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Abstract

Autonomous systems operating in uncertain environments
without human intervention must consider several factors, in-
cluding safety, reliability, and task success. State-of-the-art
methods have made progress in addressing these factors indi-
vidually, but often fail to unify them for deployment in real-
world systems. My dissertation aims to combine methods in
planning under uncertainty, failure recovery, and explainabil-
ity, providing a holistic framework for comprehensive safe
autonomy in real-world deployment.

Introduction
Autonomous systems are increasingly deployed in complex,
uncertain environments, where they must make their own
decisions without human intervention. These decisions have
critical implications for safety, reliability, and task success,
yet current approaches often address only one isolated as-
pect of this challenge. For instance, there have been ad-
vances in planning under uncertainty, failure detection, and
improving planning with large language models. This gap
raises the question: how can these capabilities be unified in a
framework that enables autonomy to operate reliably across
uncertain domains without human oversight?

A primary requirement for trustworthy autonomy is the
ability to plan under uncertainty. In the real world, systems
cannot assume perfect knowledge of their state, dynamics,
or environment, nor can they anticipate every situation they
may encounter. Instead, they should consider these uncer-
tainties, along with safety requirements, by planning in the
belief space. Robustness to known failures and new anoma-
lies is also essential. In practice, an autonomous system can-
not depend on a human operator to intervene every time a
failure arises. Instead, the system itself must predict when
a failure is imminent and react appropriately to preserve
safety and task performance. Transparency is also essential
for trustworthy autonomy. Without clear explanations, au-
tonomous planners appear as black boxes, leaving end users
unsure why decisions were made, especially when the sys-
tem is reasoning under multiple sources of uncertainty. This
lack of transparency makes it difficult for end users to trust
autonomous systems that they did not design themselves.
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Trustworthy autonomy requires more than effective per-
formance. Real-world systems must be robust to uncertain-
ties and failures and provide explanations of their behavior.
Existing approaches often address one of these challenges
in isolation, but few consider them together. The problem,
therefore, is how to design autonomy that integrates all three
capabilities so that systems can operate reliably across un-
certain and complex domains without human oversight.

Approach

My research develops methods for trustworthy autonomy,
linking together uncertainty-aware planning, failure antici-
pation, and explainability. My research so far has explored
each of these elements separately to set up their eventual in-
tegration into a unified framework.

Belief Space Planning

One common method for planning under uncertainty uses a
Partially Observable Markov Decision Process (POMDP),
a framework for defining nondeterministic dynamics and
partial state observability in a problem (Kochenderfer,
Wheeler, and Wray 2022). ρ-POMDPs further introduce
belief-dependent rewards (Araya et al. 2010) to explicitly
encourage actions that balance between strategically gath-
ering information and completing tasks (Ott, Balaban, and
Kochenderfer 2023). Exact planning in POMDPs is gener-
ally intractable (Kochenderfer, Wheeler, and Wray 2022),
leading to the use of approximate methods. Platt Jr. et al.
(2010) proposed belief-iLQR (BiLQR) for planning over
full belief-states, which selects actions that reduce future
state uncertainty for nonlinear belief dynamics (Platt Jr. et al.
2010). My work extends BiLQR to solve model identifi-
cation adaptive control (MIAC) (Öreg, Shin, and Tsourdos
2019), or simultaneously controlling the system and learning
its dynamics. This extension supports trustworthy autonomy
by allowing planning to adapt online to imperfect models.
My ongoing work extends this idea to incorporate chance
constraints, so even in uncertain conditions, safety require-
ments are satisfied with high probability. The goal is to suc-
cessfully plan with higher fidelity models that more closely
resemble real-world conditions.
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Failure Anticipation
Detecting and responding to failures has long been neces-
sary for systems in uncertain environments. The two main
failure detection classes are failure classification, which
identifies failures that the system has previously seen and
knows how to correct or recover from (Costa et al. 2019),
and anomaly detection, which identifies deviations from
nominal data without explicitly labeled failure data (Chan-
dola, Banerjee, and Kumar 2009). Trustworthy autonomy re-
quires both. While we cannot assume we can train the sys-
tem on every possible failure, it must also know how to re-
spond appropriately when a common failure case is antici-
pated. Recent work has applied conformal prediction tech-
niques to anomaly detection, allowing for failure anticipa-
tion just from success data (Xu et al. 2025). Building on
this, my work extended this anomaly detection method to
multi-camera-view settings by leveraging world-model pre-
diction error. In a follow-up work, I added failure classifica-
tion alongside the anomaly detection, creating a unified ap-
proach that identifies both familiar failures and novel ones,
on a mobile quadruped. The next step is to integrate this
framework with planning, enabling systems to recover ap-
propriately after anticipating a specific failure.

Large Language Model Explainability
Interpretability is a barrier for trusting AI in safety-critical
domains (Doshi-Velez and Kim 2017). Trajectories designed
with AI often require extensive human verification before
deployment. This task could be automated with large lan-
guage models (LLMs) by leveraging their natural text gen-
eration and inference capabilities. Previous approaches that
combine LLMs and planning primarily focus on improv-
ing performance rather than explaining plans (Ding et al.
2023). My ongoing work addresses this gap by translating
belief trees from Monte Carlo Tree Search (MCTS), a com-
mon method for planning under uncertainty (Kochenderfer,
Wheeler, and Wray 2022), into structured LLM text inputs.
A user can ask why a specific action was chosen in a trajec-
tory, what trade-offs it involved, or why other paths are sub-
optimal. The agent is demonstrated on a rover path planning
problem, where uncertainty, risk, and mission constraints
make transparency essential. Next steps involve improving
accuracy through LLM ensembles and enabling the agent to
assess failures and propose recovery strategies.

Research Plan
My thesis aims to advance trustworthy autonomy by inte-
grating planning under uncertainty, failure anticipation, and
natural-language explanations, to enable reliable operation
in uncertain environments. I have completed three works to-
wards this goal. First, I extended BiLQR to MIAC with a
ρ-POMDP formulation, balancing reducing uncertainty and
improving performance. Second, I developed a world model
anomaly detection framework, showing that world models
can detect failures without explicit failure labels, for mul-
tiple synced camera views. Third, I extended this idea to a
unified anomaly detection and failure classification frame-
work on a mobile, legged robot, laying the groundwork for

executing specific intervention strategies.
By the consortium, I will evaluate methods for integrating

chance constraints into belief-space planning methods, such
as BiLQR. Then, for my LLM explainability work, I will
conduct ensemble testing across multiple LLMs to reduce
hallucinations via agreement, extending beyond initial GPT-
based feasibility results. Lastly, I am exploring how vision-
language-action models can suggest semantic failure recov-
ery, rather than using pixel-level pattern recognition.

My research will then shift toward linking those threads.
By summer 2026, I plan to pursue one of the following:
(1) leveraging semantics from LLMs for failure anticipation,
where an LLM could recommend appropriate intervention
strategies once a class of failure is identified; or (2) incor-
porating world model failure anticipation and recovery into
belief-space planning, to use conformal prediction scores to
guide corrective actions that reduce deviation from success-
ful behavior. By winter 2027, I expect to explore the other
idea and finally expand the explainability framework to the
entire pipeline by fall 2027. This timeline will lead to dis-
sertation writing between fall 2027 and spring 2028.
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