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Figure 1: Attune enables robot operators to self-annotate attentional shifts and functions as follows: (1 an operator watches
robots while Attune records eye gaze; 2 the operator plays back their gaze shifts and retroactively attributes causes to these
shifts; and (3 Attune co-annotates additional shifts and extracts patterns to be presented to the operator for confirmation.

Abstract

Deploying robot fleets in complex, real-world environments re-
quires human operators to supervise multiple robots simultane-
ously. Managing operator attention is a fundamental challenge of
designing multi-robot supervision interfaces, encompassing both
feed layout and feed content (i.e., robot behavior design). Thus far,
designers lack empirical guidance on the latter—how to change a ro-
bot’s behavior to capture, sustain, or relinquish operator attention
during multi-robot supervision. In our vision of the future, design-
ers should be able to use this guidance to calibrate robot behavior to
different operator attention profiles. Treating operator eye gaze as a
robot behavior design clue, we created a pre-deployment elicitation
tool called Attune. Attune automatically identifies when meaningful
gaze shifts occur, provides Al assistance for annotating why shifts
occurred, and outputs a summary of operator gaze patterns for op-
erator review. We evaluated Attune through a user study in which
participants annotated the visual triggers that drew their attention.
Our findings unveil variation in observed gaze patterns and reveal
how Attune helps characterize operator attention.
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1 Introduction

Multi-robot fleets are increasingly common on college campuses
[29] and hospitals [15] for making deliveries, in warehouses for
stocking and sorting items [73], cities and rural areas for searching
for missing people [65], in addition to many other environments.
While each robot in the fleet is mostly autonomous in practice,
robot operators are still needed to supervise and manage each robot
and to intervene or troubleshoot when necessary. Often, a single
operator is tasked with monitoring multiple robots and must main-
tain attention to key events and intervene in a robot’s operation.
Many interfaces that facilitate this monitoring consist of multiple
adjacent robot camera feeds streamed to a single screen [25, 74].

The design of such interfaces is crucial to maintaining operator
performance, which prior work indicates is affected by operator
stress, workload, and attention [57, 61]. Attention, in particular, has
led to efforts to improve operator interface design [12], although
this is difficult because operators possess individual differences due
to personal psychology, task-related attentional biases, or being
influenced by the setting within which the operator resides [66, 69].
Multi-robot viewing interfaces should therefore be customized for
individual operator attention needs.

The first step towards customizing a multi-robot viewing inter-
face for a specific operator is to understand the operator’s attention
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profile. For this paper, we refer to an attention profile as an operator-
reviewed collection of recurring gaze-shift patterns, grounded in
the operator’s retrospective rationales and the robot and environ-
mental context surrounding those shifts. In order to assess the
operator’s individual attention profile, including what interface
features and robot actions they are most prone to looking at or
being distracted by, we envision a calibration step that occurs when
multi-robot fleets are deployed in a particular setting. Using this
information, a designer can create or customize an interface tai-
lored specifically to the operator or tweak the robots’ behaviors
in order to appropriately allocate operator attention and mitigate
distractions. In this paper, we take a first step towards the latter,
characterizing how robot behavior coincides with gaze shifts and
how calibration can structure these shifts into attention profiles.

We therefore constructed Attune, a pre-deployment elicitation
tool that facilitates this calibration step by helping characterize
cross-robot gaze shifts on minimal, two-robot configurations, leav-
ing larger configurations to future work. Shown in Figure 1, Attune
first uses eye tracking to record operator gaze during a two-robot
video observation step, selects valid gaze shifts, and then presents
the operators with an annotation tool that guides them in retroac-
tively attribute possible causes to a subset of these shifts. Attune
then uses large language models (LLMs) to further annotate valid
shifts and produce a summary of the operator’s attention profile.

