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Abstract

ROBOTS THAT INTROSPECT: IMPROVING DEPLOYMENT-TIME PERFORMANCE
FOR LONG-HORIZON PLANNING UNDER UNCERTAINTY

Abhishek Paudel
George Mason University, 2025

Dissertation Director: Dr. Gregory J. Stein

Reliably deploying autonomous robots for long-horizon tasks like cleaning, cooking or
delivery remains a fundamental challenge due to the pervasive nature of uncertainty and
incomplete knowledge in real-world environments. For robots to perform well in these
scenarios, they must not only make effective decisions under uncertainty but also be capable
of continuous self-assessment and improvement during deployment. In this dissertation, we
propose introspection for robots as a key idea that enables a robot to reason about how
well it is doing and whether it could have done better so as to improve its behavior during
deployment for long-horizon planning problems.

We present novel techniques that leverage this introspection ability to address the chal-
lenges of data-efficiency when selecting the best policies during deployment in unknown
environments. Specifically, we introduce offline alt-policy replay to reuse data collected
during a trial to estimate the performance bounds of many alternative planning strategies
simultaneously. We show that our introspection approach allows a robot to quickly select
the best-performing policies from a family of pre-trained policies during deployment, re-
sulting in improved performance in unknown environments for long-horizon goal-directed

navigation tasks with guarantees on asymptotic sub-linear regret. In scenarios where the



robot’s pre-trained policies may not perform well, and the robot must learn or adapt its
policies during deployment for effective performance, we additionally leverage our introspec-
tion approach to reason about non-stationary policies that are being continually learned or
adapted during deployment, enabling the selection of the best-performing ones as soon as
their performance improves and resulting in improved behavior during deployment in previ-
ously unseen and potentially out-of-distribution environments. Finally, we demonstrate the
utility of such introspection in a novel LLM-informed model-based planning framework for
object search, where the robot introspects the performance of different prompts and LLMs
used to guide its search behavior in partially known environments, enabling effective object
search performance during deployment despite uncertainty.

Collectively, this dissertation advances the vision of introspective robots that are capa-
ble of monitoring, evaluating, and improving their own behavior during deployment. By
enabling robots to reason about their past behaviors, anticipate alternative outcomes, and
adapt to uncertainty, this work takes a step toward self-improving autonomy in complex,

real-world environments.



Chapter 1: Introduction

As we welcome the next generation of service robots into our homes and offices to assist us
in a wide variety of tasks like cleaning, making breakfast, moving things around or other
routine chores, they must not only be capable of performing these tasks effectively and
reliably but also be able to learn and improve over time while continuously accessing how
good or bad they are at doing these tasks. Humans demonstrate remarkable abilities to
reason about how good we are at doing certain things and identify ways to improve our
skills over time. We can introspect about our past behaviors and learn from past mistakes
so as to get better in our abilities to do our tasks over time. Our ability to introspect allows
us to reason about how well we did in the past and imagine what would have happened if
we had done certain things differently. Such introspection allows us to course correct our
behaviors and get better at doing things over time while enabling us to avoid things that
might result in poor outcomes.

Robots, on the other hand, do not intrinsically possess such introspection abilities. While
advances in machine learning have enabled robots to learn from prior experiences and get
better over time, such robots when deployed in new scenarios that are drastically different
from those seen before tend to perform poorly, as a result of distribution shift. Worse yet,
these robots would have no way to identify their poor performance so as to either course
correct their behavior or wait until their behavior has been improved in such scenarios so as
to minimize failure cases or avoid poor outcomes. If we could imbue robots with abilities to
introspect, it would be possible to reason about good and bad behaviors without the robot
having go through them first-hand to realize their impacts.

The idea of introspection is not new in the robotics literature, and many approaches
exist that try to imbue robots with abilities for introspection (Fox et al., 2006; Marshall

et al., 2008; Liang et al., 2024). Adjacent to introspection are the approaches for runtime
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monitoring that aim to evaluate the deployment-time reliability of learning-guided robot
behavior (Rahman et al., 2021; Mallozzi et al., 2019; Zhou et al., 2019; Daftry et al., 2016;
Richter and Roy, 2017) to decide whether one should continue using learning or resort
to backup strategies in case of degraded performance. Most such approaches, however,
focus on tackling issues associated with shortcomings of local perception or aim to monitor
performance in terms of the underlying learned model’s raw predictions as opposed to the
overall task performance (Zhou et al., 2019; Daftry et al., 2016; Richter and Roy, 2017), thus
limiting their effectiveness in evaluating the goodness of long-horizon behavior. As such,
there is a need for broader introspection framework that can capture the aspects of long-
horizon planning under uncertainty and enable a robot to not only identify poor behaviors
but also recover from them and improve over time during deployment in previously unseen
scenarios.

To illustrate what introspection might look like in the domain of planning under un-
certainty, consider the scenario as demonstrated in Fig. 1.1. The robot is tasked to find a
fork in a household setting. However, the robot does not yet have full knowledge about the
environment. It knows that there is a bedroom, a kitchen, a living room and a bathroom,
however, it doesn’t know which of these rooms has a fork. As such, it would have to reason
about where it should travel to so as to find the fork quickly despite missing or incomplete
knowledge. With a strategy Si, the robot always goes to the room that is nearest to it so
as to find a fork. This strategy, as shown in Fig. 1.1(b) results in the robot first traveling to
the bathroom, then the living room, and finally to the kitchen where it finds a fork. While
the robot was able to complete the task successfully, we as humans can clearly see that
the robot could have done a better job. For example, with the benefit of hindsight that
the fork is in the kitchen, if the robot had instead traveled to the kitchen first, it would
have found the fork much quicker. Our ability for such introspection given the benefit of
hindsight can be imbued in a robot by simulating what the robot would have done if it had
instead followed a different strategy So. Demonstrated in Fig. 1.1(c), using the knowledge

obtained after completing the task with strategy Si, we can simulate what the robot would
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(a) Robot is tasked to (b) Path traveled by the (c) Simulated path with
find a fork. robot to find a fork strategy S, after
with strategy §. finding the fork.

Figure 1.1: Motivating Example: (a) A robot is tasked to find a fork in an environment,
and (b) uses strategy S; to find the fork. (c) With the benefit of hindsight, it can then
leverage the knowledge gathered to reason about how another strategy Se would have
performed.

have done with a different strategy S (which directly guides the robot to kitchen), and
infer that it would have found the fork much quickly. Such introspection can be used to
pick better behaviors—or avoid poor ones—and improve performance during deployment.

In this dissertation, we introduce representations and techniques that enable a robot to
introspect its behavior while performing long-horizon tasks in environments that may not be
fully known to the robot. Such introspection enables the robot to improve its deployment-
time performance even when its behaviors are informed by learning-based methods which
might be brittle to distribution shifts or even minor environment changes. Specifically, this
dissertation focuses on demonstrating the effectiveness of such introspection in the context
of robot planning under uncertainty where uncertainties arise from factors such as missing
or incomplete knowledge about the environment where the robot is deployed in.

The main theme of this dissertation is to enable autonomous robots to introspect about
their own behavior—to reason about how well they are performing and whether alterna-
tive behaviors could have led to better outcomes—so as to improve their deployment-time
performance for long-horizon planning under uncertainty. In particular, this dissertation

proposes introspection as a key framework that allows robots to assess and improve their



decision-making during deployment in unknown or partially known environments. Through
this unifying theme, this dissertation explores a series of problems centered on enhancing

effectiveness, reliability, and adaptability of robots in long-horizon tasks:

Data-efficient policy selection: How can robots introspectively reuse experience from
a single deployment to reason about the performance of multiple alternative behaviors

and efficiently select the best ones?

Learning and adaptation during deployment: How can introspection enable robots
to recognize if and when their policies that are continually being learned or adapted on-
line have improved and to quickly select from these evolving policies to enable improved

deployment-time performance in novel environments?

LLM-informed robot planning: How can introspection be applied to broader and emerg-
ing areas of large language model (LLM)-informed planning where the robot’s behavior

may depend heavily on the choices of prompts and the LLM models themselves?

Together, these threads are unified by the central goal of developing introspective robots
that can monitor, evaluate, and improve their behavior during deployment, bridging the
gap between learning-informed robot planning and self-improving autonomous systems in
the context of long-horizon planning under uncertainty. The following thesis statement

summarizes the key insights of this dissertation.

Thesis Statement: Models that allow robots to simulate or imagine alternative behaviors
without having to deploy them are key to enabling introspection and deployment-time behav-
ior selection for long-horizon planning under uncertainty, thereby achieving fast and reliable

performance improvements—even when learning is used to inform the robot’s behavior.

The rest of the dissertation is organized as follows. We first discuss some background
topics in the space of robot planning and decision making (Chapter 2). In Chapter 3, we
introduce the techniques for introspection and demonstrate that such introspection allows

the robot to quickly identify the best behavior from a family of predetermined behaviors
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and thereby resulting in improved navigation performance when deployed in a wide variety
of partially-mapped environments. In Chapter 4, we extend the idea of introspection further
to scenarios where the robot is continually learning multiple strategies during deployment
and has reason about which of these continually evolving strategies should be deployed for
best performance in new unknown environments. In Chapter 5, we introduce a novel model-
based planning abstraction for object search in partially-known environments that integrates
the commonsense world knowledge of LLMs with classical planning framework, and also
propose an approach for deployment-time selection of prompts and LLMs, enabling the
robot to improve its object search performance during deployment. Finally, in Chapter 6,
we conclude with a brief summary of the contributions made in this dissertation and discuss
potential future works.

We give an overview of our contributions and publications in the rest of this chapter.

1.1 Contributions

The contributions of this dissertation are as follows:

e We introduce a novel technique for introspection to reason about alternative robot
behaviors and their performances in the context of navigation under uncertainty. We
demonstrate that such introspection can be leveraged to pick between behaviors during

deployment (Chapter 3).

e We formalize the problem of policy selection as an instance of multi-armed bandit
(MAB) and present a novel approach that leverages introspection for fast and data-
efficient policy selection. We show that our policy selection approach has guarantees
on asymptotic sub-linear regret while quickly converging to the best behaviors during

deployment (Chapter 3).

e We demonstrate the effectiveness of introspection in the context of selecting between
non-stationary policies which are continually being learned or adapted while the robot

is deployed in environments that it may or may not have seen before (Chapter 4).
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e We present a novel approach for LLM-informed model-based high-level planning for
object search in partially-known environments that integrates predictions about un-

certainty from LLMs and known traversal costs from the occupancy map (Chapter 5).

e Leveraging the introspection framework introduced in Chapter 3, we demonstrate
fast deployment-time selection of best prompts and LLMs from a family of candi-
date prompts and LLMs used for guiding the robot behavior in object search tasks in

partially-known environments (Chapter 5).

1.2 Publications

The contributions presented in this dissertation have been published in Paudel and Stein
(2023); Paudel et al. (2024); Hossain et al. (2024); Paudel and Stein (2025); Paudel (2025),

as listed below.

e Abhishek Paudel and Gregory J. Stein. Data-efficient policy selection for navigation in
partial maps via subgoal-based abstraction. In International Conference on Intelligent

Robots and Systems (IROS), 2023.

e Abhishek Paudel, Xuesu Xiao, and Gregory J. Stein. Multi-strategy deployment-time
learning and adaptation for navigation under uncertainty. In Conference on Robot

Learning (CoRL), 2024.

e Shahriar Hossain, Abhishek Paudel, and Gregory J. Stein. Enhancing object search
by augmenting planning with predictions from large language models. In CoRL

Workshop on Learning Effective Abstractions for Planning, 2024.

e Abhishek Paudel and Gregory J. Stein. Deployment-time selection of prompts for
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Chapter 2: Background

In this chapter, we discuss the topics and ideas that one should be familiar with to follow the
rest of the thesis, with a particular focus on the foundations of planning and decision-making

in robotics.

2.1 Markov Decision Process

A general framework for sequential decision making in fully observable, stochastic environ-
ments is provided by Markov decision process (MDP) (Sutton and Barto, 2018). An MDP

consists of the following;:

A set of states, S

A set of actions, A

State transition probabilities, P(s’, s,a)

Reward function, R(s)

At each time step, the agent can fully observe its state and can take an action that
transitions it to a new state as per the state transition probabilities with the agent receiving
some reward in the process. The goal is to solve for a policy 7 that specifies what the agent
should do at every possible state in order to maximize the expected total reward. A policy
that maximizes the total reward that an agent can accrue in expectation is called an optimal
policy. Value iteration and policy iteration are two algorithms that can be used to solve
for an optimal policy given an MDP. Value iteration involves alternating between policy

update based on the values and value computation based on the policy. A value function
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Figure 2.1: Illustration of agent-environment interaction in (a) Markov decision process
(MpP) and (b) Partially observable Markov decision process (POMDP)

for a given policy is defined over states to quantify how good it is to be in a particular state.

The value of a state can be calculated using the Bellman equation as shown in Eq. (2.1).

V™(s) = R(s) + mj(x) P(s,s,a)V™(s) (2.1)
acA(s

Here, v denotes the discount factor and is a real number between 0 and 1 that controls
how much should future rewards be prioritized over the current reward. One can also
represent values as a function of action in addition to state, which is known as Q-value or

action-value. The corresponding Bellman equation for a Q-value is,

Q™ (s.0) = R(s) +7 ) P(s/ls.) max Q(<.a) (2.2)

S/

Value iteration assumes the equality in Egs. (2.1) and (2.2) as an assignment to find
optimal value function which is then used to solve for optimal policy. Policy iteration
differs from value iteration in that it solves for value function at every iteration without

keeping track of values from the last iteration and updates the policies using newly computed



values. Depending upon how much into the future the reasoning is considered, the horizon
for sequential decision making could be finite or infinite. Finite horizon problems assume
that the agent has a fixed number of time steps over which it can maximize its rewards,
whereas infinite horizon problems do not have a fixed number of time steps predefined and

can vary or even be infinite in principle.

2.2 Partially Observable Markov Decision Process

Markov decision process (MDP) assumes that the agent has complete knowledge of its state.
However, in many real world problems, this assumption does not hold and the agent has
to deal with state uncertainties in addition to action uncertainties. Partially observable
Markov decision process (POMDP) allows for dealing with state uncertainties by formulating
belief over states (Kaelbling et al., 1998). This means that the agent has to reason over
every possible state it could be in at any given time making the problem more difficult to
solve. Algorithms like value iteration that are used to solve an MDP become computationally
intractable even for POMDPs with small state space. In the context of robotic systems, the
problem of planning or navigating in unknown environments is generally formulated as a

POMDP.

2.3 Reinforcement Learning

Although many problems can be formulated as an MDP (or a POMDP), the underlying
transition probabilities and rewards may not always be directly accessible to the agent
in many scenarios of interest. This means that the agent has to actually interact with
the environment and learn through trial-and-error what it should do in order to maximize
the return. Reinforcement learning (RL) provides a framework to solve such problems in
scenarios where the agent does not have direct access to transition probabilities and/or

rewards (Sutton and Barto, 2018). With reinforcement learning, the agent has to use
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observed rewards to learn a policy that maximizes the expected total reward. This can be
done using two kinds of approaches: model-based approach and model-free approach.
Model-based approaches focus on first learning the transition probabilities and rewards
(combinedly known as the model) based on the agent’s interaction with the environment
and use this model to learn the optimal policy. The main advantage of model-based ap-
proaches is that they allow the agent to plan by reasoning about what would happen for a
range of possible choices and thus make decisions based on available options. On the other
hand, model-free approaches aim to solve for the optimal policy without first estimating
the transition probabilities and rewards. Model-free approaches estimate value function or

optimal policy from a series of interactions between the agent and the environment.

2.4 Multi-Armed Bandit

A multi-armed bandit (MAB) is a classic reinforcement learning problem in which there is a
slot machine with n arms (bandits) and each arm has an independent reward distribution
that is hidden from the agent pulling the arms (Sutton and Barto, 2018). A multi-armed
bandit problem can be seen as an instance of MDP having only one state with actions that
each correspond to pulling an arm from among n arms. When the agent pulls an arm, it
gets some reward based on the underlying reward distribution of the arm. The goal is to
maximize the total reward accumulated by pulling the arms. If the agent had the knowledge
of the underlying reward distributions of each arm, it could always pull the arm with the
highest expected reward. However, since the underlying reward distributions are not known
to the agent, a common strategy is to first identify the arm with the highest expected reward
through trial and error. This requires that the agent take into consideration the exploration
and exploitation trade-off while pulling the arms so as to maximize the accumulated rewards

while simultaneously learning to identify the most rewarding arm.
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2.5 Goal-Directed Navigation

Goal-directed navigation is a fundamental problem in robotics, where a robot must move
from a start location to a desired goal while avoiding obstacles and efficiently planning
its path. In realistic scenarios, the robot often operates in environments that are par-
tially known or completely unknown, requiring the integration of perception, planning, and
decision-making under uncertainty.

Goal-directed navigation can be framed as a sequential decision-making problem. When
the environment is fully known, the problem reduces to computing an optimal path, which
can be solved using classical planning methods such as rapidly-exploring random tree
(RRT) (LaValle, 1998; Karaman and Frazzoli, 2011) or A* (Hart et al., 1968). In stochastic
environments, this formulation naturally extends to an MDP, where states correspond to the
environment map and the robot’s location, actions correspond to motion commands, and
rewards are typically structured to encourage reaching the goal efficiently while penalizing
collisions or unsafe states.

When the robot has incomplete knowledge about its environment or uncertain state
estimates, the navigation problem is more accurately modeled as a POMDP. In practice,
the robot must maintain a belief not only over its own pose but also over the map of the
environment; this joint estimation is typically handled by simultaneous localization and
mapping (SLAM). SLAM provides the evolving belief state—over both pose and map—
that a POMDP planner relies on to make informed decisions under uncertainty. However,
solving POMDPs exactly is computationally intractable for large-scale navigation problems;
therefore, approximate methods are often used, such as belief-space planning, Monte Carlo
tree search (MCTS), and policy search in parameterized policy spaces.

