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algorithmic level as well as for their efficacy in assisting a human in information gathering and disaster relief tasks.
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1. Introduction

Robots can play a critical role in supporting human teammates by gathering infor-
mation at remote locations that might be too risky, inhospitable, or inaccessible for
humans due to hazardous conditions or natural disasters.1,2 However, these scenar-
ios are challenging, if not impossible, to safely gather data for and train a robot in
the first place without risking system breakdown or subjecting humans in the field
to danger. These robots have historically placed the burden of navigation on a hu-
man operator who must teleoperate the robot using a handheld device3–5 or through
a point and click interface that supports autonomous path planning,6–8 which may
disrupt the human operator’s focus on the bigger picture. Unreliable network con-
nectivity can further limit the human’s ability to visually assess the remote location
if video streaming is unavailable. At the other extreme, a human’s attention may be
divided if the human is using multiple robots or sifting through hours of mostly un-
changing video feed, where they may be unable to isolate key events within multiple
streams of incoming data.

Within this larger problem space, we identify and tackle three challenges to develop
human-robot teaming systems for unreliable and dangerous scenarios: 1) the need
for alternate methods of robot control to allow human operators to focus on higher-
level planning and reasoning rather than lower-level robot control; 2) the need for
a robot to visually understand a scene and narrate, highlight, and extrapolate events
in a textual form for a human to easily digest among the myriad or lack of incoming
visual data; and 3) the need for a safe environment to develop, test, and evaluate
these technologies for deployment in the field.

In previous studies, researchers have explored diverse ways to control robots and
found that language in particular has proven to be a natural way to communicate
with a robot that is more akin to working with a teammate, rather than a tool.9–12

Working within the human-robot dialogue problem space, we experiment with a
new approach for computing matches for a dialogue management classifier that has
the potential to significantly reduce the data collection and training efforts required
in prior studies due to the use of off-the-shelf, large language models (LLMs).

When using language to communicate with a robot in the physical world, that lan-
guage becomes situated in that the human or robot refers to locations, descriptions,
or properties about what is seen in the environment. When the human and robot can
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share visual information, whether through a live view of the robot’s point of view
or by standing side-by-side, overcoming miscommunications in dialogue, such as
“which door?”, can be resolved by further references to the environment, for ex-
ample, “the one on the left.” Prior work in remote human-robot and human-human
navigation tasks always involves a real-time sharing of visuals.13–19 However, in
the complete absence or oversaturation of live-feed, alternative options must be
available. Some interaction paradigms allow humans the option to take photos on
demand to see into the visual as a selective point of reference20; however, there
may be circumstances in which sending images may be too expensive. We focus on
this novel interactive mode and how a robot may support sharing visual common
ground by performing scene analysis and using narrative intelligence to generate
text pertaining to the robot’s environment based on a particular purpose, goal, or
audience.

The capabilities we develop for the human–robot team must be repeatedly tested
within ever-changing environments to allow the adaptability of the robot to be
evaluated by a human operator. To this end, many roboticists use Sim2Real (i.e.,
simulated to real world) paradigms in which a simulated construct of a real-world
environment is created and programmed to mimic real-world properties, including
physics and robot capabilities. In recent work, researchers have sought to make
these testbeds scalable, and we extend one such framework called RIVR (Robot
Interaction in Virtual Reality) to highlight the flexibility in programming our robot
features.21

A team of two interns hosted by the US Army Combat Capabilities Development
Command Army Research Laboratory and recruited through the National Secu-
rity Innovation Network X-Force Fellowship spent 10 weeks exploring this prob-
lem space. Over the course of the work period, we designed a robot with dialogue
and visual scene understanding and explanation. We implemented these capabili-
ties within a scalable and reusable simulation and virtual reality platform for test-
ing robots and conducting experimentation. We focused on the train derailment
disaster that occurred in East Palestine, Ohio, USA, in February 2023 as a study
of anomalous and unexpected scenarios. We created CHRIS-Bot, the Chemistry
Human-Robot Interactive System Robot, to navigate through the train derailment
as recreated in simulation, and we designed a vignette where CHRIS-Bot can in-
vestigate the scene, explain what it sees and elements that appear anomalous or
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unsafe, and navigate through it following human instruction to take air, soil, and
water samples.