Our evaluation of Attune uses the two-robot setup as a founda-
tional first step for validating the general feasibility of our proposed
workflow, including cross-robot gaze shift production and subse-
quent annotation. Specifically, we conducted a user study that asks
(RQ1) how should annotation tools be designed to elicit retroactive
causal attributions for gaze shifts and (RQ2) what are the charac-
teristics of gaze shifts during multi-robot supervision. Our results
highlight the benefits of structured replay and contextual scaffold-
ing and uncover both shared and variable gaze patterns between
participants and scenarios. Our contributions are:

o System—Attune, a tool that elicits gaze-shift attributions.

o Empirical—an evaluation of Attune’s ability to capture gaze
shift attributions, operator gaze patterns, and usability.

o Design—design implications for improving self-annotation
tools for achieving our vision of operator gaze calibration.

2 Related Work

This work draws from prior research on human attention, interfaces
for robot operators, and interfaces for data annotation.

2.1 Human Attention

The Premotor Theory of Attention ties the preparation of eye motor
movement to attentional changes, thus linking gaze shifts (saccades)
to attention [53]. In the context of human-robot supervisory control,
there are several factors that predict attentional shifts towards
different areas of interest (AOIs)—the salience of the AOI (e.g., its
visual distinctiveness), the expectancy of observing events at a
particular AOI, the value of looking at the AOI and the effort of
the shift [66-68]. Crucially, however, eye tracking alone cannot
determine the cause of a shift. Furthermore, attention shifts can be a
“top-down” (e.g., knowledge-driven) process [66], and can thus differ
from person to person depending on an individual’s own goals and
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experiences [69]. These limitations provide a motivation for using
Attune to rationalize, or attribute possible causes to, gaze shifts.
There is a substantial amount of prior work on both predicting and
leveraging attention to manage human-centered computing [70].
Recently, Pei et al. [44] created AttentionAR, an augmented-reality
interface that monitors user attention and strategically overlays
hazard alerts in the user’s headset. Managing human attention
is also highly relevant in human-robot interaction, where robot
behavioral design is critical to managing operator attention [42].
Prior work shows how to measure [32], interpret [58], guide [40, 51],
and respond to [71] human attention shifts. As further justification
for our own work, Saad et al. [55] show that robot behaviors can
be chosen to appropriately manage human attention.

2.2 Interfaces for Robot Operators

Robot operators encompass a broad range of skilled professionals
whose responsibilities depend on contextual expectations and the
autonomous capabilities of the robot being operated, ranging from
direct control (i.e., teleoperation) [19, 24, 46, 64] to monitoring semi-
autonomous systems with only minimal intervention needed [5].
Interventions are often physical, such as clearing obstacles [47]
and preventing bystander harm [6]. This paper instead focuses on
remote monitoring [18, 31], which often occurs during the deploy-
ment of semi-autonomous “sidewalk” delivery robots [26, 29, 62],
search-and-rescue robots [1], and robots that traverse areas that
are hazardous to humans [11]. In mature deployments, operators
are immersed in camera feeds for extended windows under either
continuous monitoring [10, 21, 74] or manage-by-exception alert
response paradigms [9, 25, 33]. Attune does not assume a fixed
monitoring duration after calibration, intending to apply to both
sustained monitoring and brief (e.g., alert-triggered) windows.

Interfaces must be carefully designed for these operators. In
human-robot interaction, operator performance is uniquely affected
by how the robot presents its autonomy, the reliability of its sensors,
and the duration of its behaviors, among other aspects [16, 17]. Roy
et al. [54] find that how the robot presents its autonomy to a remote
operator affects situation awareness. Poorly designed interfaces that
fail to manage these factors can lead to high operator workload,
poor memory retention, misallocated attention, and, in general,
reduced operator effectiveness [49]. This has led to the careful
development of remote viewing interfaces such as Zhou et al. [74]’s
multi-video ground robot sensemaking interface.

2.3 Behavioral Annotation Interfaces

Behavioral annotation draws from a long lineage of interfaces for
qualitative analysis, much of which focuses on analyzing text con-
tent [2, 14, 34]. Our work instead draws from multimodal (e.g.,
video and audio) human behavioral annotation. BORIS [23] is one
example, which enables annotators to assign qualitative codes to
video and audio content. DOTE [37-39] and ELAN [36, 59] serve a
similar purpose, and are popular in the human-centered comput-
ing community for conducting conversational (and more generally
interactional) analyses between humans or between humans and
robots [43, 45, 48]. Beyond ROSAnnotator, few such tools exist specif-
ically for human-robot interaction [72]. None discussed thus far
are intended for annotating human eye gaze behavior.
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Figure 2: The Attune pipeline, with the output being a synthesized attention profile summarized for the operator to review.