In addition to classical and POMDP-based approaches, reinforcement learning (RL) has
been increasingly applied to goal-directed navigation. In model-free RL, the robot learns
a navigation policy directly from interactions with the environment without requiring an
explicit map or transition model. Model-based RL, on the other hand, allows the robot
to predict the outcomes of actions and plan efficiently over multiple time steps. A key
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challenge in RL-based navigation is balancing exploration (gathering information about the
environment) and exploitation (moving toward the goal efficiently), which is reminiscent of
the multi-armed bandit problem discussed previously.

Goal-directed navigation also often leverages hierarchical structures, where high-level
planning determines waypoints or subgoals, and low-level controllers handle local obsta-
cle avoidance and motion execution. Such hierarchical approaches improve efficiency and

scalability, especially in large and dynamic environments.
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Chapter 3: Data-Efficient Policy Selection for Navigation in
Partial Maps via Subgoal-Based Abstraction

3.1 Introduction

In this chapter, we address the first component of our dissertation—the development of in-
trospection framework that allows robots to reason about how alternative behaviors could
have performed during deployment. Specifically, we focus on the problem of navigation
in partially mapped environments that the robot may not have seen before and introduce
offtine alt-policy replay as a practical realization of introspection. This technique enables
a robot to reuse data from a single trial to estimate how well other policies might have
performed, enabling selection of best behaviors while avoiding poor ones and hence improv-
ing deployment-time performance for long-horizon navigation under uncertainty. The work
presented in this chapter has been published in Paudel and Stein (2023).

We enable a robot to quickly identify the best performing policy from a set of poli-
cies when it is deployed in partially-mapped environments to navigate to an unseen goal.
Goal-directed navigation in partially-mapped environments is an important capability for
autonomous robots. A robot tasked with navigating to a faraway goal in an unknown office
building will need to build the map as it travels, plan through unknown regions of the map,
and decide how to act once that space is revealed. Efficient navigation in such scenarios
requires that the robot be able to reason about the impacts of its actions far into the fu-
ture, commonly known as the long-horizon planning problem, which can be formulated as
a POMDP (Kaelbling et al., 1998). Solving such POMDPs is computationally intractable, and
therefore many existing approaches for planning in such scenarios leverage learning to guide
the robot’s behavior (Stein et al., 2018; Richter et al., 2014; Wayne et al., 2018; Zhu et al.,
2017b; Kahn et al., 2018; Mirowski et al., 2016).
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Figure 3.1: Overview of our approach for data-efficient policy selection for nav-
igation in partial maps. Our approach relies upon offline alt-policy replay, a procedure
to compute lower bounds of navigation costs for alternate policies after deployment, bounds
used to constrain selection.

When navigating through a partial map, learning often relies on sensor observations
collected onboard the robot (e.g., images and laser scans) to make predictions about the
goodness of the robot’s actions, thus guiding its behavior towards actions that would have
resulted in effective performance in its training environments. However, in general, the robot
may have access to a family of such learning-informed policies, each trained in a different
environment, and must select one from these to guide its behavior during deployment. After
planning with one of these policies, the robot must use this policy’s cumulative performance
to determine whether it should select that policy again, or switch to another in hopes of
reducing navigation cost: an instance of model selection applied to policy selection.

Model selection approaches (Lee et al., 2021; Reisinger et al., 2008; Lattimore and
Szepesvari, 2020; Lai et al., 1985; Gittins, 1979; Thompson, 1933; Kuleshov and Precup,

2014; Mannor and Tsitsiklis, 2004) aim to identify the best performing models from a set of
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pre-defined behaviors by deploying each policy multiple times and evaluating their perfor-
mance. Bandit algorithms (Lai et al., 1985; Thompson, 1933; Gittins, 1979), for example,
trade off between exploitation (choosing the learning-informed policy that has performed
best so far) and ezploration to pick another policy that could improve performance. Upper
confidence bound (UCB) bandits (Lai et al., 1985) compute statistical bounds on potential
performance for each available policy based on the observed performance of each and how
often they have been deployed. However, bandit algorithms are often black-box, and so
tightening these bounds often requires the robot to go through multiple planning attempts
and incur poor behavior before such policies can be ruled out. Owing to the expense as-
sociated with lengthy (and poor-performing) navigation trials, data efficiency is critical for
such selection approaches to be practically useful.

Instead, we reuse data collected during a trial to evaluate how well other alternative
policies could have performed and use this evaluation to tighten the bounds on policy se-
lection: a procedure for introspection we refer to as offline alt-policy replay, illustrated in
Fig. 3.1. Based on the information collected during each of its trials, the robot, with-
out collecting additional information from the environment, replays how each of its other
alternative policies could have performed. Our offline alt-policy replay approach makes
an optimistic assumption about space not seen during the navigation trial (i.e., that the
robot will spend only a minimal amount of time in unseen space) allowing us to compute a
strict lower bound on the possible performance of each policy. This information constrains
bandit selection—exploration should never select a policy that could not have improved
performance during deployment so far—and improves data efficiency of selection.

Our offline alt-policy replay approach depends upon having a planning strategy for
which an accurate bound on its would-be performance can be determined via only the
limited information collected during the robot’s trials so far. Not all planning strategies are
amenable to such replay, including model-free approaches trained via deep reinforcement
learning (Mallozzi et al., 2019; Kulhanek et al., 2019), which can be brittle to changes

in their inputs (Henderson et al., 2018; Huang et al., 2017; Xiang et al., 2018). It is a
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key insight of this work that the recent model-based, learning-augmented learning over
subgoals planning (LSP) of Stein et al. (2018) is well-suited for this purpose. Under the LSP
abstraction, learning is used only to make robot-pose-agnostic predictions about statistics
of unseen space: e.g., the likelihood that a particular region of space will lead to the unseen
goal. Since its approach to learning is robust to changes in the robot’s location, offline
replay of LSP policies yields accurate lower bounds on cost that can be used to constrain
bandit-like selection.

In this work, we develop a procedure for data-efficient policy selection called offline
alt-policy replay, which leverages the information collected during navigation to evaluate
how well other alternative policies could have performed and thereby constrain bandit-like
selection of a set of Learning over Subgoals Planners (Stein et al., 2018). Our robot is
deployed in simulated maze and office-like environments with multiple learning-informed
policies: each relies on the learning over subgoals planning (LSP) abstraction and is trained
in a different environment. We demonstrate that our approach is able to quickly reduce
the average navigation cost within much fewer trials compared to baseline upper confidence
bound (UCB) bandit approach which generally takes longer to converge and has higher cu-
mulative regret than our approach. Our results validate that our approach reliably performs

better than the UCB bandit and is often able to perform selection much more quickly.

3.2 Related Work

Planning under Uncertainty POMDPs (Kaelbling et al., 1998; Littman et al., 1995) pro-
vide is a general framework to represent navigation and exploration under uncertainty (Can-
dido and Hutchinson, 2011; Kurniawati et al., 2011). However, they are computationally
intractable to solve, and so learning is used for planning (Stein et al., 2018; Richter et al.,
2014; Wayne et al., 2018; Zhu et al., 2017b; Kahn et al., 2018; Mirowski et al., 2016). Deep

reinforcement learning approaches are also widely used for planning in partially-mapped
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environments (Gupta et al., 2017; Zhang et al., 2017; Tai et al., 2017), but they are often
limited to short-horizon planning.

Model Selection  Online model selection approaches in reinforcement learning (Lee et al.,
2021; Reisinger et al., 2008; Ghosh and Chowdhury, 2022; Pacchiano et al., 2020) generalize
bandits and aim to identify best models from a set of available models. Bandit algo-
rithms (Lai et al., 1985; Thompson, 1933; Gittins, 1979), which are often black-box, trade
off between exploitation and exploration requiring the robot to go through multiple trials
with poor behavior before identifying a better policy.

Runtime Monitoring So-called runtime monitoring approaches aim to evaluate the
deployment-time reliability of learning-guided robot behavior (Rahman et al., 2021; Mal-
lozzi et al., 2019; Zhou et al., 2019; Daftry et al., 2016; Richter and Roy, 2017) to decide
whether one should continue using learning or resort to backup strategies in case of de-
graded performance. Most such approaches, however, focus on tackling issues associated
with shortcomings of local perception or aim to monitor performance in terms of the un-
derlying learned model’s raw predictions as opposed to the overall task performance (Zhou
et al., 2019; Daftry et al., 2016; Richter and Roy, 2017), thus limiting their effectiveness in

evaluating the goodness of long-horizon behavior.

3.3 Problem Formulation

3.3.1 Goal-directed Navigation in Partial Maps

Our robot is placed in a partially-mapped environment and tasked to reach a point-goal
in unseen space in minimum expected distance. We formulate this problem as a partially
observable Markov decision process (POMDP) (Kaelbling et al., 1998). The belief state b;
captures the partially-observed map and the robot’s pose at time ¢. The robot is equipped
with a planar laser scanner, and so it is capable of reliably mapping its surroundings in places
it has already seen and determining its location with high precision, a subset of POMDPs

recently coined as a locally observable Markov decision process (Merlin et al., 2020). Robot
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behavior is guided by a policy 7w that specifies the action the robot should take from the
belief b;, stored as a partial occupancy map m; and the set of visual observations collected
by the robot. During deployment, performance is measured as the average distance traveled
to reach the goal across a number of trials; a trial is a single traversal from start to goal in

a previously-unseen map.

3.3.2 Policy Selection during Deployment

We consider that the robot has access to a set of policies P = {my,mo, -+ ,mn}, and its

objective is to pick the policy that minimizes the expected cost during deployment,
" = argmin E[C ()] (3.1)
TeP
where E[C(7)] is the expected cost of policy C(7) during deployment. However, in general

we will not have direct access to the expected cost and must instead estimate it during

deployment via execution of multiple trials.

3.3.3 Limits of Black Box Policy Selection for Planning in a Partial Map

Black box policy selection methods—e.g., many bandit algorithms—aim to select policies
by balancing minimization of the average cost observed so far and exploration, so as to
occasionally select policies that have the potential to improve performance. For trial k +
1, the upper confidence bound (UcB)! (Lai et al., 1985; Sutton and Barto, 2018) bandit

algorithm selects the next policy 7+ according to

7% = argmin
TEP

Crl(m) — ¢ nl:(:) ] (3.2)

'Eq. (3.2) uses a lower confidence bound (LCB) instead of a UCB, since our performance estimates are
represented as costs instead of rewards and is therefore minimized. As such, we use the more common term
UCB to mean the approach in general rather than the upper bound itself.
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where Cy(7) is the average cost over trials 1-k in which policy 7 was selected, ny(7) is the
number of times policy m was selected (up to trial k), and ¢ > 0 is a parameter controlling
the balance between exploration and exploitation.

However, for navigation under uncertainty, each trial is expensive to execute, and the
results of these trials depend on the environment map and so often have high variance.
Policy selection via Eq. (3.2) is therefore often problematically slow to converge, limiting
the utility of this approach in practice. Narrowing the confidence bounds on the expected
performance of each policy requires deploying them, often multiple times, and therefore the
robot would potentially need to go through repeated attempts of poor performing behavior
before such policies can be ruled out. Instead, we aim to improve the data efficiency of
selection via a white-box selection strategy that uses offline alt-policy replay to compute
bounds on how well each policy could have done in the trials so far, and uses these bounds

to constrain selection.

3.4 Overview: Data-Efficient Policy Selection via Offline Alt-

Policy Replay

If we are to accelerate policy selection, we must be able to quickly tighten the bounds on
expected performance for each policy, prioritizing selection of the most promising policies
with fewer trials. As such, we seek to constrain policy selection by determining how well an
alternative policy could have performed if it had instead been in charge. While we cannot re-
deploy the robot to repeat the same trial with another policy, information collected during
the trial can be used to scrutinize alternative behaviors and determine a lower bound on
their performance even without deployment.

We seek to use deployment-time offline alt-policy replay to compute a lower bound on the
performance of policies that did not control the robot’s behavior during the trial. Using the
information collected by policy 7w during its trial, we can replay how every other alternative

policy @ € P\ 7 could have performed. Our offline alt-policy replay makes optimistic
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assumptions about space not seen during the navigation trial (i.e., that the robot will only
spend a minimal amount of time in unseen space), allowing us to compute a strict lower
bound on the mean performance of each policy so far (see Sec. 3.7.3, 3.7.4). We use this
lower bound on the mean C'™ to constrain UCB bandit selection, so that policies that could
not have improved performance are not selected. Our Constrained UCB Bandit algorithm

selects according to

7 = argmin | max | C}(7), Cr() — ¢ Ik (33)
weP nk(ﬂ-)

Intuitively, Eq. (3.3) always picks the tighter (i.e., higher) of the lower bounds between (i)
C, the lower bound computed via offline alt-policy replay, and (ii) bound computed by
UCB algorithm as shown in Eq. (3.2) and then minimizes over this bound to pick a policy

for next trial.

3.5 Offline Policy Replay Requires a Planning Approach Ro-

bust to Vantage Point Change

Scrutinizing alternative behavior to determine the lower bound on cost C}’(7) needed for
selection via our constrained UCB bandit algorithm, Eq. (3.3), requires that we can per-
form offline alt-policy replay of robot behavior under an alternative policy without actually
deploying the robot. In general, replaying a policy offline requires an ability to generate
observations from poses the robot may not have visited, which for many learning-informed
planning strategies in this domain will not accurately reflect how the policy would have
behaved if it had been in control of the robot. Many approaches to vision-informed naviga-
tion under uncertainty, particularly those relying on deep reinforcement learning (Kulhdnek

et al., 2019; Mirowski et al., 2016), require observations (images) from poses and vantage
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points not visited during the original trial and can be brittle to even small changes (Hender-
son et al., 2018), and so replay of such policies is unlikely to yield an accurate lower bound
on cost. As such, we instead require an approach to planning that is robust to changes in
viewpoint and a kind of policy that is robust to minor changes in robot pose and corre-
sponding observations, and can reliably reach the goal even in environments where learning

informs poor behavior.

3.6 Preliminaries: The Learning over Subgoals Model-Based

Planning Abstraction

It is a key insight that the learning over subgoals planning (LSP) of Stein et al. (2018)
is well-suited for offline alt-policy replay while being suitable for long horizon planning in
partially-mapped environments. LSP is a high level planning framework in which navigation
in a partially-mapped environment is formulated as a partially observable Markov decision
process (POMDP). In this abstraction, subgoals represent the robot’s high-level actions of
navigating to a frontier: i.e. a boundary between free and unseen region in the map. Each
action a; corresponding to a subgoal has three properties associated with it: likelihood that
the subgoal leads to the goal Ps(a:), expected cost of reaching the goal via the subgoal
Rs(a;), and expected cost of failure or exploration in case the subgoal doesn’t lead to the
goal Rp(at). A neural network, parameterized by 6, is trained via supervised learning
to estimate the subgoal properties Ry = {Psg, Rsg, Rrs} based on image observations
centered at the subgoal. A factored form of Bellman equation shown in Eq. (3.4) is used to

calculate the expected cost of each action,

Qo(be, ar) = D(by, ar) + Psg(ar)Rsp(ar) + (1 — Psg(ar)) | Ree(ar) + eif(lgf;\ Qo(bt, a)
a )\ at

(3.4)
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where D(b, ar) is the known cost of navigating to a frontier. The robot’s policy is then to

minimize expected cost:

mp(be) = argmin Qg(by, a) (3.5)
acA(bt)

Since learning is used only to make robot-pose-agnostic predictions of subgoal properties
using panoramic image oriented so as to face the subgoal, LSP is robust to changes in the
robot’s location and corresponding image observations, and is therefore suitable for offline

alt-policy replay.

3.6.1 Planning via Learning over Subgoals Planning

At each time step, the robot selects a high-level action a; via Eq. (3.4) that specifies the
subgoal towards which the robot will navigate. Upon selecting a high-level action, the robot
computes a cost grid over the observed map via A* (Hart et al., 1968) and selects a low-
level (short-horizon) motion primitive that makes the most progress towards the subgoal.
The robot (i) executes this primitive action, (ii) updates the partial map via laser scanner
observations, (iii) recomputes the subgoals (and, if necessary the subgoal properties Pg,
Rg, and Rp from panoramic images collected onboard the robot), and finally (iv) replans
via Eq. (3.4). As planning via LSP continually seeks out unexplored space until the goal
is reached, it is guaranteed to reach the goal if a feasible path exists, even when learning

informs poor behavior.

3.6.2 Network Architecture and Training

The neural network takes as input a 128 x 512 RGB panoramic image centered on a subgoal,
the relative subgoal location and the relative goal location. Our neural network architecture
and training procedure closely follow that of Bradley et al. (2021). The input image is
encoded by first passing through 4 convolutional layers and then concatenated with the

features representing the relative locations of subgoal and goal. These concatenated features

23



go through 9 convolutional layers and then 5 fully connected layers to output 3 subgoal
properties: Pg, Rg, and Rg.

To generate training data, we conduct hundreds of trials in previously unseen maps in
which the robot navigates from start to goal via a non-learned heuristic-driven planner,
collecting images of the environment at each step. The target labels for Pg, Rg, and Rg
corresponding to these images for observed subgoals are computed using the underlying
known map. Labels for Pg correspond to whether or not a path to goal exists via a subgoal.
Labels for the costs correspond to the travel distance to reach the goal through unknown
space if the goal can be reached via a subgoal (for Rg) and to a heuristic cost approximating
the distance robot would need to travel before meeting a dead end if the goal cannot be
reached via a subgoal (for Rg). Further details on data collection and training can be found

in Stein et al. (2018) and Bradley et al. (2021).