We offer the following contributions in this report:

1. A human-robot collaboration vignette exhibiting a train derailment modeled
in Unity in the RIVR experimental platform.

2. Autonomous robot navigation of this 3-D space as dictated by human natural
language instructions, using sentence embeddings and cosine similarity for
dialogue management.

3. Scene understanding using Vision-Language Models (VLMs) in the context
of a human-robot dialogue to analyze a visual snapshot of the environment
and generate a report for the human.

We enumerate planned tasks in our ongoing and future work to evaluate the models
at the algorithmic level and for their efficacy in assisting a human in particular
tasks and domains. We conclude with the ways in which this framework can extend
beyond the capabilities described in this report.

2. Background: Ohio Train Derailment

On February 3, 2023, in East Palestine, Ohio, USA, 38 train cars derailed including
11 tank cars carrying hazardous materials of vinyl chloride, butoxyethanol, ethyl-
hexyl acrylate, isobutylene, butyl acrylate, and benzene.22 Over 100,000 gallons
of hazardous materials were spilled, and several train cars burned for more than
2 days.23 Clean-up efforts were immediate, and over 70 emergency agencies were
mobilized. Since a number of toxic chemicals were spilled, clean-up efforts in-
cluded testing for the various chemicals, including air,24 soil,25 and water sample
tests.26 A controlled burn of remaining chemicals was ordered to prevent further
explosions.27 We study this incident so that we may envision how robots can be a
useful teammate for first responders in their relief efforts.
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3. Comparison to Prior Human-Robot Dialogue Systems

CHRIS-Bot extends prior work on human-robot interaction through dialogue for
collaborative tasks; in particular, the ScoutBot system that provided a human op-
erator the ability to speak unconstrained and natural language to a simulated robot
that can execute simple navigation instructions.28 In ScoutBot, the robot’s labor was
divided into dialogue management and navigation components to create specialized
modules for each type of processing. The dialogue management component used a
retrieval-based classification algorithm that created a map of human instruction and
robot-response pairs and compared new instructions to the collection of instruc-
tions. Kullback-Leibler divergence was used to calculate a similarity score between
the new instruction and the instructions in the training data, and the ScoutBot sys-
tem returned the highest matching robot response.29 CHRIS-Bot is implemented
with two separate dialogue management and navigation components, following the
ScoutBot paradigm, and similarly uses a retrieval-based classification algorithm.
Instead of Kullback-Leiber, which compares two raw strings, we first embed the
strings using sentence embeddings and use cosine similarity to compare the vec-
tors. Due to the recent advancements of these vector embeddings, we posit that
they will make a favorable comparison.

CHRIS-Bot introduces the ability for a robot to exhibit narrative intelligence through
scene understanding. To our knowledge, robot systems have yet to be integrated
with grounded scene description capabilities in the interactive way we described in
our design and vignette. This research direction has been proposed in prior forward-
looking work on the way humans and robots interact,30 and recent approaches em-
phasizing LLM narrative intelligence combined with multi-modal input can further
refine inferences, bolstering autonomy to better align with human objectives.31–34

4. Robot Design and Vignette

We designed CHRIS-Bot to support real-time remote collaboration in instances
such as the train derailment. Under these circumstances, streaming of video or real-
time teleoperation may be infeasible and thus require a dialogue between the human
and robot to establish shared understanding. By enabling the robot to understand
what it sees and to convey that knowledge to the human, the human may be bet-
ter able to assess the situation and issue instructions to the robot. CHRIS-Bot will
perform primitive maneuvers, that is, driving forward, backward, and rotating in
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place. High-level capabilities can be created through sensing and avoiding obsta-
cles and navigation to specific locations. CHRIS-Bot will take images and record
and stream video from the RGB-D (red-green-blue depth) camera mounted on the
chassis. From these visual media, it will analyze the visual space and generate nat-
ural language descriptions, narratives, and answer the human’s questions.

