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Autonomous mobile robots are essential for applications like search and rescue, but navi-
gating unfamiliar environments requires sophisticated decision-making based on semantics which
are typically obtained from human input. A key limitation in traditional navigation approaches
includes a lack of semantic understanding core to human reasoning. This work aims to bridge this
gap by leveraging the power of large language models (LLMs) and traditional navigation techniques
to enhance robotic situational awareness.

While LLMs excel at language tasks, integrating them into robotic systems presents chal-
lenges. The “world knowledge” within LLMs must be grounded in the robot’s physical sensor data
for meaningful use. Additionally, safety in robotic systems demands explainable outputs. This
dissertation presents two frameworks that address these limitations: code generation from natu-
ral language and a contextual reasoning framework that encodes environmental states as natural
language. These frameworks build upon a state-of-the-art exploration system developed for the
DARPA Subterranean Challenge, which enabled successful autonomous navigation in GPS-denied
environments.

This work’s contributions include a flexible exploration system for mobile robots that em-
phasizes autonomy with high-level human input, along with innovations in subterranean communi-
cations. Most importantly, this research introduces two LLM-based frameworks — code generation
and contextual reasoning — to improve robots’ understanding and navigation abilities within their

environments.
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Chapter 1

Introduction

Autonomous mobile robots are increasingly being used in critical applications such as search
and rescue, where their success depends on their ability to explore and search for objects in un-
familiar environments with minimal human intervention. Traditional approaches usually rely on
a navigation stack consisting of a metric-based planner, simultaneous localization and mapping
package, and a state machine or behavior tree. While these conventional pipelines have shown
promising performance, they struggle to make high-level decisions similar to those of humans. To
make these kinds of decisions autonomous systems need to be able to both detect and reason
over the semantics of an environment.

Humans have accumulated and shared knowledge for centuries through language, reading,
and writing. Recent advancements in deep learning, particularly the transformer architecture
[133] and natural language processing have led to powerful new tools in textual processing, large
language models (LLMs), or foundation models [35]. These models excel at next-token prediction,
e.g., outputting the next most likely character in a sequence. In fact, these models can even pass
rigorous exams such as the bar exam. Yet, several key challenges exist to deploy these in robotic
systems.

Foremost LLMs operate on text whereas robots are situated in the physical world and rely
on both 2D and 3D sensor data. To harness the rich world knowledge present in these models,
text needs to be grounded, or associated with physical objects and concepts. This work provides

two paradigms for this, code generation, and a contextual reasoning framework based on encoding



environmental states as natural language. Another key challenge for physical systems is explain-
ability and verification. It’s one thing to output the wrong chat response but physical actions can
have serious consequences. Both of the proposed frameworks in this work utilize human-readable
outputs to aid in explainability.

These frameworks build upon a state-of-the-art subterranean exploration system developed
as part of the DARPA Subterranean Challenge [28]. The challenge spurred innovation in the
areas of autonomy, perception, mobility, and networking in subterranean environments. Teams
of robots were required to perform mock search and rescue missions in GPs-denied environments
with austere lighting conditions. The solution presented in this work focuses on flexibility between
fully autonomous operations and high-level human input. The final software stack was successfully
deployed on Boston Dynamics Spot platforms and Clearpath Husky A200 platforms, ultimately

placing 3rd overall in the Subterranean Challenge.

1.1 Contributions

The contributions of this work cover a few distinct areas which are all aimed at improv-
ing situational awareness for both robots and human teammates. A state-of-the-art framework
for exploration in GPS-Denied areas is introduced in Chapter The system is capable of au-
tonomously exploring kilometer-scale subsurface environments with additional performance im-
provements gained from high-level human input. Further details on the communication system
are provided in Chapter [3| which emphasizes fast reconnection times, and data prioritization. The
communication backbone is critical for both subterranean navigation and further developments in
natural language-based representations which need to be transmitted efficiently.

A key limitation of the system developed for the DARPA Subterranean challenge was the
inability of the robot to reason over contextual cues without aid from a human supervisor. When
communication was poor the performance of the system was suboptimal due to a reliance on hand-
engineered heuristics. Moreover, human supervision doesn’t scale to large fleets of robots due to

fanout. This work provides two key frameworks for incorporating the world knowledge present in



foundation models into classical planning frameworks. A method based on code generation from
natural language is presented in Chapter|bl The final core contribution is a framework that encodes
environmental descriptions, object locations and spatial points into natural language and performs
navigation based on any available contextual cues which is presented in Chapter [6] Ultimately this
work proposes and validates the following thesis statement:
Integrating natural language encodings of key semantic features in a robot’s envi-
ronment with classical planning algorithms and foundation models can enable more

efficient search and exploration paths by leveraging semantic, geometric, and tem-
poral reasoning.

Where we define efficient paths as the shortest distance traversed by the robot to the target of the

navigational instruction.

1.2 Publications

The following publications were a result of work conducted during the course of the doctoral
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Chapter 2

Flexible Supervised Autonomy For Exploration in the Context of Search and

Rescue

2.1 Background and Problem Definition

Despite a myriad of developments in sensing, planning, control, and state estimation over
the last few decades, deploying robots in harsh subterranean environments for the purpose of
rapid situational awareness presents a number of new challenges to robot autonomy. Traditionally,
robots rely on a number of complex, interconnected sub-processes, such as localization, mapping,
and planning, to navigate unknown environments. Maintaining accurate state estimates, a process
critical to mapping and exploration, is exceptionally challenging in subterranean environments.
GPS is unavailable for obtaining position estimates and visual-based localization methods can be
affected by varied lighting conditions and environmental factors such as heavy dust, fog, or smoke.
Subterranean environments, such as mines and caves, are often unstructured and contain hazardous
obstacles, making navigation with ground vehicles challenging.

The DARPA Subterranean Challenge (SubT) [28] aimed to spark new developments in the
areas of autonomy, perception, mobility, and networking in subterranean environments. In the fol-
lowing chapter, a scalable multi-agent autonomy solution for subterranean exploration developed
by the University of Colorado’s Team MARBLE for the SubT Challenge is presented, along with
critical lessons learned and developments made along the way. The system was tasked with ex-
ploring and looking for objects that indicated human presence in three categories of subterranean

environments: tunnels, urban underground settings, and natural caves.



Specifically, DARPA designed the SubT Challenge to simulate search-and-rescue scenarios in
unknown subterranean environments, and consisted of three domain-specific circuit events, Tunnel
Circuit, Urban Circuit, and Cave Circuit, followed by the Final Event, which was a combination
of three subterranean domains. Teams were challenged with developing robot platforms to deploy
in each of the events in search of sets of predefined artifacts, such as backpacks or a Bluetooth
signal produced by a cell phone. Correct identifications, consisting of an artifact classification and
location to within a 5m sphere of the ground truth location, resulted in a point scored. Placement
in the competition was determined by the team which could score the most points over a series of
one-hour deployments. For the Final Event, teams were limited to a single “human supervisor” who
was able to interact with the systems and visualize any incoming data. Adding to the challenge,
teams had a limited window of time in which five team members could set up and initialize robots

at the entrance to the course.

2.2 Related Works

Other teams developed impressive solutions to the initial Tunnel and Urban Circuit chal-
lenges. Team CSIRO, a collaboration between the Commonwealth Scientific and Industrial Re-
search Organization (CSIRO), Emesent, and Georgia Tech, presents a unique homogeneous sensing
solution [5I]. In this approach, heterogeneous teams of robots, including both ground and aerial
platforms, share sensor information as a part of a decentralized multi-agent SLAM system. Ini-
tially, exploration was handled through manual waypoints commanded by the human supervisor,
but eventually, an autonomous exploration algorithm was implemented [I38]. A common percep-
tion module, the CatPack, is used across all ground vehicles for easy reuse of the autonomy stack
across different platforms. Similar to Team CSIRO, Team CERBERUS also used a heterogeneous
team of ground and aerial platforms [128, 93] [129]. In their approach, map information from differ-
ent agents is fused into an optimized global map that is shared back to the agents [57]. Similar to
the work presented in [87], other teams used graph-based planning approaches for global navigation

[25] 26]. Other noteworthy teams and their approaches to autonomous subterranean navigation in-



clude Team CoSTAR [107, 32, 2, 90], CTU-CRAS [105], CMU (Carnegie-Mellon University) [110],
and NCTU (National Chiao Tung University) [50]. Additional discussions on the challenges, novel
developments, and lessons learned from the Tunnel and Urban circuit events are included in the
following works [82], [64]. One common theme common to many of these approaches is the use of
heterogeneous teams of agents with multi-modal sensing solutions. By diversifying the sizes, types
of locomotion, and sensor modalities of individual robots, teams can be more versatile when faced
with varied environments, each with a unique set of challenges. This ability to be flexible and adapt

to the needs of the mission is one of Team MARBLE’s driving philosophies.

2.3 Overview of Underground Exploration Approach

This section presents a high-level approach to the flexible autonomy pipeline which will be the
foundation for future natural language-based frameworks described in Chapter[6] First, a rationale
for the solution is provided followed by the general concept of operation is described, followed by
an overview of each of the major components of the developed autonomy solution. A full high-level
summary of the autonomy system can be seen in Figure

The initial approach to subterranean exploration for the Tunnel and Urban circuit events is
presented in [88]. Initially, a graph-based planning and exploration strategy was implemented, the
details of which are presented in [87]. This solution is suitable for tunnel-like mines that have mostly
planar corridor-junction structures because the environment can be easily represented by a graph
of nodes and edges. A scanning lidar was used to center robots in corridors while navigating edge
sections as well as avoid obstacles in the environment. However, this approach lacked multi-agent
coordination, resulting in significant overlap of explored regions by different agents. For the Urban
and Cave circuit events, a three-dimensional volumetric map representation of the environment was
generated and used in a frontier-based exploration strategy [4, 5]. In this approach, the exploration
rate of the robot is maximized using a frontier-based [140] sampling technique and a fast marching
cost-to-go calculation [114] to select goal poses and plan paths to them in three-dimensional space.

An artificial potential function-based obstacle avoidance algorithm enables the robot to follow paths



while avoiding small obstacles in the environment. Our initial approach also implemented limited

forms of multi-agent coordination in the form of agents sharing goal points and paths.

Figure 2.1: The fleet is composed of two classes of robotic agents: (a) Clearpath Husky A200, (b)
Boston Dynamics Spot. Each platform carries a common sensor modular sensor suite.

(a) Clearpath Husky A200. (b) Boston Dynamics Spot.

2.3.1 Concept of Operations

Team MARBLE has emphasized the development of multi-agent autonomy solutions that are
able to operate without requiring intervention from a human operator. This aligns with the goals of
the DARPA Subterranean Challenge where intermittent or unavailable communications with agents
from a base station or between agents is expected. Therefore, our solution is centered around robust
single-agent autonomy, where independent robots are able to explore unknown environments and
report back to a base station with collected information about the environment including map data
and detected artifact locations. In communication-limited environments where information sharing
with other agents and the human supervisor may not be available, our agents persist and continue
to execute the mission.

While it is important for single, independent agents to be able to explore autonomously, our

solution incorporates several multi-agent components to improve exploration efficiency. Our fleet
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is also designed to be opportunistic, capitalizing on communication links when they are available
to amplify fleet performance. Multi-agent coordination is an auxiliary capability that reduces
redundant efforts when agents enter communication range with one another, and inform each other
where they have been and where they plan to go next.

Our system’s performance can further be improved when communications are available which
enables the human supervisor to have a holistic perspective of the specific search-and-rescue sce-
nario. This holistic perspective empowers the human to make high-level contextual decisions
through two types of intervention: directing the agent to a specific location by commanding a
high-level waypoint, or teleoperating the agent by commanding low-level velocity signals. During
the 60-minute final event prize run, Team MARBLE’s robot fleet was completely autonomous, with
the exception of five strategic low-level human supervisor interventions.

Figure 2.2: Overall block diagram showing the high level functionality of the autonomy stack.
Inputs are shown in green and outputs are shown in red. Software package names are italicized
and inputs & outputs which are shared between agents are outlined in blue. Terrain assessment

and stair detection both add semantic information to the map but are only run on the Husky and
Spot respectively.

2D Lidar ) Terrain Assessment 1
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2.3.2 Perception

A modular perception suite, shown in Figure[2.5b] was designed as the basis for the autonomy
stack. The primary sensor is the Ouster OS1-64 lidar (Light Detection and Ranging), which provides
3D point clouds for mapping, localization, semantic mapping, and obstacle avoidance. A LORD
Microstrain 3DM-GX5-15 IMU (Inertial Measurement Unit) is used to measure linear and angular
acceleration of the sensor head for use in lidar-inertial state estimation. To identify visual artifacts,
the systems are equipped with several FLIR Blackfly PGE-0552C-CS cameras and an array of
5W dimmable LEDs for self-illumination. The Husky platforms were equipped with four cameras
facing forward, backward, to the left, and to the right. The Spot robots had a similar configuration,
save omitting the rear camera due to occlusions caused by the custom-built compute and power

management system.

2.3.3 Localization

Localization provides consistent pose information for many downstream autonomy processes
including volumetric mapping, path planning, artifact detection, and multi-agent coordination.
However, ensuring reliable localization is difficult in austere underground environments. Because
conventional vision-based solutions can be unreliable due to dark, feature-poor settings, Team
MARBLE utilized lidar-based methods and specifically tested and integrated LIO-SAM [I18], which

has fast online loop closures during long-duration missions.

2.34 Exploration

The exploration algorithm generates safe and traversable paths that lead agents toward un-
explored areas of previously unseen environments. The developed sampling-based path planning
algorithm is designed to be lightweight, so that it can operate on rapid exploration timescales,
regardless of the extent of the environment. Computational efficiency is achieved by employing a
bifurcated local-global graph for sampling unseen frontiers as well as a good enough strategy for

final selection. In such time-constrained search and rescue settings, even humans will often make
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rapid decisions rather than dwell for long periods of time to make globally optimal ones.

The planner is also constructed to be flexible so that additional capabilities could be scaf-
folded on top of the core algorithm. Integration of the planning algorithm with semantic mapping
was critical for rough terrain and stair traversal. The planning algorithm re-plans in dynamic en-
vironments, whether due to doorways that are being opened or closed, or fellow agents that are
passing by. This capability is crucial for robust operation in real-world environments, which cannot
assumed to be static.

Agents follow paths via a modified pure pursuit controller [23]. The yaw rate command
is computed by comparing the current agent’s heading against a lookahead point that is a fixed
distance along the path. Forward speed is regulated based on local proximity to obstacles in the
environment and the relative heading error to the look-ahead point. This results in slower speeds
when agents are in cluttered environments or experiencing large heading errors. A 2D (RP Lidar)
was used for local obstacle avoidance on the Husky platform and the Spot platform had built-in

obstacle avoidance.

2.3.5 Mapping

Team MARBLE’s mapping framework is based on the open source Octomap package [45],
and has been customized with additional capabilities including map merging, transmission of dif-
ference maps, and encoding of semantic information. The core of the mapping framework is a
log-odds-based probability metric for occupied and unoccupied voxels or cells. These cells provide
a 3D representation of the environment that is later used for navigation. This flexible framework
enabled the transmission of key environmental features such as rough terrain and the location of

stairs efficiently through a bandwidth-limited communication system.

2.3.6 Artifact Detection

The artifact detection system precisely localizes visual artifacts using RGB sensors for visual

classification and detection and lidar for depth estimation. Non-visual artifacts such as cellphones
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and gas are localized based on the position of the robot. A weighted median filter fuses together

all detections which are sent to the human supervisor for final validation as described in Chapter

2.3.7 Communication Systems

A mesh networking solution transmits data between robots and back to the base station for
the human supervisor to review. Standard 2.4ghz 802.11 wireless radios based on the ath9k chipset
are used for the physical layer. The wireless radios are embedded in beacons that can be deployed
from the back of the Husky platforms, allowing for ad-hoc mesh networks to be established. Meshing
technology was provided by Meshmerize [92] and a custom UDP based transport layer (udp-mesh)

was developed.

2.3.8 Multi-Agent Coordination

Exploring unknown environments with multiple agents can be made more efficient through
coordination, especially when agents are not within communication range. Sharing information
across agents, such as explored regions, discovered artifacts, and current behavioral states, allows
for more intelligent management of multi-agent exploration. The framework called Multi-Agent
Data Collaboration for Autonomous Teams (MADCAT), provides the multi-agent data sharing
capabilities required for the Subterranean Challenge mission [103], including the transmission of
relevant coordination data and maps, as well as map merging functionality and decision-making
for each agent. Additionally, MADCAT implements Behaviors, Objectives and Binary states for
Cooperative Autonomous Tasks (BOBCAT), originally presented in [104], for high-level autonomy,

decision-making, and interfacing with the human supervisor.

2.3.9 Mission Management

The human supervisor is able to monitor the fleet’s progression through the unknown subter-

ranean environment using a custom GUI operating on a computer at the entrance to the environ-
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ment (base station). The current mission status of all agents in the field (‘Reporting’, ‘Exploring’,
‘Home’, etc.), as well as their location in the global map, are displayed whenever robots are within
communication range of the base station. Additionally, the goal point and goal path for each robot
is visible, allowing the supervisor to see the intent of each robot. The human supervisor is able to
take over control of a given agent by either sending manual goal points or tele-operating the vehicle
using a joystick interface with the base station. Reported artifacts are displayed per robot, with the
type (survivor, cell phone, backpack, helmet, rope), position, confidence, submission result, and an
image. The GUI also enables the modification of artifact classes and locations prior to submission
to the DARPA scoring server. An example of the GUI interface is shown in Figure

Figure 2.3: Example of the Human Supervisor’s interface. The custom GUI is on the left, showing a
received artifact image. The middle is the multi-agent RViz view, with all robots and the complete

merged map. The right is a third-person follower for each robot (two in this case) with that robot’s
original unmerged map.

DT

2.4 Platform Development

For the final event of the SubT Challenge, Team MARBLE deployed a heterogeneous fleet
consisting of two Clearpath Husky A200s (HO1, HO2) and two Boston Dynamics Spots (D01, D02).

Examples of each platform are shown in Figure[2.1] The Husky platforms are four-wheeled skid-steer
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ground vehicles capable of carrying heavy payloads, while the Spot quadrupedal “dog” platforms
are agile, capable of climbing staircases and traversing uneven terrain. The Husky platform is robust
and stable, with its generous payload budget allowing it to carry six communication beacons. The
intended deployment strategy is to first deploy the Spot platforms to maximize exploration, and
then the Husky platforms to establish the mesh communication network.

For processing power, each Husky is equipped with a 32-core AMD Ryzen CPU equipped
with 128GB of RAM and 4TB of SSD storage, integrated into a complete platform as shown in
Figure Dual NVIDIA GTX 1650 GPUs were used to accelerate object detection inference
speed. The primary computer on the Spot platforms is an AMD Ryzen 5800U with 64GB of RAM
and 2TB of storage which is paired with a Jetson Xavier AGX to process the camera streams
and perform artifact detection, following a similar integration as shown in Figure 2.4b] Many
purpose-built components are common between platforms to reduce field maintenance efforts and
platform-specific code. Each system is outfitted with a custom power system, discussed in Section
[2.4:2] which enables the ability to switch from a wired shore power supply to the onboard computer
batteries. This leads to more efficient use of the onboard batteries, which are a limiting factor in

the duration of field testing deployments.

2.4.1 Communication Beacons

Underground environments provide limited line-of-sight capabilities for wireless communica-
tions. As a result, Team MARBLE developed custom communication beacons to complement the
custom multi-robot coordination solution. This allows for robots to share information with the
base station and other robots in the field. Each Husky platform is capable of carrying six beacons,
each containing a single 2W Doodlelabs 802.11n radio as seen in Figure The autonomous
beacon deployment mechanism relies on a latching solenoid release coupled with a novel passive

system to gently lower each beacon to the ground to ensure maximum antenna height.
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Figure 2.4: Power and signal routing diagrams of customized (a) Husky and (b) Spot platforms.

(a) Husky platform power and signal routing dia-

gram. (b) Spot platform power and signal routing diagram.
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Figure 2.5: Final robot configurations, with (a) a deployment mechanism loaded with six commu-
nication beacons on Husky vehicles at Final Event and (b) a modular perception suite installed on
both Huskies and Spots.

(a) Deployment mechanism loaded with six commu-(b) Modular perception suite installed on both
nication beacons on Husky vehicles at Final Event. Huskies and Spots.
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2.4.2 Power and Platform Control Systems

In order to support each platform’s sensor and processing needs, as well as meet DARPA
equipment requirements for emergency stop systems, the systems integration efforts relied on several
custom hardware and software components. Where feasible, these components are shared between
the Husky, shown in Figure and the Spot platforms, shown in Figure [2.1b] reducing the
development and validation efforts, as well as team member operational training requirements.

Of the custom capabilities developed, the power management subsystem deserves special
mention. This component implements a hardware-interlocked, ideal diode system to permit down-
stream electronics to source power from either a wall-connected power supply, referred to as shore
power, or onboard batteries. By switching to shore power, onboard systems can remain powered for
development, testing, and analysis while the batteries are charged without carrying load. Further,
the ideal diode component allows the battery packs to load share and charge independently. In con-
trast to a bus-tied battery system, this ideal diode design prevents high-energy charge equalization
between packs and allows each battery pack’s onboard management board to function indepen-
dently. The system also enables live monitoring of current consumption and battery voltage, as
well as intelligent e-stop management which ensures the robot cannot exit the emergency stopped
state while connected to shore power.

Emergency stop requirements dictated that each platform needed the ability to be stopped
by a physical button, software, and via a DARPA-deployed Xbee network. On the Husky control
system, the emergency stop system was integrated directly into the base controller. In contrast,
the Spot platform’s emergency stop tied into the available API to issue the robot a “sit” command
before terminating power to the motors which allowed the robot to be stopped gracefully.

Several important lessons learned emerged after three years of platform architecture devel-
opment. We have highlighted the most critical lessons here.

As part of our field testing campaign, we uncovered an issue where our USB-connected IMU

was delayed in delivering measurements critical to localization performance. From an integration
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perspective, our IMU’s USB interface was implemented using a standard USB Communications
Data Class Abstract Control Model (CDC-ACM) interface. Using CDC-ACM for IMU measure-
ments was particularly problematic due to the way in which CDC-ACM uses bulk transport. USB
has several methods of transferring data from device to host, including interrupt, isochronous, and
bulk transport. CDC-ACM uses bulk transport, which does not include any guarantee for on-time
delivery of data. As a consequence, during high CPU load, IMU measurements were occasionally
delayed and resulted in localization errors. In contrast, interrupt and isochronous transports are
regularly serviced and can deliver on-time data. This problem could be solved in future deploy-
ments by either replacing the bulk interface with an interrupt interface or by using legacy serial
interfaces such as RS-232 (not typically available on small form factor computing units). However,
in practice, we found adjusting the IMU timing was sufficient and did not require engineering new
firmware.

Another critical piece for reliable localization and consequently navigation is sensor synchro-
nization. Synchronization is fundamentally necessary in order for our onboard sensors to com-
municate with their respective computers, and for those computers onboard individual agents to

communicate with each other and the base station computer.

2.5 Object Detection

A core component of the SubT Challenge is the detection and localization of objects that
could potentially indicate human presence. Each artifact needed to be reported within a 5m radius
of the ground truth location. To achieve this requirement a lidar-inertial based state estimator is
used. Robots are put into a common reference frame based on survey-grade measurements from a

Leica Total Station (LTS) and objects are projected using the marble mapping framework.

2.5.1 Sensing Modalities

Table shows the classes of artifacts present at the final event along with the types of

sensing modalities capable of detecting each artifact. Each robot in the fleet is equipped with RGB
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cameras, Bluetooth modules, and CO3 sensors which enable the detection of all classes of artifacts
using a minimal sensor suite. The visual detection system is not trained to detect either the cell
phone, due to its small form factor, or the cube artifact which was detectable using Bluetooth. The
cube artifact had rotating colors which pose significant challenges for visual detection methods.

Table 2.1: Sensing modalities, that Team MARBLE utilized (+) and did not utilize () for detecting

the ten artifact classes. Blank entries indicate sensing modalities that are not useful for detecting
specific artifact classes.