3.7 Approach: Offline Alt-Policy Replay via Learning over

Subgoals

Our approach leverages information collected during a trial to perform offline replay of poli-
cies. During offline alt-policy replay, we make optimistic or simply-connected assumptions
about the unseen space to compute an approximate lower bound cost for these policies

which is then used to constrain UCB bandit to accelerate policy selection.

3.7.1 Information Collection during a Trial

During a trial (a single navigation from start to goal), we record information needed for the
offline replay of other policies. For a trial k, the policy 7 determines behavior, producing
a record Zj that includes a list of tuples (X¢, I;) where X; = (x4, yt, ¢¢) is the robot pose
at time ¢ and I; is a panoramic image collected by the robot at time ¢. The record Z

also includes the partially-known occupancy grid map mgna obtained after reaching the
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goal. The record Zy = {(X¢, It)tc1.-M, Mhnal } is then used to perform offline replay of robot

behavior guided by every other policy.

3.7.2 Offline Alt-Policy Replay Overview

Upon completion of a trial (e.g., trial k), the robot seeks to replay behavior of all other
LSP-policies " € P\ 7™ using the record Zj it collected during the trial. Offline alt-
policy replay proceeds similarly to online planning via LSP, as described in Sec. 3.6.1: at
every replay time step 7, the robot updates its map using a simulated laser scan, computed
by ray-casting into the 2D partial map mgpna;, and subsequently recomputes the available
subgoals, each corresponding to a boundary between free and unknown space.

To compute the subgoal properties Pg, Rg, Rg associated with exploration into a par-
ticular region of unseen space, the robot requires panoramic images to be fed into its neural
network (Sec. 3.6.2). Though images will not be available at every point in the environment
during offline alt-policy replay, subgoal properties are instead estimated from nearby images
stored in Zj. Specifically, we find the pose Xpearest from Zj nearest to the current (replay)
pose X, that can see the subgoal of interest and then use its associated image Ipearest tO
estimate the subgoal properties. Using the estimated subgoal properties, the robot selects
a high-level action via Eq. (3.4), executes a low-level motion primitive to navigate towards
the selected subgoal-action, and this process repeats. Critically, if we replay the deployed

policy 7 using its own record Zj, we recover its behavior exactly.

3.7.3 Computing an Approximate Lower Bound Cost

As the robot navigates to goal during offline alt-policy replay, it might attempt to enter
space not seen by the robot planning with policy 7 and thus unknown in the partial map
Manal- Since this space is not known, we cannot know precisely what will happen in this
unseen space and so we instead make conservative assumptions about what could happen:
we assume that the robot either (i) reaches the goal in the shortest possible distance through

unseen space or (ii) is immediately turned around and must pursue a different route to the
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Deployment with Offline alt-policy replay with policy 7’
policy s Optimistic Lower Bound Simply-connected Lower Bound

After the robot attempts
to leave known space,
this frontier is masked.

Start

A ]
—

Goal

pmmmmm———

C™** (1) = min(d; + uq, d¢ + Up, -..)
(a) (b) ()

Figure 3.2: Lower Bound Cost Approximation: (a) Policy 7 guides the robot in a trial.
(b) During offline alt-policy replay, policy 7" attempts to leave known space via subgoal s
to try to reach goal with proposed path u,. The minimum of such paths obtained during
replay gives the optimistic lower bound of policy 7’. (¢) With simply-connected assumption,
the lower bound is the net distance travelled under policy 7’ during offline replay.

goal. Based on what we know about unseen space—e.g., whether or not the environment is
known to be simply-connected or the likelihood that there exists an undiscovered shortcut
to the goal—we can make different assumptions and use them to compute lower bounds
on the cost. Here (and visualized in Fig. 3.2) we discuss these different assumptions, their
implications, and when each is appropriate.

Optimistic Cost Lower Bound If we have no prior information about the structure of
unseen space, we make an optimistic assumption about unseen space: that all unseen space
is free and could therefore provide a potential route to the goal. Under this assumption,
whenever the actions from offline-replayed policy leads the robot to leave known space (via
a subgoal s’), we assume the robot could have reached the goal via the shortest possible
path in mgpa that passes through s’. Fig. 3.2(b) shows two examples of such alternative
paths. Upon attempting to leave known space, we compute the optimistic path cost, mask

that particular frontier (so that the robot must continue exploration through known space),
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and proceed with navigation. We generate such optimistic path costs every time the offline-
replayed robot attempts to leave known space. The shortest of these paths is the optimistic
lower bound cost C;”°"*(7') for a replayed policy 7’ in trial k.

Simply-Connected Cost Lower Bound If we were to know in advance that the envi-
ronments were simply-connected, we could come up with a tighter lower bound on the cost,
since the shortest path to the goal should exist within known space in mgpn, and routes that
leave observed space will not reach the goal. During offline-replayed navigation, whenever
the robot attempts to leave known space, the boundary through which it aims to leave is
masked as an obstacle before it is allowed to do so, forcing it to turn back and seek an
alternate route to the goal, Fig. 3.2(c). The total distance traveled to reach the goal is the
simply-connected lower bound cost C}Cb’s‘c'(ﬂ/ ) for a replayed policy 7'.

Weighted Approximate Cost Lower Bound In many environments, the optimistic
lower bound is not particularly tight, and so does not help to accelerate selection, yet if
the environment is not known to be simply connected, the simply connected lower bound
may be too high and not a lower bound on cost. Often, we can use our prior understanding
of an environment to determine the likelihood that alternative shortcuts to the goal could
exist in space the robot did not see during its trial. We introduce a parameter pg,... that
denotes the likelihood of the existence of a shorter path to goal. This parameter is used to
compute a third approrimate lower bound, defined as the weighted sum of the optimistic

and simply-connected bounds:
C]i;b%)wgt (7_[_/) — pshorccli;b’opt (71'/) 4 (1 o pshort)clzb’&c'(ﬂ/) (36)

While the weighted approximate lower bound cost may not strictly be a lower bound,
and so may violate guarantees of asymptotic regret bounds afforded by UCB bandit selec-
tion, we will show that this approximate lower bound cost helps to achieve good empirical

performance (Sec. 3.8.2).
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3.7.4 Combining Observed and Replayed Lower Bound Costs

As trials proceed, we compute an approximate lower bound on the mean C™, that combines
both averaged performance Cy(w) of policy 7 until trial k£ and the mean replayed lower

bound C'"™, the average cost computed from offline alt-policy replay via one of the lower

bounds defined in Sec. 3.7.3:

b\ Tk (m)Cr(m) + ny* () Corer
Crim = ng(m) 4+ ny* () (3.7)

rep

where ny(m) and n)"(7) are the number of times each policy has been deployed and offline-
replayed, respectively.
Constrained policy selection based on modified UCB bandit formulation discussed in

Sec. 3.4 leverages this lower bound C}*(7) to quickly identify the best-performing policy.

3.8 Experimental Results

We perform experiments in simulated maze and office-like environments (Fig. 3.3), evalu-
ating our constrained policy selection approach, Const-ucB, Eq. (3.3) against baseline UCB
bandit selection, Eq. (3.2). We conduct 200 deployments, each consists of 100 navigation
trials, each in a distinct, procedurally-generated map not yet seen by the robot. At the
outset of each deployment, the robot starts with a randomly selected policy. The policy
for subsequent trials is selected via our Const-UCB approach or the UCB bandit. Both our
Const-UcCB approach and the baseline UCB bandit approach use an exploration parameter
¢ = 100 in all experiments, empirically chosen on a held out test set to achieve good perfor-
mance on the baseline UCB bandit approach. We note that the results are not particularly
sensitive to changes in c¢. We additionally show results of deploying each policy individually
in the absence of policy selection to illustrate the necessity of deployment-time selection for

good performance across environments.

28



Maze-Gray Maze-Green
Office-Diff ~ Office-Base

(a) Maze Environments (b) Office Environments

Figure 3.3: The Simulated Environments. Robot-view panoramic images from sim-
ulation environments (top two rows) and samples of maps from (a) maze (b) office-like
environments. All our experiments are conducted in simulated environments rendered us-
ing the Unity game engine.

3.8.1 Maze-centric Results

Our simulated maze environments consist of randomly generated simply-connected mazes
in which the robot needs to navigate from start to unseen goal. Each generated map is
unique with randomized start and goal poses. To study the versatility and effectiveness of

our approach, we design three variations of the maze environments and train an LsP-based

Table 3.1: Average navigation cost for each policy in maze-centric environments without
policy selection

Maze-Green Maze-Gray Maze-Random

Non-learned 206.05 194.37 177.31
LSP-Maze-Green 150.39 483.20 557.99
LSP-Maze-Gray 618.87 154.03 418.98
LSP-Maze-Random 231.71 238.22 180.23
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Deployment Environment Maze-Green Maze-Gray Maze-Random
Num of Trials (k) k=10 k=40 k=100 | k=10 k=40 k=100 | k=10 k=40 k=100
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5 ;u:o § Const-UCB:CP:OPt (ours) 369.14  813.40 1180.50 278.2A  698.90 1076.90 417.8A  918.60 1249.100
5 E Const-ucB:cIbs-c- (ours) 259.2A 446.60 573.30 208.4A4 419.1¢ 565.00 309.5A 600.60 786.900
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Figure 3.4: Average Navigation Cost (mean) and Cumulative Regret (mean) for
deployments in maze environments, Fig. 3.3(a). Each deployment consists of 100
randomized navigation trials, each in a previously unseen maze. Mean cost and regret are
computed across 200 randomized deployments. For our approach Const-UCB, we show
results with optimistic C™°P* and simply connected C™*° lower bounds as discussed in
Sec. 3.7.3. The solid lines denote the mean, and the shaded regions show 10" to 90"
percentile. The symbols: triangle, diamond and square denote average cost (filled) and

cumulative regret (unfilled) at 10*", 40" and 100" trial respectively in both the table and
the plot for each environment.

policy (Sec. 3.6) in each. Shown in Fig. 3.3, the three maze environment variations are as

follows:

Maze-Green The floor is generally gray, but a green path on the ground connects the
start to goal. The green color is thus a signal an experienced agent should recognize

as leading towards the unseen goal.

Maze-Gray Similar to the Maze-Green environment, yet the color of the floor and path
are flipped: the floor is green with a gray path to the goal. Thus, this environment

should mislead policies trained in Maze-Green.

2For each environment, “Best Single Policy” refers to the policy which incurs minimum cost when deployed
in that environment. The costs incurred by Best Single Policy are underlined in Table 3.1 and 3.2.
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Maze-Random The green path on gray floor is placed randomly and is not a reliable

route to goal.

We train a LsP-based policy in each—yielding LSP-Maze-Green, LSP-Maze-Gray, and
LSP-Maze-Random—following the procedure in Sec. 3.6.2. Each LsP-based policy is trained
on 500 randomly generated mazes. Each maze map during a navigation trial is also distinct
and is not a part of the training set. We also deploy a non-learned optimistic baseline policy
that our approach can select; the non-learned policy, instead of using a neural network, uses
optimistic heuristics about the environment to compute the subgoal properties, namely that
each subgoal could lead to the unseen goal: i.e., Pg = 1.

We evaluate policy selection approach across 100 trials in each maze variation. Each
trial consists of a randomly generated maze not present during the training of corresponding
policies. Policy selection evaluation for each trial® is aggregated over 200 randomized de-

0th-percentile

ployments to compute statistics; we compute the mean and upper and lower 1
and show results in Fig. 3.4. We show average navigation cost and cumulative regret accrued
until ™ trial for each approach. UCB-Bandit is the baseline policy selection approach using
Eq. (3.2), and Const-UCB corresponds to our constrained policy selection approach using
Eq. (3.3).

The results in Fig. 3.4 show that in all environments, our constrained UCB (Const-UCB)
bandit approach accelerates policy selection, reducing average navigation costs within far
fewer trials than is possible with the UCB-Bandit alone. Consequently, our Const-UCB
approach accumulates significantly lower mean cumulative regret compared to UCB bandit:
88% lower in Maze-Green, 85% lower in Maze-Gray and 84% lower in Maze-Random owing
to quickly ruling out poor performing policies. The maze environments are constructed

so as to be simply-connected and selection with the simply-connected lower bound C'™=*<

achieves the best performance. Even if we did not know in advance that the environments

3For computational efficiency when computing statistics, each deployment randomly samples a subset of
100 distinct evaluation scenarios from a set of 150, run in advance of model selection for each policy.
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Deployment Environment Maze-Green Office-Base Office-Diff
Num of Trials (k) k=10 k =40 k =100 k=10 k =40 k = 100 k=10 k =40 k =100
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Eo £ g Const-UCB:C1P:OPt (ours) 174.034 158.88¢ 155.03M 642.21A 505.004 469.48H 622.17A 508.17¢ 475.46H
@
§ o censt-UCB:Clbj’ggst (ours) 165.654 154.23¢ 152.63H 467.63A 451.304¢ 446.58M | 476.77A 456.97¢ 452.43H
> e =0.
< 2 8 Const-UCB:C bs-c. (ours) | 163.01a 152.916¢ 152.03M | 454.224 446.934 444.77H 483.54A  458.35¢ 454.27H
© Best Single Policy2 150.39 150.39 150.39 442.95 442.95 442.95 424.84 424.84 424.84
=52 UCB-Bandit (baseline) 736.7A 2138.70 3603.1[] 3180.7A 6186.50 8495.40] 3389.6A 6978.60 10948.8[]
o
R Const—UCB:C’lb’Opt ours 332.2A 760.7¢ 1121.30 2003.2A  5053.60 7309.700 2374.3A 5848.00 9615.900
g o &
e E ConsthCB:C’Ib:"ggst (ours) 274.9A  504.00 674.80 222.1A  568.50 847.500 719.6A 1783.20 3599.20
Const-UCB:C' b,s.c. (ours) 249.8A 428.90 546.40 74.5A 230.9¢ 327.40 749.3A 1887.60 3737.30
400
—— UCB-Bandit (baseline) 1200 —— UCB-Bandit (baseline) 1200 —— UCB-Bandit (baseline)
o —— Const-UCB: C' (ours) " —— Const-UCB: C™**" (ours) - —— Const-UCB: C™*°" (ours)
S 300 —— Const-UCB: C"3¥ (ours) S 00 —— Const-UCB: C"%¥ (ours) S 900 —— ConstUCB: C[™3% (ours)
5 —— Const-UCB: C'*¢ (ours) § —— Const-UCB: C'™< (ours) 5 —— Const-UCB: C'™5< (ours)
B Best Single Policy g Best Single Polic E Best Single Policy
.%‘3200 \\ est Single Policy _%n 600 cst Si icy .g w00 i icy
z & z SO < 1 | = ! A
2100 & o £ 300
- 0 - 0 - 0
2 2 2
2 6000 & 12000 53 12000
& & 8000 & 8000
£ 3000 H 2
g Z 4000 g 4000
g 0 ft— ¢ 3] g = A £ g 045
© —3000 © —4000 © —4000
1 20 40 60 80 100 1 20 40 60 80 100 1 20 40 60 80 100
Num of Trials (k) in Maze-Green Num of Trials (k) in Office-Base Num of Trials (k) in Office-Diff

Figure 3.5: Average Navigation Cost (mean) and Cumulative Regret (mean) for
deployments in office-centric environments, Fig. 3.3(b).  Each deployment consists
of 100 randomized navigation trials, each in a previously unseen map. Mean cost and regret
are computed across 200 randomized deployments. For our approach Const-UCB, we show
results with optimistic C"™°P* weighted C"™"“&" and simply connected C'"™*° lower bounds as
discussed in Sec. 3.7.3. The solid lines denote the mean, and the shaded regions show 10"
to 90*" percentile. The symbols: triangle, diamond and square denote average cost (filled)
and cumulative regret (unfilled) at 10", 40" and 100" trial respectively in both the table
and the plot for each environment.

were simply-connected, our selection procedure using the optimistic lower bound C'™-°rt

outperforms baseline UCB bandit, demonstrating the utility of our approach.

3.8.2 Office-centric Results

We simulate navigation in procedurally-generated office-like environments consisting of
randomly generated interconnected hallways with rooms meant to look like offices with
furniture-like clutter. Each generated map is unique with randomized start and goal poses.
Fig. 3.3 shows example offices from our visual simulator. We design and experiment in two

variants of the office environments:
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Table 3.2: Average navigation cost for each policy in office-centric environments without
policy selection

Maze-Green Office-Base Office-Diff

Non-learned 206.05 448.60 476.88
LSP-Maze-Green 150.39 1667.70 1759.76
LSP-Office-Base 258.76 442.95 641.88
LSP-Office-Diff 306.45 942.62 424.84

Office-Base The hallway walls are painted with gray while room walls are yellow.

Office-Diff The wall colors for hallways and rooms are swapped to look visually different

from Office-Base.

Two LSP-based policies, LSP-Office-Base and LSP-Office-Diff, are trained in their corre-
sponding environments following the procedure in Sec. 3.6.2. Similar to maze experiments,
each LSP-based policy in office environments is trained in 500 randomly generated offices
while deploying on a different set of maps. In addition to these two policies, we deploy an
optimistic non-learned policy and the LSP-Maze-Green policy (see Sec. 3.8.1 for both), the
latter of which is trained in Maze-Green, showing cross-environment policy selection and
thus the flexibility of our approach. Deployment and statistics generation follow the same
procedure as described for maze experiments (Sec. 3.8.1).