CHRIS-Bot will be controlled and interacted with via natural language instructions
from a human partner as opposed to other methods of robot-directed guidance, such
as teleoperation via a joystick or a point-and-click computer interface. In this way,
the human’s hands are not encumbered by a joystick, which allows them to treat
CHRIS-Bot as a teammate by issuing it instructions it can complete autonomously.
The level of specificity of instructions is controlled by a dialogue manager, where,
for example, prior work has required a instructions to contain end point to support
network latency.29 If no end point is given, the robot requests the information and
will not complete the instruction until it is supplied or a new instruction is issued.

To situate CHRIS-Bot within the train derailment disaster, we plan for several ca-
pabilities that require its robotic arms to take samples in hazardous environments.
These domain-specific actions include the following:

• Taking samples from soil and water using a test tube

• Holding a mobile air sample machine

• Performing field tests on samples

• Returning to command post when test tube rack is full

We outline a vignette in which we assume the human cannot see what the robot sees,
yet they must assess the environment and instruct the robot. Below is an aspirational
dialogue written for illustrative purposes:

Human: “Tell me about what you’re looking at now.”

Robot: “I’m approximately 20 feet from the majority of the overturned train cars.

A liquid substance is spilling from the cargo. There is a river or stream fairly close

to the cars.”

Human: “Let’s start by taking a soil sample.”

5



Robot: “Where?”

Human: “Down by the river”

<Robot will locate the river it previously identified, drive to it, remove a test tube

from the rack, scoop soil, cap the test tube, and place it back in the rack>

Robot: “Done. What should I do next?”

This vignette showcases the robot’s ability to understand instructions, conduct com-
puter vision analysis, display scene understanding, generate natural language, ask
for clarification of under-specified instructions, and perform high-level navigation
and maneuver specific to the target domain.

We discuss our progress towards implementing a robot according to this design in
Section 5. In Section 6, we evaluate two of these components.

5. Implementation

Our experimental testbed requires a robot, an environment, language understanding
and dialogue management, navigation and manipulation operations, and computer
vision and scene understanding. To implement our planned specifications, we lever-
age existing infrastructure and techniques, and we enhance them with novel capa-
bilities. These components and infrastructure are described in Sections 5.1–5.5.

5.1 Simulated Robot and Environment

For deploying the simulated robot in a simulated environment, we use the RIVR
platform.35,36 RIVR models environments in Unity and supports robot implemen-
tation and integration with the Robot Operating System (ROS). Elements in the
environment can be modeled to test the robot’s ability to perform in particular con-
ditions, including fires and blockades (where areas become inaccessible or blocked
to the robot), spills (where spilled chemicals need to be contained or cleaned up),
smoke (where the robots sensors may be occluded or uncertain), time-sensitive ele-
ments (where a sense of urgency may be present), and unfolding information (where
replanning is required as new information is reported from the field or command
base stations).

We implement CHRIS-Bot as a Clearpath Husky, a durable ground vehicle, equipped
with a Kinova Kortex arm and a built-in RGB-D camera. The train derailment en-
vironment was crafted in Unity using free assets by closely referencing real pho-

6



tographs of the incident that featured the train cars, rails, and smoke. The left panel
in Fig. 1 shows a drone photograph taken by the National Transportation Safety
Board,37 and the right panel shows our recreation from a similar angle.

Fig. 1 Drone photograph of train derailment from the National Transportation Safety Board
(left). Reconstructed train derailment in RIVR (right).

5.2 Dialogue Management

Our dialogue management policies reflect our desire for the human operator to
speak unconstrained natural language to a robot that will interpret and execute nav-
igation and exploration commands. The dialogue manager serves two functions: it
ensures that the human’s instructions are well formed, and it sends a signal to the
robotic processes required for completing the instructions. In this way, it is mod-
ular, rather than end-to-end, so that different dialogue management methodologies
can be implemented, inspected, and enhanced independent of the target robot’s ca-
pabilities.

