parameters ψ applied over this latent space, [n]k = N · pψ(zk), where N is an evidence
budget which we set to the size of the training dataset, following [34].
Training Loss To train this model, we follow prior work on training mixture models
for trajectory prediction and train for classification and regression independently.
Specifically, we impose a regression loss using a masked mean-square-error (MSE) loss
function, applied only to the error trace of the mode closest to the ground truth:

LMSE =
K∑
k=1

1k=k∗ · ||(ekt:t+F + Tk)− xt:t+F ||22.

where k∗ = argmink ||Tk − xt:t+F ||22.

To train the classification head, we first convert the predicted evidence n into a
marginal distribution over classes, q = n/1Tn. Then, following [34], we construct a
training objective by combining a classification loss on the marginal prediction q with
a penalty on evidence assigned to incorrect modes. Specifically, we use a binary cross
entropy loss (independently over the anchor trajectories), with an entropy reward to
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discourage assigning evidence to incorrect classes:

LUCE =

K∑
k=1

BCE(q̄k,1k=k∗)−H(n)

where BCE is the binary cross entropy loss, and H(n) is the entropy of the Dirichlet
distribution. The parameters of the embedding networks, transformer encoder, decoder
networks, and normalizing flow layers are all optimized through stochastic gradient
descent to optimize a weighted sum of LMSE and LUCE .

7.4.3 Bayesian Fusion Strategy

At inference time, our model fuses the outputs of the RH planner and the Evidential
Neural Planner to produce an ultimate probabilistic prediction for the future agent
behavior. First, we apply Bayes rule using our estimated evidence n to compute
the posterior, here simplifying to P(q | H,n) = Dir(βpost), where βpost = βprior + n.
Incorporating the regression outputs, the posterior over the ego future behavior
ultimately takes the form of a Dirichlet-Normal distribution:

q ∼ Dir(βpost), k | q ∼ Cat(q), xt:t+F | k ∼ N (Tk + ekt:t+F , I),

where Cat indicates the categorical distribution and N (µ,Σ) indicates the normal
distribution with mean µ and covariance Σ. Marginalizing over q, the final predictive
distribution of our model can be viewed as a Mixture of Gaussians:

q̄ = E[q] = βpost/(1
Tβpost)

p(xt:t+F | H) =
K∑
k=1

p̄k · N (xt:t+F ; Tk + ekt:t+F , I)

While probabilistic interpretation can be useful for trajectory prediction, when applying
this model as a planner we simply return the mode with the highest posterior
probability: Tk∗ + ek

∗
t:t+F where k∗ = argmax q̄.
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7.5 Experiments

In this section, we demonstrate the ability of RuleFuser to plan motions that balance
safety and imitation in both ID and OOD data.

7.5.1 Datasets and Implementation Details

We evaluate RuleFuser on the NuPlan [30] dataset, which provides labeled driving
data from multiple cities around the world. We train models on data from individual
cities, and subsequently test on both held-out data from the same city (ID test data),
and data from another city (OOD test data). This set-up allows us to specifically test a
realistic distribution shift that may arise as AVs are deployed beyond the geographical
region from which training data was collected. We consider two cities for our tests,
Boston and Singapore, which differ in road geometry, traffic density, and driving
convention (right-side vs left-side).

For each city, RuleFuser is trained end-to-end on the chosen train split of the
NuPlan dataset. The model is trained on 8xA100 GPUs. Final network weights are
chosen by their performance on the validation set from the same city.

7.5.2 Planners

We present results for three categories of planners: IL planner, RH planner, and
RuleFuser. IL planner mirrors the architecture of RuleFuser differing only in the choice
of the prior on the anchor trajectories which is always set to be uniform. Effectively,
the neural model of the IL planner is “blind" to the traffic rules and relies solely on
the training data. The RH planner is the rules-based planner described in Sec. 7.4.1
that operates exclusively according to user-defined traffic rules without utilizing data.
RuleFuser integrates both approaches, as described in Sec. 7.4, leveraging both the
training data and user-defined rules.

7.5.3 Metrics

We use multiple metrics to compare the performance of the three planners. We
separate metrics into two categories: imitation and safety.
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Imitation Metrics

• ADE (Average Displacement Error) is the average Euclidean distance between
the top predicted plan and the ground truth trajectory.

• FDE (Final Displacement Error) is the smallest Euclidean distance between the
terminal position of the top predicted plan and the terminal position of the
ground truth trajectory.

• pADE/pFDE (Probability Weighted Average/Final Displacement Error) is the
sum of the ADE/FDE over all K plans, each weighted by the final categorical
distribution over anchor trajectories q̄.

• Acc. (Accuracy) is the fraction of predicted class labels that match the ground
truth class label.

Safety Metrics

• Percentage Collision Rate is the percentage of times the plan resulted in a
collision with the ground truth future trajectory of another traffic agent.

• Percentage Off-Road Rate is percentage of times the plan exited the road
boundaries.

• Safety Score is an aggregate safety score based on the rank of the planned
trajectory under a 2-rule rule hierarchy [175, Definition 1] with collision avoidance
and offroad avoidance as the two rules, listed in decreasing order of importance.
The best rank a trajectory can get is 1 and the worst is 4. The safety score,
which lies between 0 and 100, is computed by transforming the ranks as follows:
(100× (rank−1))/3 where the lower safety score indicates a better safety outcome.

7.5.4 Results

We present results for two different experimental setups: In one, Boston serves
as the ID dataset and Singapore as the OOD dataset, while in the other, Singapore
serves as the ID dataset while Boston as the OOD dataset. For both these setups, we
train the IL planner on the train split of the ID dataset and evaluate the IL planner,
RH planner, and 15 instantiations of RuleFuser with different Nprior on the test splits
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(a) Trained in Boston (b) Trained in Singapore

Figure 7.4: RuleFuser can generate an entire imitation-safety Pareto frontier, shown in this plot on
combined ID and OOD test sets. The horizontal axis (safety score) decreases to the right, and the
vertical axis (ADE) decreases upwards, so points further up and to the right are better. The bulge to
the right indicates that mixing of the planners via RuleFuser results in better safety. RuleFuser also
outperforms the nominal mixing model, indicating the importance of the evidential mixing strategy.

of both the ID and OOD datasets. In Fig. 7.4 we plot the ADE and safety score of
RuleFuser on the combined test splits of ID and OOD datasets for each Nprior. In
Table 7.1 we report detailed metrics for the instantiations of RuleFuser that exhibited
the best safety score on the validation split of the respective ID datasets for both the
setups; these instantiations are denoted by a star in Fig. 7.4.