The results in Fig. 3.5 show that our constrained UCB (Const-UCB) bandit approach
reduces the average navigation cost within fewer trials compared to the baseline UCB bandit
approach in all of our experiments, more quickly converging closer to the costs of the best
performing policy, and never under-performs the bandit. Consequently, our Const-UCB
approach accumulates significantly lower mean cumulative regret compared to UCB bandit:
85% lower in Maze-Green (with C™ bound), 96% lower in Office-Base (with C"™*“ bound)
and 67% lower in Office-Diff (with C, 4% bound) owing to quickly ruling out poor performing
policies.

Our office environment is not simply connected, and so only the optimistic lower bound

C"™°P* maintains guarantees on long-term convergence; the least tight of the bounds, it
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only non-trivially improves performance (i.e., constrains selection) when the office-trained
policies are deployed in the maze environment. However, even some assumptions about
the structure of unseen space are helpful for more strongly constraining selection. Though
they may violate theoretical guarantees on asymptotic performance in general, we show that
using the weighted lower bound cost C»4%', with a p = 50% likelihood a shorter alternative

path exists, and the non-simply-connected assumptions result in improvements over the

unconstrained UCB bandit in both office environments.

3.9 Contributions

We present a data-efficient policy selection approach that leverages learning over subgoals
planning (LsP)-enabled offline alt-policy replay to compute a lower bound on the perfor-
mance of policies based on the partial map and images collected from the environment during
navigation, and use bandit-like method to identify the best-performing policy quickly. Our
approach enables the learning-guided robot to reduce average navigation cost in a wide
variety of partially-mapped environments by picking only those policies that are known
to perform better or have the potential to do so and thereby significantly reducing the

cumulative regret compared to the baseline UCB bandit.
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Chapter 4: Multi-Strategy Deployment-Time Learning and

Adaptation for Navigation under Uncertainty

4.1 Introduction

Building upon the central thesis of enabling autonomous robots to introspect and improve
their deployment-time performance, this chapter extends the concept of introspection to
scenarios where robots must learn and adapt during deployment. We investigate how a robot
can reason about multiple concurrently evolving policies—each being learned or adapted
online—and introspectively determine which policy has improved and should be deployed
for effective performance in novel, unknown environments. This exploration advances the
theme of self-improving robotic systems central to this dissertation. The work presented in
this chapter has been published in Paudel et al. (2024).

Consider a robot deployed in an unknown environment and tasked to reach an unseen
point goal. The robot leverages learning to make decisions about where to go to most
quickly find the goal. However, depending upon how different the training and deploy-
ment environments are, learning may not always inform good behavior and the robot may
demonstrate poor performance during deployment. Thus, to perform well in a wide variety
of environments, the robot must improve its behavior during deployment, via strategies
such as visual domain adaptation or online policy learning. Problematically, there is no
one-size-fits-all approach to deployment-time learning or adaptation: each such strategy is
typically only suitable for addressing a subset of the types of changes a robot may encounter
during deployment or are slow to converge, risking poor performance during a potentially
lengthy or error-prone learning phase and limiting most such approaches in general.

If robots in this goal-directed navigation scenario are to perform well when deployed in

arbitrary unfamiliar environments, they could ideally run many strategies for adaptation
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and online learning in parallel and rely on run-time monitoring to select the best-performing
policy or strategy. Bandit algorithms (Lai et al., 1985; Thompson, 1933; Gittins, 1979) are
potentially useful, yet are prohibitively slow to converge in this setting. Other existing
work in the space of run-time monitoring (Rahman et al., 2021; Mallozzi et al., 2019; Zhou
et al., 2019; Daftry et al., 2016; Liu et al., 2024) or policy selection for reinforcement learn-
ing (Lee et al., 2021; Reisinger et al., 2008; Ghosh and Chowdhury, 2022; Pacchiano et al.,
2020) are similarly limited to short time horizons or fully-known environments and are not
straightforwardly applicable. Moreover, such strategies typically presume that the policies
are static, posing a risk when the policies improve during deployment: deciding to not select
a policy that was deemed to perform poorly early on—yet has improved considerably since
then—results in poor overall performance. Instead, we require an approach that can reli-
ably select between a family of continually changing (non-stationary) policies being learned
or adapted during deployment.

In this work, we present an approach for data-efficient and reliable policy selection
capable of choosing the best-performing policies from an ensemble of policies, even when
many of these policies are being learned or adapted during deployment (Fig. 4.1). We
leverage insights from the recent work by Paudel and Stein (2023) whose offiine alt-policy
replay uses data collected by the robot from a navigation trial to simulate how another
policy would have performed, yielding lower bounds on its performance that constrain and
improve policy selection. As this approach does not consider that policies may change
during deployment, the rolling estimates of the performance of each policy quickly diverge
from their true expected performance as old performance estimates become stale. Instead,
we leverage offline alt-policy replay to refresh old data and so compute up-to-date bounds on
the would-be performance of each policy, allowing us to quickly select the best performing
policy even as the robot’s policies improve during deployment.

We deploy our approach in simulated maze-like environments where visual cues indicate

promising routes to the unseen goal. Via our approach, our robot is deployed with six
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Goal: Select the best of an ensemble of learning-informed visual navigation policies, even

as many of those evolve during deployment via online learning or visual domain adaptation.
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Figure 4.1: Overview of our approach for fast selection between non-stationary policies.

policies—a static pre-trained policy, a non-learned baseline policy, two policies being con-

tinually adapted via visual domain adaptation, and two policies being trained from scratch

using deployment-time data—and quickly chooses the best performing ones among these

when deployed. Notably, our approach correctly avoids the non-stationary policies early in

deployment before they learn to understand the environment yet quickly switches to them

once they improve, a capability that allows our approach to outperform all single-policy

strategies and existing policy selection baselines.

4.2 Related Work

Domain Adaptation Advances in visual domain adaptation (Ganin et al., 2016; Long

et al., 2015; Bousmalis et al., 2017; Hoffman et al., 2018; Taigman et al., 2017; Zhu et al.,

2017a) have made it possible to adapt systems trained in one domain to a different domain

during deployment. Visual domain adaptation approaches have been used to compensate
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for differences in the robot’s visual observations between the training and deployment en-
vironments (Bousmalis et al., 2018; Stein and Roy, 2018; Wulfmeier et al., 2017; Palazzo
et al., 2020; Bradley and Bagnell, 2009). However, visual domain adaptation approaches,
such as those that leverage CycleGAN (Zhu et al., 2017a), are not always suitable for im-
proving performance, especially when domains are drastically dissimilar, requiring careful
consideration for their uses on robotic systems where reliability is of critical importance.
Deployment-Time Adaptation The idea of adapting robots during deployment has
been explored widely in the robotics literature. Many approaches focus on short-horizon
robot behavior such as adapting low-level motor controls or locomotion in diverse ter-
rains (Kumar et al., 2021; Zhu et al., 2023; Chen et al., 2023; Smith et al., 2022; Hansen
et al., 2021; Nagabandi et al., 2019). As such, they are not concerned with long-horizon
behavior where the robot should consider the impacts of its immediate actions far into the
future, the focus of this work.

Runtime Monitoring Runtime monitoring approaches aim to evaluate the reliability
of learned models used to guide the robot’s behavior during deployment (Rahman et al.,
2021; Mallozzi et al., 2019; Zhou et al., 2019; Daftry et al., 2016; Richter and Roy, 2017;
Liu et al., 2024) and decide whether a fallback policy should instead be used. However,
these approaches focus primarily on evaluating certain subsystems (e.g., the perception
system) (Mallozzi et al., 2019; Liu et al., 2024) or scrutinizing a learned model’s raw output
instead of the robot’s task performance (Zhou et al., 2019; Daftry et al., 2016; Richter and
Roy, 2017), thus limiting their applicability for evaluating the robot’s long-horizon behavior
for navigation in partially-mapped environments.

Policy Selection can be thought of as model selection applied to choosing between robot
behaviors (Paudel and Stein, 2023). In reinforcement learning, model selection (Lee et al.,
2021; Reisinger et al., 2008; Ghosh and Chowdhury, 2022; Pacchiano et al., 2020) is often
treated as a generalized form of multi-armed bandit problem (Sutton and Barto, 2018).
Using bandit algorithms (Lai et al., 1985; Thompson, 1933; Gittins, 1979)—which are often

black-box—for policy selection requires trade off between exploitation and exploration and
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hence the robot has to potentially go through multiple trials with poor behavior before a
better policy can be identified. White-box policy selection (Paudel and Stein, 2023) has
shown recent promise in data efficiency, yet so far only consider stationary policy selection,
ill-suited for policies that evolve during deployment.

Adaptation with Meta-Reinforcement Learning Many problems in robotics have
leveraged meta-reinforcement learning (meta-RL) approaches for learning robot policies that
can be adapted to new tasks or scenarios (Nagabandi et al., 2019; Arndt et al., 2020; Ajay
et al., 2022; Schoettler et al., 2020; Shin et al., 2022). While meta-RL is most effective
when provided access during training to a distribution over environments to which the
deployment-time environments may belong, our work is geared more towards reliably iden-
tifying and deploying existing general-purpose online training and domain adaptation tools
meant to handle systematic differences between training and deployment-time environments.
As such, our approach allows for integrating a wide range of existing learning/adaptation
strategies as demonstrated in our experiments with a mix of different policies—something
that meta-RL is not geared towards. Additionally, our approach makes no assumptions
about similarities between training and deployment environments while still benefiting from

asymptotic performance guarantees.

4.3 Preliminaries

For robots to perform well across a variety of unfamiliar environments, they must have the
ability to simultaneously apply multiple deployment-time learning and domain adaptation
techniques in parallel, so that they may choose the best-performing of them when deployed.
We model this scenario as an instance of policy selection. While the policies themselves are
non-stationary—they change over time as the robot is deployed and collects data—we must
first discuss the fundamentals of goal-directed navigation in partially-mapped environments
and strategies for stationary (static) policy selection in this domain, needed to understand

our approach.
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Goal-Directed Navigation in Partially-Mapped Environments For each trial, our
robot is placed in a partially-mapped environment and tasked to reach an unseen point-
goal in minimum expected cost, measured in units of distance. Planning under uncertainty
is often formulated as a partially observable Markov decision process (POMDP) (Kaelbling
et al., 1998). As planning via the POMDP model directly is computationally intractable,
many planning strategies in this domain rely on learning to anticipate what may lie in
unseen space and thus inform good behavior. The robot’s policy m consumes a belief
state by—including the robot pose ¢, the partial map m,, and visual observations collected
onboard the robot o;—and returns a primitive action a; specifying the robot’s behavior.
For all policies in this work, images are used to inform learning, which makes predictions
about unseen space to guide the robot more quickly to the unseen goal.

Policy Selection over Multi-Trial Deployments A single deployment consists of a
sequence of trials, each a single traversal from start to goal in a previously-unseen map.
We consider the scenario in which the robot is deployed with an ensemble of policies II =
{m1,ma,--- , N}, each defining a different behavior. The objective of policy selection is to
determine, during a deployment, which of those policies performs best in the deployment-
time environments:

7 = argmin E[C(7)] , (4.1)
well

where E[C()] is the expected cost of policy 7 in the deployment environment distribution.
In practice, the expected cost is approximated by deploying the policy multiple times and
averaging the performance: E[C(r)] ~ C(), the average cost of the trials in which policy

7w was deployed.

4.3.1 Black-box Policy Selection via Multi-Armed Bandits

Selecting the policy that minimizes C'(7) is unwise in general, since the randomness inherent
in the deployments means that the best-performing policy may be incorrectly ruled out

early on and never selected again to improve the estimate of E[C(7)] with no recourse to
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Though we deploy a policy ntpep oy, We might want to know how well another policy
7 could have done:

Deployment with w,, . Offline Replay with &, ,

n,.. would have
underperformed
here

Using data from deployment of mpp; oy, offline alt-policy replay computes a lower
bound C®(m,; 1) on the would-be cost of deploying another policy T, .

Figure 4.2: Overview of Offline Replay

recover. Instead, the UCB multi-armed bandit (Lai et al., 1985) balances exploitation with
exploration, incentivizing selection of policies that have been chosen less often to improve
the estimate of E[C(m)]. For trial k + 1, uCB bandit selection specifies one choose policy

70+ according to

a**tY = argmin
mell

Ci(m) —c Ik ], (4.2)

where Ci(7) is the average cost over trials 1-through-k in which policy 7 was selected,
nk () is the number of times policy m was selected through trial k, and ¢ > 0 is a parameter
controlling the rate of exploration. In practice, each trial of goal-directed navigation is ex-
pensive and the resulting cost samples have high variance. Thus, black-box policy selection
approaches such as this are problematically slow to converge, making them impractical for
policy selection in this domain despite their desirable guarantees on asymptotic sub-linear

regret.
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4.3.2 Data-Efficient Policy Selection via Offline Alt-Policy Replay

A central challenge of black-box model selection approaches is their data inefficiency, as
each deployment yields only a single data point for a single policy. If it were instead
possible to use the images and partial map collected during a trial to determine how well
other policies could have performed—a bound on performance—we could use it to inform
policy selection and so accelerate convergence to the best-performing policy. Paudel and
Stein (2023) present an approach they term offline alt-policy replay in which data collected
during deployment of policy 7 is used to simulate the would-be behavior of another policy
7’ placed in the same environment.

Under this approach, deployment of policy m during trial k£ yields a record Zj, of all its
poses and observations of the environment. This partial snapshot of the environment is
used to simulate how another policy 7’ would have acted, letting it navigate and reveal the
environment and receive the image observations it needs to make predictions about unseen
space that inform its behavior. Offline replay produces a lower bound on the performance of
7’ had it instead been deployed: C}’(n’") = OFFLINEREPLAY (7', Zi) < Cy(n’). Thus, each
trial yields information about the performance of all policies m € II. The average lower

bound after k trials, C}°(7'), constrains bandit-like policy selection:

7 = argmin [max (C’}f(w)7 Cr(m) —c In & )] (4.3)
mell ny ()

Offline alt-policy replay results in dramatically faster convergence to the best-performing

policy while still preserving guarantees on asymptotic sub-linear regret. However, like the

bandit algorithm before it, this approach presumes that the policies themselves are station-

ary, and so is not well-suited to select between policies being learned or adapted online, the

focus of this work.
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In learning over subgoals planning (LSP), actions correspond to navigating to frontiers:

'Action 1 leads|
to goal:
\PSZI, RS:40

Action 2 leads
to dead end:
PSZO, RF:30

.
L TR PR, o

Learning estimates the likelihood (Py) that the frontier-action leads to the goal and its
associated costs (Rg and Ry). Using these estimates, planning is done via Eq. (4.4).

Figure 4.3: Overview of learning over subgoals planning (LSP).

4.3.3 Learning over Subgoals Planning: A Learning-Augmented Model-
Based Planning Abstraction

A key enabler of offline alt-policy reply is the requirement that planning be done via a policy
amenable to counterfactual reasoning—i.e., What would policy 7" have done if it had instead
been placed in this situation?—with which the behavior of policy 7’ can be simulated. As
such, our policies are based on the learning-informed model-based learning over subgoals
planning (LsP) by Stein et al. (2018), which satisfies this requirement.

Learning over subgoals planning (LSP) is a high-level planning framework for learning-
informed model-based navigation in a partially-mapped environments. Under this abstrac-
tion, subgoals correspond to frontiers, each a boundary between free and unknown space;
high-level actions a; correspond to navigation to a subgoal and then exploration beyond
to attempt to reach the unseen goal. The robot uses a learned model to make predictions
about unseen space beyond each subgoal, information it uses to decide where to reveal
next. The learned subgoal property estimator, a neural network Ny parameterized by 6 and
trained via supervised learning, consumes panoramic images in the vicinity of each subgoal

to estimate the likelihood that each subgoal-action will successfully reach the goal Pgg and
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the expected costs associated with success Rgp and failure Rpg to reach the goal in un-
seen space. Upon failing to reach the goal via a high-level action a;, the robot must select
another action a € A\ a;. Planning is model-based, with the expected cost of a high-level

action defined by a Bellman Equation:

Qo(be,ar) = D(by,ar) + Psg(ar)Rsg(ar) + (1 — Pgg(ar)) | Rro(ar) + ejr(lgf;\ Qo(b),a)
a ¢)\at

(4.4)
where b; is the robot’s belief, D(b;, a;) is the travel cost to reach the subgoal a; via known

space, and 52 is the approximate updated belief, which reflects that the robot has moved
to the subgoal a;. Planning seeks to find the action a; that minimizes expected cost:
mg(by) = argmin, Qg(b¢, a); the robot replans whenever the map is updated, proceeding
until the goal is reached.

As our approach builds upon the insights of offline replay, all navigation policies in this
work rely on the learning over subgoals planning (LSP) abstraction. Planning for each is
done via Eq. (4.4), and so policy selection in this context can be thought of as choosing
the network model Ny whose predictions about unseen space {Psg, Rs g, Rpp} result in the

best performance when deployed.

4.4 Multi-Strategy Deployment-Time Learning and Adapta-
tion
4.4.1 Problem Formulation: Non-stationary Policy Selection

We seek to achieve minimum-expected-cost performance for navigation in partially-revealed
environments. Our robot is deployed with an ensemble of learning-informed policies—many
of which are being learned or adapted after each trial—and seeks to pick the best performing
strategy during deployment. We formulate this problem as an instance of non-stationary

policy selection. A deployment is a sequence of T trials, each a navigation from start to
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goal in a previously unseen map. As many of the policies are learned or adapted and so
evolve over time, we add an additional subscript k& to denote the policy after trial k. Thus,
before trial k + 1, the robot has access to N policies Iy = {7, Tou, ..., i} and seeks to

pick the one that minimizes expected cost via

70 = argmin E[C(7r,,)] - (4.5)

7rr),kel_[k:

Though Eq. (4.5) resembles Eq. (4.1), computing the expected cost of policies in Eq. (4.5)
is challenging because the policies themselves are continually being updated via learning
or adaptation during deployment. The policy selection strategies discussed in Section 4.3
(Eq. (4.2) & (4.3)) use a rolling average to estimate E[C(m, )], which quickly diverges from
the true estimate for policies that improve via deployment-time training or adaptation,
reducing the robot’s performance. Instead, if selection is to quickly and reliably converge
to the best performing policy, there is a need for an approach that can compute accurate

bounds on the performance of each policy 7,, even as they improve.

