Non-Event Oriented Video Assessments in Long-Form Robot Videos

Stephanie M. Lukin!, Kimberly A. Pollard!, Claire N. Bonial!, Cory J. Hayes',
Ron Artstein?, Kallirroi Georgila?, David Traum?
'DEVCOM Army Research Laboratory
2USC Institute for Creative Technologies

Correspondence: stephanie.m.lukin.civ@army.mil

Abstract

We introduce Video-SCOUT, a novel dataset
of sixty 20-minute robot-recorded videos from
human-robot collaborative exploration exer-
cises, together with a new video analysis
method for these types of exploration videos.
Unlike video from stationary cameras where
detection of motion can help identify events of
interest, the camera in an exploration task is
constantly in motion while the environment is
stationary. Our analysis method—Non-Event
Oriented Video Assessments (NOVA)—uses
vision-language models to select frames rel-
evant for supporting a particular assessment
within continuous long-form videos. Results
of testing with two different video-language
models reveals a trade-off in precision and re-
call, and exhibits gains in overall recall when
combined with a human’s knowledge, suggest-
ing that NOVA may improve a human analysis
of robot-navigation. We outline future work
to mitigate miscommunication in human-robot
interaction by leveraging dialogue with NOVA
in support of better collaboration.

1 Introduction

Robot camera perspectives have proven beneficial
in capturing environments in-the-wild which may
be unsafe for humans, e.g., in disaster response
(Fernandes et al., 2019; Jayawardene et al., 2021;
Chiou et al., 2022b; Chitikena et al., 2023) or
search and rescue (Drew, 2021; Chiou et al., 2022a;
Wang et al., 2023; Esteves Henriques et al., 2024).
A human working with a robot to move through
these spaces may use controls to teleoperate it or
may issue verbal instructions, requiring a dialogue
to ensure the human and robot establish common
ground (shared beliefs and assumptions (Clark and
Marshall, 1981)) throughout the journey. This com-
munication becomes critical under bandwidth con-
straints where the human cannot see the robot’s
view in real time. Robot remote exploration videos
vastly differ from those we encounter on a daily
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basis, such as current events in the news, movies
and TV shows, and social media such as YouTube.
Social Media videos are commonly clear, well-lit,
shot from camera angles typical of those used in
human-focused or commercial media, and are cu-
rated to depict activities or events of interest to the
audience. By contrast, video recordings of robot
journeys may show a non-human camera perspec-
tive, i.e., a ground robot looking up, and may be
grainy and poorly-lit. The video may contain peri-
ods with no activity, or stretches where the robot
moves through sparse or repetitive environments.

To develop techniques for automatic video under-
standing of robot-recorded videos, we must reeval-
uate what “understanding” means when nothing ap-
pears to be “happening.” How do people talk about
uncertain spaces they are trying to move around?
To study these questions, we introduce a video and
language resource comprised of long-form, robot-
recorded videos collected through human-robot di-
alogue while the robot explores a remote, sparse
environment without activity. Video-SCOUT con-
sists of 60 videos averaging 20 minutes long
with accompanying human-robot dialogue refer-
encing the environment. Smaller video clips of
the exploration are segmented by annotations of
the dialogue’s structure. Video-SCOUT will be
made publicly available at https://github.com/
USArmyResearchLab/ARL-SCOUT under a CCO-
1.0 license. While much work has examined events
and activity within videos, Video-SCOUT differs
from these in video quality, perspective, length, and
content, which we compare in detail.

We present a new challenge in which a robot
supports a human in conducting environment-level
assessments of robot-recorded videos. We call this
Non-Event Oriented Video Assessment (NOVA),
in which videos may be utilized by human-robot ex-
ploration teams in collecting visual evidence from
the environment within the video to answer specific
assessment questions. We evaluate the feasibil-
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ity of using Vision-Language Models (VLMs) on
this challenge with Video-SCOUT. Frames of high
relevance are selected by VLMs from the robot-
recorded video given a natural language descrip-
tion of the human’s assessment task. Model per-
formance is evaluated with precision and recall,
and we examine to what degree these models could
supplement a human’s performance in making as-
sessments. We conclude by laying the groundwork
for a future framework that provides contextual, sit-
uated knowledge by leveraging the turn-by-turn di-
alogue structure alongside the robot recorded video
and NOVA task to mitigate miscommunication for
more grounded and efficient human-robot interac-
tions.

2 Video-SCOUT

Video-SCOUT consists of robot-recorded videos
from the Situated Corpus of Understanding Trans-
actions (SCOUT) (Lukin et al., 2024), a dataset
of experimental trials completed by human partici-
pants with remotely-located ground-robot partners.
Participants used language to instruct their robot
teammate to move through a remote environment
and seek objects of interest and make assessments
about the space. To model connectivity challenges,
bandwidth was limited to sending linguistic mes-
sages, LIDAR (Light Detection and Ranging) in-
formation, and occasional images, rather than real-
time full video or teleoperation.

2.1 SCOUT: Human-Robot Collaboration

SCOUT is comprised of four human-robot experi-
ments with increasing automation of dialogue man-
agement and language generation while maintain-
ing the same participant-facing affordances and
tasks (Bonial et al., 2025). Participants interacted
with the remotely-located robot to explore a house-
like environment with unfinished walls, floors, and
sparse furniture items. Participants issued uncon-
strained, spoken instructions to a Clearpath Jackal
robot using a push-to-talk interface, and the robot
responded through text messages. Participants
were shown a 2D top-down LiDAR map created
from the robot’s Hokuyo laser scanner that updated
in real time as the robot moved. While the robot
had continuous access to its front-facing RGB cam-
era (an Asus Xtion Pro Live), participants did not.
Instead, participants were informed of the robot’s
ability to take and send still photographs. Photos
of the environment could be requested at any time.
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Many participants used photos to see where to go
and took photos to comprehensively view the envi-
ronment (Lukin et al., 2023).