Instead, we require an interface that (1) tracks operator eye gaze
behavior; (2) automatically identifies significant gaze shifts (or sac-
cades) versus stationary gaze fixations; (3) assists the operator in
attributing possible causes to a subset of these saccades; and (4)
automatically attributes causes to previously unseen saccades. Prior
work satisfies subsets of these requirements. Existing research al-
ready addresses the binary classification between fixations and
saccades [28, 63]. Similarly, classifying what a viewer fixates on,
though laborious without assistance from eye gaze trackers [60],
is usually an automatic process [13]. The eyeNotate tool, for exam-
ple, semi-automatically classifies areas of interest from a viewer’s
gaze fixation events [4]. In addition to mapping fixation events to
real-world targets, gazeMapper [41] facilitates analysis of gaze be-
havior in multi-party settings. With all of these aforementioned
tools, however, the causes of saccades are unknown. We specifically
seek a solution that enables viewers themselves (the operators) to
rationalize both top-down and salience-driven saccades.

3 System Design

We designed Attune as a pre-deployment operator calibration facili-
tator for multi-robot monitoring, focusing on a minimal (two-robot)
variant. The system combines multi-video monitoring, eye-tracking-
based gaze recording, and both manual and LLM-assisted annota-
tion in order to capture where operators look, and crucially, help
them explain why they shifted their attention. Through the five
phases shown in Figure 2, we aim to surface individual operator
attention profiles, or their self-confirmed accounts of recurring
gaze shift rationales. These phases form a one-time, human-in-the-
loop, pre-deployment calibration step: (1) video sensemaking to
capture operator gaze; (2) gaze-shift annotation; (3) cross-shift pat-
tern analysis; (4) pattern-guided auto-annotation generation; and
(5) synthesis and summarization of the operator’s attention profile.
Scenario. We use a scenario to assist in our description of Attune.
Consider a company that is deploying a fleet of robots at a hospital.
The robots make deliveries between staff and patients, while a robot
operator observes the fleet remotely and intervenes when necessary.
It is crucial that the multi-robot supervision interface used by the
operator effectively manages operator attention. For example, if
one robot in the fleet is performing a high-risk task, the others
should not draw the operator’s attention. A designer who works
for the company is responsible for ensuring that the behaviors of
each robot in the fleet are appropriately calibrated to the operator’s
attention profile and uses Attune as a calibration facilitator.

3.1 Phase 1: Multi-Robot Video Sensemaking

Figure 3 depicts our sensemaking interface, which supports viewing
two robots concurrently executing independent tasks. Each robot is
accompanied by three synchronized camera views from the ceiling,
the robot’s head point-of-view (POV), and its gripper POV, ordered
from left to right. In total, this yields six synchronized video streams.
This design is intended to facilitate the characterization of the
operator’s gaze shifts both within the same robot (cross-view shifts)
and across different robots (cross-robot shifts).

While the operator monitors the robot feeds, Attune records
their eye gaze. Gaze is saved both as pixel-level gaze records (e.g.,
the exact position of eye gaze on the monitor) and discretized gaze
records that specify which video region is being viewed at each
moment. Gaze is synchronized with video playback to enable direct
correspondence between gaze behavior and video events.

In addition to video time, gaze is aligned with discrete robot ac-
tivity, inspired by the hierarchical abstractions that are common in
the task planning literature [22, 27]. Shown in Table 1, the different
levels of robot activity include (a) the high-level goal currently be-
ing pursued by the robot; (b) the subgoal that the robot is currently
executing in pursuit of the larger goal; (c) the current action being
executed; (d) the robot’s low-level motion; and (e) the robot’s joint
state. In practice, this information can come from the robot itself.

In addition, Attune uses YOLO [52] to extract and segment visual
cues from each video, which are stored as object labels and maskable

Table 1: Our hierarchical definition of robot activity.