4.4.2 Approach: Selection over Non-Stationary Policies being Continu-

ously Learned or Adapted During Deployment

We present an approach that performs data efficient policy selection over a set of policies
that are continually learned or adapted during deployment. Our policy selection approach
chooses policies based on the selection strategy of Eq. (4.3), yet rather than using rolling
averages of the lower-bound costs C_’}gb and the deployment costs Cj, that fail to consider the
evolving nature of the robot’s policies, we instead rely upon OFFLINEREPLAY to refresh the
estimates of the robot’s performance.

Computing Up-to-Date Bounds on Performance Whenever one of the robot’s poli-
cies is updated, via domain adaptation or learning with data it collects during deployment,
its behavior may have changed. Thus, Ck(7,) # Cr(Tai1) # -+ # Ck(m,1) in general and

so using a rolling average of performance will result in poor selection performance and miss
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out on choosing policies that may have dramatically improved. Just as offline alt-policy
replay can be used to determine the would-be performance of alternate policies after each
trial, we can leverage this approach to revisit old trials to determine how well the robot’s
updated policies would have performed. We use the data the robot collects until trial k (the
records {Z;};—1,...x;) to replay how each of the robot’s updated policies would have behaved
in older trials, letting us get a much more accurate estimate of that policy’s expected per-
formance and performance bounds. For each updated policy 7, € Ili, the updated lower

bound performance is computed by replaying its behavior for all trials:
k
~1b 1
Cy(mus) & - Y OFFLINEREPLAY(r, ., Z;) (4.6)

The average cost of deployed policies C(m, ) is recomputed similarly. We note that our
problem setting envisions that robots will not be in constant operation and can perform
much of this computation for training or re-evaluation while idle and waiting for its next
navigation objective.

Policy Selection using Updated Performance Estimates We use the selection
approach of Eq. (4.3) to perform policy selection, yet use our updated estimates of the
performance of the robot’s policies—lower-bound costs C_’}Cb and the deployment costs Cj,
computed via Eq. (4.6)—in place of their rolling averages. After each trial k, the robot
initiates a procedure to learn or adapt its non-stationary policies using the data it has so
far collected {Z;};—1 ... Before trial k + 1, it computes updated performance estimates
for each of its updated policies 7, € Iy via Eq. (4.6) and selects the policy to deploy via
Eq. (4.3). Since data from new trials are continually added to record Z for training and
offline replay, these policies will asymptotically converge to static policies after many trials,

and we preserve bandit-like guarantees on sub-linear asymptotic regret.
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4.4.3 Deploying an Ensemble of Policies

Facilitated by our approach, we deploy our robot with an ensemble of policies; some are
unchanging (e.g., the robot’s pre-trained policy) and others evolve and improve during de-
ployment as more data is collected—e.g., those that rely on visual domain adaptation or
are trained from scratch. Policies in the ensemble are chosen so as to capture potentially
distinct scenarios during deployment. Each such policy depends on the learning over sub-
goals planning (LSP) approach discussed in Section 4.3.3, and so policy selection and domain
adaptation in this context can be thought of as simultaneously improving and choosing be-
tween feed-forward models that make predictions about unseen space. Here, we discuss the
different strategies employed by each policy our robot is deployed with.

The Pre-Trained Learning-Informed Policy [Stationary| 7. The robot is
equipped with a static policy trained in advance of deployment, a LSP policy well-suited
to good performance in the training environments. If we were to know in advance that
the deployment-time environments matched the training environments, we would expect
this policy to perform well and so no policy selection would be necessary. However, this
work considers the more general case wherein the deployment environments may differ non-
trivially compared to those seen during training, leading to poor performance when relying
Ol TprpTrAIN -

The Non-Learned Optimistic Policy [Stationary] myoweuwer  We also deploy the
robot with an optimistic planning strategy: a common non-learned strategy in which unseen
space is assumed to be unoccupied. The non-learned optimistic policy can be thought of
as a special case of LSP, in which P¢ =1 and Rg, Rp = 0, so that the robot simply selects
the shortest path through the partial map to the unseen goal, replanning when necessary
as unseen space is revealed. This strategy of optimism under uncertainty is unlikely to
outperform Tpgyreay When the deployment environments match those seen during training.
However, when deployed in an unfamiliar environment that differs significantly from the
training environment, the learned model underpinning 7pgereay may be misled by visual

features it cannot properly understand, making 7yowwesen @ reasonable backup strategy.
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Visual Domain Adaptation uses CycleGAN to learn a mapping
G from deployment-time images to tralmng -time images.
' Images from Training ~ Images from Deployment |
Environments Environments CycleG AN learns
the mapping G
using unlabelled
images.

é ‘ TCOycLEGAN

- TTPRETRAIN Action

G

/

Mapping G is used to overcome visual shift.

Figure 4.4: Adaptation of a pre-trained policy using visual domain adaptation.

Visual Domain Adaptation via CycleGAN [Non-Stationary| mcyaecan  Our robot
will use images it collects during deployment to perform visual domain adaptation via the
CycleGAN algorithm (Zhu et al., 2017a; Stein and Roy, 2018). Using unlabeled images from
the training and deployment environments, CycleGAN learns a mapping from one to the
other, as shown in Fig. 4.4. This mapping is used as a preprocessing step: deployment-time
images are made to look like training-time images and then fed to the robot’s pre-trained
policy Tpgerran- Lhe resulting policy Teyascan can thus compensate for visual dissimilarities
between training and deployment, and so can improve performance when such changes are
what limits the robot’s behavior.

However, visual domain adaptation cannot perform well in all deployment environments,
something policy selection must judge during deployment. For our experiments, we train
two models, one for 50 epochs Toyeraanse and one for 100 epochs Teyeipcanioo; and allow
policy selection to choose between them. Additional details of the CycleGAN approach and
training can be found in Section 4.4.4.

Training from Scratch during Deployment [Non-Stationary] ms..ce  Using data it

collects during deployment, the robot can additionally train an LSP-style policy from scratch
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while deployed. For LsP, the robot’s learned model estimates for each subgoal (associated
with a boundary between free and unseen space that may lead to the unseen goal) the like-
lihood Pg that the subgoal successfully leads to the goal and the expected costs associated
with reaching the goal Rg or needing to explore and turn back Rr. As the robot navigates,
it can label image data using the partial map to train an LSP model: routes the robot
discovered to reach the goal correspond to Ps = 1 and dead-ends to Pg = 0. Ambiguous
routes—potential routes to the goal the robot did not explore during deployment—can also
be included in the training data under either an optimistic prior, i.e., where all ambiguous
routes are labeled with Pg = 1, or a conservative prior, i.e., an assumption that unexplored
space is simply-connected, so that Pg = 0. During deployment, we train one such policy for
each of the optimistic prior Tycarenorr and conservative prior Tgeparancon- While these policies
will be invariably slow-to-converge towards good performance, they have the potential to
successfully improve performance even in environments where visual domain adaptation is
not well-suited. We use 5-fold cross validation (see Section 4.4.4) to determine an unbiased
estimate of the updated lower bound on performance and deploy a policy trained on all

trials.

4.4.4 Additional Implementation Details
CycleGAN Implementation and Training

We use the official PyTorch implementation of CycleGAN provided by Zhu et al. (2017a)
on GitHub!. As mentioned in Section 4.4.3, we train two models: one for 50 epoch and
another for 100 epochs. We use the default parameters for training except that we use a
batch size of 8 and no learning rate scheduling is done. We use learning rate of 0.0002
with Adam optimizer. The images are of size 512 x 128 and we perform default resizing
and cropping as a preprocessing step. 1261 images from 10 distinct maps in Maze-Green
(where Tpperrany 18 trained) are set aside as target domain images, and we sample 1300 images

from the source domain (either Maze-Gray or Maze-Blue) collected during deployment for

"https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
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training the CycleGAN model. Using only 1300 images from deployment-time environments
additionally helps to get an unbiased estimate of performance when replaying CycleGAN-

adapted policy Teyasgan On older trials from which the images were collected.

Learning over Subgoals Planning: Subgoal Property Estimator Network Imple-

mentation and Training

As discussed in Section 4.3.3, all learning-informed policies rely on the learning over subgoals
planning (LSP) abstraction for planning, a model-based approach that relies on a learned
model to estimate subgoal properties: statistics of unseen space associated with each of
the robots temporally-extended high-level actions to explore unseen space. The subgoal
property estimator network Ny corresponding to mpuuras is trained with data-collected in
500 distinct maps in Maze-Green where the robot navigates using the Tyowpearwss POlICY.
Data labelling procedure is similar to the one described for mgeen (Sec. 4.4.3) except that
at training time the underlying map is known and so can be used to generate ground truth
labels for subgoal properties Pg, Rg and Rp corresponding to all subgoals.

The subgoal property estimator network A is trained via supervised learning using
the data collected during an offline training phase. Our neural network architecture and
training procedure resemble that of Paudel and Stein (2023). The network takes as input
a 512 x 128 panoramic image centered on a subgoal, relative distance to the subgoal and
relative distance to the goal. The image is encoded by passing through 4 convolutional
layers and then concatenated with features corresponding to relative distances to subgoal
and goal after which the concatenated features are passed through 9 convolutional layers
and finally 5 fully connected layers to output 3 subgoal properties Pg, Rg and Rp. We use
a learning rate of 0.002 with a decay factor of 0.5 every epoch and train for 8 epochs with
Adam optimizer. We use cross-entropy loss for learning logits associated with Pg and 1.2
loss for learning Rg and Rp. The deployment-time training of subgoal property estimators

for myenaren follows a similar architecture and procedure.
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Offline Alt-Policy Replay Details

As discussed in Sec. 4.3.2, we use offline alt-policy replay to replay the behavior of a policy
without deploying it. To replay the behavior of a policy 7/, we leverage the record Z
collected during trial £ under a deployed policy w. At every time step during offline alt-
policy replay, the robot leverages the final partial map mg,., observed in trial k to simulate
the laser scan and updates its observed map as the robot moves. The frontiers—boundaries
between free and unknown space—revealed in the observed map corresponds to the subgoal-
actions that the robot can take to explore the region. To get the robot-view panoramic image
corresponding to a subgoal-action, we retrieve existing image in record Zj; that is closest
to and in line of sight to the subgoal and recenter it at the subgoal. This image is used
to estimate the subgoal properties Pg, Rg and Rp using a neural network corresponding
to 7’ which is then used to compute the next high-level action using Eq. (4.4). The robot
then simulates the low-level motion primitive to move towards the selected subgoal and this
process is repeated. At any point during simulated navigation, if the robot attempts to
enter a region that is unknown in the final partial map mg,., via a frontier, we mask that
frontier and force the robot to pick a different subgoal-action. The net distance travelled

to reach the goal via this procedure is the replay cost of policy 7.

Cross Validation for Reevaluating Older Trials

As mentioned in Sec. 4.4.3, we use 5-fold cross validation to get an unbiased estimate of the
performance of updated policies. Since our policies trained during deployment from scratch
(Tseraren) are based on the same data in record Z that is also used for offline alt-policy
replay to reevaluate older trials after updating the policies, such cross-validation approach
overcomes the risk of overestimation of performance during replay due to data leak. With
5-fold cross validation, 5 policies are trained, each on the data from four-fifth of older trials,
and replayed on the remaining one-fifth of the trials to get the revised performance estimates
for all older trials. Finally, a new policy is trained on data from all previous trials and made

available for the robot to choose from in the next trial.
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4.5 Experimental Results

We demonstrate the effectiveness of our approach in simulated maze-like environments, pro-
cedurally generated so that each navigation trial sees a unique map. Each deployment con-
sists of 50 navigation trials, each a traversal from start to goal through a previously-unseen
map. As described in Section 4.4.3, the robot has an ensemble of six policies to choose from
during deployment: II = {Txoureansens Tpretaams TovereGANsos TovereGANIo0s Tscrarcuoprs TscrarcuCon }
to save computation, the non-stationary policies are updated via learning or adaptation
only every 10 trials. In addition to our approach for non-stationary policy selection NON-
STATIONARYREPLAY, we include results with ucBBanDIT and ROLLINGREPLAY (Paudel and
Stein, 2023) policy selection, which performs selection via Eq. (4.3). We compare our NON-
STATIONARYREPLAY approach with ucBBANDIT and ROLLINGREPLAY baselines both of which
assume that the policies are stationary. While it would have been more suitable to compare
our approach with non-stationary policy selection approaches, existing potential baselines in
this area either assume policies are stationary or leverage knowledge we do not have access
to in the context of robot navigation, e.g. underlying distribution of a policy’s navigation
cost. As such, ours is the first to propose such non-stationary policy selection algorithm for
robot navigation under uncertainty, and hence our baselines only include the most suitable
stationary policy selection approaches from the literature.

We deploy in three maze variants, each with differing (often conflicting) visual cues
that signal routes to the unseen goal as shown in Fig. 4.5. Results (Fig. 4.6) show average
performance and cumulative regret of each selection strategy over time. We additionally
show (Fig. 4.6 bottom) our NONSTATIONARYREPLAY’s estimate of the cost lower bound C™
over time, lending insight into its selection process.

Deployment in Maze-Green: A green path signals routes to the goal, the floor is gray,
and a blue path leads to dead-ends. The stationary mpgerean iS trained offline in held-out maps

from this environment and so is the best. While the ucBBANDIT converges slowly, both
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'Maze-Green

Maze-Gray

Maze-Blue

Figure 4.5: The Simulated Maze Environments

NONSTATIONARYREPLAY and ROLLINGREPLAY expectedly select Tppuraan quickly, achieving
near-optimal performance.

Deployment in Maze-Gray: A gray path signals routes to goal, the floor is green, and
the blue path leads to dead ends. Misled by the green flooring, 7p.raay performs poorly
and so both NONSTATIONARYREPLAY and ROLLINGREPLAY, initially select the non-learned
TxosLearnen- HOWevVer, only our approach considers that policies may evolve during deploy-
ment. After 10 trials, the meyamgan policies improve via visual domain adaptation and our
approach quickly switches to them, achieving 57% lower cumulative regret compared to
RoLLINGREPLAY. Notably, selecting meyoncan before it improves would reduce performance;
thus, our NONSTATIONARYREPLAY outperforms all single-policy selection strategies.
Deployment in Maze-Blue: A blue path on the ground signals routes to goal, the floor is
gray, and the green path leads to dead ends. Teyoqan cannot resolve the visual dissimilarities
between training and deployment even after many trials, and so the policies trained from
scratch Tgopaen are the most promising approaches despite their slow convergence. After 30

trials, Tseurancon improves sufficiently and our NONSTATIONARYREPLAY selects it, resulting
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Deployment UCB ROLLING NONSTATIONARY Our Improvement
Environment | BANDIT REPLAY REPLAY (ours) | vs. UCB vs. ROLLING
02 Maze-Green 187.9 161.6 161.6 14.0% 0.0%
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:1 8 Maze-Gray 183.7 189.3 165.0 10.2% 12.8%
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=% Maze-Green 1375.2 61.2 61.2 95.6% 0.0%
~
g 8 Maze-Gray 1848.6 2131.2 916.2 50.4% 57.0%
=]
O Maze-Blue 2955.6 898.2 606.6 79.5% 32.5%
Maze-Green Maze-Gray Maze-Blue
‘g 700 ROLLINGREPLAY and 2004
. 3 (I)\‘T"(()tllﬂ\llg;:‘\Tl()NAR\’REPLAY 250 We .switch to TOYCLEGANI00 700 o
Sz 400 4] | shortly after adaptation. e TevesGaX performs ]
§ 2 400 20 1809 poorly and is not selected.
53
A
100 100 100
4 4000 ROLLINGREPLAY and 4000
E=p NONSTATIONARY REPLAY 2000
.L; = both correctly pick mprerran-
£ & 2000 2000
S
e
E'é& 708 . 0 We know to switch 200
) 700, L0 Tsorarencox 175
= 400 4004 Ss=zv T : 4
80 © Nemmen - T LT TP PP N N,
RS — ” 100
! 1 10 20 30 40 50 1 10 20 30 40 50 1 10 20 30 40 50
Num of Trials Num of Trials Num of Trials
Policy Selection Approach
UCBBANDIT ROLLINGREPLAY ~ —— NONSTATIONARYREPLAY (Ours)
Single Policy Deployment
TNONLEARNED TPRETRAIN —— TTCYCLEGAN50 ——TCyYCLEGAN100 —— TSCRATCHCON ——— TTSCRATCHOPT

Figure 4.6: Our NONSTATIONARYREPLAY policy selection approach outperforms both ucs-
BanpIT and ROLLINGREPLAY (Paudel and Stein, 2023) baselines in both Average Navigation
Cost and Cumulative Regret.

in 32% lower regret compared to ROLLINGREPLAY, a number that would continue to grow

with further trials.