Participants completed two 20-minute main tri-
als with the robot’s assistance after first complet-
ing a training trial in which they could familiarize
themselves with the interface, activity, and robot
capabilities. A paper worksheet was provided to
participants, and they were asked to count and pho-
tograph objects of interest which varied by trial
(e.g., cones, shovels, and shoes). Furthermore,
participants were asked to answer the following
assessments: “Is there anything that indicates the
environment has recently been occupied?”, “Were
the last occupants speakers of English or a for-
eign language?”, and “Is there anything that you
could use to coordinate operations or activities in a
headquarters type environment?” Participants were
not required to photograph supporting evidence en-
countered for these assessments, but they verbally
reported their conclusion to the experimenter at the
trial’s end, and could cite encountered evidence.

The robot was controlled by Wizards-of-Oz, hu-
man confederates standing in for the robot’s dia-
logue and navigation capabilities. The data col-
lected from earlier SCOUT experiments with Wiz-
ards was used to incrementally automate the robot’s
Dialogue Management (DM) in later experiments.
The DM, whether it was a DM-Wizard confeder-
ate or the automated system, listened to the par-
ticipant’s instructions and either responded to the
participant or passed well-formed and executable
instructions to a Robot Navigator (RN) Wizard
who reported success or problems. The partici-
pant was only made aware they were speaking to a
‘robot’ and not informed of the inner workings of
the robot’s controls. The dialogue was annotated
for Transaction Units (TUs), a dialogue structure
annotation demarcating multiple dialogue turns that
sequentially contributed to fulfilling the speaker’s
original intent across all speakers (the participant,
DM, and RN) (Traum et al., 2018).

2.2 The Video-SCOUT Dataset

Video-SCOUT consists of 60 robot-centric RGB
videos from the main and training trials of SCOUT
Experiments 1 and 2. The total video time of the
dataset is 20+ hours, averaging 20:14 minutes per
video (Table 1). The videos are accompanied by
a transcript file containing the dialogue between
the participant and robot (DM-Wizard) which can
be played as subtitles with the video. Additionally,



# Videos Video Length

Total Average
Video- 60 20 hrs. 13 min.  20:14 min.
scour
Main 40 14 hrs. 36 min.  21:55 min.
Trials
Train 20 5 hrs. 37 min. 16:53 min.
Trials
TU 1,672 15 hrs. 17 min. 32 sec.
Videos

Table 1: Video-SCOUT summary statistics

each video is split into its constituent TUs, total-
ing 1,672 TU video clips across main and training
trials.

The robot videos were created by first extracting
the sensor_msgs/rgb/image_raw topic from the
SCOUT experimental bag files, then using ffmpeg!
to create .mp4 files. The average length of the
main trial videos is 21:55 minutes (max: 27:28
due to network technical difficulties, min: 20:41)
and the training trials average 16:53 minutes (max:
22:37, min: 9:56). All videos include an initial
calibration procedure and the participant verbally
reporting their counting and assessment responses
to the experimenter at the conclusion of each trial.
The robot had access to these videos during the
experiment, while the participant could only see the
robot’s in-the-moment view with a photo request.

To create subtitle files, the time-aligned tran-
scripts from the SCOUT dataset were converted
into .srt text files with the participant and DM-
Wizard dialogue. Each utterance was assigned a
sequential ID in the .srt file. The participant’s
push-to-talk keypress timestamps determined how
long the utterance subtitle remained on screen. The
DM-Wizard text messages remained on screen for
5 seconds after the message was sent to the partici-
pant. Subtitle files can be added as a subtitle track
to the videos using media players, revealing the
robot’s view of the environment in real time along-
side the ongoing dialogue. An excerpt of the sub-
title file from p2.02’s main? trial is below, where
‘CMD’ (‘Commander’) indicates the participant:
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00:07:14.48 --> 00:07:19.48

CMD: "can you move several yards towards the
white door”

52

00:07:22.11 -=> 00:07:27.11

Robot: "processing. . ."

"https://ffmpeg.org/

53

00:07:53.12 --> 00:07:58.12

Robot: "I will move forward 6 feet, ok?"
54

00:07:59.63 --> 00:08:04.63

CMD: "uh i think six feet is too fff far”
55

00:08:04.46 --> 00:08:09.46

CMD: "maybe three feet”
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00:08:08.45 --> 00:08:13.45
Robot: "ok"

57

00:08:30.54 --> 00:08:35.54
Robot: "moving. . .”

58

00:08:36.93 --> 00:08:41.93
Robot: "done”

59

00:08:38.42 --> 00:08:43.42
CMD: "can you take a photo”
60

00:08:43.33 --> 00:08:48.33
Robot: "sent”

Transaction Unit (TU) video clips were created
by segmenting the trial video into clips containing
the beginning and end of each TU. TU annotations
were obtained from the SCOUT dialogue structure
.x1sx spreadsheets.” The average length of the
TU video clips is 32 seconds (max: 4 min. 9 sec.,
min: 4 sec.). Accompanying each TU video is a
TU video clip subtitle file containing the dialogue
exclusive to that TU, supplying the robot’s view
when participant instructions are issued, and reveal-
ing successes and discrepancies in common ground
when the participant did not have full access to the
video like the robot did. The timestamp for the
TU’s first utterance was set to 0:00:00 to play with
the TU video, and the . srt utterance ID restarted
within each TU. The excerpt above contains two
TUs, therefore has two separate TU videos and
transcripts (see Appendix A for the . srts.)