CHRIS-Bot’s dialogue management is implemented using retrieval-based classi-
fication. Before real-time interactions, a dataset of in-domain human instruction-
robot response pairs (Hi, Ri) is curated: Hi is the i-th human instruction in the
dataset, and Ri is the matching robot response to Hi. For example, the data pair
(“Take a picture,” “image”) indicates that the robot’s response to the human’s ut-
terance “Take a picture” is to use its image-taking capabilities. The robot response
in the data pair (“Move forward,” “Please tell me how far to move forward”) indi-
cates that the robot does not have enough information to execute the action from
the human’s instruction “Move forward,” and it will request additional information.
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Each human instruction within the dataset is embedded as a vector H ′
i using Sentence-

BERT. Then, when given an input sentence S, CHRIS-Bot embeds the sentence S ′

and performs a pairwise cosine similarity between the utterance and the set of pre-
processed instructions. The cosine angle of the two vectors represents the closeness
of the two embedded sentences within a multidimensional space. It is a value be-
tween 0 and 1, where 1 indicates an exact match between the sentence vectors. For
the H ′

i with the highest score to S ′, the response Ri is selected as the most appro-
priate response to S. The transformations and comparisons are shown in Eq. 1.

H ′
i = SBERT (Hi) ∀ 0 < i < |H|

S ′ = SBERT (S)

cos(S ′, H ′
i) ∀ 0 < i < |H ′|

(1)

In future iterations, a threshold can be implemented on the cosine score to avoid
returning a poorly matched response with a response “I do not understand” as well
as an n-best list on which additional analysis can be performed to determine the
best response. After a robot response has been matched, it is sent to the navigation
and manipulation or scene understanding for execution.

Below is an example of how a user can interact with our dialogue manager in real-
time. The human instructions were typed into a command line interface by the au-
thors of this report, and the system responses are what CHRIS-Bot returned.

Human: rotate around

System: I will turn 180

Human: can you move forward

System: I’m not sure where or when to stop moving forward.

System: Please supply clarification.

Human: one foot

System: I will move forward 1 foot

System: Please supply next instruction.

If a human instruction is determined to require a follow-up clarification, for exam-
ple, the instruction “can you move forward” is missing an end point, the system will
then notify the user of the problem, for example, “I’m not sure where or when to
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stop moving forward,” and provide a prompt for the user to enter additional infor-
mation. Once this information is provided, it is concatenated with the user’s original
instruction and sent again to the dialogue manager for matching, and the dialogue
continues.

5.3 Navigation and Manipulation

If the instruction was one of navigation or manipulation, for example, “move for-
ward 3 feet,” the dialogue manager transformed it into a ROS command for execu-
tion. To implement movement, a continuous stream of ROS messages was published
to the robot’s velocity topic to move a linear or angular vector for a specific dura-
tion that mapped approximately to feet and degrees; no direct mapping is present in
ROS. For example, a linear vector of (0.3, 0, 0) for 30 iterations within the robot’s
publishing loop would move the robot 3 feet forward, whereas (-0.2, 0, 0) for 20 iter-
ations would move the robot backwards approximately 2 feet. An angular vector of
(0, 0, 0.45) for 45 iterations would rotate the robot approximately 45 degrees to the
left. This approach uses the same ROS messages implemented in ScoutBot.28 While
we had planned for CHRIS-Bot to manipulate its arm, we did not have enough time
during the work period to explore this.

5.4 Scene Understanding

If the instruction was for scene understanding, for example, “tell me what you
see,” the dialogue manager issued a ROS instruction to take a picture by saving
the robot’s current RGB frame through the ROS image message topic. One such
image is shown in Fig. 2.

The saved image was then passed to a VLM with a prompt requesting the system to
explain the scene. We piloted several systems and prompts, which we discuss more
in Section 6. Here, we show the input prompt given to LLaVA (Large Language and
Vision Assistant),38 a VLM capable of multi-modal chat capabilities, and its output:

Prompt: What do you see in this image?