Artifact Class Visual Thermal Wireless CO»

& Survivor + -

D Cell Phone - +

‘ Backpack +

4 Drill -

ﬁ Fire Extinguisher +
@ Gas +
@ Vent + -

. Helmet +

\ Rope +

v Cube - +

2.5.2 Visual Detection

Visual object detection is a well-researched problem in computer vision and state of the art
detectors are capable of identifying objects in both 2D and 3D. Common 2D detectors are typically
based on Convolutional Neural Networks (CNN) [I48], such as region proposal-based networks
like Fast R-CNN [38]. Typically these networks require multiple passes over an image to classify
an object and then detect where the object is in the image. In contrast, YOLO [I01] performs
both classification and detection in a single regression making it a significantly faster detection:
0.5 FPS for Fast R-CNN and 45 FPS for YOLO. Object detectors operating in 3D typically use

point clouds obtained from a lidar and until recently were limited to classification rather than full
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detection [78| O7]. Extensions to 3D classifiers such as Voxelnet [147] and PointRCNN [120] are
capable of performing object detection on powerful GPUs. These GPUs are impractical from both
a size and power consumption standpoint for mobile robots. We selected the Yolo V3 [102] model
due to the fast and accurate nature of the YOLO [101I] family of networks.

Specifically, for classification and detection, the visual pipeline utilizes a YOLO V3 Tiny [101]
model with custom trained weights. The model is optimized for Nvidia TensorRT acceleration and
we infer images at a resolution of 608x608. The Husky platforms are able to perform inference at
60FPS on a GTX 1650 based on Nvidia’s Turing architecture with 896 CUDA cores and 112 RT
cores. The Spot platform uses a Nvidia Jetson Xavier AGX based on the Volta architecture with
512 CUDA Cores and 64 Tensor cores to perform inference at 40 FPS. These GPUs were chosen
to balance performance against size and power constraints for on-board compute. The TensorRT
YOLO detector outputs a message containing the detected artifacts as well as the coordinates of
their bounding boxes.

A systematic procedure targeted at low-light conditions is used to train the model. At each
location, data was collected using three different brightness levels to minimize the impact of lighting
conditions on the model’s performance. Specifically, images were taken from past circuit events as
well as separate field exercises. Images with excessive motion blur were subsequently filtered out
and the data was later augmented with images that contained false positive defections.

Depth registration is performed using marble_mapping which is generated by the Ouster 64-
beam lidar. Utilizing an Octomap based framework allowed us to avoid implementing any additional
filtering due to the probabilistic nature of the map. Additionally, the Octomap structure aggregates
scans into the map with temporal memory. This important feature resolves the inconsistency
between the 33.2° vertical field of view of the Ouster and the 68° vertical field of view of the
cameras. At further distances, the agent is able to incrementally build out regions near ceilings and
floors, overcoming the vertical blind spots of the Ouster. Essentially, this temporal memory allows
us to decouple the depth measurement from the visual artifact detection. The biggest drawback of

this approach is the potential for an additional 0.15m of error on each detection due to the voxel
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resolution. However, this error figure still falls within the design constraints of localizing an object

to within bm of its desired location.

Figure 2.6: Overview of the artifact detection system. Sensor inputs are shown in red and outputs
are shown in green.
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After 3D coordinates are obtained via the Artifact Localization node, we run a weighted
median filter in the world coordinate frame to de-noise the projected location within the Artifact
Fusion node in 2.6 Each localized artifact is considered to be part of the same measurement if it
is the same class as a previous measurement and within 5m of that measurement. We then require
five to 10 positive detection events and use the median position as the reported position to the
human supervisor. The final detection is published in a custom ROS message which contains this
position as well as a compressed version of a corresponding camera image and associated bounding

box. The full overview of the artifact system can be seen in Figure [2.6

2.5.3 Non-Visual Detection

Cell phone, cube, and gas reports are also fused using a weighted median filter. The Bluetooth
and COs detections are simply localized to the position of the robot at the time of detection.
Bluetooth detections are also grouped together by unique SSIDs and gas detections within 10m
of another detection are assumed to have originated from the same source. The final positioning
of these non-visual artifacts relies on input from the human supervisor. Our human supervisor
interface was designed to easily allow for movement of reported artifacts based on features observed

in the map by the human operator. The details regarding the accuracy and success rate of these
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reports can be found in Section [2.8

2.6 Performance of the System

The SubT Final Event Prize Run on September 23, 2021 provided Team MARBLE an excel-
lent opportunity to evaluate the performance of our complete supervised autonomy solution, and we
share our results in this section. First, an overview is provided in Section [2.6.1} which includes an
outline of the mission objectives, a description of the previously unknown course in Section, as well
as a high-level summary of the results. Localization and mapping results are presented in Section
Further analysis of the planner and resulting exploration effort is described in Section [2.7]
Artifact detection results are thoroughly analyzed in Section Mission management results are
detailed in Section [2.9] including the five instances where the human supervisor manual intervened,
as well as the seven artifacts that were scored via FPV imagery. Together, this section elucidates
how our systems worked together to score 18 artifacts, while also discussing the areas that limited

even higher performance.

2.6.1 Overview

The mission objectives were to accurately report as many of the 40 artifacts in the course
as possible during the mission. There are three hard constraints: the mission is 60 minutes long,
there are a total of 40 attempts to report artifacts, and only one human, the human supervisor, is
permitted to supervise the mission, manipulate robotic agents, and submit artifact reports.

The final course was custom constructed as illustrated in Figure 2.8] which breaks the course
out into distinct tunnel, urban, and cave environments. The course contains numerous hazards
and challenges: rough terrain, railroad tracks, slippery surfaces, ramps, stairs, large drop-offs,
rocky cliffs, narrow hallways, low-to-the-ground corridors, wide-open caverns, fog, standing water,
dynamic obstacles, trap doors, and a degraded communications environment. These challenges are
discussed further in Section 2.7

Here, we provide a brief high-level summary of the artifacts scored and the extent of the
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Figure 2.7: The final maps from (a) D01, (b) HO1, (c¢) D02, and (d) HO2.

(b)

environment explored. Team MARBLE scored 18 of the 40 artifacts and explored roughly half of
the environment. For reference, the top-scoring team scored 23 artifacts. The location and class
of all 40 artifacts can be visualized in the context of the course map shown in Figure [2.8 This
map also indicates which regions of the course that Team MARBLE explored as well as the 18
scored artifacts. The artifacts that Team MARBLE scored are also listed in Table ordered
chronologically from mission start to mission end. Each of the 18 artifacts in Table correspond
by ID to the scored artifacts in Figure 2.8} Further analysis of artifact detection results are detailed

in Section 2.8
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Figure 2.8: Course map of the 60-minute Final Event Prize Run designed by DARPA, highlighting
the 18 of 40 artifacts scored by Team MARBLE, along with the areas of the tunnel, urban, and
cave sections were explored by agents.
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2.6.2 Localization & Mapping

A secondary objective of the 60-minute Final Event Prize Run was to rapidly map the
environment and transmit the real-time map back to DARPA every ten seconds. The map takes
the form of a point cloud, or a collection of three-dimensional points that represent occupied space
in the environment, e.g. floors, walls, ceilings. Figure provides a comparison of the DARPA-
generated ground truth map in black against the final map submitted by Team MARBLE, split
into inliers in green and outliers in red.

DARPA has generously collected, processed, and shared this map data with participating
teams [109]. Inliers are defined as points within 1m of ground truth map points, and outliers are
defined as points outside 1m. Map coverage is a metric representing the ratio of the environment

explored, and is defined as
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Table 2.2: List of all artifacts scored by Team MARBLE during the 60-minute Final Event Prize
Run, along with the corresponding mission time when artifacts were reported and scored, artifact
type, unique DARPA-assigned ID numbers, and Euclidean distance error between the reported and
ground truth location of the artifact.

Score Time [mm:ss] Type ID Error [m]
1 01:08 Drill L51 0.57
2 01:23 Backpack L53 2.23
3 06:23 Rope L55 0.84
4 12:03 Survivor L26 0.62
5 16:35 Survivor L32 1.40
6 17:23 Gas L0o8 1.80
7 28:08 Fire Extinguisher L31 1.31
8 35:51 Drill L34 1.43
9 36:53 Fire Extinguisher L38 2.82
10 37:08 Cube L36 3.94
11 37:58 Backpack L40 1.40
12 38:47 Rope L67 2.87
13 47:53 Cube L11 1.83
14 50:33 Cell Phone L22 4.06
15 50:45 Cell Phone L47 4.00
16 51:48 Cell Phone L59 2.15
17 52:45 Gas L24 2.55
18 56:33 Helmet L58 1.74

ground truth points within 1m of an inlier point

map coverage = (2.1)

total ground truth points
Map error or deviation is a metric representing the ratio of the submitted map that is inac-

curate relative to the ground truth map, and is defined as

outlier points

map deviation = (2.2)

total submitted points’

Figure shows that map coverage steadily increases throughout the mission, with some
periods of rapid exploration, and by the end of the mission, nearly 50% of the environment has
been mapped. Map error on the other hand, increases modestly throughout the mission due to
localization drift. However, it increases significantly due to a localization failure on D01, which is

discussed further in Section This failure generated erroneous sections of map which mistakenly
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Figure 2.9: Final point cloud map submitted by Team MARBLE to DARPA staff during the Final
Event Prize Run.
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Figure 2.10: Map coverage, error, and cumulative score throughout Team MARBLE’s deployment
during the DARPA SubT Final Event Prize Run.
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2.7 Planning

During the entire 60-minute mission and across a diversity of environments, none of the
robots were teleoperated due to a planner failure or to improve the volumetric gain, which is seen
as a successful demonstration of the planning reliability and flexibility. The human supervisor
only intervened to complement autonomy with human-level cognition and intelligence, as discussed

further in Section 2.0l

Figure 2.11: Instance of (a) D02 thoroughly exploring the subway platform without planning over
the edge, with green edges of the graph, pink planned path, and associated map, along with (b)
FPV imagery.

(a) Subway map with green edges and pink
planned path. (b) FPV imagery.

Figure 2.12: Instance of (a) D02 autonomously exploring the entire cavern, traversing the safer
surfaces and avoiding treacherous areas, such as the one shown in (b).

(a) D02 exploring the cavern. (b) Treacherous area in the cavern.

As an overview, Figure presents three scenarios from the Final Event Prize Run, which

demonstrate negative obstacle avoidance, multi-agent coordination based on teammate position
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histories, and teleoperation initiation by the human supervisor. Below, Section highlights the
exploration performance, Section shares examples of agents avoiding treacherous terrain, and
Section [2.7.3| demonstrates the planner adapting to dynamic changes in the environment. Section

discusses system limitations that prevented the agents from exploring the entire course.

Figure 2.13: The figure shows three snapshots from the SubT Final Event Prize Round run. The
blue lines in the figure represents the locally sampled RRT* tree and the green lines represent the
global graph. (a) The robot can be seen to avoid sampling over the negative obstacles i.e., the edge
of the subway platform, owing to the settling-based collision-checks. (b) The agent planned away
from the position history of a teammate robot that was launched before it, demonstrating effective
multi-agent coordination. (c¢) This snapshot shows an instance where teleoperation was initialized
on one of the robots. The robot can be seen to plan a path that had sufficient volumetric gain
leading the robot toward a frontier in the urban area that had not been seen by any other robots.
However, the human supervisor decided to teleoperate the robot through the initial section of the
tunnel area and then let it autonomously explore the tunnel.
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2.7.1 Exploration

The volume of unseen area explored by each agent across the mission is illustrated in Figure
Unlike the statistics of the global map submitted to DARPA in Figure 2.9] Figure
presents agent-specific exploration information stored onboard each robot. D02 was the largest
contributor to overall exploration, partly because it was launched first and had the most time to
explore. D01 played a complementary role by exploring most of the tunnel environment, which
remained unexplored by D02. Because the subset of the environment safely traversable by the

wheel robots was relatively more constrained, it naturally led to less exploration from the Huskies
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across the mission.

Figure 2.14: Comprehensive field deployments were conducted at various sites including (a) the
Edgar Experimental Mine operated by Colorado School of Mines, located in Idaho Springs, CO.
which tested terrain, distance travelled, and communications; (b) the Engineering Center complex
also located on University of Colorado Boulder Main Campus which tested multi-story navigation
and repeated features from urban environments; and (c) the Folsom Parking Garage located on
University of Colorado Boulder Main Campus in Boulder, CO. which tested planning in open spaces
and vertical localization across multiple stories.

Besides showing the volume explored by each of the robots, Figure also shows time

periods during which the default planner exploration behavior was paused for higher-level mis-
sion management and teleoperation commands. These interjections by the autonomous mission
management system were primarily triggered when agents approached each other, and resulted in
lower-priority agents pausing and higher-priority agents resuming their task. During these encoun-
ters, agents appear as fast-approaching dynamic objects, and this simple procedure was employed

rather than incorporating reactive obstacle avoidance into the planner.

2.7.2 Treacherous Terrain

The path planning solution successfully kept each agent safe from collision throughout the
entire mission. The Spot robots, which explored more challenging features in the environment,
fully avoided negative obstacles, such as shear drop-offs and rocky slopes, and traversed up and
down stairs.

The Spot robots successfully traversed up and down the small set of stairs leading up to

the subway platform, as shown in Figure 2.16] However, when stairs where first encountered from
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Figure 2.15: Volumetric gain explored by each robot across the 60-minute Final Event Prize Run.
Planner-Off, denoted by blue lines, represents instances when the planner was paused to allow the
autonomous mission-management system to take over when robots are in close proximity, as well
as the several interventions when the human supervisor manually teleoperated robots. Go-Home,
denoted by black lines, represents instances when the planner began returning home to reconnect
to the network and report new artifact reports and map data.
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above, agents did not plan down them due to the limited +16.5° vertical field of view of onboard
Ouster OS-1-64 lidar sensors, as shown in Figure In addition, the Spots can only safely
walk down stairs backwards, and therefore additional logic would be be required to autonomously
traverse those stairs.

Both Spot robots thoroughly explored the subway platform, approaching the edge, but never
stepping and falling over, as demonstrated by D02 in Figure[2.11] Additionally, the same Spot robot,

D02, explored the entire cavern autonomously without entering treacherous terrain, as shown in

Figure 2.12]

2.7.3 Dynamic Environment

The planner has the ability to adapt to dynamic environments, such as closing or opening of
doors, falling rubble, as well as other situations also lead to dynamic changes in the map, including
other nearby mobile agents, and localization and mapping error.

During the Final Event Prize Run, D01 traveled through a side branch of the urban environ-

ment, triggering a trap door. Figure shows the planner adapting to the dynamic environment

by re-assigning previously traversable edges as untraversable.
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Figure 2.16: Instance of (a) D01 planning up stairs with the green edges of the graph, pink planned
path, and associated semantic map with blue voxels representing stairs, along with (b) FPV imagery.

(a)
v

In addition, there were several instances of temporary localization and mapping error, which
caused erroneous new map data to change previously traversable edges of the planning graph to
untraversable. In each case, the planner adapted to the new scenario, and continuously operated
throughout the localization drift and loop closure correction.

When agents pass each other, they appear as fast-moving dynamic obstacles, and cannot
re-plan around one another fast enough. Therefore, an agent-based prioritization scheme prevents
both collision and deadlock, by enforcing one agent to wait while the other passes.

Figure 2.17: Early in the mission, D01 walked by the corridor with the trap door, as shown by (b)
the left camera (1:47). The agent later to returns to the corridor, (a) walks under the trap door
(10:34), and soon after sees it has closed, as shown by (d) the right camera (11:01). After seeing
the trap door close, (¢) the updated map and graph show (red) edges as untraversable (11:11). Had

the agent moved closer to the trap door, and fully been within mapping range, all edges would have
updated as untraversable.

(a) (c) (d)
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2.7.4 Limitations

However, several limitations did prevent agents from exploring roughly half of the course. In
total, there were three types of bottlenecks: constrained corridors, slippery surfaces, and downward
sets of stairs, each exposing unique limitations within the autonomy system. None of these are
limitations of the planner itself, but rather limitations of mapping, mobility, and perception.
Figure 2.18: Mission management timeline for all robots and human supervisor during the 60-
minute Final Event Prize Run. When not manually teleoperating a robot, the human supervisor
was monitoring the mission, which includes watching live FPV streams from D01 and D02, reviewing

incoming artifact reports from agents, reporting artifacts to DARPA, and in the last five minutes
of the mission, checking archived FPV images from the Spots for previously missed artifacts.
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The planner did not plan through all constrained spaces because the selected planning param-
eters for agent width and height did not allow the graph to propagate through especially short and
narrow spaces. These parameters were intentionally chosen to be conservative to prevent the agent
from moving along an unsafe trajectory. Utilizing a higher-resolution local map and planner could
result in a more agile robot that could safely traverse those spaces. Additionally, autonomously
transitioning into a crouching gait could improve the Spots ability to traverse spaces with low
ceilings.

The second limitation is slippery surfaces, and led to D01 slipping and falling in the cave
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section. Some of these rocky surfaces were intentionally designed to be slippery, and plenty of
humans walking through the course after the event also slipped and fell. After D01 fell, it also
experienced a localization failure. Methods to recovery the system from an event such as this one
would involve implementing a fall detection algorithm, as well as autonomous self-righting and

localization reset logic.

2.8 Artifact Detection

In this section, we present performance results of the artifact detection and reporting system.
During the 60-minute Final Event Prize Run, Team MARBLE scored a total of 18 artifacts out of
the 40 artifacts in the environment. Figure [2.19] presents a flow diagram that summarizes how our
team scored 18 artifacts and the limitations that resulted in the remaining 22 from being scored.
Of all 40 artifacts, our agents explored enough of the environment that they were in the vicinity
of 25 artifacts, leaving 15 unexplored due to mobility challenges discussed in Section Team
MARBLE reported 19 of the 25 artifacts that were explored, and successfully scored 18 of those 19
reported. A map of the area explored and scored artifacts is shown in Figure [2.20

Of the 18 artifacts that Team MARBLE successfully scored, 11 were scored by autonomous
robot reports, two were scored by the human supervisor modifying the position of autonomous
reports, and five were scored by the human supervisor via robot FPV imagery. One artifact was
reported but did not score due to localization error in excess of 5m. There were six artifacts that
agents saw, but did not report due to errors in the autonomous artifact detection system. The
human supervisor received information regarding three of these six artifacts but missed them due
to high workload demands during the mission. The other three artifacts were located in areas that

prevented agents from communicating back to the human supervisor.

2.8.1 Visual Detection

The focus of this section is to quantify the performance of the visual artifact detection system.

Of the 18 artifacts that Team MARBLE scored, 11 of them were visual artifacts, as shown by
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Figure 2.19: Flow diagram illustrating how Team MARBLE scored 18 of the 40 artifacts in the
course, and the limitations preventing the remaining 22 artifacts from being scored.

Robot Score: 11
Reported Artifacts: 19 Scored Artifacts: 18
Explored Artifacts: 25 Hybrid Score: 2
All Artifacts: 40 I Human Score: 5
Not Scored Artifacts: 1 = |ocalization Error: 1
I Unreported Artifacts: 6 Robot Detection Error: 6 il Human Missed: 3
I No Communications: 3

Unexplored Artifacts: 15 Limited Mability: 15

Table First, we focus on the six artifacts (L51, L53, 126, L34, L40, L67) that were successfully
reported by the agents’ autonomous artifact detection systems in the course. All six artifacts
were accurately localized to within 5m. In fact, the largest error for a visual artifact was 2.87m
(L67). This eliminated the need for the human supervisor to spend time trying to correctly localize
artifacts.

The autonomous artifact detection system filters raw frame-to-frame detections onboard the
agent, with the aim to reduce the number of false positive and redundant artifact reports. Because
the human supervisor has limited bandwidth, unnecessary distractions detract from the completing
other mission-related tasks. In the process of scoring these six visual artifacts, the human supervisor
had to process 21 artifact reports from the automated artifact detection systems onboard agents. Of
these, 11 were true positives, six were approved by the human supervisor and successfully reported,
and five were ignored because they were redundant reports that were previously scored. The other
10 reports were also ignored by the human supervisor because they were false positives.

In total, there were only four false reports that the human supervisor submitted. One was
cause by human error, the other three were caused by erroneous COs reports.

Agents in the course failed to autonomously report the other five artifacts (L55, 132, L31,
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L38, L58), but did transmit FPV imagery back to the human supervisor, who manually reported
and scored them. The fact that the autonomous artifact detection system did not detect five of
the 11 visual artifacts it saw, indicates that certain reliability limitations exist. Team MARBLE

acknowledged this limitation and relied on the the human supervisor and FPV system to fill in

that void, which is further in Section

Figure 2.20: Locations of ground truth artifacts in white, reports that scored in green, and reports
that did not score in red, overlaid on ground truth map of the course.

2.8.2 Non-Visual Detection

Team MARBLE scored seven non-visual artifacts, i.e. cell phone, cube, and gas, but as shown
in Table required submitting more reports due to difficulty around accurately localizing the
source. The main limitation is that the detection scheme relies on threshold-based logic for RF and
COg levels, and when triggered, simply reports the current location of the agent. The thresholds

were intentionally set low to increase the probability of detection when agents pass by the vicinity
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of these non-visual artifacts. Of the seven non-visual artifacts scored, five of them (L08, L36, L.22,
L47, 1.24) were scored via the autonomous robot reports, with an average error of 3.27m. The
remaining two artifacts (L11, L59) were scored by the human supervisor manually adjusting the

reported artifact locations.

Table 2.3: Artifact statistics for Team MARBLE during the Final Event Prize Run. A total of 18
artifacts were scored. Only one artifact was reported but not scored, which was due to localization
error greater than 5m. Agents were in the vicinity of six artifacts, but they went unreported due
to autonomous artifact detection failure and in some cases, also missed by the human supervisor
due to excess workload. The remaining 15 unexplored artifacts were never seen by agents because
they were located in parts of the course that were never reached.

Artifact Type Scored Not Scored Unreported Unexplored Total

Survivor 2 0 0 1 3
Cell Phone 3 0 0 1 4
Backpack 2 0 0 3 5
Drill 2 0 0 2 4
Fire Extinguisher 2 0 1 1 4
Gas 2 0 1 0 3
Vent 0 0 3 1 4
Helmet 1 0 1 3 5
Rope 2 0 0 3 5
Cube 2 1 0 0 3
Total 18 1 6 15 40

2.9 Mission Management

Overall, the mission management system was able to keep the robots on task with minimal
human supervisor intervention. However, when needed, the interventions were crucial for both
the exploration capabilities of the system and the final event performance. Figure presents a
detailed timeline of the four agents in the field, as well as the human supervisor. The four robot
launches and five robot interventions were the only times when the human supervisor used teleoper-
ation. There were only two other types of instructions agents received from the human supervisor.
One was commanding H02 to drop two communication beacons. The other was commanding D01

to return home three times, each occurring while the human supervisor was also teleoperating D01
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Table 2.4: Artifact report statistics for Team MARBLE during the Final Event Prize Run. A total
of 34 reports, or attempts, were made throughout the mission. A total of 18 attempts resulted in
scores, 11 attempts were misses and did not result in a score due to localization error greater than
5m, and five attempts were false attempts in that they were false positives and no artifact of that
class was in the vicinity.

Attempt Type Scored Missed False Total
Survivor
Cell Phone
Backpack

Drill
Fire Extinguisher
Gas
Vent
Helmet
Rope
Cube
Total
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2.9.1 Robot Launches

The human supervisor was under immense pressure to optimally balance many competing
tasks during the 60-minute Final Event Prize Run. With such limited time, the primary objec-
tive at the beginning of the mission is to launch robots into the environment as fast as possible.
Through extensive practice and full-scale comprehensive field deployments, discussed further in
Section Team MARBLE launched all four robots, with a mean launch time of 41 seconds,
as shown in Table 2.5

Two agents experienced failures late in the mission, reducing overall fleet utilization rate from
92% to 73%. HO2 experienced a hardware failure (36:48), and post-event inspection revealed better
vibration isolation of the computing system would reduce the likelihood of such a failure in the
future. DO1 experienced a mobility failure (39:46), in which the Spot slipped on a slick rock and
fell over. The agent then experienced a localization instability due to the large induced velocity.

To recover from such an incident in the future, Team MARBLE could implement an autonomous
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self-righting maneuver and localization reset logic.

Table 2.5: List of the four robot launch (RL) sequences executed by the human supervisor during
the 60-minute Final Event Prize Run. Extensive process streamlining and repeated practice de-
ployments resulted in quick and repeatable launch sequences. The course entry column represents
the mission time at which the agent crossed into the course.