3 Comparison with Related Work

Video understanding is typically conditioned on
the categorization or detection of an ‘event’ visible
within the video. There are differing levels of gran-
ularity in defining an event. At a high level, videos
have been assigned a label depicting an overall cat-
egory of the content, such as ‘vehicle’ or ‘nature’
(Thomee et al., 2016), or ‘news’ or ‘travel’ (Abu-
El-Haija et al., 2016). At a more detailed level,
videos have been labeled by their activity in full,
such as ‘changing a vehicle tire’ (Smeaton et al.,
2006) or ‘poking a hole into a substance’ (Goyal

2TUs solely between the participant and experimenter are
excluded.
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et al., 2017). Others take a hierarchical approach,
constructing an event template with sub-events and
entity roles. A cooking video is labeled with sub-
events including ‘grill the tomatoes’ followed by
‘add oil to a pan’ (Zhou et al., 2018). Disaster
videos have been annotated to identify the who,
what, when and where of their sub-events, such as
differentiating within the video between emergency
responders and people affected by a flood (Sanders
et al., 2024). Many of these datasets are accompa-
nied by natural language, including news articles
written about the videos, creating rich, multimodal
and multilingual datasets for event understanding,
e.g., Sanders and Van Durme (2024); Kriz et al.
(2025). Commonly, these event-centric tasks exam-
ine videos from YouTube, Flickr, Vimeo, movies,
and TV shows. The reader can refer to Sanders and
Van Durme (2024) for a comprehensive overview
of recent event-centric video datasets. Kriz et al.
(2025, Table 1, p2) report these videos range in
length from 4 seconds to 8 minutes.

The Video-SCOUT dataset of robot-recorded
videos has unique content and characteristics com-
pared to these event-centric datasets. ‘Events’ at
any level of granularity do not appear in Video-
SCOUT, as there is no human activity depicted
nor is there motion within the environment. Fur-
thermore, the quality of Video-SCOUT videos is
degraded by low-quality recording devices, and the
robot’s low-to-the-ground video perspective differs
from human height. The average length of a Video-
SCOUT video is 20 minutes, challenging how well
video understanding can be conducted over a long
period of time as opposed to shorter clips and in
significantly different domains.

Other video understanding approaches are
pattern-based, looking not to apply an ‘event’ an-
notation to a video, but rather identify where in
the video a pre-defined pattern breaks. These
video datasets are based around observing crowded
scenes from a stationary camera over a period of
time, e.g., the ShanghaiTech Campus Dataset (Luo
et al., 2017), the UCSD Pedestrian Dataset (Li
et al., 2013), the Subway Dataset (Adam et al.,
2008), and the CUHK Avenue Dataset (Lu et al.,
2013). They seek to identify anomalies, when the
pattern changes, such as people fighting (Adam
et al., 2008), or non-pedestrian entities entering
a walkway (Pinggera et al., 2016). These videos
are similar to Video-SCOUT in that our videos
are recorded from a non-human perspective, yet
the key difference concerns spatial movement. In
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Video-SCOUT, it is the robot moving, rather than
entities within the environment, thus, as is the case
in prior works, we must again look for how to de-
fine pattern breaking anomalies within this domain.

In an attempt to generalize an ‘event,” other
video understanding approaches have instead cre-
ated a highlight reel (i.e., a set of individual frames
extracted from a video compiled into a short video
clip) or a video summary tailored for any video
content (Song et al., 2015; Sul et al., 2023; Chang
et al., 2025). Highlight detection algorithms use
accompanying language from the video’s metadata
to extract frames relevant to the text, for example,
the YouTube video’s title “Killer Bees Hurt 1000-1b
Hog in Bisbee AZ” (Song et al., 2015, p1) is used
to condition video frame extraction relating to these
keywords. To address the lack of typical ‘events’ in
Video-SCOUT, we leverage Chang et al. (2025)’s
Aha! highlight detection model and explore how
other language inputs may guide video analysis of
robot-recorded videos. Chang et al. (2025)’s paper
analyzed eight minutes of a robot-recorded video
with the input ‘what objects are here?’ The pre-
liminary analysis suggested Aha! may be used on
out-of-domain videos without fine-tuning, yet the
paper did not conduct a thorough evaluation.

Video-SCOUT captures explorations of a space
that an embodied agent, i.e., a robot, moves
through. These embodied explorations are com-
mon in human-agent or human-robot exercises tak-
ing place in the physical or virtual world, where
the agents are given a directive, e.g., move to a spe-
cific object or location, that the agent will complete
(Das et al., 2018; Shridhar et al., 2020; Majum-
dar et al., 2024; Bowser et al., 2025). Dialogue
within these environments allows the robot to re-
quest clarification of ambiguous instructions or ref-
erents to resolve ambiguity (Gervits et al., 2021).
However, due to the fact that many real-world re-
mote exploration contexts are bandwidth-limited,
full information about the environment (including
real-time streaming video) may not be available
to the human issuing the robot its navigational in-
structions. The human must make decisions with
potentially incomplete information, decisions that
the robot must carry out or clarify. We formulate
a new video understanding challenge around the
uniqueness of our domain: in “understanding” a
video without events or pattern breaking anomalies
in the human-robot collaborative context.



4 Non-event Oriented Video Assessments

The Video-SCOUT dataset presents new opportuni-
ties for advancing research in human-robot collab-
oration by leveraging out-of-domain video datasets
and task requirements. Given that the videos are
of real-world quality (i.e., occasionally dark or
blurry), and that they are not streamed live to the
human, it is possible the human may overlook or
miss something important over the course of their
exploration. This is a critical opportunity for the
robot teammate to provide support by analyzing
its constantly running RGB camera. A robot may
additionally augment a human’s understanding of
the long-form retrospective exploration videos in
which there are periods of time where nothing is
“happening.” However, as previously discussed,
the Video-SCOUT environment contains few ac-
tion events. The robot’s journey only shows still
objects, and thus, new criteria must be defined.
We propose a new challenge task in video under-
standing on long-form videos which lack canoni-
cal ‘events.” By reframing what it means to iden-
tify an ‘event,” we instead analyze the environment
depicted within, according to a high-level assess-
ment question. Non-event Oriented Video As-
sessments (NOVA) is designed as a video frame
retrieval experiment in which frames highly rel-
evant to NOVA-questions are selected by an al-
gorithm. We measure the success of this task
with precision—the number of selected frames rel-
evant to the assessment—as well as recall—the
amount of relevant evidence selected from the en-
vironment of all possible relevant evidence. Video-
SCOUT supplies videos for the NOVA-questions
assigned to the participants: “Is there anything that
indicates the environment has recently been occu-
pied?”, “Were the last occupants speakers of En-
glish or a foreign language?”, and “Is there any-
thing that you could use to coordinate operations
or activities in a headquarters type environment?”