7.5.5 Discussion

Our experiments provide two key findings: (i) RuleFuser provides an effective way
to balance imitation and safety; (ii) RuleFuser exhibits safer motion plans than the IL
and RH planners standalone in both ID and OOD datasets. In the rest of this section
we will elaborate on these findings.

RuleFuser balances between imitation and safety.

RuleFuser provides a convenient way to balance imitation and safety, allowing
practitioners to control the trade-off between the two through the Nprior hyperparameter.
Fig. 7.4 plot an imitation-safety Pareto frontier by sweeping Nprior across a range of
values. Points on the far left of the frontier are proximal to the IL planner and exhibit
good imitation (lower ADE) while points on the far right are proximal to the RH
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Figure 7.5: Rear-end collision due to constant-velocity prediction. RH Planner plans the blue
trajectories for the ego vehicle (pink box). Ground truth trajectory of non-ego vehicles (yellow box)
is in green.

planner and exhibit good safety. Notably, both the Pareto plots significantly bulge
to the right indicating that mixing of the two approaches can improve overall safety
beyond what a standalone planner can achieve without significantly hurting imitation.
Furthermore, unlike methods which incorporate rules directly into the training objective
[103], RuleFuser does not require retraining to explore different points on the Pareto
frontier. This makes our approach more computationally efficient for rule injection in
IL planners.

To study the impact of our evidential mixing strategy for fusing IL and RH planners,
we compare our approach with a nominal mixing strategy which, unlike RuleFuser,
does not consider similarity of a scene to the training distribution. The nominal strategy
performs a simple convex combination of the categorical distribution over candidates
output by both planners, q := λqIL + (1− λ)qRH, λ ∈ [0, 1]. The Pareto frontiers for the
nominal mixing strategy are depicted with dashed lines in Fig. 7.4. The Pareto frontier
for RuleFuser is further to the right of the nominal mixing model, validating the utility
of the OOD-aware mixing strategy of RuleFuser.
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Impact of RuleFuser in ID and OOD datasets.

As expected from an imitation-learned policy, the IL planner excels on imitation
metrics in the ID datasets. Initially we anticipated the RH planner to outperform the IL
planner on safety metrics. While the RH planner did indeed outperform the IL planner
on offroad rate, it surprisingly underperformed on collision metrics; see Table 7.1.
Upon closer inspection we discovered that the underlying cause for RH planner’s
high collision rate was its reliance on the constant-velocity predictor which fails to
account for non-ego agents’ acceleration/deceleration; see Fig. 7.5 for an example
where ego does not plan to move forward sufficiently fast to avoid a rear-end collision
due to the constant-velocity prediction for the agent behind it. An interesting insight
that arises from this study is that when operating within distribution, IL approaches
tend to outperform rules-based approaches when dealing with phenomenon that are
challenging to model via first-principle rules, such as predicting the future trajectories of
other agents. Offroad rate, on the other hand, is devoid of such modeling complexities
and therefore, sees better performance from the RH Planner.

For both ID and OOD datasets, RuleFuser always lies between the IL planner
and RH planner on imitation metrics; however, RuleFuser consistently achieves the
best safety metrics2. In particular, for the OOD scenarios in Tables 7.1(a) and (b),
RuleFuser achieves a 58.18% and 18.67% improvement over the IL planner, respectively
(i.e., an average of 38.43% improvement). This suggests that, in OOD scenarios,
RuleFuser effectively combines the two models to produce an overall improvement
over the standalone models. This is the outcome of RuleFuser’s “intelligent" mixing of
the models which favors the model that is more suitable for a given scenario. Indeed,
not every scenario in the OOD dataset will be outside the domain of competency of
the IL planner; for example, a vehicle going straight and following a lane will behave
similarly in both Boston and Singapore. Consequently, there are many scenarios in the
OOD dataset where it is still preferable to trust the IL planner. Indeed, as shown in
Table 7.1, RuleFuser does not assign zero evidence in the OOD datasets. Remarkably,
RuleFuser in the Singapore (OOD) dataset in Table 7.1(a) achieves a safety score of
0.23 outperforming the IL planner trained specifically on the Singapore (ID) dataset in
Table 7.1(b) with a safety score of 0.31, providing further evidence for the ability of
RuleFuser to outperform the standalone planners on safety.

2Interestingly, in the Singapore dataset the collision rate for all planners is lower than the Boston
dataset. This is the result of the much lower traffic density in Singapore with an average of 3.23
neighboring vehicles per scene as compared to Boston with an average of 11.26 neighboring vehicles per
scene.
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(a) Boston (ID), Singapore (OOD)

Metrics
Imitation Metrics Safety Metrics OOD

ADE/FDE ↓ pADE/pFDE ↓ Acc. ↑ % Coll. Rate ↓ % Off. Rate ↓ Saf. Score ↓ Evi. (1Tn)

Boston (ID):
IL Planner 0.41/0.93 0.46/1.02 0.75 0.76 0.10 0.55 –
RH Planner 1.04/2.25 1.26/2.8 0.09 1.12 0.03 0.76 –
RuleFuser 0.70/1.55 0.98/2.22 0.56 0.74 0.05 0.51 10.4e+6

Singapore (OOD):
IL Planner 0.76/1.72 0.82/1.83 0.37 0.59 0.45 0.55 –
RH Planner 1.08/2.32 1.34/2.96 0.16 0.36 0.01 0.25 –
RuleFuser 0.96/2.09 1.18/2.64 0.30 0.34 0.01 0.23 3.5e+6

(b) Singapore (ID), Boston (OOD)

Metrics
Imitation Metrics Safety Metrics OOD

ADE/FDE ↓ pADE/pFDE ↓ Acc. ↑ % Coll. Rate ↓ % Off. Rate ↓ Saf. Score ↓ Evi. (1Tn)