Rob. Activity Labels

Goal Domain specific. Examples include tidy kitchen.
Subgoal Domain specific. Examples include wash dishes.
Action Open, close, grab, carry, drop, navigate, approach, trans-
port, wait, notify, activate, deactivate, pull, push, adjust
[limb], change view, remain stationary.
. Gripper open/close, base movement, arm retract/extend,
Motion . . .
arm lift/down, head move, wrist rotate, idle.
Gripper State  Discrete based on openness: closed, partially open, open.

Wrist State

Head State

Pitch, yaw, and roll discretized into combined labels: neu-
tral, up, down, left, forward, right, (strong) rolled, stowed.

Combinations of pan and tilt: (far) left, forward, (far)
right, back, (strongly) down, level, (strongly) up.
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Algorithm 1 Selecting Gaze Shifts for Review

1: Split video V into temporally equal bins v € V

2 PMA ] > Curated, manual, and auto pools
3: forallv € V do

4 skip v if no valid shift exists for either type

5: repeat

6 > cross-robot/view
7 > See Table 2
8
9

Jr» §o <— SAMPLESHIFTS(0)
until CURATE(g,) A CURATE(g,)
APPEND(P, (2,91, 90))

. end for
10: P « SHUFFLE(P)
11: Put m shifts of each type in M
2: Put n shifts of each type in A

> Manual pool
> Auto pool

—

visual regions. As a result, each gaze shift can be interpreted with
reference not only to video time, but also to ongoing, discrete robot
behaviors and visible task-relevant objects at that time.

Sensemaking in Action: In our scenario, the operator sits in
front of a computer monitor and watches both robots conduct
different tasks. Shown in Figure 3, Attune records and maps their
gaze to robot activity and visual cues.

3.2 Phase 2: Data Annotation Interface

After the sensemaking session, the operator enters the annotation
tool shown in Figure 4, a dedicated workspace for retroactively ra-
tionalizing gaze shifts. This phase is designed specifically to occur
after (i.e., rather than alongside) the sensemaking phase to avoid dis-
rupting natural operator gaze patterns. The annotation tool merges
valid gaze shifts from Phase 1—cross-robot and cross-view—into
a time-sorted list. For each robot, the operator can inspect time-
aligned tracks beneath the videos that show contextual information:
goal, subgoal, action, motion, joint state, and visual cues.

The first part of annotation is automatic gaze shift selection,
followed by operator shift inspection and replay, which is facilitated
by nonlinear timeline magnification. The operator then engages in
structured annotation to retroactively attribute causes to gaze shifts.
Note that structured annotation is subject to memory degradation.

Gaze Shift Selection: Attune automatically selects and curates
gaze shifts for the user to annotate from the set of observed gaze

shifts. In order to capture the operator’s stable viewing rhythm
while reducing early-session novelty effects and recall decay, se-
lection and curation only occur within the most recently viewed
segments, specifically the final five minutes of each session. Algo-
rithm 1 depicts the selection procedure. Attune first partitions the
videos into temporally equal bins (Line 1). Attune then samples
(Line 6) and attempts to curate (Line 7) a cross-robot and cross-view
gaze shift from within each bin, where curation is successful if any
of the five rules in Table 2 apply for both shifts. Curated gaze shifts
include shifts from one camera view (A) to another (B) where gaze
dwells on both the source view A and destination view B for at least
100ms (a typical minimum gaze fixation duration based on Salvucci
and Goldberg [56]). Gaze episodes shorter than 100ms on either
view are excluded as saccadic pass-throughs or transitional move-
ments. Sometimes, gaze shifts originate from or target portions of
the interface that are outside of the six camera views. We designate
these as bridge shifts to or from an unknown region. Bridge shifts
from A— unknown or unknown— B are successfully curated if the
time spent in the unknown region is at least 200ms (an operational
threshold informed by Manor and Gordon [35]). Most shifts are
sampled randomly to preserve ecological validity; a small subset is
quality-anchored by selecting shifts with the longest dwell-before
durations, ensuring the inclusion of high-confidence, unambiguous
shifts alongside temporally representative ones.