LLaVA: “The image features a train traveling down the tracks, surrounded by trees

and a forest. The train is located near the center of the scene, with its engine and

several cars visible. The tracks appear to be on a slight curve, adding a sense

of depth to the scene. In addition to the train, there are several people dispersed

throughout the image, likely observing the train or enjoying the natural surround-
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Fig. 2 Visual stimuli 1

ings. Some of them are closer to the train, while others are further away, near the

edge of the forest.”

Although most of the description is accurate—there are a train, tracks, and a forest—
other elements of the description are not. For instance, and most prominently, the
train is no longer traveling down the tracks. In Section 6, we describe our pilot
testing and preliminary analysis.

5.5 Deployment

We developed a docker workflow to significantly reduce the time to setup and run
the simulation by easily launching multiple simulations to run in parallel without the
need for human intervention. Figure 3 shows four simulations running in parallel.
The viewpoint is a fixed camera following the robot. This may be the view humans
see if they are controlling many robots at once, or this view may represent a behind-
the-scenes snapshot that compiles visual information from human experiments.

6. Evaluation

We conducted a thorough evaluation of the dialogue management component of
CHRIS-Bot and a preliminary examination into the scene understanding compo-
nent. The evaluations are described in Sections 6.1 and 6.2.

10



Fig. 3 Running multiple simulations with RIVR

6.1 Accuracy of Dialogue Manager

Our dialogue management classifier was trained and tested on the same dataset of
human-robot dialogue utterances39 used by Gervits et al.29 in their evaluation of
ScoutBot, which used Kullback Leibler Divergence. The training set consisted of
over 900 pairs of human utterances and robot responses, and the test set consisted
of 45 unseen pairs.

We also adapt Gervits et al.’s29 leniency evaluation by annotating the selected re-
sponses that are not a perfect match to the ground truth robot response. We anno-
tate for two categories: Felicitous Responses—in which the classifier’s selected re-
sponse is appropriate in the larger context of the dialogue and would have the same
effect as the correct response—and Approximate Responses—in which the classi-
fier’s selected response differed only slightly from the correct one (e.g., variation in
turn radius or movement distance).

Our system achieved a 95% accuracy when accounting for these leniency cate-
gories. Gervits el al.29 (p. 10) do not report a leniency score, but they note that
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“over half of the incorrect responses in the test set were either Felicitous or Approx-
imate to the correct response.” Using a strict accuracy, we achieve 62% compared
to Gervits et al.’s29 75%. Table 1 shows a subset of instructions from the test set in
which the selected response is an exact match to the ground truth (“Correct”), the
selected response is considered correct if using the lenient methods (“Felicitous” or
“Approximate”), or the selected response is wrong (“Incorrect”).

Table 1 Subset of natural language instructions mapped to matched instruction intent with
reported errors

Test Set Input Selected Response Ground Truth Accuracy

robot move three feet
past the doorway

move forward 3 feet move forward 3 feet Correct

robot turn a hundred
eighty degrees

turn 180 turn 180 Correct

turn north turn to face North turn to face North Correct

mkay turn left forty
five degrees

turn left 45 degrees turn left 45 Felicitous

send picture send image image Felicitous

turn left You can tell me to
turn a number of de-
grees or to face some-
thing.

How far left should I
turn?

Felicitous

turn left one hundred
degrees

turn left 90 degrees turn left 100 Approximate

robot face southwest turn to face West turn to face South-
west

Incorrect

Despite the lower strict accuracy of CHRIS-Bot compared to ScoutBot, when look-
ing at the individual examples, it is clear that responses such as “send image” and
“image” achieve the same intent within the particular domain. Thereby, we are en-
couraged by the 95% leniency accuracy.