Singapore (ID):
IL Planner 0.44/0.97 0.48/1.08 0.67 0.39 0.14 0.31 –
RH Planner 1.08/2.32 1.34/2.96 0.16 0.36 0.01 0.25 –
RuleFuser 0.80/1.75 1.09/2.47 0.44 0.29 0.01 0.20 10.7e+5

Boston (OOD):
IL Planner 0.57/1.30 0.62/1.43 0.45 1.05 0.15 0.75 –
RH Planner 1.04/2.25 1.26/2.8 0.09 1.12 0.03 0.76 –
RuleFuser 0.85/1.87 1.07/2.42 0.33 0.90 0.03 0.61 8.5e+5

Table 7.1: Quantitative performance metrics for the IL planner, RH planner, and RuleFuser on ID
and OOD datasets. The planned trajectories have a horizon of 3 seconds. RuleFuser’s performance
on IL metrics always lies between the IL planner and the RH planner, but it always outperforms
IL and RH planners on the safety score. Effectively, RuleFuser provides greater safety without
significant detriment to imitation.
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7.6 Conclusion and Future Work

This work introduced RuleFuser, a novel motion planning framework for balancing
imitation and safety by integrating an IL planner with a rule-based (RH) planner
using an evidential Bayes approach. Both planners used a common set of motion plan
candidates generated on-the-fly. The RH planner provided a prior distribution over
these candidates, which RuleFuser combined with the IL planner’s predictions. The
fusion, guided by an OOD measure using normalizing flows, produced a posterior
distribution on the motion plan candidates; the more OOD the scene, the more
the posterior aligns with the prior. On real-world AV datasets, we demonstrated
RuleFuser’s ability to leverage the data-driven IL planner in ID scenes and the “safer"
rule-based planner in OOD scenes.

This work opens up several exciting future directions: (i) enhancing the fusion
of the IL and RH planners by incorporating additional evidence beyond just the
OOD measure, such as historical performance and situation criticality; (ii) conducting
thorough closed-loop evaluation of RuleFuser in nuPlan; and (iii) investigating the
impact of rule injection via RuleFuser in end-to-end planning networks like ParaDrive
[186] and UniAD [74].
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Part IV

[Unknown-Knowns] Mitigating
Latent Failure Modes
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Chapter 8

Distilling Symbolic Rules via
Inductive Logic Programming from
Text and Trajectory Data

8.1 Introduction

Neuro-symbolic artificial intelligence integrates data-driven models with the struc-
tured reasoning of symbolic systems. This fusion aims to leverage the strengths of
both approaches: the adaptability and learning efficiency of machine learning models,
and the interpretability and logical rigor of symbolic reasoning. By combining these
methodologies, neuro-symbolic AI aspires to build systems capable of both learning
from data and reasoning about it in a human-understandable manner [112, 181, 25].

A significant advantage of neuro-symbolic AI is its potential to mitigate issues like
hallucinations—instances where AI systems generate plausible but incorrect information.
While data-driven models can be prone to such errors due to their statistical nature,
incorporating symbolic reasoning provides a layer of verification and consistency. For
example, integrating knowledge graphs allows AI systems to cross-verify outputs
against structured data, reducing the likelihood of generating factually incorrect in-
formation [79]. This combination enhances the reliability and trustworthiness of AI
systems, especially in applications requiring high levels of accuracy and explainability.
A critical application of neuro-symbolic AI is in rule distillation, which involves extract-
ing interpretable rules from complex models or data [131]. This process is essential for
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domains like aviation [125] and self-driving [137] where understanding the decision-
making process is as important as the decisions themselves. Rule distillation enables
the translation of intricate patterns learned by neural networks into human-readable
rules, enhancing transparency and trust in AI systems .

Within the realm of symbolic AI, Inductive Logic Programming (ILP) serves as a
method for learning logical rules from observed data [41]. Unlike deductive reasoning,
which applies general rules to specific cases, inductive reasoning involves generalizing
from specific instances to broader rules. This approach is inherently more complex due
to the vast space of possible generalizations and the need to infer rules that accurately
capture underlying patterns. ILP systems like Popper [42] address this challenge by
employing a generate-test-constrain loop, systematically exploring hypotheses and
refining them based on their performance against training data.

In the context of aviation, ensuring safety on airport surfaces is paramount. Despite
technological advancements, incidents such as runway incursions and near-misses
continue to occur. Systems like the Airport Surface Detection Equipment, Model
X (ASDE-X) [57], provide controllers with real-time surveillance data to monitor
aircraft movements. However, these systems have limitations, including coverage
restricted to certain airports and a lack of direct alerts to pilots . As air traffic
increases, the risk of surface incidents may rise, highlighting the need for more
comprehensive and interpretable safety monitoring solutions. By applying neuro-
symbolic AI and ILP, we can develop systems that not only detect potential hazards
but also provide understandable explanations, enhancing decision-making and safety
in aviation operations.

In this work, we introduce a neuro-symbolic pipeline that integrates large language
models (LLMs) with inductive logic programming (ILP) system to distill interpretable
first-order logic (FOL) rules for monitoring airport surface operations. Our approach
leverages both historical incident narratives and routine operational data to iteratively
learn and refine safety rules, ensuring consistency and explainability in high-stakes
aviation environments. We present results on real-world scenarios that demonstrate the
ability of the proposed system to identify rule breaks in real-world interaction data.
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Figure 8.1: Overview of Inductive Logic Programming System

8.2 Approach

The approach has three main components: the ILP Symbolic System, the crash
report based negative data mining and the trajectory based positive mining.

8.2.1 Inductive Logic Programming System

Irrespective of choice of the underlying solver, most ILP systems need three core
components for reasoning:

1. Bias: Defines the hypothesis space by specifying constraints such as allowed
predicates, clause structures, and recursion depth.

2. Background Knowledge (BK): A set of known facts and rules that provide context
for learning.

3. Examples: Labeled data comprising positive and negative instances that the
system uses to induce general rules.

These components are fundamental to ILP systems, enabling them to learn logical
rules that generalize from the provided examples within the context of the background
knowledge and under the constraints defined by the bias. Figure 8.1 shows how these
interact in the Popper loop.
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Figure 8.2: Figure shows the various steps in extracting the required ILP files from the carsh data.