4.5.1 Discussion of Trends in Results

Adaptation of 7Toyaecan in Maze-Gray and Maze-Blue As is mentioned in Sec-
tion 4.5, Maze-Blue has blue path signaling routes to goal and green path leading to dead
ends, and is deliberately designed to be indistinguishable from Maze-Green based only on
visual observations in absence of the information about goal location. To clarify, CycleGAN
does learn a reasonable visual mapping between the two environments: it learns an approx-

imate identity mapping (see images corresponding to Maze-Blue in Fig. 4.7) from the visual
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Maze-Gray to Maze-Green

Maze-Blue to Maze-Green

Figure 4.7: Images transformed from deployment-time environments (input) to look like
training-time environments (output) with CycleGAN-based visual domain adaptation. The
CycleGAN models trained after 40th trial are used to generate the images.

observations from each. However, we note that this mapping is not helpful for resolving
the best path to the goal since the robot is still drawn to follow the green path, which no
longer leads in the direction of the unseen goal. Hence, the performance of mcyqucan 1S poor
in Maze-Blue and say that “visual domain adaptation fails” to properly adapt. On the
other hand, in Maze-Gray, the color of the floor and goal-routes are swapped compared to
Maze-Green. CycleGAN learns a mapping between the two that “swaps back” the colors
of floor and path, a mapping that then allows the robot to correctly identify the best path

to the goal, resulting in improved performance of Teyowaan in Maze-Gray.

55



Figure 4.8: Sample Trajectories for mpuurean in Maze-Blue

Figure 4.9: Sample Trajectories for mp .y in Maze-Gray

Performance Differences of mp..rain in Maze-Blue and Maze-Gray The Tpyoraan
policy trained in Maze-Green would have learned to follow the green path to find the
goal and avoid the blue path to dead ends. As such, deploying it in Maze-Blue where
green path leads to dead ends and blue path leads to goal (as illustrated in the respective
environment’s figures in Section 4.5) would often mislead 7pu 1y t0 navigate towards the
dead ends increasing the cost to find the goal (see example trajectories in these environments
as shown in Figs. 4.8 and 4.9). In Maze-Gray, this phenomenon is less severe since the dead
ends are still blue and are often avoided by 7pgerran-

Performance Similarities of 7p,erain aNd Toyaecan in Maze-Blue As discussed in

the aforementioned paragraph, the visual observations from Maze-Blue and Maze-Green
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Table 4.1: Results of ablation with removing best learning/adaptation strategies corre-
sponding to Maze-Gray and Maze-Blue

Environment/ UCB ROLLING NONSTATIONARY | Our Improvement
Ablation BANDIT REPLAY REPLAY (ours) | vs. UCB vs. ROLLING
Maze-Gra
8 ey 1908 197.1 176.3 76%  10.56%
E 8 (W/O WCYCLEGAN)
o
>0 .
< (%iZiSBlué) 2346 202.3 202.3 13.8% 0.0%
Maze-G
=% ety 1917.0  2232.0 1191.6 37.8%  46.6%
E Fé-b (W/O 7TCYC[,|-10AN)
Sé Maze-Blue
O (W/0 Tsonsren) 2053.8  441.0 441.0 78.5% 0.0%

are similar in absence of the knowledge about goal. This causes CycleGAN generator in
Tevescan b0 effectively learn an identity mapping (see images for Maze-Blue in Fig. 4.7) and
therefore meyomean policies are effectively equivalent to mpuyrran (see Fig. 4.4 on how mpuprman

is used by Teyescan) resulting in very similar performances over trials in Fig. 4.6.

4.5.2 Ablation Studies

We study the effect of removing the most effective learning/adaptation strategies from
Maze-Gray and Maze-Green and see how the performance varies. Specifically, we remove
CycleGAN-based policies (Teyersaanse a0d Toyersaanioo) from Maze-Gray and policies trained
from scratch (Tseparencon ANd Tseparcnopr) from Maze-Blue.  The results are shown in Ta-
ble 4.1. We observe that in both environments, removing the corresponding best learn-
ing/adaptation strategies leads our NONSTATIONARYREPLAY approach still outperforming or
on-par with baselines. We also observe that the average navigation cost for our NONSTATION-
ARYREPLAY approach increases when the best learning/adaptation strategies are removed

compared to those in Fig. 4.6 where these strategies were included.
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4.5.3 Compute Platform and Execution Time

We ran our experiments on Intel 19 cPU with NVIDIA RTX A6000 GPU. The most com-
putational intensive tasks in our experiments are training the CycleGAN and the neural
networks. While deploying the robot with our approach, training a policy from scratch (8
epochs using data from 50 maps) would take around 5 minutes, and training a CycleGAN
(100 epochs with about 1300 images in each domain) would take around 3 hours. By con-
trast, performing offline alt-policy replay for a single policy on a single typical trial takes

about 20 seconds.

4.6 Discussion of Limitations

Although our policy selection approach is not particularly computationally intensive on its
own, each strategy for learning/adaptation relies on training a deep neural network, and so
requires considerable computation as the number of non-stationary policies grows. More-
over, our policy selection method relies on policies amenable to counterfactual reasoning—of
which learning over subgoals planning (LSP) is one—and so may not be directly applicable
for selection between model-free navigation methods, limiting its broad utility.

Our approach scales linearly in terms of both the number of policies and the number of
trials: the addition of a new trial requires that offline alt-policy be run for the policies that
were not deployed and, as policies are retrained, each old trial is re-evaluated. Such replay
isn’t computationally intensive—replaying a policy in a single typical trial takes roughly 20
seconds—and hence scales well over larger number of trials and policies. Additionally, our
policy selection approach is not particularly computationally demanding on its own, but
that the underlying strategies for training or adapting policies online (e.g., via CycleGAN)
can be expensive, costs that are not specific to our policy selection approach, and so should
not be seen as a limitation specific to our policy selection approach.

In real-world settings, the computation associated with training policies and selecting

between them will not preclude using policy selection via our approach; specifically, our
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problem setting envisions that robots will not be in constant operation and can perform
much of this computation and policy selection while idle and waiting for its next navigation
objective. Thus, such computation associated with our approach would not necessarily
impede navigation performance. For very lengthy deployments spanning thousands of trials,
indeed our approach might run into practical limitations since determining an accurate
estimate of the robot’s performance requires replaying all previous trials. In such scenarios,
one could consider only selectively replaying specific trials or randomly sampling a subset
of trials to replay to save on computation while preserving our asymptotic performance

guarantees.

4.7 Contributions

We present an approach to monitor and quickly select between learning-informed navigation
policies, many of which are being continuously learned or adapted during deployment.
Our approach facilitates deploying multiple-such strategies for learning and visual domain
adaptation in parallel, allowing our robot to choose the best among them over time as
demonstrated in simulated visual maze-like environments in which we outperform state-of-

the-art selection strategies by a considerable margin.
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Chapter 5: Object Search in Partially-Known Environments
via LLM-informed Model-based Planning and Prompt

Selection

5.1 Introduction

In this chapter, we apply the framework for introspection developed in Chapter 3 to the
emerging domain of large language model (LLM)-informed planning, where robot behavior
is informed by LLMs. We present a novel model-based planning abstraction for object
search in partially known environments that integrates the commonsense world knowledge
of LLMs with classical planning. Furthermore, leveraging our introspection approach, we
introduce a method for prompt and model selection—enabling robots to assess and improve
their performance during deployment by reasoning about how alternative prompts and LLMs
could have influenced their behavior, thereby reinforcing the central theme of introspection-
driven improvement under uncertainty proposed in this dissertation. The work presented
in this chapter has been published in Hossain et al. (2024) and Paudel and Stein (2025) and
is also under review in Paudel et al. (2026).

We consider the problem of object search in partially-known household environments,
in which a robot is tasked to find an object of interest and can use LLMs to inform the
robot’s behavior. Effective object search in these scenarios often requires (i) considering
the impacts of the robot’s immediate actions far into the future and (ii) an ability for the
robot to continuously self-evaluate during deployment to improve itself over time.

Model-based planning with a high-level action abstraction is a common decision-making
framework for embodied intelligence, since it not only enables deciding what action the robot

should do next but also enables reasoning farther into the future about the long-term value of
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by, ar € A(by)) = D(by,a) + R, by, ar) + (1 — Pg(a b (b Information collected during trial (e.g. objects found in explored
@n (b ar (b)) (br ar) search (b1, at) + ( s (@)@ (b, (b1) containers) and the map are used to replay the robot behavior
Cost of taking action g Computed from map ~ Known property of robot  Estimated using LLM  Cost of taking new informed by all other alternative Iprompts and LLMs, the outcomes
action after not of which are used for selection of best prompts and LLMs.

finding the object

f| Ps(a1)  With probability Py(a,),
the target object is found
rch is complete.

Trial 1 Trial 2
Deploy: Prompt 7, LLM 4; Deploy: Prompt 7, LLM A
—=

Replay
Costs’

cee Map and 2 cee
container
contents Offlinc
information % 2 : Prompy
searching. (2 c

Robot takes action a, to search
the counteriop incurring cost
D(bg,az) + Huoaren (b}

[The robot is looking for a book and has four containers it can search} Robot takes action ay to search

fridge (a,), countertop (a,), garbage can (a;) and side table (a,). ‘l';?‘h%‘-'j}w)s‘c Gan incurring cost:
7 a3) + Rucarcn (0, a3

(a) LLM-informed Model-Based Planning for Object Search (b) Deployment-time Selection of Prompts and LLMs

Figure 5.1: Our high-level action abstraction, in which actions correspond to searching
available containers to look for target object, enables (a) model-based planning in which
an LLM informs the likelihood Pgs of finding target object in a container and, (b) fast
deployment-time selection of prompts and LLMs for effective object search performance.
Mlustration in (a) demonstrates the search problem implicit in the Bellman equation, which
requires building a search tree to find the search policy that minimizes the expected cost.

a particular course of action. While many existing approaches that leverage LLMs for object
search tasks use a high-level action abstraction in which the robot’s actions corresponds to
exploration of spaces that might contain the target object (Dorbala et al., 2023; Zhou et al.,
2023; Yu et al., 2023; Arjun et al., 2024; Ge et al., 2024; Rajvanshi et al., 2024), they often
prompt the LLMs to directly decide what action the robot should pick next (Zhou et al.,
2023; Dorbala et al., 2023; Yu et al., 2023) without using a plannning framework. As such,
LLMs can struggle to achieve good performance on many planning tasks (Valmeekam et al.,
2022, 2023; Kambhampati, 2024; Kambhampati et al., 2024), particularly those necessary
for embodied intelligence, including object search. Moreover, it is well-established that LLMs
perform poorly on quantitative reasoning tasks (Lewkowycz et al., 2022; Arora et al., 2023;
Boye and Moell, 2025; Rahman and Mishra, 2025), a limitation that translates to difficulties
in choosing the best performing of a family of potentially suitable actions, resulting in greedy
or myopic behavior that model-based reasoning is designed to avoid. However, it is not

straightforward to integrate an LLM with a model-based planner and thus unclear how to
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best benefit from both model-based reasoning and the useful commonsense understanding
an LLM can provide.

In addition, the performance on object search tasks depends strongly on the choice of
prompting strategy—e.g., the prompt text, description of robot’s environment, in-context
examples, etc.—and LLM model, since choosing different prompts or LLMs can result in var-
ied performance when deployed, particularly when the deployment-time environments differ
from those that were considered when designing such prompts. As such, selecting only a
single prompting strategy or LLM in advance will not always elicit the best deployment-time
performance. Instead, the robot should be able to choose from more than one prompting
strategies or LLMs and evaluate each of those to pick the best ones during deployment. How-
ever, the process of deploying and repeatedly trying out prompting strategies or LLMs until
a clear winner emerges can be problematically time consuming in general, requiring many
trials to choose between them. Recent work in the space of point-goal navigation (Paudel
and Stein, 2023) presents offline alt-policy replay, in which model-based counterfactual rea-
soning can be used to afford choosing the best of a family of learning-informed navigation
policies, a strategy we seek to leverage for prompt and LLM selection.

To achieve effective object search performance, we therefore require a model-based ap-
proach that both informs and is informed by an LLM: with which we can plan using the
commonsense world knowledge of LLMs and also introspect during deployment so as to
quickly allow the system to select the best performing prompting strategy or LLM. It is
a key insight of this work that a model-based planning framework for LLM-informed ob-
ject search in partially-known environments can be built upon the same high-level action
abstraction used in similar approaches designed for learning-informed planning under un-
certainty (Stein et al., 2018). In addition, the same high-level action abstraction also affords
offline replay (Paudel and Stein, 2023), and so can facilitate deployment-time evaluation
of prompts and LLMs for object search tasks—the outcomes of which can then be used to

quickly select the best performing prompts and LLMs for object search tasks.
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In this work, we present an LLM-informed model-based planning framework for object
search in partially-known environments, and an accompanying approach for deployment-
time selection of the best prompts and LLMs for such LLM-guided object search tasks
(Fig. 5.1). Our model-based planning framework leverages a frequently-used high-level
action abstraction where the robot’s actions correspond to revealing unsearched /unopened
containers or furniture to look for a target object and leverages an LLM to make predic-
tions about statistics of uncertainty—namely, likelihood of finding an object of interest in
a location—to inform, rather than replace, model-based object search. Further leveraging
this abstraction, we enable fast deployment-time selection of prompts and LLMs, a capabil-
ity unique in this domain, by leveraging the offline replay approach of Paudel and Stein

(2023). Our contributions are as follows:

e We identify a high-level action abstraction as a key enabler of both model-based
planning with LLMs and introspection, with which such LLM-based systems can self-

evaluate deployment-time behaviors.

e We present a novel approach for LLM-informed model-based high-level planning for
object search in partially-known environments that integrates predictions about un-

certainty from LLMs and known traversal costs from the occupancy map.

e Leveraging the action abstraction upon which planning relies, we demonstrate fast
bandit-like selection of best prompts and LLMs from a family of candidate prompts

and LLMs used for guiding the robot behavior in object search tasks.

Experiments in simulated ProcTHOR environments demonstrate that our LLM-informed
model-based planning framework for object search outperforms LLM-based baselines that
directly ask an LLM what action to pick and optimistic baselines, resulting up to 11.8% and
39.2% improvements respectively. In addition, our prompt selection approach enables quick
selection of best prompts and LLMs from a family of prompts and LLMs, resulting in 6.5%
lower average cost and 33.8% lower average cumulative regret over baseline UCB bandit

selection. Real-robot experiments with a LoCoBot robot in an apartment building show
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improvements for both our LLM-informed model-based planning approach and our prompt

selection approach.

5.2 Related Work

LLMs and VLMs for Object Search Many recent works have explored the use of
LLMs and vision language models (VLMs) and for object search tasks (Dorbala et al., 2023;
Zhou et al., 2023; Yu et al., 2023; Arjun et al., 2024; Ge et al., 2024; Rajvanshi et al., 2024).
These works use LLMs or VLMs for their commonsense world knowledge to decide where
to search (Zhou et al., 2023; Dorbala et al., 2023; Yu et al., 2023). However, as they do
not use a planning framework, they are often fairly myopic in their search strategies. Our
work focuses on leveraging the commonsense knowledge from LLMs to inform rather than
replace planning to enable reasoning about long-horizon impacts of robot’s search actions:
a capability important to achieve good performance for object search in partially-known
environments.

LLMs and Planning LLMs have been widely used as planners (Irpan et al., 2022; Ra-
jvanshi et al., 2024; Silver et al., 2022; Song et al., 2023; Wu et al., 2024) or to augment
planning (Guan et al., 2023; Hazra et al., 2024; Zhao et al., 2024; Liu et al., 2023a; Nayak
et al., 2024; Zhang et al., 2025; Ling et al., 2025). LLMs have been recently used to di-
rectly solve task planning problems in planning domain definition language (PDDL), but
their abilities to generate feasible or correct solutions are brittle (Valmeekam et al., 2022,
2023). Some recent approaches therefore aim to integrate classical planning methods with
LLMs (Guan et al., 2023; Hazra et al., 2024; Liu et al., 2023a; Nayak et al., 2024; Zhang
et al., 2025; Ling et al., 2025). Our work is specifically focused on extracting statistics of
high-level exploratory actions from LLMs to inform a model-based planning framework for
object search.

Prompt Selection Prompt selection, which falls under a broader area of prompt engi-

neering (Sahoo et al., 2024; Liu et al., 2023b), deals with selecting the prompts that achieve
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the best LLM performance on downstream tasks (Yang et al., 2023). While there are ap-
proaches that aim to select the best prompts from predesigned templates (Liao et al., 2022;
Liu et al., 2023b; Sorensen et al., 2022; Yang et al., 2023), these approaches focus on select-
ing prompts that gets the best responses from LLMs on various benchmarks and hence are
not suitable for deployment-time selection of prompts in LLM-informed object search tasks,

the focus of this work.

5.3 Problem Formulation

Object Search in Partially-Known Environments Our robot is tasked to find a
target object ¢ in a household environment in minimum expected cost, measured in terms
of distance traveled. The environment consists of rooms, containers and objects. Containers
are entities in the environment that can contain other objects: bed, dresser, countertop,
etc. The containers are located in different rooms in the household environment. The belief
state by = {my, g} consists of the map m;—with a priori known locations of rooms and
containers but what objects exist in the containers are not known—and the robot pose
q¢, both at time ¢t. The robot must navigate to containers and search them to look for the
target object. Unexplored containers form the robot’s action space A and the robot’s policy
7w maps the belief state b; to a container search action a; € A(b;). Our search policies are
informed by LLMs and so depend upon the choice of LLMs and prompts used to query the
LLMS.