4.1 Approach

We apply two approaches for video frame retrieval
tailored to NOVA-questions. The first is Aha!3, the
online highlight detection algorithm from Chang
et al. (2025) which achieved 91.6% in top-5 mAP
(mean Average Precision) with no fine-tuning on
large-scale YouTube datasets, outperforming other

3Model accessed from publicly available repository
at https://github.com/aiden20@/Aha-/tree/rebuttal
and system defaults accepted.
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approaches at its time of writing. There is no for-
mal definition of an event or activity that the algo-
rithm looks for, providing a solid candidate for our
assessment task. The algorithm assigns a relevance
score to each frame with respect to the video’s ti-
tle, and returns a list of frames above a certain
threshold. Aha! operates sequentially, not needing
access to future frames to make its determination.
These frames together constitute Aha!’s Selected
Frame Album for a particular video given a NOVA-
question. We ran Aha! using light modifications
of the NOVA-questions as the natural language in-
put (exact wording in Appendix B) on an NVIDIA
RTX 4090.

The second approach is a general VLM, Google
Gemini 2.5 Pro*. We give as input the full-length
video, and prompt it to list timestamps of frames
supporting the NOVA-question (prompt in Ap-
pendix B).> The authors of this paper then extracted
the frames from the provided timestamps to create
Gemini’s Selected Frame Albums. Figure 1 shows
a subset of selected frames, with complete albums
in Appendix C.

4.2 Annotation

Annotation was conducted by the authors of this
paper after familiarization with the SCOUT envi-
ronment and NOVA-questions. To begin, we cre-
ated an inventory of every object and area within
the experiment environment that could reasonably
be used to support each NOVA-question, e.g., the
table with office chair and newspapers in Figure 1a
might support the assessment that the space was
used as a headquarters. The total inventory of these
objects and areas is listed in Appendix D. As the
NOVA-questions are somewhat subjective, anno-
tation was more lenient and inclusive of different
possibilities. When participants answered the ques-
tions after their trial, they were not scored on if they
accounted for all possible evidence, only that they
came to a conclusion. For example, when answer-
ing whether the participant believed the environ-
ment had been recently occupied, one participant
answered, “Yes. There is a box of cereal in one
room.” Our inventory counted the cereal box and
several other objects as appropriate evidence.

*Model accessed between February—March 2026 using
Ask Sage and the Ask Sage Persona with temp=0.

3 At the time of writing, VLMs are unable to process videos
in an online manner, unlike Aha!. We discuss the implications
of implementation further in Section 4.4, and focus here on
testing the relevant frame identification capabilities.
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(a) Relevant frame for Occupied, Lan-
guage, and Headquarters (table, chair,
cup, newspapers, bottle).

(b) Relevant frame for Occupied (plant).
Distractor frame for Language and
Headquarters.

(c) Distractor frame for Occupied,
Headquarters, and Language.

Figure 1: Selected frame examples and annotations for NOVA-Questions

Instead of our NOVA algorithms providing the
conclusion in a natural language statement as the
participants did, we designed our experiment to
exhaustively analyze the environment for any pos-
sible supporting evidence, taking the form of a
set of selected frames. Annotation of the Selected
Frame Albums was conducted by one annotator (an
author of the paper) after the inventory was final-
ized through group discussion, and was verified by
another author. Each frame in Aha! and Gemini’s
Selected Frame Albums were assigned a label based
on the NOVA-question: Relevant if at least one
piece of evidence in that frame was present (e.g.,
Figure 1a is Relevant for all NOVA-questions), or
Distractor if no evidence was present in that frame
(e.g., Figure 1b is a Distractor for the Language
and Headquarters NOVA-questions, and Figure 1c
is a Distractor for all NOVA-questions).

To determine the added value each algorithm
provides to a human’s analysis, it is necessary to
measure what the human reasonably could have
deduced on their own. To calculate this, the visual
content of the participant’s photo requests was ex-
amined. This represented the total possible knowl-
edge of the environment the participant could have
obtained by the end of their trial, because they did
not have access to the live video stream. A Rele-
vant or Distractor label was assigned to the photos
regarding each NOVA-question.

Within each Relevant frame in the Selected
Frame Albums and in the participant’s photo re-
quests, the annotator indicated which items or ar-
eas provided evidence for the NOVA-question from
the assessment inventory. Finally, the annotator re-
viewed each full-length robot video to count the
maximum number of observed evidence within that
trial. This was conducted to avoid penalizing recall
if the robot never passed by particular evidence
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cues. In this way, if a participant never instructed
the robot to explore the room with the table with
office chairs, the Selected Frame Albums and photo
request annotations would not be penalized for not
having seen this space. The maximum evidence
score was used to compute a customized recall of
the Selected Frame Albums and the participant’s
requested photos.