In order to aid the grounding, we use predefined predicates that cover the airport
example. The list of predicates and their meanings for the domains under consideration
are part of the LLM extraction prompt.

8.2.2 Crash Report based Negative Data

Negative examples are derived from unstructured aviation safety reports, such as
the NASA Aviation Safety Reporting System (ASRS) or Aviation Safety Information
Analysis and Sharing (ASIAS). These narratives are processed using LLMs to extract
relevant entities and events, which are then transformed into grounded predicates
based on a predefined vocabulary of airport operations. As shown in Fig. 8.2 , the
extraction takes place in multiple steps.

Addition of Meta-Data

In order to supplement the information included in the crash reports, we also
provide additional information like runway namings, geometries, orientations and
airport configuration. This is appended to the crash report as meta data.

Example metadata for John Wayne Airport (SNA) in Orange County, California is

94



John Wayne Airport (SNA) in Orange County, California, features two
closely spaced parallel runways: the main runway, 2L/20R, measuring
5,700 feet (1,737 meters) in length and 150 feet (46 meters) in width,
accommodates both commercial and general aviation aircraft; the shorter
runway, 2R/20L, at 2,887 feet (880 meters) long and 75 feet (23 meters)
wide, serves general aviation and smaller aircraft. Both runways are
oriented in a north-south direction, with 2L/20R equipped with an
Instrument Landing System (ILS) to assist in low-visibility conditions.
Due to their parallel configuration and staggered thresholds, pilots
must exercise caution during operations, particularly when taxiing
across runways.

Figure 8.3: Example metadata for John Wayne Airport (SNA) in Orange County, California.

shown in Fig. 8.3.

Entity and Relation Extraction

For each crash report, we first have the LLM extract the entities involved and
provide relations between them. The entities are labelled by types (eg Runway, Vehicle,
Aircraft etc) and their associated relation with other entities if that exists. This step also
serves as the intermediate Chain-Of-Thought step before the actual logic grounding
and extraction.

Context Extraction

Once the entity extraction is completed, the LLM is prompted to generate the bias
files, the example, and the background files. The LLM is also prompted to not generate
any new predicates but to stick to the master list. In addition to the prompt we also
provide multiple in-context examples to aid the process. To keep the LLM query costs
down, we do steps 1-3 in the same LLM API call. The associated prompts are as
follows: Base Prompt [Fig. 8.4],
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Given a text document, you are a very faithful format converter that
translate natural language aircraft crash scenario descriptions to a
fix-form format prolog files to appropriately describe the scenario.
This will be used later to derive collision rules so only focus on final
configuration where the situation is dangerous.

Convert these descriptions into 4 files.
- file_1: This file identifies all the relevant entities from the text
- file_2: This file contains the list of head and body predicates that
are relevant to the text, including their input types and some atomic
definitions.
- file_3: This file contains the predicate grounding for the entities
in the text.
- file_4: This file contains the positive and negative examples for
the head predicate.

Given the following information, generate the Prolog files for the
scenario described in the crash report.

Figure 8.4: System Prompt for crash report prolog extraction.

Consistency and Validity Checking

To ensure the accuracy and consistency of these extractions, we perform cross-
validation against established domain knowledge, flagging and correcting any incon-
sistencies or hallucinations. If issues are found, the prompt is executed again with
additional notes to the LLM.

8.2.3 Trajectory based Positive Data

For the positive samples, we use the rountine data collected as part of the Amelia-48
setup [125]. While the system is agnostic to the choice of grounding algorithms, for the
current setup we use a geofenced grounding with user-defined limits for each of the
predicates. For all the agents within each frame, we select the relevant predicates and
ground the agents within them. In order to enable generalizability, future work might
involve exploring state-of-the-art grounding and scene graph methods for predicate
grounding.
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% Ensure that the generated files adhere to the following rules:
% Only use the given predicates. Do not create new predicates.
Definitions of predicates:

% - collision(Agent1, Agent2). % Agent1 is in collision or near miss
with Agent2
% - pos(collision(Agent1, Agent2)). % Positive example of collision
between Agent1 and Agent2
% - neg(collision(Agent1, Agent2)). % Negative example of collision
between Agent1 and Agent2
% - landing_runway(Agent1, Runway1). % Agent1 is landing on Runway1
and it within 5 miles or closer, Agent 1 should be in motion
% - takeoff_runway(Agent1, Runway1). % Agent1 is taking off from
Runway1, Agent 1 should be in motion
% - cross_runway(Agent1, Runway1). % Agent1 is crossing Runway1
% - holding_short_runway(Agent1, Runway1). % Agent1 is holding short of
Runway1, did not cross the hold line
% - on_extended_area_runway(Agent1, Runway1). % Agent1 is on the
extended area of Runway1, this could be the extended center line or the
approach to the runway but not on the runway
% - holding_on_runway(Agent1, Runway1). % Agent1 is holding on
Runway1, beyond the hold line (LUAW) or after landing (has not crossed
the hold line)
% - parallel_runways(Runway1, Runway2). % Runway1 and Runway2 are
parallel runways
% - intersecting_runways(Runway1, Runway2). % Runway1 and Runway2 are
intersecting runways
% - same_runway(Runway1, Runway2). % Runway1 and Runway2 are the same
runway

Figure 8.5: Predicate Sets for crash report prolog extraction.
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% Common Abbreviations:
% - ATC: Air Traffic Control
% - VEH: Vehicle
% - A/C: Aircraft
% - LUAW: Line Up and Wait
% - GC: Ground Control
% - LC: Local Control
% - ASDE-X: Airport Surface Detection Equipment - Model X
% - ASSC: Airport Surface Surveillance Capability
% - ILS: Instrument Landing System
% - TXY : Taxiway
% - RWY : Runway

% Prolog formatting rules:
% 1. **Always use lowercase for predicate names and constants.**
% 2. **All rules must end with a period (`.`).**
% 3. **Head predicates (`head_pred/2`) are always required.**
% 4. **Body predicates (`body_pred/2`) should only be included if used in
`bk`.**
% 5. **All predicates used in `bk` must also be defined in `bias`.**
% 6. **Only use entities that appear in `data_**.pl`. Do not introduce
undefined entities.**
% 7. **All entities must include the report number
[entity]_[report_number] (e.g., `a1_101`, `r4_101`).**
% 8. **Agent include aircraft, helicopters or vehicles**
% 9. **ALL ENTITY NAMES MUST ALWAYS START WITH A LETTER. Runway 4R in
report 101 is `r4_101` and not `4r_101`**
% 10. **Do not add any additional information that is not present in the
report.**
% 11. **Do not add comments or headers to the generated files.**

Figure 8.6: Additional info and instructions
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Figure 8.7: Figure shows the system in-action for a real-world runway incursion at JFK. The
predicates are shown on the top right. Botton right shows the distilled rules. The highlighted rule
(in red) is the one that is broken.