We presume that the robot has access to a low-level navigation planner and controller
that can be used to move about and interact with the environment. As such, the aim
of our planner is to determine the sequence of container search actions that minimizes the
expected cost of finding the target object. The performance of the robot during deployment
is measured as the average distance traveled by the robot to find the target object across
a sequence of trials, where each trial is held in a distinct map to find an object sampled

uniformly at random from the environment.
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Prompt Selection We consider that the robot’s policy has access to multiple prompt
templates and LLMs each represented as 8 = (P, N) where P denotes prompt template
and N denotes LLM. As such, the robot has access to a family of search policies II =
{mg,, mg,, -+ ,mp, } each with a unique prompt-LLM pair. The objective of prompt selection
is to pick the policy with a prompt-LLM pair 8 whose corresponding search actions result
in minimum expected cost of finding target objects during deployment over multiple trials

in distinct partially-known environments:

mp = argmin E[C(mp)] (5.1)
mg€Ell

where E[C(mp)] is the expected cost incurred by the robot upon using policy 7y with a
prompt-LLM pair 6 during deployment. This problem can be formulated as a multi-armed
bandit problem (Sutton and Barto, 2018), solved via black-box selection algorithms like

ucB (Lai et al., 1985) using Eq. (5.2):

Rl argmin [ Cru(mg) — ¢ ml:; 7’:9) ] (5.2)
where Cy(mg) is the average cost over trials 1-through-k in which policy 79 with prompt-LLM
pair 0 was selected, ny(mg) is the number of times policy 7y was selected until trial k£, and
¢ > 0 is a parameter controlling the balance between exploration and exploitation. However,
such approaches can be slow to converge, requiring the robot to go through multiple trials
of poor performance before the best policies can be identified. White-box approaches can
accelerate selection (Paudel and Stein, 2023; Paudel et al., 2024), but rely on planning
abstractions that support counterfactual reasoning about robot behavior. It is our insight
that LLM-informed planning strategies can be made compatible with such approaches and

so can afford prompt and LLM selection in this setting.
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5.4 LLM-informed Model-based Planning for Object Search

Here, we introduce our approach for LLM-informed model-based planning for object search
before we discuss prompt selection in Section 5.5.

We want an approach that can leverage the commonsense world knowledge of LLMs
to inform model-based planning rather than using LLMs to replace planning altogether.
To achieve this, we introduce an approach for LLM-informed model-based object search,
in which we seek to perform model-based planning wherein planning is augmented by the
predictions generated by an LLM about the object locations.

Our approach takes inspiration from the learning over subgoals planning (LSP) approach
of Stein et al. (2018). Their approach, designed around the aim of effective long-horizon
point-goal navigation, is centered around using learning to estimate statistics associated
with temporally extended actions for exploration; a learned model, trained in environments
similar to those the robot sees when deployed, estimates the goodness of each such ex-
ploratory action and the likelihood that exploring the space that the action corresponds to
will reach the unseen goal.

Our LLM-informed model-based object search framework adopts a similar planning ab-
straction. In this framework, each high-level action corresponds to searching the containers,
which are entities in the environment that contain other objects: bed, dresser, countertop,
etc. A search policy 7 specifies the sequence of search actions the robot intends to take to
find the target object. Each such search action a; € A(b;) has an immediate cost of first
traveling to the container—corresponding to a distance D(b;,a;) computed via A* from
the occupancy grid—and then searching the container for the target object, which has a
(known) search cost Rgearch(bt, a:). With a probability Pg, the container contains the tar-
get object and so the corresponding search action successfully finds the object. Otherwise,
with probability 1 — Pg, searching continues in other containers after picking another con-

tainer search action (Fig. 5.1(a)). The expected cost of a search action a; under policy 7 is
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computed using a Bellman equation:

Qr(br,ar € A(b)) = D(bs, ar) + Rscareh (bt, at) + (1 — Ps(at))Qx (by, m(b})) (5.3)

The robot’s policy 7(b;) = argmin, Q~(b,a € A(b;)) can be used to compute a search
plan: the sequence of actions that minimizes the expected cost via Eq. (5.3) to find the
target object. To speed up planning, we limit the action space using heuristics to choose
up to eight containers with high likelihoods Pg and low travel costs D and select among
them the container with lowest expected cost, incorporating additional containers as the
robot moves and searches. It should be noted that our planning strategy is complete since,
explored containers are removed from candidate action set and so in the worst case, the
robot explores all available containers to find the target object if it exists. Using an LLM
as the knowledge repository of where common objects of interest might be located in the
given environment, we prompt the LLM provide an estimate of the marginal probability
Pg and use it to compute the expected cost via Eq. (5.3). Such augmentation of planning
with predictions from LLMs enables effective reasoning without explicitly relying on LLMs

for multi-step reasoning thereby enabling improved performance.

5.5 Prompt Selection for LLM-informed Object Search

5.5.1 Overview of Prompt Selection

When using an LLM to inform planning for object search, prompts used to query LLMs
for object likelihood predictions would ideally result in effective performance. However,
effectiveness of a plan in the context of object search in partially-known environments can
only be realized after the robot executes them in the environments. Thus, a poor prompting
strategy may only be identified as such after the robot deploys and relies upon that LLM
and prompt combination—a costly strategy of trial-and-error for robot navigation tasks.

Instead, if we could identify poor prompts while limiting the need to deploy them during
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deployment, we could rule them out quickly and prioritize selection of the best prompts to
enable improved robot performance.

It is a key insight of this work that offline replay approach by Paudel and Stein (2023) can
be used to select between prompts without the robot having to deploy the plans informed
by LLMs using such family of prompts. While used by Paudel and Stein (2023) in the
context of point-goal navigation in partially-mapped environments to replay the behavior
of alternative policies without having to deploy them, we adapt offline replay to determine
what the robot would have done if it had instead used a different prompt or LLM to guide
its behavior. Costs from offline replay (Fig. 5.2) of alternative prompts and LLMs, C’,rjp
(averaged over trials 1-through-k) can then be used in UCB bandit-like selection strategy
(Fig. 5.1(b)) similar to that of Paudel and Stein (2023) to pick the policy mg with prompt-

LLM pair @ for trial k + 1 as:

Tyt = argmin | max | G} (mg), Ci(mg) — ¢ Ik (5.4)
moell n,(m)

5.5.2 Object Search during a Trial

In each trial k when the robot is deployed in a partially-known environment to look for a
target object g, it uses Eq. (5.4) to choose one of the policies ﬂ((,k> € II defined by its prompt-
LLM pair § = (P, ), uses the prompt P to query the LLM N for object likelihood Ps and
computes the next action a; corresponding to searching one of the unexplored containers
using Eq. (5.3). The robot searches the container corresponding to action a; to look for
the target object g, repeating planning and search each time the target object is not found.
The total distance traveled by the robot to find the object is the cost Ck(mg) for trial k.
The robot stores the information Z; about the contents of all containers it explored and

the known map of the environment to be used later for offline replay (Section 5.5.3).
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Figure 5.2: Overview of Offline Replay of Alternative Prompts and LLMs

5.5.3 Prompt Selection with Offline Replay of Alternative Prompts and
LLMs

After a trial k is complete, our robot uses policy my: with alternative prompt-LLM pair 6’ and
computes an alternative search plan. However, deploying such alternative plans is expensive
in general. Instead, we use the hindsight information Zj about the location of the target
object found in trial £ and the existing map to replay what the robot would have done
if it had deployed a plan corresponding to an alternative prompt-LLM pair §' = (P’ N”)
(Fig. 5.2). Since we now know in advance which container contained the target object g
based on the information Zj obtained after completion of trial k£, and pessimistically assume
that all other containers would not have contained the target object, we can compute the
cost of following a separate policy: the length of the trajectory the robot would have taken by
following the alternate search policy to find that target object. The offline replay of a policy
resembles actual deployment: replanning is done until the replayed policy suggests searching
the container where the target object was found during deployment, accumulating traversal
costs along the way. The average cost over trials of the offline-replayed plans, C_']l;ep(ﬂ'g/), for
an alternative prompt-LLM pair 6’ and average costs over trials of the chosen prompt-LLM

pairs 6 in trial k, Cy(mg) are together used to pick the prompt and LLM in subsequent
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Figure 5.3: Sample maps from ProcTHOR simulation environment

trials k& + 1 using Eq. (5.4). While the replay costs based on pessimistic assumptions may
be somewhat biased, this has been empirically shown to more tightly constrain bandit-like
selection compared to other relaxed assumptions in prior work of Paudel and Stein (2023)

that inspired our offline replay approach.

5.6 Simulation Experiments and Results

5.6.1 Experiment Design

We perform simulation experiments for object search in 150 distinct household environ-
ments based on the ProcTHOR (Deitke et al., 2022) dataset, which consists of procedurally
generated homes as shown in Fig. 5.3. Our robot has access to the underlying occupancy
grid of the environment and what containers exist in what rooms, yet the contents of the
containers are not known to the robot. Containers include any entities that could contain
an object and so include more traditional containers, such as cabinets or boxes, but also
surfaces, including tables, countertops, and bookshelves. The robot must travel to the con-

tainer locations and search the containers to find the object of interest. For the purposes
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of our experiments, we do not directly simulate the robot executing manipulation skills
(for example, to open a fridge or a cabinet), and we treat objects as being instantaneously
revealed upon reaching a container and so assign search cost Reearch = 0.

Policies We perform object search experiments with our LLM+MODEL model-based plan-
ner discussed in Section 5.4 and also design two baseline policies, LLM-DIRECT and OPTI-

MISTIC+GREEDY discussed below:

LLM+MODEL This is our LLM-informed model-based planner that uses an LLM to obtain
object likelihood probabilities and then uses Eq. (5.3) to select the best container search

action as discussed in Section 5.4.

LLM-DIRECT This LLM-informed baseline policy directly prompts the LLM to respond with
the container the robot should search next, instead of asking for probabilities as we do
with our LLM+MODEL planner. As such, LLM-DIRECT policy does not use a planning
framework to compute actions and instead directly executes actions picked by the LLM

from a list of all available container search actions.

OPTIMISTIC+GREEDY This non-LLM baseline optimistically assumes that all containers
could contain the target object and greedily searches the nearest container, replanning

until the target object is found.

LLM Variants We experiment with two LLMs, GPT-5 Mini and Gemini 2.5 Flash, for
object search tasks in ProcTHOR household environments.

Prompt Design We construct multiple prompts to query the LLMs for guiding the robot
behavior. The prompt design for LLM+MODEL policy and LLM-DIRECT policy are slightly
different since for LLM+MODEL we want the LLM to generate probability values for each
container, while for the LLM-DIRECT policy, the LLM should directly output which container
the agent should search next. While such prompts might be constructed with variations in
language, context and the role that LLM should play in the interaction, each prompt includes
a question asking the LLM to respond with either a probability value (for LLM+MODEL

policy) or the name of the container to search (for LLM-DIRECT policy). We design three
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P-CONTEXT-A

You are serving as part of a system
in which_a robot needs to find
objects located around a household.
HeTe is a schema that describes the
connectivity of rooms in the house:
The_apartment contains the
following rooms: bathroom, bedroom.
The bedroom contains: bed, chair,
sidetable. The bathroom contains:
dresser, sidetable, sink, toilet.
You will be asked to estimate the
grop bility (a value between 1}, and
'OOAE of where objects are located
in that house, leveraging your
considerable experience in’how
human occupied spaces are located.

P-CONTEXT-B .
You are asslstln% in a robotic
system designed to locate items
within a residence. The
following is a description of
the layout and connectivity
betweeh rooms in the home:" The
apartment contains the
following rooms: bathroom,
bedroom. The bedroom contains:
bed, chair, sidetable. The
bathroom contains: dresser,
sidetable, sink, toilet. Your
task_is to estimate the

1 kellhoog (a percentage from
1Z‘to 1007,) that a specified
object is 1in a given location,

P-DIRECT ) ) i

You are a531st1n% a robot in locating objects
within a household based on a provided map of
rooms and their contents. Your task is to
determine the exact location where the
specified object can be found, based on given
description 0f the household. You will be asked
Elck a location to visit where the object could

e found ?uicklﬁ. You should only pick one
location from the given list. Here is an
example:

User: The apartment contains: bathroom, )
bedroom, kitchen. The distance between rooms is
as follows: bathroom and bedroom: 5.95 meters
bedroon and kitchen: 3.5 meters, bathroom and
kitchen: 4.75 meters. The robot 1s currently
located at_bathroom and is looking for pillow.

Available locations to search are: sink in
bathroom, toilet in bathroom, bed in bedroom,
sidetable in bedroom. Which of the given search
locations should the robot visit to find pillow
in the least time?

You: bed in bedroom )
Now %1ve your answer for another household with
the following layout: The apartment contains
the following rooms: bathroom, bedroom. The
distance betWeen rooms is as follows: bedroom
and bathroom: 5.8 meters. The robot is
currenth located at bedroom and is looking for
faucet. Bvailable locations to search are:
dresser in bathroom, sidetable in bathroom,
sink in bathroom, toilet in bathroom, bed 1n
bedroom, chair in bedroom, sidetable in
bedroom. Which of the given search locations
should the robot visit to quickly find faucet?
Rfspond with a search location and nothing
else.

QOutput: sink in bathroom

You must produce a numerical value

and nothln% else, as it_is

important to the overall )

functioning of the system. Here is

an example exchange Ior an

arbitrary house: —_ =

User: What is the likelihood that I

find eggs in the refrigerator in

the kitchen?

You: 907, A .

The logic here is that there is a

hl%h_11ke11hood that a typical

refrigerator in the kitchen

contains eggs, but it is not
aranteed as not all refrigerators

tage eggs. Here is your prompt for
oday;

Whaty1s the likelihood that I find

book in the sidetable in the

bedroon?

Output: 95},

P-MINIMAL
What is the probability of finding plate in the dining tab%e in the kitchen of a typical household? Your response
?%O%1d ?n%yofnclude a mumerical pércentage value betwéen 17 to 100% and nothing else.

utput. 80/

BaSe your reasonln% on general
patterns of human behavior and
usage of household spaces. Your
response_must be a single
numerical value, with no
additional explamation, as
precision is critical to system
operation. Examgle exchange:
User; What is the probability
of f1nd1n% bread in the pantry
in the kitchen?

You: 85 i

The reasoning here is that
bread is commonly stored in,
pantries, but exCeptions exist,
such as 1f it is refrigerated.
Now, respond to th1s4¥rom¥t:
What is the probabili % of .
finding pillow in the

the bedroom?

Output: 95),

ed in

Figure 5.4: Samples of prompts used in our experiments

prompt templates for LLM+MODEL policy: P-CONTEXT-A, P-CONTEXT-B and P-MINIMAL,
and one prompt template for LLM-DIRECT baseline policy: P-DIRECT. Examples of each are

included in Fig. 5.4.

P-CONTEXT-A, P-CONTEXT-B: These prompts are designed around four main elements:
(i) a description of the setting and the role that the LLM will serve, (ii) a description of
the house including a list of the rooms present and the containers they contain, (iii) an
example for reference, and (iv) the query asking for the probability of finding the object
of interest in a container within a particular room. While the semantic meaning of these
prompts are similar (see Fig. 5.4), each of these differ in terms of the language is used

in the prompt text.
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P-MINIMAL: This prompt doesn’t include any of the aforementioned contexts about the
LLM’s role, environment description and reference example, and only includes the query
asking for the probability of finding the target object in a container within a particular

room.

P-DIRECT: This prompt for LLM-DIRECT policy is designed around five main elements: (i)
a description of the setting and the role that the LLM will serve (ii) an example interaction
for reference (iii) a description of the house including a list of the rooms present and the
distances between them (iv) list of available containers that the robot can explore, and
(v) the query asking which container the robot should explore to find the target object
quickly. It should be noted that we include the distances in the prompt because we
expect the LLM to behave like a planner and so provide all necessary information needed

to plan effectively.

Prompt Selection We compare the prompt/LLM selection approach that leverages a
high-level action abstraction to facilitate offline replay as discussed in Sec. 5.5, referred to
as Replay Selection, against a baseline black-box UCB bandit selection approach. Since our
selection approach is enabled by our high-level action abstraction, our other strategies that
do not explicitly use planning or query LLMs—yet use the same underlying abstraction—are
also amenable to offline replay, and hence can be included as a part of candidate strategies
for bandit-like selection. As such, for our experiments, selection seeks to choose between
all nine strategies for object search from Table 5.1. Each deployment lasts for 100 trials,
each in a distinct ProcTHOR map, over which selection proceeds. While the UCB Selection
uses only the deployment cost of a strategy to pick the policy-prompt-LLM combination for
subsequent trials using Eq. (5.2), Replay Selection additionally uses the offline replay costs

of all other policy-prompt-LLM combination to pick the strategy for next trial via Eq. (5.4).

74



Target
Object:
Spray Bottle

m | | M+MODEL/P-CONTEXT-A/GPT-5
m=== | | M-DIRECT/P-DIRECT/GPT-5
= OPTIMISTIC+GREEDY

Figure 5.5: Sample robot trajectories: Using GPT-5 as LLM, our LLM-+MODEL policy
finds the target object with lower costs compared to LLM-DIRECT and OPTIMISTIC+GREEDY
policies.

5.6.2 Policy Performance Results

We deploy different combinations of policies, prompts and LLMs (the state of the art GPT-
5 and Gemini 2.5) each in 150 distinct maps from the ProcTHOR household environments,
matching our discussion above. The average navigation costs for each such combinations are
shown in Table 5.1. We also include example robot trajectories for three of the representative
policies in Fig. 5.5.

Results with the GPT-5 LLM When using GPT-5 as the LLM to estimate object dis-
covery likelihoods and so guide robot behavior, our model-based LLM+MODEL planners
outperform the fully-LLM-based LLM-DIRECT policy, with our improvements between 4.0—
11.8%, showing that our LLM-informed model-based planning approach enables considerable
improvements in object search performance in partially-known environments. Additionally,
both the LLM-DIRECT LLM-based baseline and our LLM+MODEL policies outperform the un-
informed OPTIMISTIC+GREEDY baseline policy as they can both leverage the commonsense
reasoning of the LLM to search more effectively. Our LLM+MODEL planners demonstrate

improvements between 25.5-31.6% over the OPTIMISTIC+GREEDY policy.
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Table 5.1: Navigation Costs for Object Search Tasks: Average costs incurred by
the robot when deploying different combinations of policy, prompt and LLM in 150 distinct
maps. Bold values indicate best performers with GPT-5 and Gemini respectively.