Attune divides curated shifts into a set M for manual annota-
tion (Line 11) and A for auto-annotation (Line 12, see Phase 4).
Each set contains an equal number of cross-robot and cross-view
shifts. Attune overlays gaze-shift indicators on the timeline to help
operators quickly locate moments of attention transition.

Shift Inspection and Replay: Attune displays M on the time-
line and in a list at the bottom right side of the screen from which
operators can select curated gaze shifts. Selecting a shift opens
an annotation card in the right panel (Figure 4 (a)). Attune then
presents the shift timestamp (Figure 4 ‘b)), the from and fo camera
views (Figure 4 (¢ ), and the temporally aligned robot context sur-
rounding the shift (Figure 4 d ). To support recall, the system offers
two replay modes: (1) a replay shift that focuses on the transition
between from and to views, and (2) a replay context that begins
5s before the shift and ends 0.5s after (Figure 4 (e ). During both
replays, the from and to views receive directional overlays and the



Attune: A Self-Annotation Tool for Understanding Robot Operator Attention Profiles

T A
/0

UIST 26, November 02-05, 2026, Detroit, MI, USA

Time: | 00 of session (3:00 - 8:00
m Show: | Hand annotation || Auto annotation | More shifts

= - -
e Raplay shift

2 head)

Replay context Finish

Task | - recover from manipulation error ‘wait for next con tidy dp misplaced ifems

Action odj r adjustwrist  adjsuta odj adj ¢ - change view re\ppraoch object

wrist - B Netral + Right

Visual

3012 3:20.1 33361 3:40. 4:01 4:11.85 4 5051 5:19.7

. RN ORCOREED
i

Task | - wait for ne ledw wait 1 pick paper fowel from the cabingt

<7
Action remainste m ¢ rema approa opend GPproa: re ¢ re|a remw « re @ remain apgrc rem ppprogehitobrge hdj bben door r appropch

Motion e [BER e [HEGHR] oo ORI <) o8 e 0 5 e
Wrist Strong Roll [BEEERRR ioh + Rotes

Visual

ot o SR oo Y ] « o N .o Hm

appr @i rem grob.

Nm- Neutral + Forward

push object
WHY DID YOU ARRIVE AT ROBOT CEILING?

@ WHY DID YOU LEAVE ROBOT2 HEAD?
Action v|| opendoor || Explanation/Complen %
Task v og- Al A |
ANYTHINGELss  Tecover from manipulation error

When the options abave don't dascriba what you want.

E SHIFT TYPE

Reactive Proactive
something grabbed my 1 decided to check the
attention ather

Unsure
can't tell which

CONFIDENCE how sure are you about this annota
High Medium Low

@Asmmcumn how clear is your memory of this gaze shiff

Clearly

Somewhat Guessing Don't recall
remember

6573 7 [t.lz.z R29R1 sh.mmmmbernaadmronoﬂmlmg] *

4:14.6 R1%R2  shift from robot] ceiling to robot2 head
franspord « frpnsport Fut

R EE [ e ¢
.

42832 RIPRZ  shiftfromrobotigrippertorobothend  Reslore

idie bose changlgl

Figure 4: The annotation tool. The annotation card ‘a enables operators to annotate specific shifts ‘b that occur between
different robot views (¢ . Operators can control replay during annotation (d and e ), view their recent gaze shift (the blue
arrow) and gaze point (the pink dot) (f , attribute a cause for the shift (g and 'h) and their confidence (i .

Table 2: Rules for curating valid gaze shifts. A, B, and C are
different robot views (cross-view or cross-robot). Unknown
denotes areas of the screen that do not correspond to a view.

Raw shift Curated shift
A (= 100ms) — B (> 100 ms) A—B
A (> 100ms) — B (< 100ms) — C (> 100 ms) A—C
A (= 100 ms) — unknown (< 200 ms) — B (> 100 ms) A— B

unknown (> 200 ms) — B (> 100 ms) unknown — B

A (> 100 ms) — unknown (> 200 ms) A — unknown

gaze point and recent trajectory are drawn on screen (Figure 4 (f ).
The remaining four views are dimmed.