8.3 Experiment

8.3.1 Implementation details

The system is written using LangChain and while the system is agnostic to the
choice of LLM, we currently use OpenAIs GPT-4o as our base LLM. We use crash
reports from the ASIAS database by filtering them for Runway Incursions. Care is
taken to take reports from years not overalapping the Amelia-48 data collection. For
the routine trajectory data, we use Amelia-48. Here, care is taken to make sure that
the routine data contains no negative examples.

The figure 8.7 shows the system in action for a runway incursion that happned in
JFK in Januray 2023. The results show the current predicates for the scene, the rule-set
prodiced by the system and rule being broken in this scenario.
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8.4 Conclusion

In conclusion, our neuro-symbolic pipeline demonstrates the effective integration of
data-driven models with symbolic reasoning to enhance aviation safety. By applying
this approach to real-world runway incursion data, we have successfully distilled
interpretable rules that capture critical safety constraints and operational patterns. These
results underscore the potential of combining machine learning with logical inference
to proactively identify and mitigate risks in complex, safety-critical environments like
airport surface operations.
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Chapter 9

Safe Action Adjudication for
Learning-based Systems

9.1 Introduction

Recent advances in AV navigation stacks rely more and more on the use of black-
box machine-learning methods to provide real-time nuanced decision making. While
these methods have improved the general driving performance of AVs, this progress
has been achieved at the cost of reduced transparency in how these driving decisions
are made. Within jurisprudence, a precedent refers to a principle or rule established
in a legal case that becomes authoritative to a court when deciding subsequent cases
with similar facts [139]. As autonomous vehicles (AVs) increasingly encounter complex
real-world scenarios, they need to make decisions that lead to safe and legal outcomes.
With growing calls for accountability in autonomous decision-making, the ability to
use verifiable precedents to adjudicate critical driving decisions on-the-fly is crucial in
improving trust and explainability of learning-based systems.

State-of-the-art AV navigation stacks rely on large-scale human driving datasets
to train behaviors with the aim to align the AV’s decisions with human-like decision
making [186]. While these datasets cover a wide range of scenarios, they mostly
contain positive incident-free interactions [28]. The access to positive-only driving data
confines the AVs to only reason about scenarios that fall within the positive spectrum
of the driving experience, hampering the ability to effectively reason about negative
outcomes. Humans, on the other hand, use both positive and negative experiences to
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Figure 9.1: Block diagram for using crash data for action arbitration.

inform their decisions while driving in complex scenarios.

Automobile crash reports are a rich source of negative interactions. The National
Highway Traffic Safety Administration (NHTSA) is an agency of the U.S. federal
government that collects and publishes detailed crash data to help scientists and
engineers analyze motor vehicle crashes and injuries. The crash reports, collected
since the early 1970s, can be used to provide AVs with an understanding of negative
outcomes for certain actions, providing the necessary grounding for counterfactually
evaluating various driving decisions. However, unlike the positive data which is
collected on vehicles instrumented with many sensors (e.g. multiple cameras with
known intrinsics, IMU, GPS etc.), negative data is typically less precise, e.g., taking the
form of a text description or dashcam video footage.

This work aims to provide a framework that enables uses both positive and
negative examples of driving behaviour to provide a more holistic and transparent
understanding of autonomous driving decisions. Given a particular scenario, an AV
needs to reason about possible feasible actions and the impact of these actions on the
other agents. We plan to use historical data to provide corroborating evidence for each
of the possible actions. The strength and direction of this support informs the action
choice for the AV.
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9.2 Background

9.2.1 Explainability in robot decision-making

Autonomous agents that rely on learning-based end-to-end decision-making are
being increasingly deployed in safety critical scenarios. The black-box nature of these
methods has prompted research in providing justifications and reasoning to ensure
safer and more trustworthy decision-making. Explainable AI (X-AI) is a sub-branch
of AI research that focuses on the capability of AI systems to explain their behavior
in human-understandable ways [157]. Within self-driving, a few X-AI approaches
have gained more prominence [36]. Visual saliency maps [148] are an natural way to
represent the attention of the model around the ego vehicle but their effectiveness in
downstream decision-making is still challenging. In addition to saliency maps, recent
end-to-end models [186] also provide access to intermediate latent representations for
other tasks like image segmentation, depth estimation and trajectory prediction. The
outputs of these tasks can be used to arbitrate between desirable and undesirable
behaviours but the downstream impact of these intermediate representations in the
final output is still unclear. Language provides another modality for conveying driving
decision. Several methods [80, 20, 191, 187] that use both vision and language captions
for providing decision explanations exist but only focus on positive scenarios.

9.2.2 Scenario Evaluation in Autonomous Driving

Critical Scenario Identification (CSI), especially as it pertains to autonomous driving
behavior, is a key component in the larger verification and validation pipeline [196].
Classically, methods drawn from reachability theory [17] have been used to provide
an understanding of a "criticality" of a particular interaction. Vanilla reachability uses
the worst-case assumption on the behavior of other agents which makes it overly
conservative limiting its use in real-world situations. While methods that assume
a more reasonable behavior from the other agent have been proposed [121], the
effectiveness of these methods in distribution shifts and high-dimensional data are not
well studied. Uncertainty quantification [138, 77] is another paradigm that can be used
to identify unsafe scenarios given a dataset of safe scenarios. While UQ methods are
effective in identifying scenarios that are far from the safe distribution, these methods
tend to be more conservative as all out-of-distribution scenarios are classified as unsafe
and they fail to offer counterfactuals. Rules [169] and catalog-based [184] methods that
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rely on humans to craft hand-engineered rules have also been proposed, but these
methods are painstaking to develop and can struggle with far edge-case scenarios that
were overlooked during development.