Launch Agent Duration Teleoperation Window Course Entry

[s] [mm:ss - mm:ss] [mm:ss|
RL1 D02 75 -00:37 - 00:38 00:02
RL2 D01 95 01:29 - 02:24 01:44
RL3 HO02 35 07:15 - 07:50 07:25
RLA4 HO1 20 10:57 - 11:32 11:08

Mean 41

Despite the fact that some artifacts were not detected and reported by the autonomous board
artifact detection system, the human supervisor filled in the void. The human supervisor reported
and scored five artifacts that were seen via robot FPV imagery, but not autonomously detected.
Of these, the human supervisor saw four (L55, 132, L31, L38) from live FPV streams, while one

(L58) was found while reviewing archived FPV images near the end of the mission.

2.9.2 Robot Interventions

In total, the human supervisor intervened in the autonomous fleet five times during the
60-minute mission. Table presents the duration of each intervention, with a mean length of
217 seconds, as well as the reason for intervening. Each of these interventions was in the form
of manual teleoperation, in which FPV streams were available at the base station, and velocity
commands from the human supervisor was transmitted to the remote agent in the field. Of the
five manual teleoperation interventions, only two had significant impact on the mission. The first
(RI1) was navigating D02 through the narrow cave corridor early in the mission (3:02 - 7:02),
which led the agent to the small cavern and two artifact scores. The second (RI2) was navigating
D01 through fog in the tunnel section midway through the mission (21:54 - 31:52), leading to six
artifact scores. Figure provides a side-by-side comparison of the full-resolution FPV imagery

processed onboard by the autonomous artifact detection system and the compressed FPV imagery



39

transmitted to the human supervisor.

Two interventions (RI3, RI5) commanding agents back into the course, was out of a shear
abundance of caution. The planning algorithm is configured so that the staging area is treated
as explored, so agents should not attempt to explore it. One intervention failed (RI4), in which
the human supervisor attempted to teleoperate D02 down the stairs by the subway platform. This
attempt failed because communication to and from the robot was intermittent.

Figure 2.21: Imagery during robot intervention 2 (RI2). when human supervisor was pushing
DO1 through the foggy area in the tunnel environment, eventually leading to six additional points.

Shown is a comparison of (a) full-resolution FPV imagery onboard the agent and (b) compressed
low-resolution FPV imagery transmitted to the human supervisor.

(a) (b)

The main takeaways from these results is that our agents are highly autonomous, leaving the
human supervisor to focus on mission monitoring and targeting strategic, high-value intervention
opportunities. The mission management system enabled convenient transition between autonomy
and manual operation, while the communication system enabled visibility and control over the

agents in the field.

2.10 Lessons Learned

Underground exploration of previously unknown environments, especially in a time and
resource-constrained search-and-rescue context, requires a highly adaptable human-robot team.

The lessons learned presented in the following sections enhance our proposed system’s flexibility
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Table 2.6: List of the five robot interventions (RI) executed by the human supervisor during
the 60-minute Final Event Prize Run. Our concept of operations relies on autonomous multi-agent
exploration and does not necessitate manual waypoints or teleoperation from the human supervisor.
Therefore, agents were completely autonomous, except for the human supervisor’s input during
these five instances of teleoperation. The intervention goals varied but were all specific scenarios
where human intervention would augment autonomous agent capabilities in a mission-relevant
manner.

Intervention Agent Duration Window Goal Success Points
[s] [mm:ss]
RI1 D02 240 03:02 - 07:02  Enter narrow cave corridor + 6
RI2 D01 598 21:54 - 31:52 Enter foggy tunnel area + 2
RI3 HO2 24 35:04 - 35:28 Avoid course exit + 0
RI4 D02 200 39:24 - 42:44 Walk down stairs - 0
RI5 HO1 21 49:40 - 50:01 Avoid course exit + 0
Mean 217 1.6

across mobility, communications, human-robot teaming, and multi-agent coordination.

2.10.1 Platform Mobility

Systems with heterogeneous platforms allow for specialization by each platform for both
specific environments and roles which benefits the entire mission. Specifically, in Team MARBLE’s
case, the addition of Spot platforms into an exploration role enabled rapid multi-story expeditions.
This capability was further augmented with the utility of higher-payload, wheeled Huskies, carrying
communication beacons. When deployed, these beacons allowed the Spot platforms to report
artifacts without the need to traverse “home,” leading to much more efficient exploration. No
single, platform is as performant as the combination of platforms operating in different roles based

on each one of their strengths.

2.10.2 Testing and Validation

Significant testing and validation was conducted for every element of the Team MARBLE
system. These tests taken over a variety of environments, shown in Figure reduced mission-to-
mission variability, and increased system-wide adaptability. Through these tests, Team MARBLE

locked in well tested solutions with minimal unexplained errors. This reduced changes on the



41

system as we approached the final competition, given that new solutions had to be verified against
similarly stringent tests. To our knowledge our team made the fewest hardware and software based
adjustments from the preliminary runs to the final run to achieve our score, instead relying on
our testing having eliminated all significant errors outside of a so-called ”Poisson distributed fatal
error.” These types of errors were mission ending to any individual robot but difficult to predict
or adapt to in a meaningful sense. These can be seen in our final competition run where D01 fell
over on rough steep terrain, and where H0O2 suffered a hardware error.

A secondary goal of these full-scale deployments was to reduce human-based variability in
performance. They helped both the human supervisor and pit crew prepare for the stressors of
operating and responding quickly to complex interactions between robots, the environment, and
potential failure modes. At no point was a single test considered sufficient for validating a solution
as sufficient; instead all solutions released demonstrated repeatability across the same and varied

environments.

2.10.3 System Adaptability

The challenges posed by operating a system in an unknown environment necessitate a high
level of system adaptability. Predicting every capability that a system will need for a given mission,
such as search and rescue, is impractical. Instead, having a highly flexible system capable of
adapting to unknown situations is crucial. Having already addressed the mobility considerations
in Section we also found software adaptability key to our success. For instance, the flexible
communication network enabled the ability to pass on FPV to the human supervisor with a simple
configuration change. While our system was designed with autonomy in mind and the capability
was not previously planned for, the adaptation proved invaluable. Minimal human supervision
directly impacted the final score and exploration capabilities of the system as a whole.

The notion of adaptability extends to other software architecture as well. The artifact detec-
tion system was adjusted during the final competition to include SSID information for Bluetooth

artifacts. These artifacts could then be more accurately merged between agents and by the human
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supervisor, despite inaccurate positioning from wireless signals.

In some cases, adaptability is explicitly accounted for in our design, most notably in the
mission management system. BOBCAT has many parameters which allowed the human supervisor
to adjust exploration activity, including how long a robot can explore before reporting detected
artifacts, whether a robot should find multiple artifacts before reporting, and how the system should

adjust to time constraints in the mission.

2.104 Autonomy and Human Robot Interaction

Team MARBLE emphasized autonomous system design as our primary goal. Since only
one person, the human supervisor, was permitted to interact with agents while they were deployed,
having robots controlling their own paths and decision making was key to reducing the cognitive load
required to manage mission objectives. Despite the focus on autonomy, the human supervisor is still
necessary to maximize system performance. As Team MARBLE approached the final competition,
we found targeted areas where direct human supervisor control improved results. This influenced
decisions regarding the number of deployed platforms, how artifacts were passed from agents to the
human supervisor, and how we recovered from anomalous robot behavior.

To maximize the human supervisor’s ability to track the data streams present across the
fleet, only four robots were deployed. While a larger fleet might have enabled a rapid exploration
of the environment, it could reduce the human supervisor’s ability to meaningfully address problems
arising from any specific robot.

The artifact detection system was designed to filter against false positives before passing
information to the human supervisor. Artifacts had to consistently detected in multiple frames,
and be a sufficient distance from existing artifact estimates. Where possible, artifacts were returned
with additional information including SSID for Bluetooth artifacts and images for visual artifacts.
This data allowed the human supervisor to sort remaining false positives quickly without being
distracting from the core mission objectives.

Specifically, the human supervisor spent most of their operational load solving problems the
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robots were incapable of correcting through their autonomy stack. For example, during the Final
Event Prize Run, the human supervisor used the first person vision to navigate through dense
fog, which the robot was incapable of planning through autonomously. After this intervention,
the human supervisor allowed the robot to return to autonomous operations, where it explored
several new areas, and reported a total of six new artifacts. The human supervisor was able to
opportunistically intervene like this, only because the other agents were operating autonomously

without supervision.

2.10.5 Retrospective

It’s important, after a three-year effort of this size and scope, to examine some of the bigger
picture questions. What would we do differently next time? What did we wish we knew at the
start, that we know now? The answer to the first two questions is that we would have spent
more time at the onset to scope out short-term and long-term development goals. We excelled at
the Tunnel Event, placing fourth amongst a large group of competitors. This was mostly due to
meeting well-scoped short-term goals within the one year cycle. However, during the six-month
development period for the Urban Event, we focused on long-term goals that we ultimately only
partially validated, leading to a disappointing performance. In hindsight, we should have focused
on making our already capable platforms more capable, rather than spreading our resources thin
across many thrusts. However, what our team excelled at after this experience, was pivoting and
adopting two new strategies. First, we leaned into student-led project management, which led to
greater team coordination, a key component of rapid and effective system development. Secondly,
we focused on long-term development goals, and given a year and a half, had the time to adequately
develop, test, and validate each subsystem, each fully autonomous robot, as well as our entire fleet
in numerous search and rescue missions. Together, these two powerful changes allowed a small,

lean team, to produce a highly functional autonomy solution that could perform under pressure.
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2.11 Conclusions

In this chapter, we showcase a flexible autonomy solution for exploring unknown subterranean
environments. The highly performant autonomy solution directly led to a third-place finish at
the DARPA SubT Final Event which was focused on search and rescue. Moreover, the specific
innovations presented in graph planning, flexible communications, and mission management are
directly applicable to other multi-robot teaming applications under limited human supervision.

Specifically, the combination of legged and wheeled robots allowed for heterogeneous team-
ing enabling both rapid exploration and a robust communication network. The deployed mesh
network enables flexible configuration and prioritization of data sent both to other robots, and a
human supervisor for review. A powerful graph planning framework paired with semantically en-
coded Octomaps enabled safe, rapid exploration. The final system was able to explore a variety of
underground environments, including gold mines and subway stations, with minimal human input.

Human input was reserved for specific situations where higher-level reasoning had the po-
tential to improve the mission. The flexible mission management system described enables safe
transitions between human input and the underlying autonomy system. One of the most important
lessons learned from the developed system is that focusing on autonomy is core for human-robot
teaming. Robots need to be able to make decisions on their own, enabling the limited human
resources to only act in critical situations. Subsequent chapters will explore the integration of
higher-level semantic reasoning, leveraging natural language-based encodings, into the navigation

stack established here. This aims to minimize the need for human decision-making.



Chapter 3

Communication Systems

3.1 Introduction

Practical field robotics exploration experiments often require a wireless communications back-
haul in austere conditions, where there is no existing infrastructure. Such communication back-
bones are also necessary to utilize large language models (LLMs) [35] which typically run in the
cloud. The framework described here is utilized in Chapters [5| and [6] for semantic-driven search
and exploration.

In underground scenarios, a mesh network, self-deployed as part of the exploration task,
becomes an ideal solution for extending comm network coverage deep into unknown environments.
The proposed solution is based on three DARPA events which were held in a research coal mine, an
abandoned nuclear power plant, and a former limestone mine; the use of environments dominated
by solid rock and/or concrete presented formidable difficulties for RF communication. This chapter
presents the development of our network solution, encompassing physical, logical, and transport
layers, validated in testing and by our third-place finish at the final event; we emphasize our
novel contribution, a transport layer called udp_mesh. Additionally, our modular pipeline enables
the networking solution to run on a variety of commercially available hardware, in compact form
factors making it an ideal choice for UGV and UAV operations alike. Our system has application in
any field robotics context (for example, search and rescue or exploration) using mesh infrastructure,
with a wide range of implementation options.

We first present the system requirements as either specified by DARPA or determined through
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design, then introduce several examples of existing systems that partially fulfill those requirements
to motivate the development of our own system. We then describe our complete infrastructure,
including several lessons learned through design iterations over the course of the Challenge. Finally,
we present a detailed analysis of the performance of our prize-winning system at the final event,

with potential directions for future work.

3.2 Problem Requirements

Our system design had to fulfill a multitude of requirements, some of which were specified to
our team from DARPA as part of the competition, while others were practical implications dictated
by our team composition and infrastructure.

As part of the competition setup, DARPA required any RF system to operate within FCC
limitations; while the use of licensed bands was not forbidden, we quickly made the determination
that the use of ISM bands reduced the administrative burdens needed to test our system in the
field. Further, all data products produced by our exploration system had to be funneled through a
single wired Ethernet port co-located with a human supervisor monitoring the robots at the base
station located outside of the exploration area. Finally, DARPA did not guarantee any kind of
spectrum conditions or interference metrics.

From our team’s perspective, the required elements of our solution included SWaP-C (size,
weight, power, and cost) constraints on hardware, as well as software requirements for integration.
Our network infrastructure had to be available in sufficient form factor options to permit deployment
on aerial robots and various sizes of ground robots. Further, the cost per node was limited to
approximately $1k, with an emphasis on cheaper hardware. From the software perspective, the
communication system had to support a ROS1 (simplified as ROS) [98] environment running on
Linux; we needed to support ROS natively to reduce needed integration efforts and enable testing
of higher-level functions in simulation.

From a systems design perspective, we required our solution to have minimal runtime config-

uration requirements, node discovery, online/offline detection, guaranteed transmission, and traffic
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prioritization. We desired fast reconnect times but were willing to trade off with decreased through-

put if needed.

3.3 Background

Previous work has developed several solutions to common problems encountered with de-
ploying mesh networks. As details about vendor-specific implementations are often unavailable,
we detail several open-source or readily available commercial options that were considered as our

system design proceeded.

3.3.1 Physical Layer

Physically, utilizing a standard 802.11 waveform and PHY has significant advantages in
that there are many chipset vendors to draw from. We desired a chipset with well-understood
Linux support, potentially yielding on the latest features such as high-density MIMO connectivity.
Using a standard 802.11 waveform on an unlicensed frequency enables the unregulated use of this
system worldwide, potentially also supporting integration with non-mesh networks using layers
such as mac80211 on Linux. As 802.11 is ubiquitous, our system could be used in a wide range of
applications and mobile vehicles, including search and rescue, agriculture, and self-deploying mesh

networks.

3.3.2 Logical Layer

Meshing layers lay between the physical transmission of frames over the medium and a higher-
level protocol such as IP. For applications involving rapid changes to mesh topology, a responsive
mesh layer that minimizes lost link time is a major requirement. Further, to reduce integration
effort, a mesh layer that operates at layer 2 of an OSI stackE] is desirable to allow transparent
use of higher-level protocols such as ARP and IP. Typically, meshing algorithms such as OLSR

[22] and AODV [95] select a single best path for routing between nodes which hinders algorithmic

! https://en.wikipedia.org/wiki/0SI_model
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performance in dynamic environments. A more recent example of a single-path logical meshing layer
is Better Approach to Mobile Ad-hoc Networking-Advanced (batman-adv) [112], an open source
implementation of a layer 2 mesh. In contrast to batman-adv, meshmerize [92] provides multiple
paths between nodes to ensure a reliable connection while still operating at layer 2; these multiple
paths allow for a dramatic decrease in reconnect times when mesh topology changes. Other options
for meshing layers such as the original implementation of batman operate at layer 3 as packet
routers; a downside of this class of mesh layers is a more complicated IP addressing scheme needed

over the entire mesh.

3.3.3 Transport Layer

Many robotic systems utilize middleware layers based on the publisher and subscriber model
to coordinate activities of different parts of the system; these middlewares are designed to enable
both inter- and intra-compute node connectivity. In general, a middleware layer needs to provide
discovery, data encapsulation, and transport services. In many applications, the concept of pri-
oritization can also be modeled to reserve access to a limited communication channel and ensure
high-priority data (such as an emergency stop request) is given preferred treatment. Contemporary
examples include ROS[98], OROCOS[16], and YARP[9I]. While we use ROS as a case study of a
publish/subscribe architecture to motivate the requirements of a transport layer, any architecture
that utilizes a centralized directory-like service is likely to face similar limitations.

In a traditional networked ROS architecture, a single computer runs a special node known as
the rosmaster that coordinates the publish-subscribe mechanisms. When a node wishes to exchange
data with another node via named topics, the master is consulted to determine the computer to
connect to, as in Figure A single rosmaster serves as a central directory of nodes and topics;
when a subscription to a topic is requested, a list of publisher nodes is returned so that point-to-
point TCP connections can be made directly between publisher and subscriber. When computers
are connected via always-on, high-speed links such as wired Ethernet, this system works quite

well. However, when computers are connected by an unreliable mesh network, this single-master,
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TCP-dependent model breaks down; if the master suddenly becomes unavailable, dependent nodes

become unreachable.

Figure 3.1: A basic single-master ROS network node graph. Red lines indicate data transfer,
whereas black lines indicate directory management.

[ Master

To mitigate the risks of a single-master architecture, we used a multi-master architecture in
which each robot (and human interface) ran a single master instance (as in Figure [3.2). Within
the local network of the robot, the master was always available through a high-speed wired link,
resulting in stable local operations. However, additional mechanisms are needed to enable messages
to be passed between masters.

One reference implementation is multimaster_fkie [126], which enables nodes connected to
different ROS masters to communicate with one another. multimaster_fkie uses broadcasts to
discover other instances on the local Ethernet segment; multimaster,fkieﬂ links independent masters
together by cross-publishing their topic and node directories so that TCP connections can be made
across rosmaster boundaries. Functionally, when a local node wishes to subscribe to a remote
master’s topic, the local master now contains the remote connectivity information; the node then
establishes a standard TCP link between nodes and messages can flow.

While multimaster_fkie solves the discovery and advertisement problems, it does nothing to
establish prioritization of data flow. With the standard TCP transport provided by ROS, there
is no centralized means of monitoring inter-node connections to arbitrate data priorities. We are
aware of at least two alternatives that provide this critical quality-of-service prioritization within a
ROS environment by channelling all inter-robot traffic through a single monitoring point to enforce

data priorities.

2 http://wiki.ros.org/multimaster_fkie
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The first, Poundﬂ [123], is specifically designed for use in unreliable mesh networks and
implements many of the desired requirements. However, Pound relies on hardcoded topic names
and fixed addressing information, which were critical requirements for our system for ease of testing
and integration.

Alternatively, nimbro_network [I11] implements a similar set of functions with regards to
transport over wireless networks, but omits prioritization. Crucially, nimbro_network still utilizes
TCP for reliable inter-robot communication, preventing adaptation of core TCP behavior (partic-
ularly retransmits) to unreliable mesh networks; UDP links are only used for non-guaranteed data
delivery.

We sought to design a transport layer for use in a ROS environment that allowed for runtime
reconfiguration, implemented prioritization, and re-implemented reliable communication over UDP

to have better control over retransmits and fragmentation.

Figure 3.2: A multi-master ROS network node graph. Red lines indicate data transfer, where black
lines indicate directory management. Blue lines are data paths that cross network segments.

3.4 Methods

3.4.1 Physical

We utilized ath9k-supported commercially available 802.11 hardware based on Atheros (and
subsequently Qualcomm) chipsets capable of 2x2 multiple-input, multiple-output (MIMO) trans-

mission rates across our entire robot fleet, base stations, and comm beacons. Due to the widespread

3 https://github.com/dantard/unizar-pound-ros-pkg
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industry availability of ath9k supported hardware using OpenWR’Iﬁ , we had the freedom to use
high-power 2W radios in our deployable comm beacons, 1W radios in our robots, and very low
power radios for testing and validation exercises without having to change any underlying code or
settings. Newer chipsets supporting 3x3 MIMO were evaluated, but found to not have the firmware
stability in the ‘ad-hoc’ mode used by higher mesh networking layers. Each of our Husky ground
robots utilized a pair of radios, each with a 2x2 sector antenna pointing fore and aft, while our

Spot ground robots utilized a pair of omnidirectional antennas on a single radio.

3.4.2 Logical

We partnered with Meshmerize GmbHE| to improve upon the batman-adv layer 2 open-
source mesh networking solution, as well as provide subject-matter expertise. In our preliminary
evaluations, we determined that on average batman-adv was able to re-establish connection within
10s while meshmerize was able to do so in 1s by prioritizing connectivity over optimal routing.
This fundamentally different architecture enables a data ferrying paradigm; robots need only have
brief windows of connectivity to have a functional exploration and reporting strategy. However,
meshmerize’s throughput is limited to approx 10Mbit/s due to CPU performance limitations on
radio system-on-chip processors. meshmerize is capable of running on all ath9k-supported hardware
using an OpenWRT integration. With meshmerize functioning at layer 2 bridged to each robot’s
internal network, all IP protocols were enabled; being able to transparently use SSH without any

additional software was a significant aid in debugging and troubleshooting.

3.4.3 Transport

The main innovation in our system is our transport layer, udp_mesh. We designed udp_mesh
to replace fkie_multimaster to address the need to be able to prioritize message transmissions
and provide for better performance over intermittently connected networks. As implemented,

our ROS interconnect layer now provides the following services: discovery, address resolution,

4 https://openwrt.org/
® https://www.meshmerize.net/
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Figure 3.3: On-robot network architecture for the Husky platform. Dual mesh radios are bridged
to provide mesh access for onboard compute and motion control. Spot and UAV platforms similar.
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ROS message encapsulation, point-to-point transport, point-to-multipoint transport, and quality-
of-service prioritization.

Each of these services is utilized to support the higher-level communications functions needed
for mission success. Fundamentally, the udp_mesh layer uses only unicast and broadcast UDP
datagrams to implement higher-level services without requiring multicast support. In principle,
multicasting would offer a performance benefit by reducing broadcast traffic. However, in a wireless
mesh environment, these potential gains are offset by multicast group membership management

overhead.

3.4.4 Discovery and Address Resolution

Discovery in our layer is the process of identifying nodes that are available for communication.
We implement discovery through the use of a periodic heartbeat broadcast that advertises the
node’s availability and provides name resolution information. In concept, this service is similar
to the mcast_dns service in Linux, where peers advertise their naming information to be able to
address nodes by hostname instead of layer 2 MAC or layer 3 IP address. Nodes identified through
discovery are added to the list of available nodes for communication as well as status reporting.
This discovery heartbeat is also used as a lost-communications detector to prevent higher-level

messages from queueing for unreachable nodes.
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3.4.5 ROS Message Encapsulation

In the ROS ecosystem, messages are translated from a message definition language specifica-
tion into internal representations appropriate to the implementing languag(ﬂ . This same language
specification is used to serialize and deserialize messages; that is, to transform a ROS message into a
buffer of bytes suitable for transmission over an arbitrary channel. udp_mesh implements a generic
message passing system such that the message to be transmitted is never deserialized, saving a
significant amount of processing time in the case of complex, large message types such as images.
Instead, a generic subscriber is used to acquire the serialized bytes for direct use to be transmitted
to other nodes. On the receiver side, the transmitted byte stream is deserialized to instantiate the
message in a format that other ROS ecosystem nodes can readily consume. These two functions
abstract the transport of arbitrary messages over the udp_mesh layer and remove any requirement

to define a list of acceptable message types.

3.4.6 Point to Point Transport

In the udp_mesh system, point-to-point transport is implemented via UDP datagrams. This
envelope contains provisions for sequence tracking, fragmentation, and message reconstruction. As
part of preparing a message for transmission, the byte buffer provided by the ROS encapsulation
service is split into chunks that fit with in the underlying medium’s maximum transmit unit (MTU).
For the standard 802.11 framing that is used in our system, this MTU is 1500 bytes, out of which
100 bytes are reserved for overhead, leaving 1400 bytes for payload out of every datagram.

In the implementation of our system, a configurable number of message fragments are per-
mitted to be ‘in flight’ at any given time, similar to TCP congestion window control. In order
for the next fragment to be transmitted, the receiver must send an acknowledgment. During unit
testing to determine an appropriate value for the number of in-flight fragments permitted, an ini-
tial increase yields improved throughput. However, after a certain point, throughput decreases as

multiple packets are queued for transmission on the medium and start to destructively interfere. As

S http://wiki.ros.org/msg
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a compromise, three packets are permitted to be in-flight between any two nodes at a time. With
this configuration, our transport-layer throughput is approximately 20 Mbit/s of payload data,
measured using raw images as representative high-density traffic over a wired gigabit Ethernet
link.