Policy / Prompt / LLM Avg. Navigation Cost
LLM+MODEL (ours) / P-CONTEXT-A / GPT-5 242.38
LLM+MODEL (ours) / P-CONTEXT-B / GPT-5 252.14
LLM+MODEL (ours) / P-MINIMAL / GPT-5 263.94
LLM-DIRECT (baseline) / P-DIRECT / GPT-5 274.94
LLM+MODEL (ours) / P-CONTEXT-A / Gemini 224.70
LLM+MODEL (ours) / P-CONTEXT-B / Gemini 215.59
LLM+MODEL (ours) / P-MINIMAL / Gemini 266.20
LLM-DIRECT (baseline) / P-DIRECT / Gemini 233.41
OPTIMISTIC+GREEDY (baseline) / — / — 354.34

Results with the Gemini LLM Using Gemini as the LLM for guiding the robot be-
havior, we outperform the LLM-DIRECT policy with all our model-based LLM+MODEL plan-
ners except for the planner relying on the P-MINIMAL prompt, which includes no context
about the surrounding environment; the remaining LLM+MODEL policies improve upon LLM-
DIRECT baseline policy, achieving up to a 7.6% improvement. Additionally, our LLM+MODEL
planners also outperform the uninformed OPTIMISTICH+GREEDY policy with improvements
between 24.9-39.2%.

Discussion  We observe that our LLM-informed model-based planning approach outper-
forms those that fully relies on LLM to pick robot’s search actions. These results highlight
the importance of using a model-based planning framework in tandem with LLMs, rather
than using LLMs in place of planners, to benefit from the strengths of both—a key focus of
this work. Moreover, we observe that even the same prompts used with different LLMs can
result in significantly different performances: for GPT-5, P-CONTEXT-A prompt outperforms
all other strategies, and for Gemini, P-CONTEXT-B prompt outperforms all other strategies.
This result highlights that relying on a single prompt or LLM may not always yield the best
performance and as such, one must select the best prompt and LLM combination during

deployment to maximize good performance in the environment the robot is deployed in.
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Metric Selection Num of Trials (k)

Approach k=20 k=50 k=100
Avg. UCB Selection 258.72A 254.63¢ 247.25W
Cost  Replay Selection (ours) 248.12A 240.404¢ 231.29H
Cumul. UCB Selection 884.7A  2102.8) 3800.2C]
Regret Replay Selection (ours) 751.0A 1579.8) 2516.50]
=== [JCB Selection
a5 2701 === Replay Selection (ours)
8 == == Best Performance (oracle)
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Figure 5.6: Prompt-LLM Selection Results: Leveraging offline replay for prompt/LLM
selection allows faster selection of the best prompting strategy compared to the UCB, re-
sulting in lower average cost (6.5% improvement) and lower cumulative regret (33.8% im-
provement).

5.6.3 Prompt Selection Results

As discussed in Sec. 5.5, it is another key insight of our work that the action abstraction
leveraged in the previous section is compatible with the offline replay selection, which we
can therefore leverage to more quickly select the best policy-prompt-LLM combination. To

evaluate the statistical performance of selection, we generate 500 unique deployments by
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Table 5.2: Real-world LLM-informed Object Search Results: Our LLM+MODEL
policy outperforms baseline LLM-DIRECT policy. All costs are in meters.

Policy / Prompt / LLM Target Object A\(/jeratge
blanket  cell phone remote pillow  wallet o8
LLM~+MODEL (ours) / P-CONTEXT-B / GPT-5 23.5 24.7 7.6 6.8 13.2 15.2
LLM+MODEL (ours) / P-MINIMAL / GPT-5 23.2 24.7 7.6 6.8 13.2 15.1
LLM-DIRECT (baseline) / P-DIRECT / GPT-5 23.7 33.6 14.3 6.8 27.9 21.3

randomly permuting 100 trials from a set of 150 distinct maps, expecting the robot to per-
form selection over all nine policy-prompt-LLM combinations shown in Table 5.1 separately
for each sequence.

In Fig. 5.6, we report the average navigation cost, which corresponds to the average
of navigation costs incurred in trials 1-through-k, averaged over all 500 deployments. The
cumulative regret, also shown in Fig. 5.6, tracks performance over time as the cumulative
difference between the selection-based policy and a Best Performance oracle that knows in
advance which strategy is best: LLM+MODEL/P-CONTEXT-B/Gemini. Our results demon-
strate a reduction of 6.5% in average cost at the end of 100th trial compared to a standard
UCB-bandit selection approach. In particular, we achieve 33.8% lower cumulative regret at
the end of 100th trial compared to UCB-bandit selection, a number which would continue
to grow with more trials.

Our results highlight the need and benefits of fast deployment-time selection of prompts
and LLMs, since without such selection, the robot risks poor performance if it uses only one
prompt or LLM preselected before deployment. Our selection approach enables the robot to
quickly pick during deployment the prompts and LLMs that yield better behavior and hence
maximizing long-term performance—a benefit afforded by our high-level action abstraction

amenable to offline replay of Paudel and Stein (2023).
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Robot Experiments in
Apartment Building

We use a LoCoBot [
. robot equipped with
~ LIDAR for mapping/ 4
~ localization using 4
SLAM Toolbox and
RGB camera for
- object detection using
~ GroundingDINO.

m=== L LM+MODEL/P-CONTEXT-B/GPT-5
s | LM+MODEL/P-MINIMAL/GPT-5
mm=== | | M-DIRECT/P-DIRECT/GPT-5

Target object
remote control

Ct S - Cost: 7.6m
A Cost: 7.6m
A N e B Cost: 14.3m

Figure 5.7: LLM-informed Object Search Experiment in an Apartment

5.7 Real-Robot Demonstration

5.7.1 Policy Performance Results

We demonstrate the effectiveness of our LLM-informed model-based planning and prompt
selection approach with a LoCoBot robot in an apartment containing a kitchen, a dining
room, a living room and a bedroom. These rooms contain a total of nine containers where
the robot can search for target object as shown in Table 5.2. We conduct five trials in
which the robot starts in the kitchen and is tasked to find a distinct object in each trial.
For the purpose of demonstration, we use GPT-5 as our LLM and use P-CONTEXT-B and

P-MINIMAL prompts for LLM+MODEL policy and compare with LLM-DIRECT policy using
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Selection Num of Trials (k)

Metric

Approach k=2 k=3 k=5
Avg.  UCB Selection 28.6A 21.57¢ 17.0W
Cost  Replay Selection (ours) 24.1A 18.64 15.2H
Cumul. UCB Selection 21.9A 28.30 33.0C]
Regret Replay Selection (ours) 17.5A 21.0) 21.60]
28 A ) === JCB Selection

- === Replay Selection (ours)

é 2617 == == Best Performance (oracle)
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Figure 5.8: Prompt-LLM Selection in an Apartment: Our Replay Selection allows
faster selection of the best prompting strategy compared to the UCB selection strategy,
resulting in lower average cost and cumulative regret.

P-DIRECT prompt. We show one representative example in Fig. 5.7 and report all results
in Table 5.2. Across five trials, our LLM+MODEL policy outperforms LLM-DIRECT policy by

29% in terms of average navigation cost.

5.7.2 Prompt Selection Results

We also deploy our prompt selection approach on the LoCoBot robot with three policy-
prompt-LLM combination used in aforementioned object search experiments for five trials

in which the robot is tasked to find a distinct object. The results are shown in Fig. 5.8.
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LLM+MODEL/P-CONTEXT-A/GPT-5 -

LLM+MODEL/P-CONTEXT-B/GPT-5 A

LLM+MODEL/P-MINIMAL/GPT-5 A

LLM-DIRECT/P-DIRECT/GPT-5 -

LLM-+MODEL/P-CONTEXT-A/Gemini

LLM+MODEL/P-CONTEXT-B/Gemini -

LLM-+MODEL/P-MINIMAL/Gemini

LLM-DIRECT/P-DIRECT/Gemini

OPTIMISTIC+MODEL -+

150 200 250 300 350 400 450
Navigation Cost

Figure 5.9: Distribution of navigation costs for different policy/prompt/LLM across 150
ProcTHOR maps. Dotted lines denote quartiles.

Over the course of five trials each with distinct target object, our Replay Selection approach
incurs an average cost of 15.2m while UCB Selection incurs an average cost of 17.0m, an
improvement of 10.5%. Similarly, our Replay Selection approach incurs a cumulative regret

of 21.6m compared to UCB which incurs 33.0m, showing an improvement of 34.5%.

5.8 Additional Results, Details, and Discussion

5.8.1 Navigation Cost Distribution

In Fig. 5.9, we show violin plots with scatter plots of navigation costs for each policy/prompt/LLM
across 150 ProcTHOR maps corresponding to the results in Table 5.1 for object search ex-

periments.
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5.8.2 Details about Belief Updates

As mentioned in Section 5.5.2, our belief state includes the occupancy map, locations of
containers, whether each container has been explored or not, and objects found in each
container. Upon exploring a container, the objects found in that container are added to
the robot’s partial map, and the container is marked as explored. If the target object was
not found in that container, planning continues with the updated set of container search
actions that only includes unexplored containers, and does not include any container that
has been marked as explored. This process is identical for all planning strategies considered

in our work.

5.8.3 Using Marginal Probabilities

For each container search action, we obtain likelihood Pg of finding the target object in
that container by querying LLMs. These likelihoods are not normalized across available
containers because they do not need to be a valid probability mass. For each container,
Pg is a marginal probability that represents the likelihood of finding the target object in
that container, which is treated as being independent of what other containers exist. The
information about what other containers exist and their respective likelihoods are instead
used by our planning approach to compute the best action thus alleviating the need to
normalize these probabilities across containers. This is a more general formulation of the
problem rather than normalizing probabilities across containers which implicitly asserts
both that the object must exist and that there is only one to be found—an assumption that

may not be valid in the general case.

5.8.4 Object Search Experiments with Open-Source LLMs

In addition to proprietary models, GPT-5 Mini and Gemini 2.5 Flash, we additionally per-
form object search experiments in 150 ProcTHOR maps with two open-source LLMs: GPT-

0ss 120B and Llama3.2 3B. The results are shown in Table 5.3, which show that our
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Table 5.3: Navigation costs for object search with open-source LLMs: GPT-08S 120B and
Llama3.2 3B. Our LLM+MODEL planners outperform LLM-DIRECT policy that fully relies
on LLM for object search.

Policy / Prompt / LLM Avg. Navigation Cost
LLM+MODEL (ours) / P-CONTEXT-A / GPT-0SS 217.12
LLM+MODEL (ours) / P-CONTEXT-B / GPT-0SS 221.47
LLM+MODEL (ours) / P-MINIMAL / GPT-OSS 218.78
LLM-DIRECT (baseline) / P-DIRECT / GPT-0SS 283.60
LLM+MODEL (ours) / P-CONTEXT-A / Llama3.2 302.83
LLM~+MODEL (ours) / P-CONTEXT-B / Llama3.2 281.05
LLM+MODEL (ours) / P-MINIMAL / Llama3.2 313.24
LLM-DIRECT (baseline) / P-DIRECT / Llama3.2 806.38

Table 5.4: Token usage and incurred costs for GPT-5 and Gemini models

Model Tokens Used Cost
Name (USD)

Input  Output Total

GPT-5 Mini 903686 9264 912950 $0.14
Gemini 2.5 Flash 904209 8066 912275 $0.24

LLM+MODEL planners ourperform baseline LLM-DIRECT policy that fully relies on LLMs for

object search, with improvements up to 65.2% for Llama3.2 and 23.4% for GPT-0sS.

5.8.5 Token Usage and Costs

In Table 5.4, we show approximate number of tokens used and incurred costs to use propri-
etary models, GPT-5 Mini and Gemini 2.5 Flash via their respective application program-

ming interfaces (APIs), used in our experiments.

5.8.6 Scalability in terms of Number of Containers and Prompts/LLMs

As is true with many exhaustive search-based strategies, the speed of planning scales poorly
with the number of containers or apartment size since the number of feasible plans scales

factorially with the increase in number of containers. As discussed in Section 5.4, we limit
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the action space to speed up planning by using heuristics to choose up to eight containers
with high likelihoods Ps and low travel costs D and select among them the container with
lowest expected cost, incorporating additional containers as the robot moves and searches.
Since the set of actively considered containers is updated as those containers are explored,
there is no loss of generality, and this strategy works well in practice and yields effective
performance as demonstrated in our experiments.

In terms of the number of prompts and LLMs, our prompt selection approach scales
linearly since the addition of a new prompt/LLM would only add the overhead of replaying
this new prompt/LLM after a trial is complete. During each replay, the most computational
overhead comes from querying the L.LM, which we additionally mitigate by caching the LLM’s
responses from deployment. As such, the replay in itself is quite inexpensive (less than a
couple of seconds each), making our prompt/LLM selection approach highly scalable to large

number of prompts and LLMs.

5.9 Contributions

We present a novel framework that seeks to integrate LLMs with high-level model-based
reasoning for performant object search. Our approach first introduces an LLM-informed
model-based high-level planner for object search in partially-known environments that inte-
grates predictions about uncertainty from LLMs and information partially-known from the
environment. Second, by leveraging the high-level action abstraction upon which model-
based planning relies, we demonstrate that the recent offiine replay approach developed for
model selection for learning-informed point-goal navigation (Paudel and Stein, 2023) can
be made to support fast deployment-time prompt and LLM selection, a capability unique in

this domain.
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Chapter 6: Conclusion and Future Work

6.1 Conclusion

This dissertation introduced introspection as a core capability for autonomous robots, en-
abling them to reason about their past actions and counterfactual alternative behaviors
to improve performance during deployment. Our work addressed the critical challenge of
long-horizon planning under uncertainty, where robots must make reliable decisions despite
having missing or incomplete knowledge of the environment.

Below is a summary of key advances enabled by the contributions presented in this

dissertation:

¢ Data-Efficient Policy Selection: We first formalized the policy selection problem
as an instance of the multi-armed bandit (MAB) and developed offline alt-policy replay
as a tool for introspection. This technique reuses information collected during a trial to
simulate the performance of alternative policies, allowing the computation of a lower
bound on their potential performance. By using these bounds to constrain bandit-like
selection, we achieved fast and data-efficient selection of the best-performing policy
from a family of pretrained behaviors, while preserving guarantees on asymptotic

sub-linear regret.

e Multi-Strategy Deployment-Time Adaptation: We extended the introspection
framework to address the challenging scenario of selecting between non-stationary
policies that are being continually learned or adapted during deployment, such as via
online learning or visual domain adaptation. This approach allows a robot to deploy

an ensemble of evolving strategies in parallel and reliably choose the best-performing
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ones as soon as it improves while avoiding them early on during training or adaptation

when their performance may be poorer.

e LLM-informed Object Search and Prompt Selection: Finally, we applied the
concept of introspection to the domain of object search in partially known environ-
ments. We introduced a novel LLM-informed model-based planning framework that
integrates commonsense world knowledge from LLMs with known traversal costs from
an occupancy map. Leveraging our underlying abstraction, we demonstrated the abil-
ity to perform fast deployment-time selection of prompts and LLMs for guiding the

robot’s behavior.

Collectively, the techniques presented in this dissertation allow robots to introspect their
behavior during long-horizon goal-directed planning tasks, enabling them to pick better
behaviors and significantly improve performance and reliability in arbitrary unknown or

partially known environments.

6.2 Future Work

The success of introspection in goal-directed navigation and object search tasks suggests

several promising avenues for future research:

e Generalizing to Task Planning under Uncertainty: The ultimate goal is to ap-
ply our introspection techniques to general task planning problems under uncertainty;,
moving beyond specific navigation-centric tasks. In Arnob et al. (2026), I have made
contributions towards developing abstractions for task planning under uncertainty.
Future work should explore the integration of these abstractions with the introspec-
tion framework presented in this dissertation in order to benefit from effective and

reliable deployment-time behavior in these domains.

e Introspection in Multi-Robot Systems: The principles of introspection presented

in this dissertation have potential applications to complex scenarios like multi-robot
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planning and coordination under uncertainty. This would involve an individual robot
not only introspecting about its own actions and behaviors but also the anticipated be-
haviors of its teammates, leading to reliable and effective team behavior. While I have
made contributions towards multi-robot task planning under uncertainty in Khanal
et al. (2026), future work should explore how such multi-robot planning abstractions

can benefit from the introspection framework presented in this dissertation.

Extending to Model-Free Policies: In Chapter 3, our framework relies on policies
that are amenable to counterfactual reasoning via offline replay. An important future
direction is to explore how to extend the benefits of introspection and data-efficient
selection to model-free policies trained via deep reinforcement learning, which are

often brittle to distribution shifts and hard to replay.

Scaling Introspection for Long-Term Deployment: In Chapter 4, for very
lengthy deployments spanning thousands of trials, replaying all previous trials for
every policy re-evaluation can become computationally intensive. Future work should
investigate methods for selectively replaying specific trials by sampling a subset of past
data to save on computation while maintaining the asymptotic performance guaran-

tees of the bandit-like selection approach.

Introspective LLM-Guided Systems: Further development of the LLM-informed
object search system could focus on improving the robustness of the prompt and LLM
selection process. This may involve integrating the LLM more deeply into the planning
process to handle more complex, multi-step tasks or developing methods for the robot
to introspect the quality of the LLM’s own predictions over time. Additionally, our
approach presented in Chapter 5 only considers a predefined set of prompts, and so
deployment-time refinement and adaptation of prompts could be an important avenue

for future research.
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