9.3 Methodology

9.3.1 Overview

Given a particular scene, the ego agent is tasked with choosing an action that is
not only safe but also performant. Given the position of the ego agent within a map
as well as position and possible intents of other agents, the ego agent planner can
generate multiple possible actions, some of which can be feasibly executed. The goal of
a AV decision adjudicating module is therefore to reason among these actions ensuring
the safety and progress towards that goal. This work aims to find evidence from
historical data that either positively and negatively supports each of these decisions. If
a particular decision has more support from the negative spectrum, it is down-voted
and vice-versa for positive actions.

Given a historical dataset of positive and negative examples, the proposed work
aims to semantically tie each of these decisions to either side of the spectrum by
providing concrete examples from the data in support of these different decision
modalities.

Figure 9.1, provides a high-level diagram for the methodology. The method has a
data set creation step and an evaluation step. Both steps use a multimodal scene un-
derstanding VLM, a semantic scene graph generator and parser, a retrieval mechanism,
and a generator decoder.

9.3.2 GraphRAG on Crash Data:

The scene-action graph processing first builds the retrieval databases for both
positive and negative examples. Each graph represents one datapoint and encodes
different elements of the scene like the map, the position and actions of other agents,
ego’s position and action, as well as the outcome of that action. The graph processing
steps are distinct based on the modality, but the final outcome is consistent to ensure
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V1 was traveling eastbound in the left lane of a two way roadway with two
lanes of travel in each direction. V2 was traveling westbound in the left
lane of a two way roadway with two lanes of travel in each direction. As V1
was making a left turn to go northbound at the above intersection, the
frontal plane of V1 made contact with the left side plane of V2. Both
vehicles came to final rest on the roadway.

Figure 9.2: Example Crash Report from the NHTSA Dataset

-Goal-
Given a text document, you are a very faithful format converter that
translate technical natural language crash scenario descriptions to a
more easy to understand scenario description. V1 is always the vehicle of
interest or ego vehicle. Do not use V1, V2 or any such notations in the
output. Use ego vehicle, second vehicle, other vehicle and such. Do not
use cardinal directions like east, west, northwest. Use directions
relative to ego.

Figure 9.3: Crash Report Style Transfer Prompt

that the retrievals are semantically relevant. This is followed by the retrieval mechanism
which follows a similar structure in constructing the query graph. In the end, a decoder
completes the final adjudication by using the graph-based retrievals.

Negative Data

We use the NHTSA crash report dataset to extract crash report summaries that
can serve as negative labels. An example report is shown in Fig. 9.2. Due to the
specific style of the report, we first conduct a style transfer to bring the report to an
ego-centric perspective. The prompt for the style transfer is shown in Fig. 9.3. We also
provide in-context examples to aid the transfer process.

In order to generate the scene action graph, we follow steps similar to the GraphRAG
[47] approach. We split the The full prompt is shown in Fig. 9.4. In-context examples
are provided to aid the extraction process. Once a graph is generated, we provide
language embeddings for each node and store that along with the final graph.
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-Goal-
Given a text document, you are a very faithful format converter that
translate natural language crash scenario descriptions to a fix-form
format to appropriately describe the scenario. V1 is always the vehicle
of interest or ego vehicle. Do not use V1, V2 or any such notations in the
output. Use ego vehicle, second vehicle and such. Do not use cardinal
directions like east, west, northwest. Use directions relative to ego.
Find all the entities that are potentially relevant to this activity and
a list of entity types, identify all entities of those types from the text
and all relationships among the identified entities.
-Steps-
1. Identify all entities. For each identified entity, extract the
following information:
- entity_name: Name of the entity
- entity_type: One of the following possible types:
[VEHICLE,MAP,ACTION,OBSTACLES,EFFECT]
- entity_description: Comprehensive description of the entity's
attributes
Format each entity as
("entity"|<entity_name>|<entity_type>|<entity_description>)

2. Return output in English as a single list of all the entities
identified in step 1. Use **record_delimiter** as the list delimiter. No
prose in the output.

3. When finished, output completion_delimiter

Figure 9.4: Crash Report Graph Extraction Prompt
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Figure 9.5: An example positive scene: the multi-camera FPV ego image, the Wolf caption as well
as meta-data is shown.

Positive data

Given the contextual nature of the adjudication, we first use a fine-tuned Wolf
[95] summarization framework to provide a concise caption for the current scenario.
Wolf is an automated captioning framework that adopts a mixture-of-experts approach,
leveraging complementary strengths of VLMs. By combining image and video models,
Wolf framework captures different levels of information and summarizes them. For
datasets with available meta-data, we also inject that into the framework to generate
a text-only summary of the scene with all relevant agents. This is then followed by
the same extraction method as for the crash reports. We use scenes samples from
NuScenes [29] dataset as the routine positive dataset. An example scene, the Wolf
caption as well as meta-data is shown in Fig. 9.5.

Retriever:

The retrieval sampler uses an average similarity score between all the intersecting
nodes between a query graph and the database to retrieve the semantically k-closest
examples to input and action pairs. This is done by first using Wolf to first construct
the scene caption. This is followed by the query graph extractor that also adds and
encodes the selected action to the query graph.
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Decoder:

The decoder uses the input as well as the retrieved examples to produce final
outputs, which can be any prediction that would benefit from experience of both
positive and negative driving experiences relevant to the current scene. For example,
the decoder could directly provide if recommended plan is good or in an offline case
provide a score to be used to either improve the planner or evaluate the performance
of the planner in particular scenarios.

The structure of the decoder can vary: in the case of estimating a safety score of a
candidate plan, a simple design could be a simple K-nearest neighbor classifier which
estimates whether the scene and plan are closer to more negative or positive examples.
Alternatively, a higher-capacity decoder could perform more complex predictions
informed by the retrieved examples. We use an LLM based decoder which can use
the retrieved examples as context when reasoning about safety or ego planning in
the scene. Our framework has the potential to improve a host of downstream tasks
by reducing the impact of the safe-driving bias of most AV datasets by bringing in
relevant negative examples from other data modalities.