Retransmits are automatically queued until either an acknowledgment is received or the host
is marked offline due to non-reception of any heartbeat or acknowledgment messages. Once a host
is marked offline, any attempts to send messages are discarded. Hosts may become online once
again after receipt of a discovery message. On the receiver side, the message is kept in a temporary
state while the fragments arrive. Should message fragments stop arriving, the partial message is
purged after a timeout and the host is once again marked offline which indicates to higher levels

that reliable transport is unavailable.

3.4.7 Quality of Service

Quality of Service (QoS) is the notion that some traffic should be prioritized over other traffic
for use of a limited communications channel. As observed in prior competition events, sending large
chunks of data such as full maps prevented other, more high priority data from being transmitted
such as artifact reports and telemetry. Fundamentally, TCPROS (the default transport used in
ROS v1) is not capable of implementing a QoS scheme where a limited channel is shared between
different topics (Figure , as every node subscribing to a topic uses an individual TCP point-
to-point link with no information about other links. This need to prioritize traffic was the driving
rationale behind the development of the udp_mesh layer. As part of the configuration of the layer,
each topic to be transported includes a priority number; internally, this priority number is used as

a sorting key to order message fragments for transmission.

3.4.8 Point-to-Multipoint Transport

Although udp_mesh is based around point-to-point message transfer, mission requirements

sometimes necessitate system-wide messaging. To facilitate these type of messages, a broadcast
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Figure 3.4: In contrast to basic multi-master ROS (Figure [3.2)), udp_mesh creates a single virtual
channel between nodes, shown in green, to implement data prioritization.

(it 3}

mechanism is provided by the transport layer. For messages that fit within a single MTU, a single,
unacknowledged UDP broadcast is used to distribute the message. For larger messages, individual
links to each node are used to send the broadcast as a series of unicast fragments using the same
accounting and acknowledgments as the point-to-point mechanism. In both cases, the receiver is
unaware that the message was sent as a broadcast versus a single, directed message.

Figure 3.5: Differential map transmission. Instead of a complete map message, incremental map
portions are shared between robots, reducing the required network bandwidth.

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 Complete Map

3.5 Functional Test

Our architecture was validated in a testing campaign leading up to our final competition per-
formance. We present an analysis of our prize-winning run to describe several objective measure-
ments, as well as present a useful case-study balancing network loading versus mission objectives.

For our final run, we deployed four robots (each acting as a dynamic mesh node) to explore
the environment. Two of the robots, the Husky ground vehicles, were equipped with six comm

beacons and a dispenser, where each beacon contained a 2W radio running the meshmerize stack.
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Operationally, the Spot quadrupeds were deployed first, while the Huskies followed to establish a
comm link back to the base station. Nodes were deployed autonomously by higher-level software.
Figure overlays the generated map (shown in white) with each robot trajectory; the green-
blue colors show where each robot was within communication, while the red-magenta colors show
a disconnected state. This figure shows that our network was able to maintain communication
through a majority of the course. Our base station operator was able to observe live telemetry
from each robot, including position and mapping information, while reserving the ability to take
command as needed. Over the entire one-hour run, our robots transmitted 125.2MB of data, which
included maps, telemetry, and discovered object reports. Our robots also shared data with each
other to implement multi-agent coordination, which this total figure does not include.

Figure [3.6] plots a PDF of inter message arrival times for our main management message, as
sent from a single robot (D01) to the base station over the duration of our final run. These messages
publish at 1 Hz; an ideal system would observe all intermessage arrival times to be 1 second in
duration. Due to network latency and usage, we observe an approximately normal (N(1.00,0.04))
distribution of arrival times. Since messages may experience delays, the immediately following
message may exhibit an intermessage time of less than one second. Our key observation of this plot
is that the bulk of messages arrive within five percent of their expected times across a distance of

hundreds of meters and multiple mesh hops.

3.5.1 Case Study: Differential Maps

One particular effort from our team to reduce bandwidth requirements was the ‘differential
maps’ mechanism used to transmit map portions amongst robots and the base station. Shown in
Figure [3.5] each of the five component segments are combined to form the complete map. During
a robot’s exploration phase, the telemetry data is used to trigger the creation of a new segment
to keep individual ‘diff’ elements sufficiently compact. Within our prioritization framework, these
diff elements are at a lower priority than artifacts, telemetry, and human supervisor commands. In

practice, this innovation helped us to make sure that our limited bandwidth was used for the most
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Figure 3.6: PDF of inter message arrival times for D01 with a notional publishing rate of 1 Hz,
overlaid with N (1.00,0.04). The highlighted red region represents the first o value which contains
68% of the message times.

Figure 3.7: Map from the final run of the DARPA SubT challenge depicting the connection status of
each of the four robots as they traversed through the course. Blue-green indicates connected, while
red-magenta indicates disconnected. The red star indicates the location of the human operator,
base station, and root communication node.

important information. As a robot proceeds along its mission, the human supervisor would often

have a live view of telemetry and instant command response, while mapping data would gradually
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fill in as communication bandwidth became available.

3.5.2 Case Study: Adding Point-Of-View Imagery

During our testing campaign leading to the final event, our improved communication stack
based on meshmerize and udp_mesh had proven to be quite reliable and robust, particularly with
respect to link saturation and data prioritization. This confidence in our system allowed our team
to be more aggressive in our communications risk posture to utilize our bandwidth to improve
scoring. In testing, we enabled point-of-view (POV) video using the front camera from each robot
to send highly compressed imagery back to the human supervisor for review. This modification
required a single line configuration change, to instruct the udp_-mesh layer to transmit the FPV
video topic at a priority level below that of all other traffic (telemetry, artifacts, and map data).
Sent at 1 Hz and JPEG quality level 10 (out of a maximum of 100), these grainy images with visible
compression artifacts (Figure were key to our human supervisor being able to navigate through
fog and identify artifacts that our autonomous artifact detection system missed. As a result of our
pilot run, this change was rolled out to all robots in the fleet and significantly contributed to our
success. In post-run analysis, this live imagery consisted of 51.6MB of the 125.2MB total data

received by the base station over our mesh network.

3.6 Discussion

In the development of our system, several key ideas emerged that warrant discussion and

analysis.

3.6.1 Porting to arbitrary publish / subscribe architectures

While we have used ROS as an integration middleware, there is no fundamental tie to the
ROS ecosystem that precludes adapting udp_mesh to an arbitrary publish/subscribe architecture.
Internally, udp_mesh includes a pair of reader/writer adapters that marshal data to and from the

underlying architecture. These adapters could be replaced for any other type of architecture, such
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Figure 3.8: First-person video frame showing compression artifacts and a vent artifact

as OROCOS [16], which uses Common Object Request Broker Architecture, or Yet Another Robot

Platform (YARP) [91], an architecture specifically designed for quality-of-service management.

3.6.2 Scaling to larger team sizes

Mesh network systems typically implement broadcast datagrams as a ‘flood’, which requires
each node to repeat the message to ensure maximum distribution. Due to the difficulty in manag-
ing multicast group membership, broadcast is often utilized for multicast traffic as well. Because
udp_mesh relies on broadcast messages to implement discovery, online detection, and name resolu-
tion, there is the potential for negative consequences as node count increases. As nodes are added
to the network, these broadcast messages result in geometric growth of discovery / advertising traf-
fic. One potential mitigation for this effect relies on eliminating redundant broadcast traffic when
a stable link exists between two nodes and messages are being exchanged reliably. Alternatively,

udp_mesh nodes could be configured with fixed neighbors to eliminate the broadcast mode.

3.6.3 Commodity Hardware

By relying only on commodity hardware, ranging in price from approximately $30 to $1000

each, our team had the freedom to select the hardware realization that best fit our particular
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needs for each robot class and our beacons without being locked into a particular manufacturer.
ath9k support has been well-established within the open-source community, with many other users
around the world relying on the same hardware. Even though our radios were manufactured by
three separate companies, we experienced zero problems related to vendor interoperability. Our
development team was physically separated; being able to develop mesh capabilities using budget

hardware allowed each team member to have a set of development nodes.

3.6.4 Interoperability with Existing Systems

Building off of the concept of the well-known OSI network model, we specifically engineered
our system so that each layer need not be aware of how other levels are implemented. This
modularity is present in the meshmerize software being able to support arbitrary IP packets, as
well as our udp_mesh being completely ROS message agnostic. As a result, we were able to swap out
components on a layer-wise basis with minimal reconfiguration of our systems. Further, by utilizing
the ROS ecosystem, our communications system was completely compatible with every ROS node
and tool that our team had already written, requiring no code modifications. However, this agnostic
behavior meant that there was no awareness of network conditions at higher levels within our
autonomy stack. For example, if there were to be a tighter coupling between mesh conditions
and autonomy, a robot might adjust its data products to the underlying network conditions (such
as improving first-person video quality, etc). Our initial evaluations led to a very conservative
estimate of mesh performance; the limited data rate observed at the final event suggests that

additional bandwidth was available, but unused.

3.6.5 Fast Reconnect Times

As expected, in early testing underground our radios were not able to penetrate rock forma-
tions and concrete which limited us to line-of-sight connectivity or unreliable multipath reflections
around corners. Under such environmental limitations, being able to leverage a momentary align-

ment of robots could be key to passing information, particularly when coupled with our ‘smart’
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mission management system [52]. As a result of our partnership with Meshmerize GmBH, we were
able to exploit these brief connectivity moments without pausing our mission to allow the mesh

network to re-establish itself.

3.6.6 Prioritization Controls

In testing prior to the final event, we passed full maps (before implementing the differential
maps of Section from each robot to the human supervisor. As a rough estimate, transmitting
full maps at 1 Hz would have required 5.4GB of mesh data. With that setup, we were quickly
saturating available channel bandwidth, leading to delays in passing high-priority data such as
artifact reports and telemetry. The ability to establish prioritization controls on our message traffic
was a key component of our communication system’s effectiveness, particularly once first-person
view was added. In our system, the prioritization was only established on a per-robot basis;
there was no coordination between robots about the use of the shared medium. As a result, one
robot sending FPV data could be interfering with another robot’s telemetry; since our system is
completely decoupled, there is no way to coordinate these types of traffic. In general, depending
on the system architecture, such detailed coordination may or may not be necessary, desirable, or
even feasible. However, our limited implementation in the final event has amply demonstrated that

data prioritization must be a consideration in such communication-restricted environments.

3.7 Conclusions

In this chapter, we present a novel mesh networking system composed of open-source, com-
mercial, and custom components that powered our competition team to a prize-winning victory.
Our novel contribution, the udp_mesh transport layer, serves to link robots together by providing
several communication services, including discovery, reliable transport, and prioritization, imple-
mented over UDP. The framework is the backbone for the language-driven semantic reasoning

described in Chapters [f] and [6}



Chapter 4

Background On Language In Robotics

As seen in previous chapters, advancements in perception, path planning, mapping, and
autonomy have enabled teams of robots and humans to operate in complex subterranean envi-
ronments at the DARPA Subterranean Challenge [28] with varying degrees of success. Even the
top-performing teams at these events were only able to perform at a 50% success rate. In many
situations, robots needed help from a human supervisor who gave inputs using a cumbersome
waypoint-based interface. A chief limitation of most of these state-of-the-art systems was the abil-
ity of humans to send high bandwidth instructions in the form of natural language commands to
the robots. The lack of this ability both prevents efficient supervision of the system and the ability
for non-robotic experts to interact with the system. This survey will examine how other robotic
systems have been connected to natural language with an emphasis on robotic navigation tasks.

Additionally, humans reason over landmarks using cognitive maps [79] rather than the tradi-
tional metric-based methods used in robotics. As such, translation mechanisms or reformulations
are needed to transform traditional metric-based localization systems used by robots [43, [84, [119].
Natural language provides compelling mechanisms to help shift robots away from requiring metric-
based localization in order to understand their environments.

Using natural language to communicate with robots can largely be divided into two facets
[124]. The first is the challenge of language understanding which involves extracting meaning from
language as well as the meaning’s relation to the physical world. This is usually known as grounding

where a language utterance is interpreted in terms of both the robot’s physical state and its sur-
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rounding environment. The second facet involves language generation where the robot interprets
its surroundings and is able to communicate information about its state and its environment using
natural language. While both of these facets share similar challenges, this review will focus on the

language understanding problem within the context of robot navigation.

4.1 Language grounding:

or situated language refers to the challenge of interpreting language within the context of the
physical world [41]. Regarding robotics, groundings can represent objects in the physical world,
motor commands, and sequences of actions [83]. For example, a sentence such as “Go to the
backpack on your right” would require a robot to use a camera (or similar) to determine that a
backpack exists. The robot would then need a method to determine where the backpack is which
it could do with a range sensor. Finally, the “Go to” part of the sentence would tell the robot to
start walking or turning its wheels to reach the destination. Figure shows the components that

are needed for language understanding within the context of mobile robots.

4.2 How Can Language Be Represented

The linguistics and cognitive science communities have spent extensive time studying the
structure of natural language [62]. Natural language has a compositional syntax that follows a
hierarchical structure which enables the creation of novel utterances. In certain cases this syntax
can be exploited to create parse trees such as Context-Free Grammars (CFGs) [44]. CFGs divide
sentences into determiners (DT), nouns (NN), noun phrases (NP), verbs (VB), and verb phrases
(VP). From there, a parse tree can be created using the verb or verb phrase as the root. An example
parse tree for the sentence “Grab an apple.”, is shown in

Parse trees are incredibly useful because they can be formally verified which enables the
creation of logical programs. For example, A-calculus can be used to express a parse tree in terms of
function arguments. Taking the same sentence the A-calculus expression 5 x(APPLE A GRAB(X))

can be made. This expression states that there exists an apple (x) that is being grabbed. Formal
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Figure 4.1: A system diagram showing the necessary components for visual language navigation in
robotics.
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structures like these are important to robotics because navigation requires a degree of certainty so
that the robot both drives to the correct location and does so in a safe manner.

CFGs have also successfully been converted into temporal logic. Temporal logic is a series of
logical statements that are evaluated in sequence for an overall boolean true or false value for the
entire statement [33] [63]. Taking a look at the sentence “Drive to the backpack”, we can express
it as {AtBackpack. AtBackpack is now a boolean proposition that can only be true when the
robot arrives at the backpack. These types of formalization both ensure the robot will do what is
expected of it and reduce the ambiguity naturally presented in language.

While these methods haven’t been directly deployed within the context of robotic navigation,

they highlight some of the early work toward goals researchers are trying to achieve with more
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modern methods. These early language parsing techniques are largely incompatible with robotics
because they don’t capture more complex language such as spatial relations and they also do not
address the symbol grounding problem.

More modern language parsing techniques tend to rely on global vector representations [61]
and contextual embeddings [73]. Of note, is the shift towards global embeddings such as Global
vectors for word representations (GLOVE) [94] and Bidirectional Encoder Representations from
Transformers (BERT) [30] which are used by many of the top language parsing systems.

In the rest of this review, we will examine three styles of approaches that are commonly
used to connect natural language to robotics. First, we will look at logic-based methods and then
we will look at probabilistic methods. Finally, we will take a look at large language model-based

approaches.

4.3 Probabilistic Models

In recent years, the challenge of grounding language to the physical world has been addressed
by inferring over probabilistic graphs. [125] [46]. Early works in this domain collected a corpus of
natural language directions using a user study where humans walked through the MIT campus
and provided directions between rooms [59]. All of the subjects were familiar with the area before
they were instructed to create instructions. In this work, the corpus was parsed into a sequence of
Spatial Description Clauses (SDC). An SDC is a graphical model that consists of a figure or the
subject of the sentence, a verb which is the action, and a spatial relation between the environment
and the figure.

The SDC planning system described in [59] then builds a topological map using inputs from

a lidar and a camera. Inference is performed on the language by:

arg]r)naxp(P, S|0) = P(S|P,0) x p(P|O) (4.1)

where P is the path, S is a sequence of SDCs and O represents the observed landmarks. The
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authors factor Equation into four parts which correspond to each field of the SDC. The authors
solve the action grounding problem by limiting the robot to a series of control sets that can go left,
right, or straight. The method can either operate in a global mode if an a priori map is known or it
can greedily explore if the map is unknown. The overall success rate of this method in finding the
“best path” which the authors describe as the path that ended up closest to the true destination
was 59.3% percent.

Overall, this early work sets a baseline for grounding graph-based methods but it is limited
to sequentially structured language and is unable to handle nested clauses. In other words, when
given a sentence such as: “Put the pen into the backpack” this method looks at the entire sentence
in a flat way and is unable to separate the two arguments for “put”. Both the backpack and pen
are necessary to comprehend the true meaning of the sentence. “Put” requires two arguments and
this method would produce two independent SDCs rather than a joint one.

An extension to the SDC approach for grounding language is presented in [125, [60] where a
Generalized Grounding Graph (G?) is introduced. The authors define a grounding graph as a dy-
namically instantiated probabilistic graph that takes the hierarchical structure of natural language
command.

In order to bound, the search space the authors limit the action sequences to events, objects,
places, and paths. Events are in the form of an action sequence and objects are things in the world.
Paths represent words that define a way to traverse through the world such as “towards”. The
inspiration for these classifications comes from early work on semantics and cognition presented in
[53).

In the grounding graph, two types of nodes are present: random variables and factors. Each
random variable is binary and can either be true or false. Groundings are represented as v and the
random variable ¢; is true if it corresponds to the grounding ;. There are random variables /\{ ,
AL, )\é which correspond to figures, relations, and landmarks.

Generalized graphs can be automatically generated using conditional random fields. The

system was able to learn the meaning of words such as “put” by pairing them with the corresponding
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robot action. Despite promising early results G3 graphs still face many limitations. For instance,
can’t represent anaphora and negations. The search space also grows exponentially as the language
present in the domain increases.

Distributed Correspondence Graphs (DCG) [46] are an extension to G2 graphs that discretize
the space of groundings into regions and motion constraints. These graphs also take advantage of
planning in the space of language constraints and then passing off those constraints to a trajectory
planner. This decoupling of the language understanding and planning problem enables efficient
trajectory generation.

Like generalized grounding graphs, the DCG model can support infinite recursion of noun
phrases. Additionally, the method is agnostic to the planning method because it is only used to
form constraints for a planner. The method only works when all constraints intersect each other
and is therefore incompatible with complex spatial language. Additionally, the method requires

training data that aligns with the domain and the data needs to be hand annotated.

4.4 Large Language Models

Large language models (LLM) have recently entered the spotlight with the release of Chat-
GPT [35]. LLMs refer to language models that contain tens to hundreds of billions of parameters
[146]. Traditionally, these models have been limited to text-based inputs and outputs but recently
multimodal versions have emerged that are able to take in images [89], embodied sensor data [31],
and even generate arbitrary programs [122]. LLMs have shown a phenomenal ability to generalize
across different contexts which greatly reduces the need to hand-label training data. In this section,
we will explore how LLMs are being used in robotics and their future potential for them.

Visual-language models (VLMs) are extremely capable of generalizing pre-trained data avail-
able from the Internet such as pictures with captions to other domains [99] [67]. For instance, LSeg
[67] is a transformer-based encoder that performs pixel-level semantic segmentation on images even
when the caption is unknown.

In stark contrast to traditional Convolutional Neural Network (CNN) based visual detection
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methods such [137, [74, [I01] these methods do not require manually annotating data. For robotics,
this is a potentially game-changing capability as robots will frequent unknown environments to them
when they are navigating through the world. Recently, visual language maps for robot navigation
have been created by exploiting the transformer-based architectures of LLMs [48, [117, [36].

LM-Nav [117] is a method of doing robotic navigation that is trained on unannotated large
datasets of trajectories. LM-Nav combines a vision model (CLIP) [99], a language model (GPT-3)
[35], and a robot navigation model VING [I16]. ViNG is a learning-based navigation system that
is capable of reaching visually indicated goals. ViNG is capable of building a plan by learning
a topological graph from ego-centric images. The topological graphs generated by the method
are only associated with image frames and do not form a bird’s eye view. ViNG is capable of
successfully navigating using only offline experience but it can also adapt to new environments
including season changes.

LM-Nav extends ViNG by leveraging LLMs to navigate in novel environments. LM-Nav uses
GPT-3 to parse instructions into a list of landmarks. The landmarks are then passed into CLIP to
ground the landmarks to image space. VING is then used to predict the capability of the robot to
navigate between each pair of nodes in the generated graph. This is done using temporal distances
and the actions are then generated on a real robot.

Lm-Nav was implemented on a Clearpath Jackal UGV. A key limitation of the system is that
the GPT and CLIP queries need to be pre-computed on a remote computer. This is due to comput-
ing constraints on board the robot. LM-Nav also heavily relies on landmarks and doesn’t account
for other verbs in a sentence. As such the method doesn’t know how to “drive the robot slowly
past the dog”. Slow isn’t inferable from an image and therefore is unknown to this architecture.

An alternative navigation approach is presented in [48] which emphasizes the generation of
spatial maps. VLMaps [48] are generated directly from videos and are indexed by natural language.
Specifically, they are created by fusing pre-trained visual-language features with reconstructions of
the environment. The system uses a Lseg visual encoder to create a segmented map. Landmarks

are indexed using a text encoder.
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Experiments are run on 91 different task sequences. Starting positions are randomly specified
and there are four subgoals that the robot needs to navigate towards.+ Competing methods such
as LM-Nav are only able to go to 2 subgoals. VLMap outperforms LM-Nav by a significant margin
(62 vs 5 successful tasks) when considering subgoals.

Additional methods have leveraged CLIP [36] to perform zero-shot robotic navigation. For
instance, CLIP on Wheels builds a saliency map which it uses to generate a segmentation mask.
Specifically, Grad-CAM [I13], a gradient-based interpretability localization map generator is lever-
aged to build the mask. That mask is then planned over using a frontier-based [140] exploration
method. Experiments were performed both in simulation and on an HSR mobile robot.

Perhaps the most intriguing example of LLMs being used in the context of robotics comes
from the PaLM-E model [3I]. PaLM-E is a 562 billion parameter model that is trained on robotic
tasks but can also perform Visual Question and Answering. Palm-E’s inputs consist of text and
continuous observations which are interleaved within the text. The model interleaves observa-
tions that happen between two image frames in the encoded input. Palm-E’s output is text that
conditions low-level commands.

Palm-E is also able to learn across different domains. The authors observe that the model
performs over 50% better when using text and visual observations than using either domain alone.

Palm-E experiments are run in a Task and Motion Planning Environment (TAMP). Example
tasks include opening drawers and moving blocks around. Palm-E is able to perform zero-shot
planning. Palm-E is also capable of chaining together multiple sequences of instructions.

ViperGPT [122] is a model that is able to perform visual inference and reasoning by executing
Python programs. ViperGPT combines a series of models and generates Python code using GPT-3
Codex [18]. This allows for the programmatic composition of specialized vision, language, math, and
logic functions. Importantly any module can be substituted because ViperGPT is only generating
the specification for the program rather than the implementation. For robotics, this is important
because it enables traceability and explainability. When end-to-end methods fail it is difficult to

understand why. However, by combining other approaches with ViperGPT it may be possible to
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see what triggers failures and also provide a level of assurance that a robot will actually perform

the task that was requested of it.



Chapter 5

Code Generation For Language Grounding

5.1 Introduction

During the DARPA challenge, we saw that human intervention was critical to the overall
success of the search-and-rescue mission. Humans have the remarkable ability to navigate through
unfamiliar environments, e.g., in a town or through a building, by relying solely on our priors and
descriptions of the environment [79]. Motivated by the difficulties in directing robots in collaborative
teams with humans such as those used in search and rescue [28, [1], [14], [130] operations, we aim to
develop a framework that allows humans to provide high-bandwidth instructions to robots in the
form of natural language.

Figure 5.1: Contextual navigation example for a firefighting situation. We see our compositional
framework generates code for the robot to both find and then plan to a fire extinguisher.