Cohen’s Kappa was computed for the Relevant
and Distractor frame annotation within the Partici-
pant Photo Requests. Across all NOVA-questions,
k = 0.74. Agreement varied by NOVA-question
(Occupied x = 0.97; Language x = 0.62; Head-
quarters x = 0.49). Adjudication revealed dis-
crepancies in overlooking items that were mutually
agreed to be relevant, e.g., wall signs appearing in
multiple frames. Additionally, Cohen’s Kappa was
computed for the object inventory within each Rel-
evant frame from the participant’s photo requests.
Across all NOVA-questions, x = 0.85. Again,
agreement varied by NOVA-question (Occupied
x = 0.91; Language 0.61; Headquarters
k = 0.92). Adjudication revealed challenges per-
taining to the Language task in accounting for illeg-
ibility due to photo noise, distance from the camera,
dark photos, and bad angles, i.e., edge-on shots. A
consensus was reached regarding edge-on shots:
regardless of how powerful a computer vision al-
gorithm or human eyesight, the text cannot be read
if it is not properly in the frame, therefore frames
with, for example, the calendar shown from the
side perspective, were not counted. Regarding the
required quality of the text for legibility, annota-
tion was based on human-determination rather than
how good the algorithms may be at OCR (Optical
Character Recognition). Because the models were
only returning the frame, it is up to the human (the
annotators or a future user) to determine its useful-



ness. Furthermore, the Language task only asked
to determine the language, not fully read the text;
therefore, if an annotator determined enough letters
or characters were legible, the text was counted.
We discuss this more in the Limitations section,
and frame annotations with visuals are given in Ap-
pendix C. Other discrepancies in annotation were
agreed to be oversights, and annotation was revised
on both Relevant frames and object inventory until
agreement was reached. Subsequently, with the
new adjudicated guidelines, annotation was veri-
fied and adjusted on Aha! and Gemini’s Selected
Frame Albums.

4.3 Results

We examined the 20 main trials from SCOUT’s Ex-
periment 1 (ten participants completed two main tri-
als each). A Selected Frame Album was created for
each NOVA-question (Occupied, Language, Head-
quarters) for each approach (Aha!, Gemini). This
resulted in a total of 60 Selected Frame Albums.

Part. Photos Aha! Gemini
% Relevant Frames 57.23 63.43 90.21
Occupied 79.27 85.53 100
Language 39.70 40.87 89.86
Headquarters 52.73 63.89 80.77
% Distractor Frames 42.77 36.57 9.79
# Photos Requested 33.9 12.73 6.03

or Album Length

Table 2: Average precision of participant photos and
Selected Frame Albums

Table 2 shows the average percent of Relevant
and Distractor annotations. Of participant photos
(first column), 57.23% were relevant, with scores
varying based on the NOVA-question. These scores
match with observations from prior work in which
participants used photo requests to answer NOVA-
questions and for navigation (refer to Section 2.1
and Lukin et al. (2023) for photo strategies). The
other columns show Aha! and Gemini’s Selected
Frame Albums scores. Across all NOVA-questions,
Gemini showed high precision: 90.21% of the
frames selected by Gemini were annotated as con-
taining relevant evidence, whereas Aha! averaged
63.43% precision. Within NOVA-questions, both
Aha! and Gemini saw drastic differences. For
Ahal, the Language NOVA-question had the lowest
precision score (40.87%), compared to the Occu-
pied and Headquarters NOVA-questions (85.53%
and 63.89% respectively). Meanwhile, Gemini
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achieved 100% precision on the Occupied NOVA-
question, compared to 80.77% on the Headquar-
ters NOVA-question and 89.86% on the Language
NOVA-question. The two approaches differed fur-
ther in the length of the Selected Frame Albums,
with Aha! selecting an average of 12.73 frames
from the full-length video, and Gemini an average
of 6.03 frames. On average, 33.9 photos were taken
by participants.

Table 3 is organized around the individual mark-
ers of evidence, measuring recall conditioned on
the total number of evidence items that could pos-
sibly be found within the full-length video. The
first column in Table 3 shows the percentage of
evidence found in the participant photo requests.
Across all NOVA-questions, the average recall is
high at 87.31%, representing the highest possible
score the participant could have achieved without
having access to the full robot video. Columns
Aha! and Gemini report their respective Selected
Frame Albums relevance recall. On their own, re-
call is drastically lower than the participant photos,
with Aha! achieving an average recall of 59.50%,
and Gemini 54.42%. We interpret the participant’s
high recall as a result of taking photos to aid nav-
igation, whereas Aha! and Gemini were tasked
only to complete the assessments. The participant
photos exhibit a trade-off in high recall at the cost
of lower precision, whereas Aha! and Gemini are
more balanced.

The columns Part. Photos + Aha! and Part. Pho-
tos + Gemini in Table 3 report how much of a recall
boost could have been achieved if the participant’s
photo requests were combined with the automati-
cally created Selected Frame Albums. These were
computed by taking the unique complement of the
object and area inventory between the participant’s
photo requests and the approaches’ Selected Frame
Albums. This evidence complement yields gains
of 2.39% for Aha! and 2.35% for Gemini aver-
aged across NOVA-questions, showing that these
Selected Frame Albums contribute a small set of
unique evidence not observed by the participant in
their exploration. As an example of this, in one trial,
a participant instructed the robot to move down a
hallway, and a sleeping bag and a movie poster
were passed in the process. The participant did not
photograph these mid-movement views, but these
frames were selected from the full video by Aha!
and by Gemini respectively.



% Relevance Recall Part. Photos Aha! Gemini Part. Photos + Aha! Part. Photos + Gemini

All Assessments 87.31 59.50 54.42 89.70 (+2.39) 89.66 (+2.35)
Occupied Assessment 89.37 67.62 57.39 92.71 (+3.34) 89.93 (+0.56)
Language Assessment 79.17 52.71 56.16 82.24 (+3.07) 84.89 (+5.72)
Headquarters Assessment 93.39 58.18 49.71 94.16 (+0.77) 94.16 (+0.77)

Table 3: Evidence recall from the participant’s photos and Aha! and Gemini’s Selected Frame Albums (first three
columns). The new recall percentage achieved by combining the unique instances of evidence found in participant’s
photos and the Selected Frame Albums, with gains in parentheses (fourth and fifth columns.)