9.4 Experiments

9.4.1 Experimental Setup

We evaluate our method on a held-out subset of the nuScenes dataset, focusing
on scenarios where the ego vehicle is presented with multiple feasible action choices.
Each scenario is annotated with a set of plausible actions, which vary in safety, legality,
and social acceptability. A human annotator is asked to classify each action into one
of three categories: Safe, Reasonable, or Unsafe. For example, stopping behind a
double-parked vehicle may be safe but inefficient, while overtaking by crossing the
double yellow line may be reasonable under low-traffic conditions but risky in others.

Our framework is then applied to the same scenarios. Given the ego scene and
a set of candidate actions, the system uses positive and negative data retrievals to
reason about the consequences of each action and provide a label. We compare these
system-generated labels with the human-annotated ground truth.

We report classification performance in terms of accuracy, precision, recall, and
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F1 score across the three label classes. We also compare our full GraphRAG-based
pipeline to a baseline model that does not use retrieval-augmented generation and
instead relies only on local scene information and an LLM for adjudication.

9.4.2 Results and Discussion

Our method achieves a 37.5% improvement in macro-averaged F1 score as compared
to the baseline that does not use RAG.

Several key benefits emerge from our approach:

1. Avoidance of Common-Mode Failures: By incorporating negative historical
data, the system can better recognize unsafe decisions even in situations that
are underrepresented in standard training datasets. This leads to improved
generalization under distribution shift.

2. Nuanced Evaluation of Ambiguous Cases: Many actions in real-world driving
are not strictly safe or unsafe. Our retrieval-based adjudication supports a more
nuanced interpretation of these scenarios, aligning better with human reasoning.

3. Potential for Runtime Use: With recent advances in efficient RAG and LLM
distillation, our approach holds promise for real-time deployment. The modu-
larity of our architecture enables lightweight retrieval and evaluation, making it
amenable to integration into AV runtime stacks.

4. Enhanced Interpretability and Control: Because decisions are grounded in
retrieved precedent examples, the system is more transparent and debuggable.
This also enables easier policy refinement by inspecting and modifying the
retrieval corpus rather than retraining the entire model.

Qualitative examples show that the system correctly downvotes aggressive left turns
in busy intersections based on prior crash cases, while supporting assertive merges
in low-speed traffic when backed by safe precedent cases. This evidence-grounded
adjudication improves both trust and safety in AV decision-making.
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9.5 Conclusion

In this chapter, we introduced a framework for safe action adjudication in au-
tonomous vehicles (AVs) by integrating both positive and negative driving experiences.
By leveraging historical crash data alongside successful driving logs, our approach
enables AVs to evaluate potential actions with a more comprehensive understanding of
safety implications. The incorporation of a multimodal encoder and a latent space sam-
pler facilitates the retrieval of semantically similar scenarios, providing context-aware
decision-making capabilities. This methodology addresses the limitations of traditional
AV systems that predominantly rely on positive data, enhancing the explainability and
robustness of AV decision-making processes. Our framework lays the groundwork for
more transparent and accountable autonomous driving systems capable of reasoning
about the consequences of their actions in complex, real-world scenarios.
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Chapter 10

Conclusion

10.1 Summary

Figure 10.1: Summary figure shows the mitigation strategies across the four quadrants of knowledge
while showcasing some of my approaches for risk mitigation by systematically managing both
known and unknown uncertainties.

This thesis rethinks the safety case for deploying autonomous systems in so-
cial, safety-critical settings by framing safety as risk-aware, reasonable behavior.
Rather than avoiding risk altogether, it proposes managing different kinds of un-
certainty—categorized as known-unknowns, known-knowns, unknown-unknowns, and
unknown-knowns—through distinct mitigation strategies. This framework combines
the adaptability of data-driven models with the robustness of rule-based reasoning to
support safe and seamless human-robot interaction.

To handle behavioral uncertainty, the thesis introduces large-scale aviation datasets
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(TrajAir, TartanAviation, Amelia-48) and a socially-aware trajectory predictor (TrajAir-
Net), enabling agents to anticipate human behavior in complex environments. For rule
adherence, it presents a neurosymbolic planning framework that fuses logic specifica-
tions with learned policies and a novel LLM+ILP pipeline to mine safety rules from
crash reports. To manage unforeseen scenarios, RuleFuser combines imitation learning
with rule-based priors, dynamically adjusting behavior based on out-of-distribution
detection. Finally, to address latent failure modes, a multi-planner adjudication system
uses LLMs and human-generated crash data for context-aware arbitration.

Altogether, this thesis provides a structured approach to building trustworthy,
socially competent autonomous agents capable of operating safely in the unpredictable,
human-centered world.

10.1.1 Part I: Known-Unknowns

This thesis addresses the challenge of modeling uncertainty in human behav-
ior—categorized as “known-unknowns”—by developing and releasing a suite of
pioneering datasets and predictive models tailored for the aviation domain. The
introduction of TrajAir , the first open-source 3D trajectory prediction dataset for gen-
eral aviation, provides a foundational resource for understanding aircraft movements
in non-towered airspace. Building upon this, TartanAviation offers a comprehensive
multi-modal dataset encompassing vision, speech, and trajectory data, capturing the
complexity of terminal-area operations. Further advancing the field, Amelia-48 stands
as the largest public dataset of its kind, encompassing extensive surface movement
data across 48 U.S. airports. Complementing these datasets, the development of Tra-
jAirNet, a socially-aware trajectory prediction algorithm, demonstrates the efficacy of
modeling agent-agent, agent-environment, and agent-context interactions. Collectively,
these contributions lay the groundwork for enhancing the predictive capabilities of
autonomous systems, enabling them to better anticipate and adapt to the nuances of
human behavior in complex, dynamic environments.

10.1.2 Part II: Known-Knowns

This part tackles the challenge of ensuring rule adherence in safety-critical envi-
ronments—categorized as “known-knowns”—by integrating data-driven learning with
symbolic reasoning. We present a neurosymbolic approach that fuses Signal Temporal
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Logic (STL) specifications with learning-from-demonstration (LfD) policies using Monte
Carlo Tree Search (MCTS), enabling dynamic enforcement of rules during planning.
This method improves online robustness and achieves a 60% gain over standard LfD
baselines in complex aviation scenarios. Extending this, we introduce SoRTS, a social
navigation algorithm for general aviation that combines intent prediction with global
guidance, evaluated in X-PlaneROS, a high-fidelity simulator with real pilot feedback.