Contextual Navigation - : ¥ 7 Navigation
Instruction and Visual Input Generated Intermediate Layer

{ A firefighter needs to put out a fire. Find

something to help with this. objects - ['firefighter', 'fire truck', 'hydrant', ‘'hose', ‘water']
object_patches 1
for obj objects:

object_patches image. find(obj)
inputs = (obj_patch.horizontal center, obj_patch.vertical_center)
return {'function': 'navigate_to_object', 'inputs': inputs, 'box': }

To achieve this, it is generally required that a robot associate natural language utterances
to the physical world using sensing modalities onboard the robot, a process known as grounding.
However, unlike humans, robots are not currently capable of integrating prior experiences into a

vast wealth of priors to aid this association.
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Recently, Large Language Models (LLMs) [146] have been able to reason over billions of
parameters and utilize the results in domains such as dialogue-based responses [39] 131l [72], code
generation [I8, [70, 139], and multimodal visual question and answering (VQA) tasks [7]. This
type of unsupervised learning shows incredible potential for the generalization of prior knowledge
but these models lack real-world experience. A lack of physical experience is perhaps one reason
why transitioning techniques developed through research in VQA and view-based navigation into
embodied agents has not kept pace with the research in these fields.

Additionally, with the current generation of LLMs, it’s inherently challenging to interpret the
rationale behind the outputs that are generated by the model. In this work, we address both the
grounding and transparency issues using a composable framework designed for robot navigation.
Our pipeline extends the reasoning framework for visual inference presented in [122] to an embodied
robotic agent. With our composable framework, we leverage LLM priors (GPT-3.5), state-of-the-
art object detectors [69], and classical robotic planning algorithms [66, 26] 3] to perform zero-shot
natural language based navigation in four unique environments.

Specifically, contributions in this chapter are as follows:

e We extend the concept of modular neural networks and define a new framework for com-
posable robot navigation which we call NavCon. Our framework requires a minimal uplink

for the robot since all of our planning, mapping, and localization is performed onboard.

e We evaluate different 2D input representations to determine an effective way to extract

spatial and conceptual knowledge from LLMs.

o We perform extensive real-world experiments in a variety of environments and show that our
framework is able to navigate to landmarks based on natural language. Furthermore, the

framework is able to deduce appropriate navigational goals from the context of a sentence.
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5.2 Related Works

Natrual-language-based navigation with an embodied agent requires grounding utterances to
the physical world in which the robot operates. Various approaches have been used to associate
language with the physical domain ranging from probabilistic graph-based structures [125] [46], 59] to
end-to-end learning-based methods [31]. Graph-based approaches have shown promising results but
their generalizability is limited to a fixed training corpus. On the other hand, LL.Ms have proven to
be adept at reasoning over large amounts of unsupervised training data [35l [127] using transformer-
based backends [133]. These models also known as foundation models due to their comprehensive
knowledge have recently been leveraged for task and motion planning using reinforcement learning
on a set of skills [I5], and in an end-to-end fashion [31] with object scene representation transformers
[106]. While these approaches have made remarkable strides they still suffer from the explainability
problem and further they don’t share any of the path planning guarantees that traditional planning

methods share [86].

5.2.1 Modular Neural Network Frameworks and Code Synthesis

Modular Neural Networks [55], [47, [141] are remarkably adept at answering questions about
images in a task commonly known as VQA [9]. Until recently many of these methods were limited
in their ability to generalize to other domains due to the difficulty of generating interfaces between
modules. In [122] this was addressed by using recent code generation techniques [76] from LLMs to
create these interface layers. Specifically, these modular frameworks enable the generation of code
that dictates the interaction between robust object detectors [69, 68, 42 [T0T], 37], depth estimators
[100, 145, 12]. What’s more remarkable is that these LLMs can also utilize existing functions
inside of the Python language such as sorting and conditionals without any additional training
[132, [85] 139, 127]. Based on these exceptional findings we aim to extend the use of these modular

concept-learning style frameworks to the robotic navigation domain.
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Figure 5.2: Full volumetric maps and representative images from the four testing environments.

(a) Courtyard (c) Outdoor (d) Theater

5.2.2 Path Planning for Robotic Navigation

Path planning for robotic navigation and exploration is a long-studied research area [75], [144]
with solutions ranging from sampling-based methods[66, 56] to graph-based lattice structures [96].
Variations of these probabilistic approaches are being used for self-driving cars [65], exploration
[3, 14, 1, 130] in complex environments. These approaches benefit from probabilistic guarantees
on convergence and optimality [66] and adaptability to new environments making them natural

choices to utilize in language grounding framework.

5.2.3 Embodied Language-Based Navigation

Recently a few other works have leveraged foundation models for embodied navigation. Clip
on Wheels (CoW) is proposed in [36] which combines text and image caption models [99] with
frontier-based exploration algorithms [140] to perform object exploration in simulation. In [117]
landmark-based navigation is performed using pre-trained visual [36], language, and navigation
modules [116]. Visual Language Navigation Maps (VLMaps) [48] learn a spatial language represen-
tation by combining RGB video feeds, code generation, and foundation models. SayCan [6], and
Palm-E [31] utilize the PALM [21] language model to perform skill-based navigation and end-to-end
navigation respectively. In general, these methods are not tested on contextual examples, and some
require the preprocessing of maps; in contrast, we test on situated examples with an experimental

platform and require no situated priors.
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5.3 Methodology

We develop a framework for Navigation with Context (NavCon) that leverages the rich con-
textual priors of LLLMs and creates an executable code layer that interfaces with planning algorithms
running on an embodied agent. Drawing on paradigms from modular neural networks [8|, 40, [122],
and concept learning techniques [77], we define a modular system that takes inputs at various
stages to fully define a final navigational output for our system. This enables the use of arbitrary
intermediate and substitutable layers which can also be executed on a distributed computing in-
frastructure. Formally, we have a collection of inputs @ composed of a visual input v € V an
RGB image or multi-perspective collection of images, m € M a volumetric map of the space to be
navigated, and ¢ € C a natural language navigation command. Our system takes initially as input
a command c to generate code 7.. This code consumes v in order to resolve the grounding problem,
i.e., to determine which object is being referred to in ¢ for navigational instructions, as well as m
in order to emplace the object into the world around the robot. This outputs i = (v, m|y.) € R3,
a 3D waypoint to which navigation will commence in order to output P a robot trajectory which

is a continuous function in R3. A graphical overview of the framework can be found in Figure

5.3.1 Input Representations

Our visual input v is in the form of an RGB image, either a semi-panoramic view or three
separately labeled spatial images (left, front, right). Typical inference methods over RGB images
[101, [42] 69] reason in 2D over the image. For embodied navigation, we need to reason in 3D
and associate different camera viewpoints with their associated 3D spatial relations. Embodied
navigation introduces spatial relations that are difficult to reason over in 2D such as “behind”, “in
front of”, or “on your right”. To determine an appropriate input representation we evaluate the
difference between sending in a concatenated image of all viewpoints (semi-panoramic) from the
agent or sending in each frame separately with a spatial definition, i.e., right, front, or left. We

find that spatial reasoning is best performed on a concatenated image and we present the details
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in Section (.41

5.3.2 Intermediate Layer

We generate 6 using recent advances in code generation models [I8, 85]. We provide a
functional set of navigation instructions in the form of a Python API for the code generation
model. The full prompt containing the API can be found in the Appendix. These instructions
include specifications for how to perform visual inference on the input v using a similar paradigm
found in [122]. These API instructions include directions for finding an object, checking if an object
has a certain property, etc. Additionally, we provide an API specification for interfacing with our

geometric planner, resulting in code generated based on the natural language prompt ..

5.3.3 Planning

We use a graph-based planner first presented in [3, [14] where each sample is a robot position
parameterized by the robot’s width and length. During sampling, the collision checks are performed
by projecting the samples along the path to the ground on the map m below the sample. The
elevation change at the footprint of the sample is calculated and if these differences exceed a given
threshold or there are not enough sampled points (indicating a hole in the ground) the path is
marked invalid and not added to the graph. We create a navigational API that takes in the center
coordinate p of an object in image space and projects it as a landmark [ on a 3D map. Using this
strategy, a graph of plans G is constructed by sampling points parameterized by the robot’s width
and length [66]. Additional semantic labels are added to the map for staircases as described in [§1]
using normal estimation on point clouds. When a 3D waypoint is input to the planner we select
the best path P from G, for the robot to follow. If no path exists, we plan to the boundary of the
graph and resample until the goal is reached.

Waypoints are passed to the planner using the output ¢ from the intermediate layer. Specif-
ically, image coordinates are translated into waypoints by executing 6 and associating the result

onto a 3D map m [45] using ray casting. The map m is generated online using [119] and the
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translation layer 6 creates the necessary code to translate between the inputs ¢, v, m as and the

output 7. We then plan to the waypoint by selecting the best path from P.

Figure 5.3: A graphical overview of the full system framework.

v v
Code Generation 70} s | »  Path Planning
6(v, m|v.)
A
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Navigation Command ¢ E —

5.4 Experimental Results

We run two sets of experiments on a Boston Dynamics Spot equipped with a custom sensing
suite consisting of a 3D 64 beam Ouster lidar, an IMU, and 3 RGB cameras providing a semi-
panoramic view of the environment. Our first experiment is designed to determine the best input
representation for the visual layer and the second set tests the ability of our system to perform
navigation in a wide variety of real-world environments.

For all of our experiments, we leverage ideas from human concept learning as in [77] to
categorize our sentences into four categories: Generic, Specific, Relational, and Contextual. Generic
sentences are simply sentences that imply “Go to something”, e.g. “Walk to the backpack.”. Specific
sentences include a distinguishing piece of language such as a color attribute that directs the robot
to one specific object in the scene. For example, if there are two backpacks, one red, and one
black, then a specific sentence would be “Drive to the black backpack.” Relational sentences are

any sentences that describe spatial relationships between objects in the scene such as, to the right
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of, on top of, etc. An example in this category is “Move to the backpack on top of the chair.”
Contextual examples, require the robot to interpret the navigational goal based on background
information. For instance, the sentence “Find something that can carry water.” requires the robot
to know that a cup or a bucket can hold water.

We generated sentences by eliciting verbs for navigational policies from an LLM (GPT 3.5-
0301). Then objects in the scene were inventoried, and sentences were constructed based on verb-
object combinations as well as their properties and relationships to other objects in the environment.
These sentences were then diversified into contextual commands by providing reference to the
objects’ attributes or affordance and our full list of sentences can be found in the Appendix.

We evaluate the success of the method based on the following criteria. The code generation
step is considered successful if the generated intermediate layer v¢ is both syntactically and logically
correct. In other words, if every component worked successfully then the generated code would
solve the navigation command. Object Detection (OD) is considered successful if the correct
object is extracted from the visual input in the intermediate layer as visualized by the bounding
box. Similarly for waypoint projection (WP) if the 3D projection is in the correct location on the
map m this step is considered a success. The planning and execution step is considered successful
if the robot plans and then traverses to within 0.2m of the target object. For all tables percentages

are calculated based on the total number of evaluated sentences.

Figure 5.4: Example sentences, visual detections, maps, and planned paths.
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Encoding spatial relationships into a model without a concept of the physical world presents
significant challenges. We determine an effective scheme for inputting three different viewpoints
into the framework through empirical evaluations. Take the sentence, “go to the chair on the right”
implies only the right half of the total FOV should be investigated but ”Go to the backpack that
is to the right of the chair.” could be in any image. To solve these limitations we use two different
sets of input representations, the first is all three images stitched together with padding in between
frames (A). In this case, we instruct the LLM on the order of the images (left, front, right) and let
the model handle the spatial reasoning. In the second case, we process the frames individually (B)
and let the model decide which frames to look at. We explicitly prompt the model with example
code snippets that solve the difference between “to your right” and “right of” styles of language.
at configuration. In this set of experiments, we evaluate the correctness of the generated code
as well as if the code produced the correct object in the map m. This scene was created in a
classroom setting with good lighting conditions as the emphasis was to evaluate the effect of the
input representation. Results for successful code generation and object detections for the two input
schemas are summarized in Table (.11

We also compare our results to OFA [I36], a sequence-to-sequence multi-modal model fine-
tuned on RefCOCO [142] expressions for the object detection stage. An additional baseline is
performed where we utilize an LLM (GPT-3.5-0301) to convert a navigational command to a re-
ferring expression such as the ones in RefCOCO. Our full prompt for this pipeline is provided in
the Appendix.

Table 5.1: Results showing the difference between the concatenated input representation A and
the sequential representation B.

Category Count A (%) B (%) OFA OFA+LLM

(%) (%)
Generic 12 100 100 25.0 50.0
Specific 12 91.67 66.67 25.0 50.0
Relational 15 86.67 53.33 6.67 13.33
Contextual 11 81.82 45.45 0 36.37

Total 50 90 66 14 36
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From Table we find that concatenating images significantly outperforms sending in the
three frames separately. As expected, in the generic navigation case we are able to achieve 100%
success in generating the intermediate layer and for object identification. We see that the individual
frame configuration (B) begins to break down when reasoning over specific objects. Specifically,
the model fails to reason over spatial relations and object ordering when objects appear in more
than one frame. For example, taking the sentence “Go to the middle outlet” only works when
the three outlets are present in the same camera frame. If the middle outlet is in the front frame
but the right outlet is in the right camera frame, this method fails. We explicitly see this in the

generated code:

outlet_patches.sort(key=lambda x: x.horizontal_center)

middle_outlet = outlet_patches[len(outlet_patches) // 2]

where each detected outlet is ordered based on its horizontal coordinate in the image. Since
all outlets are merged into the same list the images have overlapping coordinates causing these
failures. Configuration B struggles with relational sentences between objects for similar reasons.

All the prompts used in the classroom environment for testing the two different input repre-

sentations A & B are presented in Table

Table 5.2: Scene-05: Classroom Full Sentence List

Category Sentence A B OFA OFA + LLM OFA-+
Expression LLM
Generic Go to the backpack Pass Pass Fail Backpack Fail
Generic Move towards the backpack Pass Pass Fail Backpack Fail
Generic Drive to the backpack Pass Pass Fail Backpack Fail
Generic Run towards the backpack Pass Pass Fail Backpack Fail

Generic Go to the cone Pass Pass Fail Cone Fail




Generic

Generic

Generic

Generic

Generic

Generic

Generic

Specific

Specific

Specific

Specific

Specific

Specific

Specific

Specific

Specific

Specific

Go to the conical traffic delin-
eator

Go to the trash can

Go to the whiteboard
Proceed to the broom

Trek towards the wagon

Find paper towels

Go to the outlet

Go to the red backpack

Go to the black backpack
Navigate to the backpack on
the left

Drive to the backpack on the
right

Go to the whiteboard in front
of you

Move to the whiteboard on
your right

Move to the whiteboard on
the right

Go to the backpack on your
right

Walk to the backpack on the
left

Go to the tv on the right

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Fail

Pass

Fail

Fail

Fail

Fail

Pass

Pass

Pass

Fail

Fail

Fail

Pass

Fail

Fail

Pass

Fail

Fail

Fail

Fail

Pass

Conical traffic de-

lineator
Trash can
Whiteboard
Broom
Wagon
Paper towels

Power outlet

Red backpack

Black backpack

Backpack on the

left

Backpack on the

right
Whiteboard
front of you
Whiteboard
your right
Whiteboard

the right

in

on

on

Backpack on your

right

Backpack on the

left

TV on the right
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Pass

Pass

Pass

Pass

Pass

Fail

Pass

Fail

Pass

Fail

Fail

Pass

Fail

Fail

Pass

Pass

Pass



Specific

Specific

Relational

Relational

Relational

Relational

Relational

Relational

Relational

Relational

Relational

Relational

Go to the orange cone on your
right

Go to middle outlet

Go to the backpack that is to

the right of the red backpack

Drive to the backpack that is
to the left of the black back-
pack

Walk to the bag that is next
to the black bag

Move towards the backpack
under the whiteboard

Walk to the backpack on the
chair

Go to the chair with the back-
pack

Walk to the backpack on top
of the chair

Run to the rightmost back-
pack

Walk to the leftmost backpack

Go to the middle chair

Fail

Pass

Pass

Pass

Fail

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Fail

Pass

Fail

Fail

Pass

Pass

Fail

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Orange cone on
your right
Middle outlet
Backpack to the
right of the red
backpack
Backpack to the
left of the black
backpack

The bag next to
the black bag
Backpack under
whiteboard

Backpack on the

chair
Chair with the
backpack

Backpack on top
of the chair
Rightmost back-
pack
Leftmost ~ back-
pack

Middle chair

Pass

Fail

Fail

Fail

Fail

Pass

Fail

Fail

Fail

Fail

Fail

Fail

82



Relational

Relational

Relational

Relational

Relational

Contextual

Contextual

Contextual

Contextual

Contextual

Contextual

Go to the leftmost backpack

on your right

Go to the middle chair in the
row of chairs

Go to the backpack on the left
of the cone

Go to the cone to the left of
the backpack

Go to the second chair from
the left

Go to somewhere I can sit
down

Find a place for me to rest
Go to somewhere I can speak
from

Find a place to store cleaning
supplies

Find me something to write
on

My friend has a question. Go
to somewhere you can explain

the answer to him

Fail

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Pass

Fail

Pass

Pass

Fail

Pass

Fail

Pass

Fail

Fail

Fail

Pass

Fail

Pass

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Leftmost ~ back-
pack on your
right

Middle chair row

of chairs
Backpack on the
left of the cone
Cone to the left of
the backpack
Second chair from
the left

Chair

Couch

Podium

Storage area

Piece of paper

My friend

Pass

Fail

Fail

Fail

Fail

Pass

Fail

Pass

Fail

Pass

Fail
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Contextual

Contextual

Contextual

Contextual

Contextual

I spilled a lot of sand. Go find
me something to pick up my
mess

Walk to something where I
can put my laptop in

I spilled water. Find me some-
thing to clean this up

Go to somewhere I can google
something

Go to somewhere I can charge

my phone

5.4.1 Real-World Environments

Pass

Fail

Pass

Pass

Pass

Pass

Fail

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Something to pick
up my mess —
dustpan

Table to put lap-
top in

Towel

Computer on the
left

Charging outlet

Fail

Fail

Fail

Fail

Pass
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In our second set of experiments, we evaluate the ability of our framework to navigate in

real-world environments. The four environments shown in Figure [5.2] range from an indoor lobby

setting to a dark outdoor courtyard. We select these environments to highlight our framework’s

ability to generalize in multiple scenarios. In each environment, we test multiple sentences across

the four categories (see the Appendix for the full list of sentences). Sentences are primarily based

on landmarks already present in the environment but in some cases, we add additional artifacts to

enable more extensive testing.

Further details about each of the environments are listed below:

e Theater: an indoor environment simulating a stage-like environment during set construc-

tion.

e Lobby: an indoor environment, mostly occupied with chairs and tables, posing more

challenges in distinguishing specific objects and planning
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e Qutdoor: a larger environment with objects such as trees, cars, bikes, and sporting areas.

e Courtyard: an outdoor environment tested at night to challenge the framework with

low-light images.

Along with the general objects present in the scene, we placed some additional items like backpacks,
shoes, and cones into the scene. All the prompts tested in these 4 different environments are
presented in Tables and For each of the prompts, we also highlighted whether

each step succeeded or not.

Table 5.3: Summary of category-wise success rate for each of the four command types.

Category Count Code(%) OD(%) WP(%) Path& OFA OFA+
Exec(%) (%) LLM

(%)
Generic 22 100 81.82 68.18 68.18 13.64  22.73
Specific 19 89.47 89.47 78.95 73.68 0 15.79
Relational 44 72.73 59.10 99.10 99.10 18.19  36.37
Contextual 29 65.52 41.38 41.38 41.38 6.90 24.14
Total 114 78.95 64.04 59.65 58.77 11.40  27.19

We find that we are able to successfully generate code for navigational plans using a variety
of verbs e.g., walk, go, drive, run, etc by leveraging the rich vocabulary knowledge present in
foundation models. In fact, we can even say phrases like “sashay to the stop sign” which will be
interpreted as a “go to” style navigation command.

From Tables and we see that for generic objects our framework has a 100% success
rate for code generation. In this case, code is manually evaluated and deemed successful if the
generated code would produce the correct results assuming all the rest of the composed modules
were executed successfully. In both tables Code represents the success of the code generation step,
OD represents the success of the object detector (GLIP), WP is the success of the 3D waypoint
projection and Path&Exec is the success of the graph-based planning and navigation module.
Our failures occurred in the object detection module where either the wrong object was detected or

the object was not detected at all. However, since our framework is modular, the object detector
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Table 5.4: Summary of scene-wise success rate for each of the four command types.

Scenes Count Code(%)OD(%) WP(%) Path& OFA OFA+
Exec(%) (%) LLM

(%)
Theater 30 90 70 66.67 63.33 3.33 13.33
Lobby 29 65.52 48.28 44.83 44.83 13.79  24.14
Outdoor 24 87.5 79.17 70.83 70.83 12.5 33.33
Courtyard 31 74.19 61.29 58.06 58.06 16.13  38.71
Total 114 78.95 64.04 59.65 58.77 11.40 27.19

can be substituted and as state-of-the-art vision detectors improve our framework will improve in
turn. Additional failures occur in the waypoint projection step. These occurred for two reasons. In
the first case, the vision system detected further out than the map resulting in projections at the
edge of the map rather than the actual object. For the second case, projections missed the correct
voxel on the map. This was either due to a ray “clipping” a closer object in the projection process.
For longer projections (10-12m), the camera-to-lidar calibration caused enough error to make the
projection inaccurate, which could be resolved through mean point clustering. We also note that
we observed a 100% success rate in following all planned paths.

Full results for the real-world experiments are shown in Tables Sentences
were specifically chosen to contain different action verbs which highlights the many-to one action

mappings LLMs are capable of generating.

5.4.2 Qualitative Examples:

Leveraging the vast knowledge base encoded into LLMs enables a degree of spatial reasoning
and the ability to infer navigation instructions based on the context of the sentence. For example,
take the sentence “Find me something to help a firefighter” as shown in Figure requires the
robot to identify a list of objects that could help a firefighter and then look for them. From the
snippet of the generated code, we see that the robot successfully looks for fire extinguishers and
fire hydrants, both of which would aid a firefighter. Additionally, we are able to ask the robot to

“Find something to clean up a mess” and it will find a mop or a broom.
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Expected

image_patch = ImagePatch(image)

tv_patches = image_patch.find( )
screen_patches = image_patch.find(

tv_patches.extend(screen_patches)

Chair

Closest

couch_patches = image_patch.find(

chair_patches = image_patch.find(

couch_patches.extend(chair_patches)

Figure 5.5: Results for the sentence “Find me somewhere to watch a movie.”

What’s more remarkable than simply interpreting correct navigation commands from context
is our framework’s ability to leverage foundation models to find more refined solutions to a task in
some instances. Take for example the sentence “Find me somewhere to watch a movie,” we would
expect the robot to go and find a TV or some kind of screen. Of course, the first object the robot
looks for is the screen but more remarkably the robot also looks for a chair which is closest to the
screen. We can see this in Figure[5.5| where the generated layer 6 explicitly looks for “T'Vs, screens”
and then looks for “chairs” and “couches.”