We plan to test the performance by running the classifier on other human-robot
and human-human navigation datasets, including CReST,15 ArtWalk,13 SCARE,17

HuRDL,19 and others, and comparing the scores against existing benchmarks.
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6.2 Preliminary Analysis of Scene Understanding

In Section 5, we noted that although the LLaVA model accurately identified a train,
tracks, and a forest, other elements of the description were incorrect—the most
obvious being that the train was not on the tracks. LLaVA hallucinates several el-
ements in the scene that are verifiable by conferring with the source image. First,
it is unclear whether the tracks are “on a slight curve,” and the fact that it would
“add a sense of depth to the scene” is irrelevant. Next, there are no people visible
in the scene whatsoever, despite its claims that there are “several people dispersed
throughout the image.” Finally, the model attributes false or unknowable motiva-
tions and emotions; if people really were present, it is reasonable that they would
be “observing the train.” However, given the nature of the event, it seems unrea-
sonable that they would be “enjoying the natural surroundings” any more given the
incident, which could reasonably be inferred to have recently occurred given the
dark smoke actively rising from the cars.

Next, we tested a scene understanding prompt with instructions meant to set the
stage for the system in generating its responses. Here, we add to the prompt an
indicator of “who” the system should be responding as, that is, an autonomous
robot, and the task to provide context for the generation, that is, investigation of
a train derailment. We test Google’s Gemini VLM* with the following prompt for
Fig. 4:

Fig. 4 Visual stimuli 2

*https://gemini.google.com/app
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Prompt: You are an autonomous robot that has been tasked with investigating the

scene of a train derailment. Describe what you see and make a decision about where

you will go next.

Gemini: “I approach the scene of the derailment and see that several train cars

have been overturned. There is a large amount of smoke and debris in the area.

I can also smell a strong chemical odor. I use my sensors to scan the area and

identify several hazardous materials.”

Gemini hallucinates with this prompt as well; in this case, it creates sensors for the
robot. CHRIS-Bot does not have a sense of smell, so the predicted action is not
viable. In future work, we will continue to test different VLM’s and undergo exten-
sive prompt design and engineering to establish our own benchmarks and measures
of success with respect to the scene understanding and hallucinations to train these
powerful generative models to describe and discuss the scenes we are providing.

7. Conclusions and Future Work

In this report, we present a design and implementation for a robotic agent, CHRIS-
Bot, that is capable of 1) movement through a simulated environment following
natural language instructions from human input and 2) scene analysis of the visu-
als. These capabilities brought together by the RIVR testbed enable us to pilot the
technologies and establish a future testing framework.

To better align with prior human-human and human-robot collaboration paradigms,
we further plan to allow for the user of spoken language to emulate more natural
communication; time did not allow for this during the work period. Speech-to-text
performance will further be incorporated into the evaluation scope. Additionally, we
plan to measure human task performance with different parameters of the system
in complex environments and conditions. To facilitate the creation of these envi-
ronments, we will explore the use of synthetic scene generation, rather than hand-
crafting scenes with Unity. One such potential technology is neural radiance fields
(NeRFs), which have produced photorealistic renderings of complex scenes, cap-
turing reflections, refractions, and other view-dependent effects not possible with
photogrammetry.40,41 NeRFs use a fully connected deep neural network to represent
static scenes, typically using 50–150 input images of the scene taken from different
viewpoints. Although training a single NeRF is computationally expensive, meth-
ods using image-conditioned diffusion models can be used to edit NeRF scenes us-

14



ing text-instructions.42 This presents opportunities for quickly generating variations
of a single 3-D scene to introduce different combinations of adverse conditions and
test how the human-robot team can best address the situation, for example, smoke
and fire, smoke no fire, and no smoke and fire. Finally, we plan to conduct human
subjects evaluation with the robot teammate to measure how the performance of
search and navigation tasks is affected by the automated capabilities.
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List of Symbols, Abbreviations, and Acronyms

3-D three-dimensional

BERT Bidirectional Encoder Representations from Transformers

CHRIS-Bot Chemistry Human–Robot Interaction System Robot

LLaVa Large Language and Vision Assistant

LLM large language model

NeRF neural radiance field

RGB-D red-green-blue depth

RIVR Robot Interaction in Virtual Reality

ROS Robot Operating System

SBERT Sentence BERT

Sim2Real simulated to real world

VLM Vision-Language Model
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