10.1.3 Part III: Unknown-Unknowns

This part addresses the “unknown-unknowns” quadrant—risks arising from unfore-
seen, out-of-distribution (OOD) scenarios that challenge the generalization capabilities
of data-driven systems. To manage such conditions, we propose RuleFuser, a mo-
tion planning framework that fuses imitation learning (IL) with rule-based reasoning
through a principled evidential Bayesian approach. By replacing the uniform prior
in evidential learning with a rule-informed Dirichlet prior, RuleFuser ensures fallback
to safer rule-compliant behavior when encountering unfamiliar scenarios. The system
uses a shared candidate set, where a rule-based planner provides a safety-prior over
trajectories, and a neural IL model contributes data-driven likelihoods. Guided by
an OOD score computed via normalizing flows, the fusion dynamically shifts control
from the IL planner to the rule-based planner in high-risk conditions. Evaluated on
real-world autonomous driving datasets, RuleFuser demonstrates strong performance
in both in-distribution and OOD conditions, balancing nuanced behavior with con-
servative safety guarantees. This work shows the potential of structured fusion as a
safety mechanism and opens avenues for broader integration of rule-aware priors into
modern planning stacks and end-to-end autonomous driving frameworks.

10.1.4 Part IV: Unknown-Knowns

This part explores the “unknown-knowns” quadrant—risks that stem from la-
tent failure modes embedded within embodied AI systems, often undetected until
deployment. To mitigate such risks, we propose a multi-engine safety framework
inspired by the “Swiss-Cheese” model, where multiple diverse planners—learned and
rule-based—are run in parallel to provide redundancy against common-mode failures.
To resolve conflicts among these planners, we introduce an adjudication mechanism
powered by Large Language Models (LLMs), which leverages context from human
crash reports using a modified GraphRAG pipeline. These reports serve as a source of
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grounded, counterfactual safety reasoning, enabling nuanced arbitration over candidate
actions. By combining both positive and negative experiences from real-world driving
logs, and embedding them in a semantically meaningful latent space, our framework
enhances the explainability, accountability, and runtime robustness of autonomous
decision-making. This work contributes a pathway toward AV systems that can reason
more like humans—drawing on past failures to proactively avoid future ones—and
represents a step toward building embodied intelligence that is transparent, self-aware,
and resilient to latent failure. To reduce reliance on handcrafted rule sets, we propose
a hybrid LLM + Inductive Logic Programming (ILP) pipeline that mines interpretable
rules from crash reports and enforces them as runtime monitors. Together, these
contributions demonstrate how integrating symbolic constraints with learned models
supports safer, more reliable decision-making in structured environments like airport
operations.

10.2 Future Work

Building upon the foundations laid in this thesis, several promising directions
emerge to advance the algorithms underpinning risk-aware, socially intelligent au-
tonomous systems.

10.2.1 Risk Mitigation in End-to-End Large-Scale Learned Policies

The emergence of Vision-Language-Action (VLA) models, such as RT-2 [26] and
OpenVLA [84], has significantly advanced the field of robotics by enabling systems to
interpret complex instructions and perform sophisticated tasks through the integration of
visual perception, language understanding, and action planning. These models leverage
large-scale pretraining on diverse datasets to generalize across various tasks and
environments. However, as with large language models (LLMs), VLAs are susceptible
to safety concerns, including the potential for jailbreaking, [153] where models are
manipulated to bypass safety protocols. In LLMs, this issue has been addressed
through techniques like mechanistic interpretability [21], which aims to elucidate the
internal workings of neural networks, and the implementation of guardrails to prevent
undesirable outputs. Applying similar strategies to VLAs is challenging due to the
embodied nature of robotics, where actions have real-world consequences, and safety
is highly contextual and dependent on dynamic, stochastic environments.
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To mitigate these challenges, research has explored the integration of context-
aware safety mechanisms into VLA systems. Additionally, the development of hybrid
control architectures like RuleFuser that combine data-driven policies with rule-based
systems offers a pathway to provide fallback mechanisms in uncertain situations. These
approaches underscore the necessity of developing safety strategies tailored to the
unique demands of embodied AI, where the unpredictability of the physical world
requires systems to adaptively assess risks and make contextually appropriate decisions.

10.2.2 Neuro-Symbolic Reasoning for Interpretable Safety

While end-to-end robotic systems offer streamlined pipelines, they often lack inter-
pretability and modularity, making fault diagnosis and recovery challenging. Modular
architectures, on the other hand, compartmentalize functionalities such as perception,
planning, and control, allowing for targeted improvements and easier debugging. This
structure facilitates the integration of foundation models into specific modules, enhanc-
ing performance without compromising the system’s overall transparency. However,
modular systems can be susceptible to cascading failures if inter-module dependencies
are not carefully managed.

Neurosymbolic AI presents a promising solution by combining the pattern recog-
nition capabilities of neural networks with the logical reasoning of symbolic systems.
This hybrid approach enhances the interpretability and safety of robotic systems, en-
abling them to reason about their actions and adapt to new situations effectively. By
embedding symbolic rules within neural architectures, robots can better understand
and explain their decision-making processes, leading to increased trust and reliability
in autonomous operations.

10.2.3 Advancing Standards for Data-Driven Robotics

As robotics systems increasingly incorporate data-driven technologies like machine
learning and artificial intelligence, the limitations of existing safety standards become
more apparent. Standards such as ISO 10218 and ISO/TS 15066 primarily address
mechanical and control system safety, offering limited guidance on the dynamic and
adaptive behaviors introduced by AI components. This gap underscores the urgent need
for comprehensive safety frameworks that specifically address the unique challenges
posed by data-driven robotics.

115



To foster public trust and ensure the ethical deployment of advanced robotic systems,
it is imperative to develop and implement new safety standards that encompass data
integrity, transparency, real-time monitoring, and robust testing protocols. Collaboration
among industry leaders, policymakers, researchers, and the public is essential to create
standards that align with societal values and expectations. By proactively addressing
these challenges, we can guide the evolution of robotics in a manner that is both
socially beneficial and aligned with human values.
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