4.4 Discussion

Model Performance. A precision-recall trade-off
manifested in our evaluation. Of Gemini’s Selected
Frame Albums, 90.21% of frames were relevant
to the NOVA-question. However, and possibly be-
cause it only extracted an average of 6.03 frames,
its ability to capture all possible evidence in the
video was lower, only 54.42%. The metrics leaned
differently for Aha! It achieved a lower average
precision of 63.43% and recall of 59.50%. The Lan-
guage NOVA-question was particularly challeng-
ing for Aha! (40.87% precision), whereas Gemini
achieved 89.86% precision, showing significant
ability to identify texts in the videos. On the other
hand, Aha! achieved almost 5% higher recall than
Gemini on average, and in particular, about 10%
recall increase on the Occupied and Headquarters
NOVA-questions. Despite these trade-offs in recall
and precision, the models’ overall gains in supple-
mental evidence of participant photos is compara-
ble: 2.39% for Aha! and 2.35% for Gemini. This
suggests there may be different opportunities for
employing Aha! or Gemini for the NOVA task,
given that they can perform well under different
conditions for different NOVA-questions.

We outline several strategies to increase and bal-
ance precision and recall. Because Gemini’s Se-
lected Frame Album length was short, future itera-
tions could consider chunking the 20-minute video
into smaller segments so that its high precision may
still be achieved while increasing recall by com-
bining the results of the chunked videos. Some
assessments may be harder for the model to reason
about than others; for example, it scored lower in
deducing what constituted as a headquarters com-
pared to identifying visible written language.

A key strength of Aha! is its adaptability without
fine-tuning. While it achieved a remarkable 91.6%
on the event-centric video datasets using the accom-
panying video titles reported in its paper (Chang
et al., 2025), it scored high in Distractors within
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the SCOUT domain (36% of Aha!’s frames were
annotated as Distractor). To maintain its moderate
recall on the Occupied and Headquarters NOVA-
questions, we posit that Distractors may be mini-
mized with an additional filtering process tailored
or fine-tuned to the SCOUT domain. Observation-
ally, most of Aha!’s Distractors focused on empty
spaces, such as Figure 1c. In both models, the
Language NOVA-question scored lower than the
others, which, as we discussed in Section 4.2 and
more in the Limitations section, comes with legi-
bility challenges.

New HRI Challenges. The identification of
frames in non-event videos introduces new oppor-
tunities for human-robot collaboration. The high
recall scores of both Aha! and Gemini is encour-
aging and may enable both real-time assisted ex-
ploration and retrospective exploration analysis. In
the former, it will be critical to minimize disruption
and maintain or increase the human’s trust in the
robot if it is providing real-time alerts on locations
possibly relevant to the assessment. A robot with
high Distractors could quickly erode trust, and af-
ter a few incorrectly flagged frames, a human may
ignore the robot’s suggestions as it interrupts their
attempt to complete the assessment. However, with
adequate precision and recall checks, a future ex-
periment could allow the robot to take the initiative
and offer to stop and look.

There remain gaps in running both Aha! and
Gemini in real time. Aha! requires considerable
processing power that may be unavailable onboard
a robot, and Gemini cannot process videos fully in
real time. By contrast, both models would serve
well in retrospective exploration analysis. A future
experiment could provide a human the Selected
Frame Albums in addition to their photo requests
for greater post-exploration recall. Additionally, it
remains to be seen whether a high number of Dis-
tractors may be less critical in a post-experiment
review where real-time interruption is not an issue.



5 Future of Human-Robot Collaboration

NOVA represents a foundational step in support-
ing human-robot collaboration through video un-
derstanding. By enabling a robot to analyze its
surroundings with respect to a human’s goals, the
robot is poised to understand other elements of the
collaboration at a more granular level. While the
NOVA-question guided the entirety of the Selected
Frame Album creation, the human is involved in the
robot’s journey every step of the way by speaking
to the robot about what they want to do. There are
often cases of a mismatch between the human’s
language about the environment and what the robot
is actually seeing.

We envision future human-robot paradigms
which leverage the robot’s understanding of a hu-
man’s instructions in close combination with its
visuals to identify when common ground may be
lost and to seek strategies to prevent or mitigate it.
We thus begin to develop a new challenge leverag-
ing the NOVA framework and the Video-SCOUT
dataset called the Common Ground Alignment
Problem (Common-GAP). Common-GAP is a
decision problem for proactive multimodal re-
pair in bandwidth-limited human-robot exploration.
Given the robot’s video, the dialogue history, and
current dialogue structure annotation, we propose
three different challenges for the robot: i) predict
misalignment, ii) resolve reference ambiguity, and
iii) take initiative. In i), the robot should preemp-
tively detect misalignment in what the human and
the robot believe about the world, such as the pres-
ence or absence of an object mentioned. In ii) the
robot should instigate effective disambiguation and
repair strategies to restore common ground. Finally,
in iii) the robot should learn when to take initia-
tive and proactively report an observation based
on the dialogue history and its continuous video
feed. We plan to leverage Video-SCOUT and in
particular, the TU Video Clips. See Appendix E
for full examples of each decision state.

6 Conclusion

We propose a new challenge in video understanding
specific to human-robot collaboration: Non-event
Oriented Video Assessment (NOVA). This chal-
lenge utilizes our novel Video-SCOUT dataset of
60 robot-recorded, long-form videos with accom-
panying dialogue transcripts and dialogue structure
video clips. Our experiments show promise in us-
ing VLMs on out-of-domain videos without fine-
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tuning, yet reveal gaps in implementation within
practical applications. We begin to develop a future
task leveraging NOVA and the dialogue structure
and video affordances of Video-SCOUT to address
the Common-GAP in continuous, human-robot ex-
ercises. We invite the community to use this data
and contribute algorithms to these challenges.