As powerful as the contextual engine (GPT-3.5) is in our framework, it still has limitations
when interpreting the physical world. In Figure [5.6] we tell the robot to “Run upstairs.” and to
no surprise, it will successfully generate code and plan up the stairs. However, when given the

utterance “Go to the second floor.” the following code is generated:

floor_patches = ImagePatch(image).find(’floor’)
floor_patches.sort(key=lambda x: x.vertical_center)
if len(floor_patches) < 2:
return {’function’: ’None’, ’error’: ’Image does not contain at least two
floors.’}

second_floor_patch = floor_patches[1]




Category

Generic
Generic
Generic
Generic
Generic
Generic
Specific
Specific
Specific
Specific
Specific
Specific
Specific
Specific

Specific
Relational

Relational
Relational
Relational
Relational
Relational
Relational
Contextual
Contextual
Contextual
Contextual
Contextual
Contextual
Contextual

Contextual

Table 5.5: Scene-01: Theater

Scene

Drive to the helmet
Navigate to the mop

Go to the vacuum

Walk to the table

Go to the fire extinguisher

Walk to the saw

Go to the red backpack

Move to the orange bucket
Drive to the chair on the right

Walk to the white fan

Navigate to the black fan
Navigate to the black speaker
Run to the red bag

Move to the black chair infront
of you

Walk to the blue chair

Go to the chair with the black
backpack on it

Go to the chair with the helmet
on it

Go to the backpack next to the
chair

Go to the backpack in front of
the ladder

Run to the person on the ladder

Drive to the man sitting on the
table

Go to the third chair from the
left

Go to something that can carry
water

Navigate to something that can
wash the floor

My floor is dirty. Go to some-
thing that can fix this

Go somewhere that I can throw
something away in

Walk to something that put out
a fire

Go to something that can cool
me down

Go to something white that will
cool me down

I am in the mood to listen to
music. Go to something that
can do that

Code OD
Pass  Pass
Pass Pass
Pass Fail
Pass Pass
Pass  Pass
Pass Fail
Pass Pass
Pass Pass
Pass  Pass
Pass Pass
Pass  Pass
Pass Pass
Pass  Pass
Pass Pass
Pass  Pass
Pass Pass
Pass Pass
Pass Fail
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Fail Fail
Fail Fail
Pass Pass
Pass Fail
Pass Fail
Fail Fail
Pass Fail

WP

Pass
Pass
Fail

Pass
Pass
Fail

Pass
Pass
Pass
Pass
Pass
Pass
Fail

Pass

Pass
Pass

Pass

Fail

Pass

Pass

Pass

Pass

Pass

Fail

Fail

Pass

Fail

Fail

Fail

Fail

Path& OFA OFA Expres-

Exec sion

Pass Fail Helmet

Pass Fail Mop

Fail Fail Vaccum

Pass Fail Table

Pass Fail Fire extin-
guisher

Fail Fail Saw

Pass Fail Red backpack

Pass Fail  Orange bucket

Fail Fail Chair on the
right

Pass Fail White fan

Pass Fail Black fan

Pass Fail Black speaker

Fail Fail Red bag

Pass Fail Black chair in-
front of you

Pass Fail Blue chair

Pass Pass Chair with
black backpack

Pass Fail Helmet Chair

Fail Fail Backpack next
to the chair

Pass Fail Backpack in
front of ladder

Pass Fail Person on the
ladder

Pass Fail Man sitting on
table

Pass Fail Third chair
from left

Pass Fail Water con-
tainer

Fail Fail Mop

Fail Fail Mop

Pass Fail Trash can

Fail Fail Fire extin-
guisher

Fail Fail Fan

Fail Fail Fan

Fail Fail = Speaker with a

music player

OFA+
LLM

Fail
Fail
Fail
Pass
Fail
Fail
Fail
Fail
Fail
Fail
Fail
Pass
Fail
Fail

Fail
Pass

Fail
Fail
Fail
Fail
Fail
Fail
Fail
Fail
Fail
Pass
Fail
Fail
Fail

Fail



Category
Generic
Generic
Generic
Generic
Specific
Specific
Relational
Relational
Relational

Relational

Relational
Relational

Relational
Relational
Relational
Relational
Relational
Relational
Relational
Relational

Relational

Relational
Relational
Relational
Contextual
Contextual

Contextual
Contextual

Contextual

Table 5.6: Scene-02: Lobby

Scene

Run to the trash bag

Navigate to the water fountain
Drive to the broom

Walk to the monitor

Walk to the tiny monitor

Walk to the smallest monitor
Walk to the right most cone

Walk to the table with a can on it
Walk to the table next to the red
backpack

Go to the blue chair with the back-
pack on it

Walk to the leftmost table

Go to the backpack closest to the
shoes

Walk to the shoe next to the red
backpack

Remove the trash bag from the
floor

Walk to the table with the monitor
on it

Drive to the closest monitor to the
table

Go to the table with the bottle on
it

Go to the bottle on top of the table

Go to the tv closest to the person

Go to the person with the blue
shirt
Run to the chair with the blue coat
on it

Move to the backpack on the chair

Move to the black backpack on the
chair

Drive to the chair with the back-
pack on it that is not red

Find something that can help a
firefighter

Go to something that can clean a
dirty floor

Go get a drink of water

Go to a place where I can watch a
movie

Drive to a place where I can watch
a video

Code
Pass
Pass
Pass
Pass
Fail
Pass
Pass
Pass
Pass

Pass

Pass
Pass

Pass

Fail

Fail

Pass

Fail

Pass

Pass

Pass

Pass

Fail

Fail

Fail

Pass

Fail

Fail
Pass

Fail

oD
Pass
Fail
Pass
Pass
Fail
Pass
Pass
Fail
Pass

Pass

Fail
Pass

Pass

Fail

Fail

Pass

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Pass

Fail

Fail
Pass

Fail

WP
Pass
Fail
Pass
Fail
Fail
Pass
Pass
Fail
Pass

Pass

Fail
Pass

Pass

Fail

Fail

Pass

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Pass

Fail

Fail
Pass

Fail

Path&
Exec
Pass
Fail
Pass
Fail
Fail
Pass
Pass
Fail
Pass
Pass

Fail
Pass

Pass

Fail

Fail

Pass

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Pass

Fail

Fail
Pass

Fail

OFA
Pass
Fail
Fail
Fail
Fail
Fail
Fail
Fail
Fail

Pass

Fail
Pass

Fail

Fail

Pass

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail
Fail

Fail

OFA + LLM
Expression
Trash bag
Water fountain
Broom

Monitor

Tiny monitor
Smallest monitor
Rightmost cone
Can on the table
Table next to red
backpack

Blue chair with
backpack
Leftmost table
Backpack closest
to shoes

Shoes next to red
backpack

Trash bag on the
floor

Table with mon-
itor

Closest monitor
to the table
Table with the
bottle

Bottle on top of
the table

TV closet to per-
son

Person with the

blue shirt

Run to the chair
with the blue
coat

Backpack on
chair

Black backpack
on the chair
Backpack on the
chair

Fire extinguisher

Mop

‘Water bottle
Movie theater

TV or screen

OFA+
LLM
Pass
Fail
Fail
Fail
Fail
Fail
Fail
Pass
Pass
Pass

Fail
Pass

Fail
Pass
Pass
Fail
Fail
Fail
Fail
Fail

Fail

Fail
Fail
Fail
Fail
Fail

Fail
Fail

Fail
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Table 5.7: Scene-03: Outdoor

Category Scene Code OD WP Path& OFA OFA + LLM OFA+
Exec Expression LLM
Generic Wander to the fire hydrant Pass Pass Pass Pass Fail  Fire hydrant Fail
Generic Step towards the grill Pass Fail = Fail Fail Pass Grill Pass
Generic Walk to the skateboard Pass Pass Pass Pass Fail  Skateboard Fail
Generic Walk to the bike Pass Pass Fail Fail Fail = Bike Fail
Generic Walk to the bike Pass Pass Pass Pass Fail  Bike Fail
Generic Go to the bike rack Pass Pass Pass Pass Fail = Bike rack Fail
Generic Go to the sign Pass Pass Fail Fail Fail  The sign Fail
Generic Go to the bench Pass Pass Pass Pass Fail  Bench Fail
Specific Sashay to the stop sign Pass Pass Pass Pass Fail  Stop sign Fail
Specific Go to the basketball hoop Pass Pass Pass Pass Fail = Basketball hoop Pass
Specific Roam towards the blue car Pass Pass Pass Pass Fail  Blue car Pass
Specific Trot towards the red bag Pass Pass Pass Pass Fail Red bag Fail
Specific Go to the red object Fail Fail Fail Fail Fail Red object Fail
Relational Proceed to the middle cone Pass Pass Pass Pass Pass Middle cone Pass
Relational Journey to the tree next to the Fail Fail Fail Fail Fail  Tree next to the Pass
backpack backpack
Relational Trek to the backpack by the tree Pass Pass Pass Pass Fail = Backpack by the  Fail
tree
Contextual A firefighter needs water. Walk to  Pass Fail Fail Fail Fail  Source of water Fail
a source of water
Contextual Head towards something that can = Pass Pass Pass Pass Fail = Fire hydrant Pass
help firefighters
Contextual  You are a dog that needs to mark  Pass Pass Pass Pass Fail  Fire hydrant Fail
its territory. Go find a place to do
this
Contextual = You are carrying trash, Find some-  Pass Pass Pass Pass Fail = Dumpster Pass
where to dump it
Contextual  Find me something to do a kickflip = Pass Pass Pass Pass Fail  Skateboard Fail
on
Contextual I want to shoot some hoops. Take = Fail Fail = Fail Fail Fail = Basketball court Fail
me there
Contextual  Move towards a faster mode of Pass Pass Pass Pass Fail Sorry I can’t Fail
transportation generate a refer-
ring expression
Contextual = Head to the fastest mode of trans- = Pass Pass Pass Pass Pass Fastest mode of Pass

portation

transportation
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This code is nonsensical to the actual task because it’s a literal interpretation of the sentence.

Counting floors has nothing to do with going to the second story of a building. Examples like these

highlight the need for additional methods of encoding 3D spatial reasoning into natural language-

based embodied navigation frameworks.

Limited testing showed that GPT-4 can improve these types of scenarios but generated
sequences were insufficient to perform the task. This was primarily due to a lack of understanding
where a staircase but these types of examples highlight that more work needs to be done in encoding

spatial priors into language-based representations.



Figure 5.6: Scene used to tell the robot to “Run upstairs” and “Go to the second floor”. The
second sentence fails due to the code trying to “count floors”

5.5 Conclusion and Limitations

Our composable framework shows remarkable accuracy and performance in generating code
that fits the navigation task. In controlled experiments, we achieve 90% accuracy across 50 different
sentences. When taken to the real world the, model still performs exceptionally well with zero
additional input. This is highlighted by a 70% execution accuracy in large outdoor environments.

While this work makes significant strides toward embodied navigation, we observe many
opportunities for future effort. Namely, operating in only 2D space creates challenges for spatial
relationships such as “behind” the robot or “to the right of.” Additionally, we are limited by the
visual range of the robot: therefore 3D projections need to be exponentially more accurate for both
the smaller and further away an object is in the given input image. Large multimodal foundation
models are promising, but promise uncertain runtime performance given their lack of availability
and scalability. Finally, the current implementation of the framework is limited to landmark-based
navigation. Chapter [6] will focus on an alternative framework that is not limited to landmark-
based navigation. In this Chapter, we have shown that we can effectively ground language through
code to perform landmark-based navigation. Moreover, the generated code sequences can resolve

geometric constraints between objects in the environment, and the robot.



Category
Generic
Generic
Generic
Generic
Specific
Specific

Specific
Relational

Relational
Relational

Relational

Relational
Relational
Relational

Relational

Relational
Relational
Relational
Relational
Relational
Relational
Relational
Relational
Contextual
Contextual
Contextual
Contextual
Contextual
Contextual

Contextual
Contextual

Table 5.8: Scene-04:

Scene

Run to the door

Run towards the backpack

Drive to the wagon

Navigate to the stairs

Proceed towards the garbage can
on the right

Stroll to the recycle bin on the left

Sprint to the picnic table

Go to the bench with water con-
tainer on it

Walk to the bench with nothing on
it

Proceed to the bench with most
objects

Move towards the backpack far-
thest from a bench

Head towards the middle cone

Head towards the middle cone in
the row of cones
Go to the table with only one chair

Go to the table with only one chair.
There are multiple groups of chairs
around multiple tables

Step towards the column closest to
the cart

Move to the largest group of
benches

Walk towards the table with the
umbrella

Walk towards the table with the
yellow umbrella

Drive to a table without any chairs

Walk to black table with six chairs

Walk to the table with the most
chairs

Navigate to the table with the
backpack

Go to the nearest entrance to the
building

Go to something that you would
hold open for someone elderly

Go to something that will make it
easier to carry heavy luggage

Go to somewhere I can eat my
lunch

Go up to the second floor

Go find something to climb

Run upstairs

Find me somewhere to park my
bike

Code
Pass
Pass
Pass
Pass
Pass

Pass

Pass
Pass

Pass

Fail

Pass

Fail

Pass

Fail

Pass

Pass

Pass

Pass

Pass

Pass

Fail

Pass

Fail

Fail

Pass

Pass

Pass

Fail

Fail

Pass
Pass

oD

Pass
Pass
Pass
Pass
Pass

Pass

Pass
Pass

Pass

Fail

Fail

Fail

Pass

Fail

Pass

Pass

Pass

Pass

Pass

Pass

Fail

Pass

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Pass
Pass

Courtyard
WP Path&
Exec
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Fail = Fail
Pass Pass
Pass Pass
Pass Pass
Fail = Fail
Fail  Fail
Fail = Fail
Pass Pass
Fail = Fail
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Pass Pass
Fail  Fail
Pass Pass
Fail  Fail
Fail = Fail
Fail  Fail
Fail = Fail
Fail  Fail
Fail = Fail
Fail  Fail
Pass Pass
Pass Pass

OFA
Fail
Fail
Fail
Pass
Fail
Fail

Fail
Pass

Fail

Fail

Fail

Fail

Fail

Pass

Pass

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Fail

Pass

Fail

Fail

Fail

Fail
Fail

OFA + LLM
Expression
Door

Backpack
Wagon

Stairs

Garbage can on
the right
Recycle
the left
Picnic table
Bench with wa-
ter container
Bench with
nothing on it
Bench with the
most objects
Backpack far-
thest away from
bench

Middle cone in
row of cones
Middle cone in
row of cones
Table with only
one chair

Table with only
one chair

bin on

Column closest
to the cart
Largest group of
benches
Umbrella on the
table

Table with yel-
low umbrella
Table  without
chairs

Black table with
six chairs

Table with the
most chairs
Backpack on the
table

Nearest entrance
to the building
Door

Cart

Lunch table
Second floor
Rock wall

Stairs
Bike rack
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OFA+
LLM
Fail
Fail
Pass
Pass
Fail
Fail

Fail
Pass

Pass
Pass

Fail

Fail
Fail
Pass

Pass

Pass
Fail
Pass
Fail
Fail
Fail
Fail
Fail
Fail
Fail
Pass
Pass
Fail
Fail

Fail
Pass



Chapter 6

CogExplore: Planning Based On Contextual Cues with Temporal Reasoning

Figure 6.1: Spot characterizing its environment through its VQA model (Language Priors), search-
ing for specific objects with its object detection model and creating projections (Object Points
shown in red) surrounded by a set of navigable graph points (shown in purple).

Language Priors(L):

m a
Object Point(©): Potted Plant

I am in an office space filled with
chairs, a foosball table, and a TV. There
is also a plant located near the robot.

Exploring unmapped environments is paramount to modern robotic applications, such as
search-and-rescue and assistive robotics as seen in the DARPA Subt challenge [28]. In Chapter
and [14, 130, 1] we see that state-of-the-art methods have made incredible progress in exploring
challenging search and rescue scenarios as seen in, they typically rely on hand-engineered heuris-
tics based on the geometry of the environment, e.g. optimizing for volumetric gain. Such hand-
engineered features fail to incorporate the rich semantics and contextual cues of an environment [13].
As seen in Chapter [ code-generation from natural language can be an effective means of grounding

navigation commands to landmarks within a robot’s environment. However, a key limitation of



94

the method presented in [I3] is the reliance on objects being within the robot’s field of view. In
this Chapter, we develop a framework to address this limitation through natural-language-based
encodings.

Given the problem of exploring a previously unknown environment and looking for an object
of interest, we develop a framework, Contextual Exploration (Cog Explore), that leverages founda-
tion models, or large language models (LLMs) with natural-language-based representations of the
environment to perform navigation using both geometric and contextually rich features, as well as
temporal states.

To effectively leverage natural language, we must ground language utterances to the physical
world in which the robot operates. Various approaches have been used to associate language with
the physical domain, ranging from probabilistic graph-based structures [125] 46, 59] to end-to-end
learning-based methods [31]. We represent the grounding problem as a probabilistic set of planning
points, object points, and language priors obtained from a set of vision models. Our framework then
selects the next best location to explore given this set of priors and a goal. Specifically, we leverage
foundation models [35] [54] which have shown the ability to exhibit remarkable contextualization
and reasoning by utilizing efficient next token predication.

Navigation solutions powered by LLMs offer distinct advantages over metric-based methods
such as frontier point finding [I40]. For instance, a robot operating in a school instructed to “Go
find a whiteboard” would spend equal time exploring a bathroom or a classroom when using a
frontier-based planner. However, by integrating an LLM’s world knowledge into search strategies,
the resulting planning method can leverage the fact that erasers are far more likely to be found in a
classroom. Moreover, we can rely on other cues in the environment to influence the search behavior.
For example, if a whiteboard is present, the robot should be more exploitative than explorative.
This adaptive form of reasoning, aiming for the most plausible explanation—or abductive reasoning
allows CogExplore to create a form of working memory.

LLMs have shown remarkable capabilities in various domains, yet they do not explicitly

encode a time dimension, meaning their appreciation of time is implicit [29]. Specifically, LLMs
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encode memories to be used in future reasoning implicitly as an autoregressive relation instead of
an explicitly modeled recurrent relation [134]. We introduce a method to simulate working memory
by compressing prior states and justifications into a concise linear log. By leveraging temporal and
contextual reasoning, CogExplore guides robots to navigate diverse environments, while adapting
the exploration strategy as new information is acquired.

Our method presents possibilities for advances in scenarios where environments are semanti-
cally rich, but of which very little is known a priori. Such environments included domestic interiors,
where robots might be asked to help locate and retrieve household items (Bring the groceries in
from the garage), identify conditions (Check if the oven is on), or interact with humans (Open the
front door and guide the people to my room). We validate CogExplore’s exploration capabilities
with 210 simulations of 45 minutes each operating in 3 different environments across 7 different

tasks and show the method is capable of performing temporal, geometric, and semantic reasoning.

6.1 Related Works

Navigating with language-based representations requires grounding utterances in the physical
environment. Various approaches have been used to associate language with the physical domain,
ranging from probabilistic graph-based structures [125], 46, [59] to end-to-end learning-based meth-
ods [31]. Graph-based approaches have shown promising results but their generalizability is limited
to a fixed training corpus. On the other hand, Large Language Models (LLMs) have proven to be
adept at reasoning over large amounts of unsupervised training data [35, 127] using transformer-
based backends [133]. These models, also known as foundation models due to their comprehensive
knowledge, have recently been leveraged for task and motion planning using reinforcement learning
on a set of skills [I5], and in an end-to-end fashion [3I] with object scene representation trans-
formers [I06]. While these approaches have made remarkable strides, they still suffer from the
explainability problem and further, they don’t share any of the path planning guarantees that
traditional planning methods offer [86].

More recent work in robotic navigation has seen significant advancements with the incorpo-
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ration of LLMs [143] and semantic cues. The approach of utilizing LLMs was first introduced as
a heuristic planner constructed for manipulation tasks [6]. In [117] a novel approach that utilizes
semantic guesswork from foundations as heuristics for planning in unexplored environments is in-
troduced. Unlike traditional methods that rely on geometric or direct instruction-based navigation,
their methodology leverages the semantic understanding of LLMs to guide exploration indirectly,
without requiring direct knowledge of the physical environment.

ORION (Open-world Interactive Personalized Navigation) is presented in [24], which inte-
grates LLMs for personalized, interactive object navigation. ORION focuses on natural language
interaction and personalization, proposing a task where robots navigate to user-specific objects in
unseen environments through conversation. The framework comprises modules for perception, nav-
igation, communication, and decision-making, and showcases the ability of LLMs to aid in robotic
navigation through conversation.

Embodied evaluation of actions across objects with specific affordances in reference to natural
language instruction has been explored in [10§] using code generation. Language models contain
sufficient world information to decompose basic tasks [49] but must be evaluated according to the
metrics of executability and correctness. This work highlights the importance of assessing the
practical applicability of LLM-generated instructions in real-world robotic scenarios.

Alternative approaches include the Language Trajectory Transformer (LATTE) [I7] and Cli-
port [12I], which use end-to-end mechanisms to encode user intentions and translate directly to
robot action. CLIPort encodes spatial and semantic attributes separately using individual U-Nets,
combining them in the final layer to inform trajectory generation. Imitation learning, as seen
in Hierarchical Universal Language Conditioned Policies (HULC) [80], uses language conditioning
to construct controls for HULC using the semantic knowledge of VAPO, learning efficiently from
unlabeled examples.

Prompt engineering plays a crucial role in tackling highly specific robotic navigation tasks. In
[135], Vemprala et al. introduce PromptCraft, a mechanism for handling the complexity inherent in

the myriad ways of describing any one task in natural language. By carefully constructing prompts
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that elicit the desired behavior from LLMs, PromptCraft aims to bridge the gap between natural
language instructions and executable robot actions.

In [I1I5] an approach called Language Frontier Guide (LFG) is presented which leverages
the semantic reasoning capabilities of LLMs to guide robotic exploration in novel environments.
Rather than directly following the narratives generated by LLMs, which can be ungrounded and
arbitrarily wrong, LFG incorporates LL.M inferences as heuristic scores into a search-based planning
framework. By polling the LLM multiple times with task-relevant prompts and chain-of-thought
reasoning, LFG empirically estimates the likelihood of subgoals leading to the goal query. These
semantic “guesswork” scores are then combined with traditional geometric heuristics to bias the
search toward a promising frontier point. The authors demonstrate that this approach outperforms
both uninformed exploration and other LLM-based methods on the challenging Habitat ObjectNav

benchmark and in real-world environments.

Figure 6.2: Renderings from Unreal Engine environments. An example of a simulated spot can be
seen in the rightmost image.

(¢) School

While LLMs excel at reasoning over unstructured data [35, 127, [124) [146] using transformer
architectures [133], guiding them to desired outcomes and maintaining temporal coherence remains
an open problem. Recent works integrating LL.Ms with object scene representation transformers for

task and motion planning [15, [3T], 108] still lack the interpretability and guarantees of traditional

methods [86].
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6.2 Methodology

The semantic reasoning abilities of LLMs have been leveraged to guide exploration and plan-
ning in novel environments [I15, 117]. LLMs have also been utilized for semantic grounding in
complex outdoor environments using contextually relevant instructions [I17]. Our method intro-
duces new capabilities to this line of work, allowing LLMs to selectively encode relevant states
based on environment descriptions and then reason directly over these natural language-encoded
states, along with temporal states derived from a log of past movements.

The proposed exploration framework, CogExplore, represents relevant features of the en-
vironment as natural language strings. Formally, we represent possible states for the robot as,
S ={s1,$2,...,5n} where s; is a possible state for the robot. At each state, the robot has a set of
planning graph points G = {g1, g2, -.., gk}, a set of object points O = {01,092, ...,0,,} and a set of
language priors £. Graph points represent traversable areas of the environment, and we represent
them as a list in text from G; = {x,y,z}. Object points are represented similarly but with a
corresponding label and probability O; = {z,y, z, ¢, p} where c is the class and p is the confidence
represented as a probability), obtained from an open vocabulary object detector. Specifically, we
utilize YoloWorld [20] and Segment Anything [58] to project open vocabulary detections into 3D
points. Examples of G, £, and O can be seen in Figure and full details of, the open vocabulary
3D detection system can be found in Chapter Note, YOLO v3 [102] is replaced with YOLO
World to support open vocabulary detection [20)].

The language priors, £, consist of three components; environmental descriptions, prior robot
states, and the justification for choosing the next state. Environment descriptions D are obtained
from a series of questions generated by a foundation model and answered using a multimodal visual
question and answering model (VQA) called LLaVA -1.5 [71], as shown in Figure Prior states
(si—n) and the justification for choosing the state (J;—,) and the full set of language priors is

L ={Ti—n, Si—n, D} along with the model’s justification for selecting the state. To select the next
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Figure 6.3: CogExplore System Diagram. All prior information is encoded into text strings for use
with language-based foundation models

Navigation Step
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best state, we can model the task as a maximum likelihood estimate:

t
arg max _P(sglsy,S,0,G,L) [[ Psilsi-1,8,0,6, L) (6.1)
i=1

81,525.-+,5¢

At each iteration, the foundation model is asked to direct the robot to the state most likely to
find the goal state, s, given the robot’s past states and any new observations. The process repeats
until the robot arrives at s,. Specifically, once the robot reaches a desired waypoint, the model is
tasked to choose the next waypoint given all of the prior observations and a truncated list of past

states

6.2.1 Exploration Planner

CogExplore’s autonomous navigation uses a state-of-the-art graph-based exploration planner
with frontier point finding [27] to help the language model select reliable states. This planner
uses a similar approach to the one presented in Chapter [2| but comes from Team Cerberus [130],
the number one performing team at the DARPA SubT challenge. This version [27] of the graph-
based planner was chosen due to a more efficient implementation for waypoint-based navigation.
Real-time mapping is performed using the voxel-based map [45].

At each planning iteration, a set of sparse global graph points and dense local points are

generated. We employ a 2D Gaussian function to sparsity the distribution of these points, where
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weights are assigned based on their proximity to the robot’s current location. The result is a
distribution of low-density points in distant areas with a high concentration of points near the
agent allowing CogExplore to plan with high granularity locally while still having the ability to
explore regions of interest that are further away. The total sets of points are encoded into G. In

practice, we find using a list of 50 graph points works well for the framework.