Nonlinear Timeline Magnification: To further assist with
causal attribution, the system applies a piecewise nonlinear tempo-
ral mapping over the interval [t —90s, t+30s]. The earliest segment
[t — 90, t —30] occupies 30% of the timeline width; the immediately
preceding segment [t — 30, t] occupies 60% and is highlighted with
an orange overlay; and the post-shift segment [t,¢ + 30] occupies
the remaining 10%. Attune thus magnifies the 30s most likely to con-
tain the causal event while preserving earlier history and post-shift
context in compressed form for a quick overview.

Structured Annotation: Within an annotation card, the opera-
tor provides structured explanations for why they left the previous
view (why leave) and why they arrived at the new view (why ar-
rive), retroactively drawing causal links between their gaze shift
and the contextual information that may have drawn their shift
(Figure 4 (g ). Attune also offers a free-response text box if none
of these action or visual categories apply. Operators also label the
shift type, or whether their gaze shift was driven by “bottom-up”
(labeled reactive gaze shifts by the interface, reflecting involuntary
shifts) or “top-down” (labeled proactive gaze shifts by the interface,
intended to reflect voluntary gaze shifts) mechanisms (Figure 4 'h)).
Operators additionally provide confidence of their annotations and
a rating of their memory clarity (Figure 4 (i ). Overall, the annota-
tion card organizes operator reasoning and preserves the flexibility
to capture nuanced or ambiguous motivations in free text.

For attributing non-robot visual cues to gaze shifts, operators
can select YOLO-segmented objects from the relevant video frame,
re-label objects if necessary (e.g., if misclassified), and draw masks
over unclassified areas of the view to select and label objects not
caught by YOLO. Operators can then attach the resulting cue to the
annotation card. Figure 5 depicts visual annotation.

Annotation in Action: In our scenario, after the monitoring
session, Attune guides the operator to review a curated set of their
gaze shifts selected from the final few minutes of recording. From
the sample, the operator selects a shift in which they moved their
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Figure 5: Attune highlights YOLO-recognized objects ‘a and
enables operators to label unclassified regions ‘b .

gaze from one robot’s gripper camera to another robot’s head cam-
era, and uses the replay tool to re-examine the transition. After
watching the segment, the operator explains in the annotation
card that they left the gripper view because the manipulation had
completed, and arrived at the head view because the second robot
appeared to be approaching a person. Attune records this structured
explanation alongside any robot and visual context at the shift.

3.3 Phase 3: Attention Profile Pattern Analysis

We define a pattern as an operator-specific, recurring explanatory
structure for multiple gaze shifts—for example, leaving views when
manipulation actions complete, or arriving at new views when
task-relevant objects become visible. Figure 6 depicts our pattern
analysis interface. Once an operator has annotated a set of gaze
shifts, the system supports abstraction from individual cases to
higher-level viewing patterns.

Pattern Inference: The Attune backend organizes the annotated
shifts into a structured payload containing the why-leave and why-
arrive rationales, robot activities, visual cues, gaze-timing features,
and operator ratings, and submits it to a zero-shot LLM-based clus-
tering stage (Gemini-2.5-Flash).! The LLM clusters shifts primarily
by the semantic similarity of operators’ why-leave and why-arrive
explanations, grounds the resulting groups against shared robot
and visual context, and produces candidate patterns accompanied
by scope descriptions, supporting evidence, and LLM confidence.
Memory-clarity and self-confidence ratings from Phase 2 serve as
auxiliary reliability signals rather than primary clustering criteria.

Operator Review and Refinement: The system presents can-
didate patterns to the operator for review and refinement. For each
pattern, the interface displays the LLM-generated description along-
side the supporting annotation cards, allowing the operator to re-
play individual gaze shifts and revisit their original reasoning before
accepting or modifying the pattern. The operator may revise any
patterns and confirm those that accurately represent their moni-
toring strategy. Approved patterns are saved to a reviewed pattern
library, which is carried forward in subsequent phases.