Limitations

While we designed the Aha! and Gemini prompts
to be as similar to the NOVA-Questions as possible,
dissimilarities arose in the required input format for
each model. Additionally, variants in prompts (e.g.,
instructions or rephrases of the NOVA-questions)
were not exhaustively tested for improved perfor-
mance. We did not provide examples to the models,
operating instead in a zero-shot setting, and thus
performance may be improved through future iter-
ations. The full set of inputs and prompts are listed
in Appendix B. Furthermore, we did not specify
or fine-tune the number of frames for Aha! and
Gemini to select. This made the comparison chal-
lenging, as Aha! selected approximately twice as
many frames as Gemini. We consider what new
evaluation metrics are appropriate for this evalu-
ation that are sensitive to the number of frames
selected as well as the fact that they are unordered
and require different ways to reward prioritization.
Adjudication revealed challenges in assigning
annotation in the Language NOVA-question. Aha!
and Gemini were only instructed to retrieve the
frame or timestamp of a frame to answer the ques-
tion. We cannot infer understanding of the text
visible in the frame on behalf of the model since
that was not the question asked of it. In future
work, these models may be prompted differently to
transcribe the text in images they retrieve to assess
model legibility vs. human annotator legibility.
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A Transcript files

Below are the TU video clip subtitle files for the
TUs in the subtitle excerpt presented in Section 2.2.

TU14:

Q

00:00:00.00 --> 00:00:05.00

CMD: "can you move several yards towards the
white door”

1

00:00:07.63 --> 00:00:12.63

Robot: "processing. . ."

2

00:00:38.64 --> 00:00:43.64

Robot: "I will move forward 6 feet, ok?"
3

00:00:45.15 --> 00:00:50.15

CMD: "uh i think six feet is too fff far”
4

00:00:49.98 --> 00:00:54.98

CMD: " maybe three feet”

5

00:00:53.97 --> 00:00:58.97
Robot: "ok”

6

00:01:16.06 -—> 00:01:21.06
Robot: "moving. . ."

7

00:01:22.45 --> 00:01:27.45
Robot: "done”

TU15:

0

00:00:00.00 -—> 00:00:05.00
CMD: "can you take a photo”
1

00:00:04.91 --> 00:00:09.91

Robot: "sent”
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B Natural Language Inputs and Prompts

We crafted natural language inputs and prompts to
closely preserve the wording given to participants
in the SCOUT experiments, which are reprinted
below:

* “Is there anything that indicates the environ-
ment has recently been occupied?”

* “Were the last occupants speakers of English
or a foreign language?”

* “Is there anything that you could use to coordi-
nate operations or activities in a headquarters
type environment?”

The Aha! natural language input utilized a ran-
domly selected template from the following list:

¢ “‘INOVA-Question-Aha].”

* “What segment of the video addresses the
topic ‘[NOVA-Question-Aha]?"”’

* “At what timestamp can I find information
about ‘[NOVA-Question-Aha]’ in the video?”

* “Can you highlight the section of the video
that pertains to ‘[NOVA-Question-Aha]?"”’

¢ “Which moments in the video discuss [NOVA-
Question-Aha] in detail ?”

* “Identify the parts that mention ‘[NOVA-
Question-Aha].”’

¢ “Where in the video is [NOVA-Question-Aha]
demonstrated or explained?”

* “What parts are relevant to the concept of
‘INOVA-Question-Aha]?””’

* “Which clips in the video relate to the query
‘INOVA-Question-Aha]?””’

* “Can you point out the video segments that
cover ‘[NOVA-Question-Aha]?”’

* “What are the key timestamps in the video for
the topic ‘[NOVA-Question-Aha]?””’

The variable [NOVA-Question-Aha] was abbrevi-
ated and reworded from the SCOUT assessments
to fit these predetermined templates, and was se-
lected from the following for the appropriate video
assessment:

* “the environment has been recently occupied”
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* “the written language”
* “evidence of a meeting headquarters”

The Gemini prompt was as follows: “You are an
expert video analyst. Review the video and create a
list of frames that support the provided hypothesis.
Output your results as a list of timestamps.
Hypothesis: [NOVA-Question-Gemini].”

The variable [NOVA-Question-Gemini] was se-
lected from the following for the appropriate video
assessment:

* “The environment has been recently occupied”

* “The last occupants were speakers of English
or a foreign language”

* “There is something which could be used to
coordinate operations or activities in a head-
quarters type environment”

C Selected Frame Albums

Figures 2 and 3 show Gemini and Aha!’s Selected
Frame Albums for p1.08’s mainl trial on the Lan-
guage NOVA-question.

D Relevant Inventory Lists

Occupied relevant inventory list (27 observa-
tions): shoes, cooking items, shopping bag, plants,
newspaper, solo cup on chair, conference table,
chairs around table, clock, bottle water, calendar,
map, monitor, desk, desk chair, sleeping bag, lug-
gage, clothes, cleaning supplies, posters, TV, books
by TV, wall signs, construction items, fire extin-
guisher, water cooler jug, stop sign.

Language relevant inventory list (16 observa-
tions; must be legible): cereal box, newspaper, cal-
endar, map, posters, books by TV, room numbers,
no smoking sign, plywood writing, cleaning sup-
plies, yellow caution cone, stop sign, blue wall sign,
luggage logo, broom logo, orange bucket.

Headquarters relevant inventory list (16 ob-
servations): cooking items, newspaper, solo cup
on chair, conference table, chairs around table,
clock, bottle water, calendar, map, monitor, desk,
desk chair, cleaning supplies, wall signs, fire extin-
guisher, water cooler jug.

E Common-GAP Examples

In Section 5, we proposed a challenge task in which
we seek to leverage the robot’s understanding of a



(a) Frame at timestamp 00:00. Distrac-  (b) Frame at timestamp 04:22. Relevant (c) Frame at timestamp 10:39. Relevant
tor frame (orange bucket not legible). frame (yellow caution cone; cleaning  frame (cleaning supplies).
supplies not legible).

I \ ',.V o m

(d) Frame at timestamp 13:25. Relevant (e) Frame at timestamp 18:21. Relevant (f) Frame at timestamp 20:40. Relevant
frame (wall sign). frame (wall sign). frame (blue wall sign).