6.2.2 Foundation Model Prompting Schemes

We rely on language foundation models to perform four tasks: Generating questions about
the environment, generating object labels, compressing state information, and performing state
selection. Foundation models are highly sensitive to the particular presentation of the underlying
information [19]. To assist the model’s geometric reasoning, we label newly identified graph points
(G) as if they are in an unexplored region. A point is labeled as new if it is beyond a certain
distance threshold from all existing points in the graph. This distance threshold is determined
using a KD-Tree [11] structure to efficiently compute the nearest neighbors.

Specifically, we encode each graph points G into natural language. The relative position of
each point to the robot is also provided. Relative positions are computed based on quadrants (front,

left, right, behind) using the angle of the point from the robot. An example is shown below:

1: Graph new - x=-18.17, y=-10.23, z=0.02 (new) - Distance: 9.47 meters - Relative Position:
right (-65.07)
2: Graph new - x=-32.88, y=-1.42, z=0.02 (new) - Distance: 10.35 meters - Relative Position:

behind (174.99)

24: Graph - x=-18.02, y=-4.28, z=-0.06 - Distance: 5.16 meters - Relative Position: front
(-30.95)
25: Graph - x=-7.38, y=-1.56, z=0.04 - Distance: 15.17 meters - Relative Position: front

(-1.61)
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Object points are encoded similarly except with the added label of the object. Note, the
object point is an estimate of the object centroid obtained from the Segment Anything model [58]
and projected into 3D space using the method described in Chapter An example of encoded

object points can be seen below:

51: Object TV - x=-9.075, y=-0.38, z=0.68 - Distance: 6.64 meters - Relative Position: front
(3.97)
52: Object chair - x=-8.475, y=-0.38, z=0.22 - Distance: 7.04 meters - Relative Position: front

(0.25)

All of our prompts are highly modular in construction allowing us to incorporate custom
visual grounding information (O, L), prior states s;_,, navigation points (G), and specific instruc-
tions designed to handle the strengths and weaknesses of a particular model based on empirical
observations. Once the prompts were tuned, the same prompts and additions were kept consistent
for all experiments.

A specific behavior that was observed with GPT-3.5 was that the model would occasionally
select waypoints near windows when a potential object was visible through the transparent glass.
To mitigate this, we explicitly informed the model that windows might obscure routes to prospective
targets, encouraging more practical waypoint choices. In the case of Claude Haiku, we found that
by default the model was quite conservative in its exploration behavior especially before semantic
cues were discovered. Explicit language was added to prioritize the exploration of new areas. We
used the same prompts across all experiments, and the full prompt details can be found in Section
of the Appendix.

For each iteration of the exploration cycle, the LLM is given a form to fill out, which creates a
set of fields for the next waypoint output, as well as fields for a characterization of the environment
and a justification field to insert reasoning for the selection of the particular waypoint it chose. All

of our prompts follow this “mad lib” style form:
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I need to select a waypoint from a numbered list of graph points, frontier points and ob-

ject points. The point I have selected is point number: [insert the graph, frontier,or object
point numeral number here]. I am selecting this point because I believe it makes strate-
gic sense to get me closer to solving my navigation task “INSERT_QUERY_HERE”. My en-
vironment can be described as [describe the environment]. My reasoning is that this point

[insert your reasoning here].

Once the generation is complete, the LLM is queried again to compress the prior output into
a concise state of 50-100 words (J) these compressed states with justifications enable CogExplore
to reason over its past states, facilitating a contiguous exploration process. Each of these logs is
appended to a memory window with some fixed length, in practice we discovered a length of 10
was appropriate for both GPT-3.5-Turbo and Claude Haiku.

An example compressed log can be seen below:

4. The sim was running for this much time: 93.20000267028809, and was at position: x=18.291,
y=2.82, z=0.35 when the following occurred: I went to point x=13.76, y=2.3, z=0.06 in ref-
erence to the ”Go to the coffee table” navigation task. I performed the action of selecting
a new, unexplored waypoint that was relatively close to my current position and located in
front of me. I did this because I believed it would help me by gaining a fresh perspective on
the environment and potentially discovering new vantage points or areas that may contain the
target object. The environment I was observing was a domestic setting with large windows,
natural light, and some greenery like a palm tree and potted plants, but no visible furniture.
This suggested that the coffee table I was searching for was likely in a different, unexplored
region of the environment.

5. The sim was running for this much time: 116.06667137145996, and was at position:
x=15.557, y=2.62, z=0.35 when the following occurred: I went to point x=7.52, y=-0.12,

z=0.05 in reference to the ”Go to the coffee table” navigation task. I performed the action of
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selecting a new waypoint, as it was labeled as an unexplored area. I did this because I believed

it would help me by gaining a fresh perspective on the scene and potentially discovering new
vantage points or areas that may contain the target object. The environment I was observing
can be characterized as a domestic setting with large windows and a long hallway, with a table
visible in the scene. The distance to this point was relatively close to my current position at

8.5 meters, allowing me to efficiently explore a new region of the environment.

6.3 Experimental Setup

We evaluate the performance of CogExplore’s ability to explore and find a target object using
a simulated Boston Dynamics Spot in three different environments using Unreal Engine [34]. We
compare CogExplore against an A* direct path metric and the Vision-Enabled Frontier Exploration
Planner (VEFEP).

VEFEP calculates the exploration gain heuristic g for a given path ¢; by summing the
volumetric gain VG weighted by a function for each vertex in the path [I0]. Parameters for
VEFEP are based on the ones used by the authors in [27]. This planner explores until it detects
the target object using the same 3D open Vocabulary detector used by CogExplore and described
in section In the case of VEFEP, the object detection is only looking for the target object
which is passed into the pipeline at the beginning of the task.

Two office scenes (Office 1, Office 2) and a more complex school environment (School) were
designed, which provided the structure for a total of 7 object-retrieval scenarios to be tested, as
shown in Table In Office 1, there were three tasks involving locating a fire extinguisher in
different locations, denoted as FE1, FE2, and FE3. Office 2 featured two tasks: finding a coffee
table (CT) and an office chair (OC). In School, the tasks were to locate a whiteboard (W B) and
a bookshelf (BS).

For each task, we simulate the navigation capabilities of a Boston Dynamics Spot and allow
the robot to explore for 45 minutes. A run terminates once the target object is found. We conduct

15 trials per task on Azure “NC64as_T4_v3” instances with 4 Nvidia T4 GPUs. We utilize 3 GPUs
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per simulation, one for the unreal simulator, one for the object detector, and one for the VQA
model. We note that for Office 1, and the school scene, the simulator runs in real-time. While in
Office 2 the simulator runs in half-time due to higher quality graphical assets. While CogExplore
does run in real-time, with the assistance of cloud computing we find runtimes are not an accurate
measurement of exploration performance due to uncontrollable factors such as latency and API call
throttling from leading foundation model providers. Instead, we evaluate CogExplore’s performance
based on path efficiency, e.g., the shortest path taken to discover the target object.

Table 6.1: Simulation Environments and Corresponding Tasks. Each run was given 45 minutes of

simulation time to complete. None of the CogExplore runs timed out, and the VEFEP timeouts
are shown here.

Office 1 (572 m?): Figure Office 2 (1450 m?): Figure School (1287 m?): Figure

Direct VEFEP # Direct VEFEP # Direct VEFEP #

Task Path (m) Timeout Task Path (m) Timeout Task Path (m) Timeout

Whiteboard

Fire Extinguisher Office
25.2 0 . 33.7 3 Eraser 26.1 5

1 (FE1) Chair (OC) (WB)

?é;]?;{)tmglusher 27.1 0 Coffee 2.2 6 Book- 13 9

. P Table (CT) ’ shelf (BS)
Fire Extinguisher 15.6 0
3 (FE3) '

We compare the performance of CogExplore running with Anthropic’s claude-3-haiku-
20240307 (CE-H) and OpenAI’S gpt-3.5-turbo-0125 (CE-3.5) as the backend against VEFEP.

Starting positions and goal states are kept consistent across all experiments.

6.4 Experimental Results

From Figure|6.5 we observe that in Office 1, the smallest of the three environments at 572 m?
VEFEP, CE-H, and CE-3.5 all have similar performance. This environment was specifically kept
small to evaluate when the need for more advanced semantic reasoning such as the one utilized by
CogExplore is required. In the task “Go to the fire extinguisher” with configuration 1 we see in
Table [6.2] that CE-H had the lowest mean distance of 62.3m for the task. CE-3.5 and VEFEP had
similar performance for this task with path length means of 112.5 m and 132.3 m respectively. A

birds-eye view for this configuration is provided in Figure
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Figure 6.4: Example Runs demonstrating geometric reasoning (left), semantic reasoning (center),
and temporal reasoning (right).

Geometric Reasoning:
Reasoning: “This point, located 7.64
meters behind (-159.12°) my current
position, represents a newly discov-
ered area that | have not yet explored. o, T
My cameras do not cover areas directly ] (|
behind me. By venturing into this un-
explored region, | can gain a fresh per-
spective and potentially locate the
office chair, which has not been de-
tected so far according to my logs.”
3

Semantic Reasoning:
Reasoning: "This point, which
corresponds to a desk object,
is likely to be in close proximi-
ty to the whiteboard eraser |
am searching for. In previous
states, | have observed furni-
ture and objects in this room,
but have not yet located the
whiteboard eraser. There are
likely regions | have not seen
within this room."

| —

Temporal Reasoning:
Reasoning: "Despite an
object point being labeled
as a fire extinguisher, pre-
vious points visited were
not successful in locating
it, indicating potential mis-
labeling. It is a strategic
choice to explore this new
area and potentially dis-

* | cover the target object.

Figure 6.5: Path length comparisons for each method (CE-3.5, CE-H, VEFEP) on completing each
of the seven tasks. Office Environment 1 is on the left, Office Environment 2 is in the middle and
the School Environment is on the right. The short black line for each whisker plot is the mean
while the long black line at the bottom represents a direct path assuming a known map.
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For configuration 2 (Figure , CE-H and CE-3.5 had nearly identical performance with
path length means of 78.9 m and 81.8 m, as seen in Table VEFEP performed slightly worse
on average with a mean of 104.7. However, all methods were able to find efficient routes with
minimum path lengths of 46.7 for CE-3.5, 48.4 for CE-H, and 48.6 for VEFEP.

A similar trend to Configuration 1 is seen in Configuration 3 (Figure , where CE-H has
the lowest mean path length of 26.2 m. CE-3.5 and VEFEP had similar performance with means

of 78.4 m and 74.1 m respectively as seen in Table[6.4] While it may look like CE-H had the overall
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best performance in Office 1, it’s important to note that due to the small size of the environment,
a small deviation in waypoint selection can lead to an observation of the target object, resulting
in shortened paths. As such, we can conclude that all methods performed with similar levels of

performance in a smaller environment which was the expected outcome.

Table 6.2: Path lengths for FE1 in Office 1. All distances are in m

Model @ Direct Min Max Median Mean
CE-3.5 25.2 | 57.6 369.6 120.5 122.5
CE-H 25.2 | 39.6 194.1 62.3 75.8
VEFEP 252  48.6 491.7 87.3 132.3

Table 6.3: Path lengths for FE2 in Office 1. All distances are in m

Model @ Direct Min Max Median Mean
CE-3.5 27.1  46.7 155.2 62.9 78.9

CE-H 27.1 484 145.7 73.8 81.8
VEFEP 27.1 48.6 507.8 67.2 104.7

As the environment size increases in Office 2, making the exploration tasks more complex,
we observe that on the office chair task, both CE-H and CE-3.5 outperform VEFEP (Table
We also note that VEFEP, timed out in 3 out of 15 of the runs as noted in Table[6.1]] VEFEP had
the lowest median run length of 195.5 m in the coffee table task. However, it also failed to find
the table in 6 out of 15 experiments, as shown in Table Meanwhile, CE-H only had a slightly
larger mean path length of 201.7 m but had a smaller minimum distance of 55.5 m compared to
VEFEP’s minimum distance of 75.9 m. CE-3.5 had the widest variance but found the shortest
path length of 52.0 m. The Office Chair configuration can be seen in Figure and the Coffee
Table overhead view can be found in Figure[6.11

In the School, one of the larger environments at 1287 m? we observe a similar result to Office
2 with the bookshelf task where CE-H outperforms the other methods with a mean path length
of 110.3 m. VEFEP outperforms CE-3.5 on average with a mean of 139.2 m versus 173.7m on
path length (Table However, both CE methods complete the task 100 percent of the time and

VEFEP timed out in 2 out of 15 tasks. An overhead of the bookshelf task is shown in Figure[6.15
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Table 6.4: Path lengths for FE3 in Office 1. All distances are in m

Model @ Direct Min Max Median Mean
CE-3.5 156  21.1 255.0 46.9 78.4

CE-H 156  26.2 1725 37.5 59.6
VEFEP 156 33.1 185.6 63.3 74.1

In the whiteboard eraser task (Figure, both CE models significantly outperform VEFEP,
which also had 5 out of 15 failures or a 33.3% failure rate. CE-H had a path length mean of 147.9
m and CE-3.5 had a mean length of 199.8 m. In contrast, VEFEP had a mean of 415.4 m and a
maximum path length of 1021.4 m, nearly double that of CE-3.5 at 598.3 m. Of note, is that none

of the CE methods failed at the exploration task in any of the environments.

6.5 Discussion

From the 210 experiments run across 7 different environments, we have strong evidence
that illustrates CogExplore can more efficiently locate objects than a conventional graph-based
exploration planner with frontier point finding. In smaller environments (Office 1), CogExpore has
a similar level of performance to VEFEP which is expected due to the small size. As the environment
size increases and semantics become more relevant to the task CogExplore outperforms VEFEP
on average, highlighting the benefits of the framework’s ability to semantically reason. We provide
anecdotal examples of the model’s reasoning in Figure where we see examples of the model
performing geometric reasoning (left), semantic reasoning (center), and temporal reasoning (right).
We define geometric reasoning as the ability of the model to reason over spatial constraints in 3D
Fuclidean space. Semantic reasoning is the ability of the model to form logical connections between
objects and temporal reasoning is the ability of the model to reason over its past states to influence
future states. At each iteration, we can probe why the model made a decision that highlights the
explainability of CogExplore. In the following section, we will dive into specific examples that

support CogExplore’s ability to reason geometrically, temporally, and semantically.
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6.5.1 Geometric Reasoning

When taking a look at Office 1, which has little furniture to obstruct the robot’s view and
only two rooms to explore, VEFEP and all variants of CogExplore perform well for the FE2 and
FE3 tasks. We observe that all models have fairly direct path lengths in Figures and In the
FE1 task (Figure VEFEP performs significantly worse than CE-H and CE-3.5. In this case,
VEFEP heads to the hallway in the top left corner but fails to observe the fire extinguisher around
the corner. Since the planner is based on volumetric gain, the narrow hallway does not provide
a large enough frontier cluster to prioritize continued exploration. Instead, the planner goes to
other parts of the environment in an effort to expand the corners of its map. In some instances,
VEFEP does go far enough around the corner to observe the Fire Extinguisher and the paths are
shorter but this depends on the initial set of points and frontiers sampled for the graph. Meanwhile,
CogExplore will look at all the sampled points and explore new areas based on its past state log

and newly observed points. This results in reasoning that enables the robot to round the corner:

My reasoning for selecting this point is based on the fact that it is a new graph point, meaning
it represents an area that I have recently discovered and have not explored yet. By choos-
ing this point, I aim to expand my exploration into uncharted territory, potentially gaining
new vantages for my cameras and lidar. Exploring new areas is crucial in uncovering new

information and potentially locating the fire extinguisher.

The above example is taken from a CE-3.5 run where the robot’s lidar mapped areas around
the corner, and local graph points were labeled as new. Since no other areas were new, and the log
showed the robot had been to other general areas in the sampled points the model chose to direct
the robot around the corner where it observed the fire extinguisher. This can be seen in Figure
where CE-3.5 (GPT) rounds the corner and immediately finds the fire extinguisher.

Further evidence of geometric reasoning is provided in the case of CE-H in the same environ-
ment. In Figure we observe that Cluade’s path saw the extinguisher, got a clipped projection,

and went to the wall at the corner of the hallway. At that point the next waypoint was selected
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Figure 6.6: Overhead path examples for Office Environment 1.

Haiku
Gpt
VEEEP

Figure 6.7: Birds-eye view of Office Environ- Figure 6.8: Birds-eye view of Office Environ-
ment 1 (OE1) for task Fire Extinguisher 1 ment 1 (OE1) for task Fire Extinguisher 2
(FE1). (FE2).

Haiku
Gpt
VEFEP

Figure 6.9: Birds-eye view of Office Environ-
ment 1 (OE1) for task Fire Extinguisher 3
(FE3).

with the following rationale:
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The point I have selected is point number 42. T am selecting this point because I believe it makes
strategic sense to get me closer to solving my navigation task “Go to the fire extinguisher”.
My environment can be described as a domestic indoor setting with large windows, wooden
floors, and white walls, creating an open and well-lit atmosphere. My reasoning is that this
point corresponds to the location of a fire extinguisher object, which is the target I have been
instructed to navigate to. While I have not yet directly observed the fire extinguisher, this
point represents the closest known location of the target object, so by navigating to this point, I
can increase my chances of successfully completing the navigation task. Additionally, this point
is located behind my current position, which is a direction I have not thoroughly investigated

yet.

The above rasoniong blcok is a sample of model’s justification for it’s navigational choices.
Noteably, the model exhibits a degree of geometric, and temporal reasoning. For geometric reason-
ing, model understands that the directed point is behind the robot where it likely hasn’t observed
the environment as well. This is based on the past states and observations which suggest the
framework can make informed decisions based on past actions, or temporal reasoning. Once the
decision is made the robot sees the extinguisher, gets an accurate projection of the location, and
proceeds directly there. Moreover this highlights, CogExplore’s robustness to the noise created by
imperfect vision solutions.

Another example of geometric reasoning can be seen on the right side of Figure [6.4] where
the model explicitly chooses a point behind the robot. The prompt makes the model aware that
the robot can not detect objects, directly behind it, since there is no rear camera. Note, the lack of
a rear camera is inferred by the model which is only told that “the robot has a left, right and front

»

camera.” From this example, it’s clear that this type of intuitive geometric reasoning contributes

to thee shorter exploration path lengths demonstrated by CogExplore.
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Figure 6.10: Overhead path examples for Office Environment 2.

Figure 6.11: Birds-eye view of Office 2 for Figure 6.12: Birds-eye view of Office 2 for
task Coffee Table. task Office Chair.
6.5.2 Semantic Reasoning

Taking a look at the results of two larger environments, Office 2 (OE2) and the School, we
can see that CE-H has the most consistent performance across all of the methods. Moreover, in the
more challenging exploration tasks such as the “Go to the whiteboard eraser” task in the School
environment all versions of CogExplore significantly outperform VEFEP. A likely explanation for
this is CogExplore’s ability to reason over semantic observations. For example in Figure we
observe that CE-H and CE-3.5 only enter the room with the eraser once whereas VEFEP enters,
exits, and proceeds to loop around the environment. In this case, CogExplore can use past semantic
observations to influence rapidly exploring the environment versus performing a local search in an
area with a higher likelihood of finding the object. This is in contrast to VEFEP which can only
explore based on the perceived amount of new volumetric gain. It’s worth noting that VEFEP can
be tuned to achieve better performance for individual environments but to maintain consistency, we

kept the tuning the same across all methods. Figure[6.4] provides an example of semantic reasoning
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where we see CE-3.5 deciding to explore the room more thoroughly due to the presence of desks
and other furniture which it reasons “could be ... close proximity to the eraser”.

In the Go to the Office Chair task CE-H and CE-3.5, immediately go to the chair and take
more efficient paths to get there (Figure In contrast, VEFEP heads outside and explores the
areas significantly before returning indoors to find the chair. The coffee table example in Figure
shows similar results. An example of CE-3.5’s reasoning during one of the coffee table runs

can be seen below:

I selected this point for exploration as it presented an uncharted area within the domestic

setting.

While it’s arguable that a domestic setting isn’t the same as an office setting, the two are
semantically similar. In both settings, chairs, coffee tables, desks, and other common pieces of
furniture can be found. As such, it makes sense for CogExplore to explore this area rather than the
outdoor patio area of the Office 2 Scene. The combination of shorter path lengths in the whiteboard
eraser and office chair tasks and the semantic examples clearly show that CogExplore benefits
from reasoning over contextual cues in the environment which can directly lead to performance

improvements over a hand-engineered heuristic based on an environment’s geometry alone.

6.5.3 Temporal Reasoning

Beyond reasoning over the current state, efficient path exploration requires an agent to reason
over its past states. In CogExplore’s case, we note the robot venturing to a new area despite having
a point labeled as a fire extinguisher (the target exploration object). The robot already explored the
nearby area in detail in a prior state, and the target object was never reached. The model correctly
concludes the detection was in error. CogExplore justifies this change based on the understanding
that object detections can be fallacious, which also highlights the framework’s ability to perform
fault-tolerant reasoning and remain robust to noisy sensor observations. In contrast, it was observed

that the VEFEP planner would frequently stick around objects as the location of the 3D object
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projections were refined (as new observations were obtained), despite this not being an effective
strategy after a few iterations.

We can also see from Figure that VEFEP suffered from exploring near the office chair
but not actually reaching it. This is attributed to obstructed projections in the object detection
system. Since the system performs a ray cast, obstructed views can cause object projections to fall
short of the actual location. If no new observations update this position, then VEFEP will veer
away from the area, whereas CogExplore will usually probe the area or come back to it if other
cues indicate it’s a good area to keep exploring.

Cog Explore’s ability to leverage a variety of reasoning mechanisms through encoding envi-
ronmental features into natural language strings can enable sharp performance gains from heuristic-
based methods like VEFEP. Frontier-based exploration methods like VEFEP rely on hand tuning
of the volumetric gain weights to influence the exploration behavior, whereas CogExplore adapts
based on observations. This is highlighted in the example where our framework tells the robot to

choose a further state because no clues were found indicating the fire extinguisher is nearby:

“The point is far enough to explore a different vantage point within the domestic setting as no

indications of the fire extinguisher are present”

Table 6.5: Path lengths for CT in Office 2. All distances are in m

Model = Direct Min Max  Median Mean
CE-3.5 26.2  52.0 1135.8 252.1 315.0
CE-H 26.2 | 55.5 759.9 145.7  201.7
VEFEP 26.2 @ 75.9 446.0 159.8 195.5

Table 6.6: Path lengths for OC in Office 2. All distances are in m

Model Direct Min Max Median Mean
CE-3.5 33.7  43.2 709.2 130.4 247.3
CE-H 33.7 70.6 7057 174.3 230.9
VEFEP 33.7 47.8 8179 309.5 349.8



114
Table 6.7: Path lengths for WB in the School. All distances are in m

Model @ Direct Min Max  Median Mean
CE-3.5 26.1 | 93.2 598.3 149.5 199.8
CE-H 26.1 84.0 283.5 119.3 147.9
VEFEP 26.1 @ 87.1 1021.4 295.6 @ 415.4

Figure 6.13: Overhead path examples for School Environment.

Figure 6.14: Overhead path examples for the Figure 6.15: Birds-eye view of School for the
whiteboard eraser task. Bookshelf task Bookshelf

6.5.4 Limitations of CogExplore

From all of the anecdotal evidence presented we have seen that CogExplore has the ability
to perform geometric, semantic, and temporal reasoning. Moreover, holistic evidence in the form
of efficient path lengths from 210 45-minute experiments has shown that CogExplore outperforms
a heuristic-driven explore and search method in larger environments, especially where contextual
cues can help locate an object. However, it’s important to note that not all the justifications that
come out of CogExplore are helpful. For example, there are issues where the justification provided

by the model is not relevant to the task at hand:
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Table 6.8: Path lengths for BS in the School. All distances are in m

Model @ Direct Min Max Median Mean
CE-3.5 13.0 82.8 388.0 1424 173.7
CE-H 13.0  53.3  205.6 95.5 110.3
VEFEP 13.0 50.8 297.9 121.9 139.2

I aimed to expand the search into uncharted territories within the domestic environment and
increase the likelihood of discovering the target object. The environment observed was a
domestic setting with large windows, trees, plants, and an open patio, providing a tranquil

atmosphere conducive to the search mission.