Pattern Analysis in Action: In our scenario, Attune infers can-
didate patterns from the operator’s annotated shifts and presents
each one with its supporting annotation cards. The operator can in-
spect the evidence, replay the linked gaze shifts, and verify whether

The prompts and code for Attune are available at https://ari-lab-gmu.github.io/
Attune_UIST26/.
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the inferred description matches their original reasoning. If needed,
they can revise the pattern before saving it. Figure 6b shows a pat-
tern pending review, while Figure 6a shows a reviewed pattern and
how the operator can refine the description. Confirmed patterns
are added to the attention profile.

3.4 Phase 4: Pattern-Guided Auto-Annotation

As a continuation of the one-time, human-in-the-loop calibration,
Attune then uses the operator’s attention profile pattern to acceler-
ate annotation of additional gaze shifts, using LLM assistance to
reduce annotation burden while engaging operators for verifica-
tion. Specifically, Attune propagates the operator-annotated shifts
and operator-confirmed patterns to unseen shifts selected from the
auto-annotation set A, rather than inferring them from scratch.
For each shift that the operator selects from A, Attune constructs a
structured prompt combining local shift context, pre- and post-shift
robot state summaries, YOLO-derived visual cues, gaze timing fea-
tures, and the operator’s reviewed pattern library. This prompt is
submitted to a fast, low-cost LLM (Groq Llama-3.3-70B-Versatile),!
which proposes candidate annotations for shift type, why leave, and
why arrive, each accompanied by a confidence level and a brief
explanation of the reasoning behind the suggestion.

The generated annotations are treated as editable suggestions
rather than final labels. Within each annotation card, the operator
can auto-generate or regenerate annotations at any time, inspect the
proposed reasoning, and accept, modify, or discard each suggestion.
The operator retains full responsibility for the final interpretation
and must still provide confidence and memory-clarity judgments
after reviewing the generated content.

Auto-Annotation in Action: Auto-annotation is intended to be
much faster than manual annotation. In our scenario, the operator
selects a new gaze shift from the auto-annotation pool. The system
retrieves the shift context and matches it to the reviewed pattern
library. The operator inspects the suggested reasoning, confirms,
edits, or deletes the why leave explanation, and revises the why
arrive explanation to reflect that the transition was triggered by a
visible object rather than task anticipation. The amended annotation
is saved alongside its confidence and memory clarity ratings.

3.5 Phase 5: Personal Summary and Reflection

In the final phase, Attune synthesizes the operator’s complete an-
notation history (both manually and auto-annotated shifts) and
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the reviewed pattern library to produce Attune’s final output: an
operator-facing summary generated with Gemini-2.5-Flash.!

The first part is a reflective annotation summary that character-
izes the operator’s annotation style—for example, how consistently
they applied structured labels, how often they relied on free-text
reasoning, and the distribution of their confidence and memory-
clarity ratings across shifts. This gives operators a transparent
picture of how they engaged with the annotation process itself.
The second part presents the operator’s attention profile summary,
describing the reviewed patterns that characterize their monitoring
strategy—for example, which robot states or visual events most
reliably triggered attention shifts, and whether the operator tended
toward cross-robot or cross-view transitions. This gives operators a
consolidated view of their own attention tendencies as captured and
verified across Phases 2 and 3. The third part shows explicitly how
Attune operationalized those patterns during auto-annotation in
Phase 4—surfacing which patterns were invoked most frequently,
how they mapped onto the auto-generated why leave and why
arrive suggestions, and which suggestions the operator accepted,
revised, or discarded. Within the same part, a shift-level view fur-
ther presents, for each shift, how the operator engaged with the
auto-annotation, including whether they accepted, revised, or dis-
carded the suggestions, and what those choices reveal about the
coverage and limitations of the inferred pattern library. We aim to
help operators understand how the system used their attention pro-
file and where the inferred patterns may need further refinement.

Summary and Reflection in Action: After completing the
auto-annotation phase, Attune presents the operator with their
personal summary. The operator reviews the summary, inspects
which patterns drove the auto-annotations in Phase 4, and reflects
on where they accepted or revised the generated suggestions. The
operator edits the summary to note any refinements, and the up-
dated record is saved to their personal summary, completing the
calibration session. This summary is then delivered to the designer.