Figure 2: Selected Frame Album assembled by Gemini for p1.08’s main] trial on the Language NOVA-question

(a) Frame at timestamp 02:32. Distrac- (b) Frame at timestamp 04:18. Distrac- (c) Frame at timestamp 05:01. Distrac-
tor frame (yellow caution cone and or-  tor frame (cleaning supplies not legi-  ror frame.
ange bucket not legible). ble).

(d) Frame at timestamp 19:51. Distrac- (e) Frame at timestamp 20:40. Relevant
tor frame. frame (blue wall sign).

Figure 3: Selected Frame Album assembled by Aha! for p1.08’s mainl trial on the Language NOVA-question
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human’s instructions in close combination with its
visuals to identify when common ground may be
lost. We hypothesize that we can use the live robot
visual along with the human instruction to automat-
ically detect issues with the instruction. Specifi-
cally, we aim to enable i) prediction of misalign-
ment in what the user and the robot believe about
the world, ii) resolving reference ambiguity, and
iii) taking initiative and proactively reporting an ob-
servation. This analysis extends beyond referring
expression resolution—the robot must recognize
whether or not there is a clear, ambiguous, or even
incorrect reference to the environment, and then
work within that space or attempt to re-establish
common ground. We refer to this challenge to de-
tect and repair as the Common-GAP: Common
Ground Alignment Problem. Common-GAP is
a decision problem for proactive multimodal re-
pair in bandwidth-limited human-robot exploration.
Given the current robot video, the dialogue history,
and dialogue-structure annotations, decide whether
to:

a) execute the command directly,
b) ask a clarification question,

c¢) offer a photo,

d) send a photo without waiting, or

e) explain why the command cannot yet be
grounded.

In an initial exploration of Common-GAP,
we manually reviewed the 60 transcripts from
SCOUT’s Experiments 1 and 2, and selected
three reference episodes that parallel the system
capabilities described above that we hope to
enable. We then viewed the TU video clips
alongside the dialogue. We observe cases where
the collaborative exploration flows fairly smoothly
despite a mismatch in common ground in the form
of fully shared visual information. For example,
in the following case, the participant would like
to enter a room ahead, but there is a road cone
blocking the entrance. The offer and subsequently
provided visual information make this clear to the
participant, who then quickly moves on to explore
the other doorways in the environment.

p1.01 training trial, TU 4:

CMD: "go in the room”
Robot: "There's an obstruction at the entrance.
Would you like me to send a picture?”
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CMD: "send a picture”
Robot: "sent”

pl.01 training trial, TU 5:

CMD: "go to the other door”

Robot: "executing...”

Robot: "done”

This example showcases how the data might sup-
port enabling i): predicting misalignment in what
the user and the robot believe about the world, e.g.,
presence or absence of an object.

We also observe cases where there are longer-
horizon miscommunications that persist over
several TUs due to the complexity of the physical
environment. This is especially prevalent as
participants explore areas with multiple adjacent
doorways, as is the case in the following example.
Again, the supplied visual information enables,
over the course of five TUs, the participant
to successfully move through the appropriate,
disambiguated doorway.

p2.06 mainl trial, TU 4:

CMD: "turn around one hundred and eighty degrees
CMD: "and travel through the door”

Robot: "processing...”

Robot: "I will turn around 180 degrees”
Robot: "but..."

Robot: "I'm not sure which doorway you are

referring to.”
p2.06 mainl trial, TU 5:

Robot: "Should I send a picture?”
CMD: "yes"
Robot: "done, sent”

p2.06 mainl trial, TU 6:

CMD: "travel straight down the hallway"”
Robot: "Which doorway?”

CMD: "four feet”
Robot: "ok. moving..."
Robot: "done”

p2.06 mainl trial, TU 7:

CMD: "take a picture”
Robot: "sent”

p2.06 mainl trial, TU 8:

CMD: "travel to the end of the hallway”

CMD: "and enter the doorway on the right”

Robot: "processing..."”

Robot: "moving..."

Robot: "done”

Thus, this example demonstrates how the data
might be used to learn ii): resolving reference am-
biguity by instigating effective disambiguation and
repair strategies. The above situation and others
like it suggest that one strategy may be to automat-
ically provide visual information when there are
multiple of the same type of referent in the visual
field, such as clustered doorways.



Furthermore, there are cases where automati-
cally sending visual information would be helpful
as some operators do not accept offers in dialogue,
even when it would be helpful. This is the case in
the next interaction, where the participant declines
the offer for a picture:

p2.08 training trial, TU 3:

CMD: "go ahead.

CMD: "we're looking for doorways”
Robot: "Hmm. . ."

CMD: "go ahead. move for”

p2.08 training trial, TU 4:

Robot: "Would you like me to send a picture?”
CMD: "no thank you not right now”

This user then goes on to struggle with the inter-
action as exhibited by the fact that the operator is-
sues two more ambiguous, unactionable commands
(not shown in the exchange above). This operator
only successfully moves to the desired location
later, notably after requesting a picture of the en-
vironment. Subsequently, the operator leverages a
clear pattern of move instructions followed imme-
diately by requests for images, demonstrating the
efficacy of this strategy for this particular operator.
Thus, this example showcases both the importance
and complexity of capability iii): learning when
to take initiative and proactively report an observa-
tion. From the above example, we see that different
kinds of users will react distinctly to different levels
of proactive behaviors from the robot—different
types of strategies must be leveraged with different
operators to supply critical information in a way
that maintains conversational norms and expecta-
tions.

In developing the Common-GAP and identifying
episodic examples from Video-SCOUT, we plan
to outline metrics for success, including the time
it takes to overcome misunderstanding using the
different strategies, to avoid it in the first place, and
establishing the threshold for when the robot should
employ a strategy. We plan to test different mod-
els and ablations (with LLMs, VLMS; with and
without domain knowledge, dialogue history, etc.)
implementing the Common-GAP on the Video-
SCOUT TU clips to detect miscommunication at
the earliest point. We will design a human-robot ex-
periment in which such strategies are employed in
real time, and human performance and perceptions
of the communication are collected.
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