While exploring new areas is the goal, it’s clear that the tranquil atmosphere isn’t helpful
in the above example where CE-3.5 was trying to go to the coffee table task. In addition to poor
reasoning, there are also instances where both CE-H and CE-3.5 will simply provide the justification
of “I need to explore a new area” or another phrasing along those lines. In some cases, this is to
be expected if there are no contextual cues but in other cases, the model will ignore the semantics.

It’s also important to note that not every visited place on an overhead path can be explained
with this method. Sometimes this is due to the wrong justification and other times the model
chose a random new point. This is highlighted in Figure where it looks like the black path
of CE-3.5 (GPT) went to explore an area in the top right corner of the environment. The action
looks deliberate in the plot but in fact the model simply chose one of the newly sampled points to
explore. Despite these limitations, CogExplore still represents a significant step forward in using

natural-language-based representations for exploration and search tasks.

6.6 Conclusions

Our results highlight the robustness of CogExplore’s exploration abilities with a 100% suc-
cess rate at finding the target object, across all environments with both GPT and Haiku variants,
in contrast to VEFEP’s 15.2% overall failure and 40% failure rate at the coffee table task. More-

over, CogExplore’s use of natural language justifications for each state selection allow us to directly
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probe why the framework is acting in a certain manner and understand the rationale behind the
more efficient exploration paths. From these justifications, we can see that the model is capable
of performing geometric reasoning, semantic reasoning, temporal reasoning, and fault-tolerant rea-
soning. The resulting paths can be more efficient than the underlying heuristic method CogExplore

is based off of, especially in larger more semantically rich environments.



Chapter 7

Future Work and Conclusions

7.1 Future Work

While this work has made significant contributions to search and exploration algorithms that
leverage classical techniques with foundation models, open challenges remain. All of the methods
presented here have no formally verified outputs or safety guarantees. Consequently, this can cause
problems if the natural-language command is parsed into a series of plans that are not safe for the
robot to perform. Generally, the underlying planning methods ensure the robot won’t collide with
objects but they don’t ensure the robot is following the expected task. Algorithms that verify the
proposed solution for a navigation command matches the expected outcome are still needed.

Additionally, challenges in perception still remain. While object detectors such as the YOLO
family [102] report confidence levels. These levels aren’t sufficient to know if an object has been
correctly classified. These object detectors can report with 99% certainty that a red object is a fire
extinguisher even when the object is in fact a red backpack. Detecting such anomalies is critical to
improve the reliability of the methods presented here.

Finally, CogExplore has demonstrated to be robust in a photo-realistic simulator. While
this provides strong evidence the method will work on a physical platform given the underlying
planning framework does, open challenges remain in tuning the algorithm to account for noisy
maps, localization drift, and dynamic objects in order to deploy this method on a physical robot.
Future work includes testing the algorithm on a physical platform and determining solutions for

the above limitations.
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7.2 Conclusions

Throughout the course of this work, we have developed methods that are capable of encoding
the state of a robot’s environment into natural language representations. In Chapter [2] we intro-
duce a flexible autonomy system for exploring subterranean environments. Next in Chapter [3| we
detail the communication backbone developed to enable multi-robot communication and human
interaction with the system. The communications system serves as the backbone for natural-
language-based systems that were developed from the observed performance limitations of the
system.

A notable limitation of the system developed for the DARPA Subterranean challenge in
Chapter [2| was its inability to reason over contextual cues without human supervision. This re-
liance on hand-engineered heuristics led to suboptimal performance when communication was poor.
Additionally, human supervision does not scale well to large fleets of robots due to fanout. This
work addresses these issues by providing two key frameworks for incorporating world knowledge
from foundation models into classical planning frameworks. Chapter [5| presents a method based
on code generation from natural language. The framework is capable of performing open-world
landmark navigation by converting natural-language commands into a block of python code that
represents specific constraints symbolically. The method is validated in 4 real-world environments
on a Boston Dynamics spot and the results show that LLMs can be used to perform spatial rea-
soning from natural language.

Next, Chapter [6] introduces CogExplore, a framework that encodes environmental descrip-
tions, object locations, and spatial points into natural language for navigation based on contextual
cues. The framework is capable of exploring environments, and searching for specific objects while
performing geometric, semantic, and temporal reasoning. These reasoning capabilities can improve
the performance in terms of path efficiency when compared to heuristic-based navigation systems
alone.

Ultimately, this work supports and validates the thesis statement:
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Integrating natural language encodings of key semantic features in a robot’s envi-
ronment with classical planning algorithms and foundation models can enable more

efficient search and exploration paths by leveraging semantic, geometric, and tem-
poral reasoning.
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Appendix A

Full Language Model Prompts

Al NavCon: Code Generation Language Prompt

Navigation Prompt for the concatenated single image input in real-world environments. The

prompt was based on the one presented in[122].

import math

class ImagePatch:

"""A Python class containing a crop of an image centered around a particular
object, as well as relevant information.

Attributes

cropped_image : array_like
An array-like of the cropped image taken from the original image.

left, lower, right, upper : int
An int describing the position of the (left/lower/right/upper) border of

the crop’s bounding box in the original image.

frame: name of camera frame

Methods
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find(object_name: str)->List[ImagePatch]
Returns a list of new ImagePatch objects containing crops of the image
centered around any objects found in the
image matching the object_name.
exists(object_name: str)->bool
Returns True if the object specified by object_name is found in the image,
and False otherwise.
verify_property(property: str)->bool
Returns True if the property is met, and False otherwise.
best_text_match(option_list: List[str], prefix: str)->str
Returns the string that best matches the image.
simple_query(question: str=None)->str
Returns the answer to a basic question asked about the image. If no
question is provided, returns the answer to "What is this?".
11m_query(question: str, long_answer: bool)->str
References a large language model (e.g., GPT) to produce a response to the
given question. Default is short-form answers, can be made long-form
responses with the long_answer flag.
compute_depth()->float
Returns the median depth of the image crop.
crop(left: int, lower: int, right: int, upper: int)->ImagePatch
Returns a new ImagePatch object containing a crop of the image at the

given coordinates.

nnn

def __init__(self, image, left: int = None, lower: int = None, right: int =

None, upper: int = None, frame = None):
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"""Initializes an ImagePatch object by cropping the image at the given
coordinates and stores the coordinates as

attributes. If no coordinates are provided, the image is left unmodified,
and the coordinates are set to the

dimensions of the image.

Parameters

image : array_like
An array-like of the original image.

left, lower, right, upper : int
An int describing the position of the (left/lower/right/upper) border

of the crop’s bounding box in the original image.

if left is None and right is None and upper is None and lower is None:
self.cropped_image = image
self.left = 0

0

self.lower

self.right = image.shape[2] # width

self .upper = image.shape[1] # height
else:
self.cropped_image = imagel[:, lower:upper, left:right]

self.left = left

self .upper = upper

self.right = right

self.lower = lower

self.width = self.cropped_image.shape[2]
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self .height = self.cropped_image.shape[1]

self .horizontal_center = (self.left + self.right) / 2

self.vertical_center = (self.lower + self.upper) / 2

self.frame = frame

find(self, object_name: str) -> List[ImagePatch]:

"""Returns a list of ImagePatch objects matching object_name contained in
the crop if any are found.

Otherwise, returns an empty list.

Parameters

object_name : str

the name of the object to be found

Returns
List [ImagePatch]
a list of ImagePatch objects matching object_name contained in the

crop

>>> # return the foo
>>> def execute_command(image) -> List[ImagePatch]:

>>> image_patch = ImagePatch(image)
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>>> foo_patches = image_patch.find("foo")
>>> return foo_patches

return find_in_image(self.cropped_image, object_name)

exists(self, object_name: str) -> bool:

"""Returns True if the object specified by object_name is found in the
image, and False otherwise.

Parameters

object_name : str

A string describing the name of the object to be found in the image.

>>> # Are there both foos and garply bars in the photo?
>>> def execute_command(image)->str:

>>> image_patch = ImagePatch(image)

>>> is_foo = image_patch.exists("foo")

>>> is_garply_bar = image_patch.exists("garply bar")
>>> return bool_to_yesno(is_foo and is_garply_bar)

return len(self.find(object_name)) > 0

verify_property(self, object_name: str, visual_property: str) -> bool:
"""Returns True if the object possesses the visual property, and False

otherwise.
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Differs from ’exists’ in that it presupposes the existence of the object
specified by object_name, instead checking whether the object possesses
the property.
Parameters
object_name : str
A string describing the name of the object to be found in the image.
visual _property : str
A string describing the simple visual property (e.g., color, shape,

material) to be checked.

>>> # Do the letters have blue color?

>>> def execute_command(image) -> str:

>>> image_patch = ImagePatch(image)

>>> letters_patches = image_patch.find("letters")

>>> # Question assumes only one letter patch

>>> return bool_to_yesno(letters_patches[0].verify_property("letters", "
blue"))

return verify_property(self.cropped_image, object_name, property)

best_text_match(self, option_list: List[str]) -> str:
"""Returns the string that best matches the image.

Parameters
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option_list : str
A 1list with the names of the different options
prefix : str

A string with the prefixes to append to the optioms

>>> # Is the foo gold or white?

>>> def execute_command(image)->str:

>>> image_patch = ImagePatch(image)

>>> foo_patches = image_patch.find("foo")
>>> # Question assumes one foo patch
>>> return foo_patches[0] .best_text_match(["gold", "white"])

nnn

return best_text_match(self.cropped_image, option_list)

def simple_query(self, question: str = None) -> str:

"""Returns the answer to a basic question asked about the image. If no
question is provided, returns the answer

to "What is this?". The questions are about basic perception, and are not
meant to be used for complex reasoning

or external knowledge.

Parameters

question : str

A string describing the question to be asked.




>>> # Which kind of baz is not fredding?

>>> def execute_command(image) -> str:

>>> image_patch = ImagePatch(image)

>>> baz_patches = image_patch.find("baz")

>>> for baz_patch in baz_patches:

>>> if not baz_patch.verify_property("baz", "fredding"):

>>> return baz_patch.simple_query("What is this baz?")

>>> # What color is the foo?

>>> def execute_command(image) -> str:

>>> image_patch = ImagePatch(image)

>>> foo_patches = image_patch.find("foo")
>>> foo_patch = foo_patches[0]

>>> return foo_patch.simple_query("What is the color?")

>>> # Is the second bar from the left quuxy?

>>> def execute_command(image) -> str:

>>> image_patch = ImagePatch(image)

>>> bar_patches = image_patch.find("bar")

>>> bar_patches.sort(key=lambda x: x.horizontal_center)
>>> bar_patch = bar_patches[1]

>>> return bar_patch.simple_query("Is the bar quuxy?")

nnn

return simple_query(self.cropped_image, question)
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compute_depth(self):
"""Returns the median depth of the image crop

Parameters

float

the median depth of the image crop

>>> # the bar furthest away

>>> def execute_command(image)->ImagePatch:

>>> image_patch = ImagePatch(image)

>>> bar_patches = image_patch.find("bar")

>>> bar_patches.sort (key=lambda bar: bar.compute_depth())

>>> return bar_patches[-1]

nnn

depth_map = compute_depth(self.cropped_image)

return depth_map.median()

crop(self, left: int, lower: int, right: int, upper: int) -> ImagePatch:
"""Returns a new ImagePatch cropped from the current ImagePatch.
Parameters

left, lower, right, upper : int
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The (left/lower/right/upper)most pixel of the cropped image.

return ImagePatch(self.cropped_image, left, lower, right, upper, self.

frame)

def overlaps_with(self, left, lower, right, upper):
"""Returns True if a crop with the given coordinates overlaps with this
one,
else False.
Parameters
left, lower, right, upper : int

the (left/lower/right/upper) border of the crop to be checked

bool
True if a crop with the given coordinates overlaps with this one, else

False

>>> # black foo on top of the qux

>>> def execute_command(image) -> ImagePatch:

>>> image_patch = ImagePatch(image)

>>> qux_patches = image_patch.find("qux")
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>>> qux_patch = qux_patches[0]

>>> foo_patches = image_patch.find("black foo")

>>> for foo in foo_patches:

>>> if foo.vertical_center > qux_patch.vertical_center

>>> return foo

return self.left <= right and self.right >= left and self.lower <= upper

and self.upper >= lower

def best_image match(list_patches: List[ImagePatch], content: List[str],
return_index=False) -> Union[ImagePatch, int]:
"""Returns the patch most likely to contain the content.
Parameters
list_patches : List[ImagePatch]
content : List[str]
the object of interest
return_index : bool

if True, returns the index of the patch most likely to contain the object

Returns

Patch most likely to contain the object

nnn

return best_image_match(list_patches, content, return_index)




def distance(patch_a: ImagePatch, patch_b: ImagePatch) -> float:
Returns the distance between the edges of two ImagePatches. If the patches
overlap, it returns a negative distance

corresponding to the negative intersection over union.

Parameters
patch_a : ImagePatch

patch_b : ImagePatch

# Return the qux that is closest to the foo

>>> def execute_command (image) :

>>> image_patch = ImagePatch(image)

>>> qux_patches = image_patch.find(’qux’)

>>> foo_patches = image_patch.find(’foo’)

>>> foo_patch = foo_patches[0]

>>> qux_patches.sort(key=lambda x: distance(x, foo_patch))
>>> return qux_patches[0]

nnn

return distance(patch_a, patch_b)

def bool_to_yesno(bool_answer: bool) -> str:
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return "yes" if bool_answer else '"no"

def coerce_to_numeric(string):
i
This function takes a string as input and returns a float after removing any
non-numeric characters.
If the input string contains a range (e.g. "10-15"), it returns the first
value in the range.

return coerce_to_numeric(string)

### Nav Client
nnn
Navigates an agent to an object in an image given its center coordinates
Parameters
X : x coordinate of the center of the object

y : y coordinate of the center of the object

>>> # Go to the blue foo.

>>> def execute_command (image)

>>> image_patch = ImagePatch(image)

>>> foo_patches = image_patch.find("foo")

>>> # Verify visual property
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>>> blue_color_patches = []

>>> for foo_patch in foo_patches:

>>> if verify_property(blue, "color")

>>> blue_color_patches.append(foo_patch)

>>> inputs = (blue_color_patches[0] .horizontal_ center, blue_color_patches
[0] .vertical_center)

>>> return {’function’: ’nav_function’, ’inputs’: inputs, ’box’: [
blue_color_patches[0].left, blue_color_patches[0].lower,
blue_color_patches[0] .right, blue_color_patches.upper]}

def navigate_to_object(double x, double y):

Write a function using Python and/or the ImagePatch class (above) that could be
executed to provide an answer to the query by calling one of the functions in
the Nav Client (navigate_to_object).

Note using the ImagePatch is not required for all queries. If the query is not
relevant to navigation, return None for the function and a string describing

the problem.

Consider the following guidelines:
- Use base Python (comparison, sorting) for basic logical operations, left/right/
up/down, math, etc.

- Use the 1llm_query function to access external information and answer
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informational questions not concerning the image.

- A1l properties such as color should be verified using the verify_property
function. "go to the blue foo" implies "go to foo if foo is blue"

- The output of this function should be a dict {function: ’function in the nav
client’, inputs: ’inputs to the chosen nav client function’, box: [left, lower
, right, upper]}, or for an error {function: ’None’, error: ’message
describing the problem’}

- If more than one object is found pick the best match

Query: INSERT_QUERY_HERE

A.2 Cog Explore Language Model Prompts:

The full foundation model prompts for the foundation model are provided in the following

Subsections.

A.2.1 VQA Prompting

Your task is to create a list of 3 to 5 questions for a VQA (visual question
answering model) that generate a clear and concise description of the
enviornment that can later used by the robotic agent to navigate to the object

or area described by this command: *INSERT_QUERY_HEREx

The description you elicit by providing questions to the VQA model is going to be

passed to an operator who will use its content to make guesses about what

objects in the environment to try to detect to assist with navigation.

VQA models are great at providing specific feedback to specific questions.
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The robot you are guiding is the spot robot from Boston Dynamics.

The object or area we are after may be in plain view or may require exploration
to discover. Do not presume the existence of any objects that you think may be

in the scene.

For example, DO NOT ask any questions about the target area or object described
in the command above. For example it is correct to ask if the target object is
visible in the scene, but it is incorrect to ask for details about the target

object since it may or may not be in the image.

Ask yes or no questions about whether an object exists or ask general questions
about the kind of environment depicted within the image. DO NOT ASK ANY OTHER

KIND OF QUESTION.

Your work will be added after two starter questions (do not include them in your
response) :
["What is the general setting of the environment: domestic, industrial, natural

7", "What are the most prominent features visible in this environment?"]

Expand on these questions with 3 to 5 of your own. Do not replicate the work done
by the above generic questions. Write your response formatted as a python
list. That is a list denoted by brackets with each question separated by a

comma. Only write this list. Do not include anything else in your response.

For example, a list with the two above questions included would look like: ["What

is the general setting of the environment: domestic, industrial, natural?", "
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What are the most prominent features visible in this environment?"]

Note, your response must be a perfectly formatted list. You cannot include any
other comments or characters in your response that are not precisely formatted
in the same manner as the list example above. Make sure to include commas in
between entries within the list. Make sure to include quotes around each entry

within the list. These are strings within python, they require quotes.

Do not include any of the starter questions in your response. Just include the

questions you have thought up.

The VQA model does not know anything about the position of the robot or that it
is examining images from a robot. The questions must be straightforward and

directly about the image itself.

A.2.2 Object Detection Label Prompting

*INSERT_SCENE_DESCRIPTION*

Given you have this description of an environment we want to identify a set of
objects that help us navigate a robotic agent to fulfill the goal: *

INSERT_QUERY_HERE*

Given this information, generate a comprehensive list of all objects including
the objects referenced in the prompt that may help the robotic agent fulfill
the navigation request. This list will be used to guide an object detection

machine learning model. So words in this list should be general and likely to
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be spotted within

the environment as we have characterized it in the scene description details
above. You should look for specific individual items, such as tables, and
plants that can be easily distinguished from the background. DO NOT look for
general entities that could take up the entire frame such as wall, floor, path
, road, or park. Lables like this should not be in your list.

Do not look for very large objects.

Always include the object or area you are searching for in this list. Rember this

object detector is running in realtime on a moving robot.

This list should be between 1 and 5 objects in length. It should be formatted as
a python list. For example, a list of the following objects would be precisely
formatted as: ["chair", "table", "helmet", "tree"]

Note the first entry must be the goal object!

This list is the only thing that should be included in your response. The python

list format must be followed precisely. Be sure to include quotes around the

elements of the list.

Do not return anything besides this list.

A.2.3 Explore Iteration Prompting

You are guiding a robotic agent to solve the following robotic navigation task

*INSERT_QUERY_HEREx*.
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You are assisted by an exploration planner that produces potential new areas to
explore in the form of graph and frontier points. Frontier points tend to be
in areas you have explored less or have just discovered.

There is also an onboard object detector that produces 3D projections of points
in space that correspond to objects from a given object list. Remember object
points represent the centroid for an object and your planner will get you as
close as it can to them.

Object points are often not perfectly labeled. Frontier points are calculated
based on exploration potential. Object points will come from areas you have
already observed.

Your objective is to select a point from among these within the scene, and
determine what will serve as the robot’s next waypoint.

You will only have waypoints in areas your robot can see with its lidar and
cameras. So, it is important to probe areas that potentially offer vantages
for views you have not yet seen. When you see new areas, you should explore
them.

If you have been near a target for more than one call to this point selection
logic, then it is not the correct target. The computer vision your robot has
is not perfect but is tuned towards producing more false postives. Be
adventurous in your exploration, travel to areas far way from you.

Remember your robot is continuously detecting objects and has a left, right and
front cameras. When you select a point the planner will plan a direct route
for your robot to take. If the target object is deteceted along your path, the

robot will go to it and add an entry to the summary below.

Use the available information from the robot below along with any contextual

information you have available to select the next point to navigate to.
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The time since start of sim is:

*INSERT_CURRENT_TIME* seconds

The spot robot is now at:

*INSERT_CURRENT_POSITIONx*

Here is a description of the area spot is currently in:

*INSERT_SCENE_DESCRIPTIONx*

The robot has been instructed to search for these objects:

*INSERT_OBJECT_LIST*

You have the following list of points you may choose from (graph points are not
labeled, frontier points and object points are). If a graph point is labeled
as "new" then it is from a region you have discovered it in the last step and
are now able to plan to.

You should go to new points! They represent unknown areas and new views for your
cameras and lidar. You may select either a graph point or an object point.

*INSERT_FRONTIER_OBJECT_POINT_NUMBERED_LISTx*

You have been asked to help in the past *INSERT_TOTAL_CALLS* times to inform this
navigation task. You should never go to the same point multiple times. The

simulation ends when you reach the target.

Here is a summary of the actions you performed in the last *INSERT_MEMORY_LENGTH*
calls:

*INSERT_PRIOR_STATES*
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*INSERT_INTERRUPT _DESCRIPTIONx*

Now that you know where you’ve been, try to explore areas you have not yet been
to. Use the description of the environment in past states to go where the
object is most likely. If you have no prior states, be aggressive in your

exploration.

If you have been by a point for more than one call, you should move, even if it
is the target object. The robot’s vision makes mistakes. Do not go to the same
point more than once! Check the coordinates (x,y,z) of the point, if you’ve
gone near there before in any of these prior states, don’t go there again.

Change points every time, even if the point is an object point which appears to
be the target. Cycling back and forth between two areas will not give new
observations. The environment is static if you have already been to an area

your cameras should have found the object.

As you explore the scene, new points will become available for you to plan to.
Try to select points on the edge of those available to you. Consider areas
that will allow you to discover new points. If a point is far from the other

points in your list and in your prior states, it is a good candidate.

Reason about the area of space defined by your points. Go to areas and rooms

outside of spaces you have explored.
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Avoid considering points near your current location if you do not believe they

are near the target.

Do not worry about collisions. All points are safe to travel to. Explore the
space aggressively. Seek out the object and trust the robot’s vision to find

it.

If you have a point or points which are labeled as a new point, you should go to
one of these points, your task is to to explore with contextual awareness.
These new points are newly discovered and represent a high potential for

discovering your target.

Recall, you should consider x, y, and z when deciding where to go for both the
object locations and the potential frontier points you want to go to. Do not
just look at one coordinate! Consider both x and y equally! Euclidian distance

should be used, we want to be close to the target object across all
dimensions.

The distance field in your point list is the Euclidian distance from the robot to

the object.

NEVER GO TO THE SAME AREA TWICE IN A ROW!!!

*INSERT_SPECIFIC_MODEL_INSTRUCTIONS*

Based on the information above fill out the form below (if you select an object,

make sure to explain why that object is related to the navigation task.

Reference past states in your reasoning. You should always navigate in
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reference to where you’ve been. Reason about the space you are in. Reference

the objects you see and categorize your environment.):

I need to select a waypoint from a numbered list of graph points, frontier points
and object points. The point I have selected is point number: [insert the
graph, frontier or object point numeral number here]. I am selecting this
point because I believe it makes strategic sense to get me closer to solving
my navigation task "#INSERT_QUERY_HERE*". My environment can be described as [
describe the environment]. My reasoning is that this point [insert your

reasoning here] .

A.2.4 GPT-3.5 Turbo Specific Prompt Additions

If you see the object go directly to it.

Avoid going to regions that you have been to before. Consider how close the point
you are selecting is with those listed in your prior states. If it is nearby,

don’t return to it.

Use your vision to go to areas that are rich with objects like the one you are

after.

Newly discovered areas that are far away are highly advantageous if they are far

from where your robot has traveled before.

Use the points to gain a sense of space. Travel to regions where you have not yet

been.
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Don’t be tricked by windows, if you can’t get to interesting objects, they might

be behind a window.

GO TO AREAS THAT ARE FAR AWAY! DON’T STAY IN ONE REGION!!

A.2.5 Claude Haiku Specific Prompt Additions

Avoid looping between areas you have already been to. Try to find new areas so

you will generate graph points for them. If there is an area you have not been

to yet, go to it. Never double back, keep exploring nearby unknown areas.

Consider each prior state, do not return to anywhere near these locations.

Newly discovered areas that are far away are highly advantageous if they are far

from where your robot has traveled before.

Use the points to gain a sense of space. Travel to regions where you have not yet

been.

Always prioritize new points when they are available.

GO TO AREAS THAT ARE FAR AWAY! DON’T STAY IN ONE REGION!!
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