3.6 Implementation

We implemented Attune as a desktop application' integrated with a
stationary Tobii Pro Spark (60 Hz) eye tracker. The system consists
of a React/TypeScript frontend and a FastAPI backend that com-
municates with the eye tracker through a Tobii SDK. The frontend
supports synchronized video playback, gaze replay, annotation,
timeline visualization, and summary presentation. In the current
version of Attune, video playback is pre-recorded. The backend
handles gaze recording, annotation persistence, LLM orchestra-
tion, and staged output storage. The choice to use two different
LLMs rather than one reflects a quality-latency trade-off: Phase 3
clusters each operator’s shifts once per session and Phase 5 gen-
erates a full operator summary, so they benefit from stronger se-
mantic reasoning (Gemini-2.5-Flash), whereas Phase 4 generates
per-shift suggestions at high throughput, favoring a faster, lower-
cost model (Llama-3.3-70B). The choice to use LLMs rather than a
vision-language model (VLM) is motivated by the visual context
being already symbolized—gaze shifts are reasoned over YOLO-
derived object labels and annotated robot activity rather than raw
pixels. VLM integration, conditioned on operator-reviewed visual
patterns, is left for future work.
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Figure 7: The setup for our evaluation.

4 Evaluation

We evaluated Attune with an IRB-approved user study in which
participants used Attune to monitor robots and annotate their gaze.

4.1 Procedure

Prior to the study, we constructed a video dataset comprising three
scenarios involving a physical Stretch 3 robot [30]—kitchen ac-
tivities, living room activities, and hallway missing person search.
Each scenario was recorded twice from three synchronized vantage
points—ceiling, robot head, and robot gripper—resulting in three
pairs of synchronized video triplets, ranging from 35 to 83 minutes
in length. Videos in the same pair were captured on nearby days and
at similar times of day to preserve comparable lighting conditions
and overall scene appearance. By simultaneously playing videos
within a pair, we mimic multi-robot supervision of two robots.

After the consent stage and eye-tracker setup, the study con-
sisted of three phases: monitoring, annotation, and review, depicted
in Figure 7. During monitoring, each participant used Attune to
watch eight minutes of video from one scenario. We assigned four
participants per scenario. For each participant, the position of each
robot on the sensemaking interface (i.e., top or bottom) and the
starting timestamps for the eight-minute video duration were ran-
domized, resulting in a unique combination of sensemaking videos
per participant. Our choice to have a unique combination per par-
ticipant reflects a deliberate breadth-over-depth study design that
reduced within-scenario statistical power but provided broader
qualitative coverage and limited overfitting to any single setting.
Participants were instructed to verbalize aloud to the robot in or-
der to keep them engaged with the videos and prevent them from
losing focus. Next, during annotation, participants reviewed and
annotated the rationales behind a subset of curated gaze shifts
from M (5-8 shifts) and A (5 shifts), including whether the shifts
were reactive or proactive, and their annotation confidence. They
also rated memory clarity for each annotation. As described in §3,
the annotation phase was designed to occur after (i.e., not co-occur
with) the monitoring phase in order to avoid disrupting participants’
natural gaze behavior. Finally, during review, participants reviewed
the Al-generated patterns, auto-annotated gaze shifts, and their
participant-facing summary, and then answered questions about
their experience.

4.2 Participants

We recruited 12 naive participants (8 male, 4 female) from the Mason
Square campus at George Mason University. Four participants wore
corrective lenses; all reported normal or corrected-to-normal vision,
and none had prior experience with gaze-based annotation systems.
Participants were compensated at $30 USD per hour.
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4.3 Data and Measures

Our data consists of: (1) eye gaze recorded continuously via the
eye tracker at 60 Hz; (2) user annotations, including why-leave and
why-arrive responses, shift types, confidence ratings, and memory
clarity; (3) interviews via phase-embedded questions, where after
each phase of the study, we asked participants a targeted ques-
tion corresponding to that phase and, if time permitted, additional
questions at the end of the session; (4) audio; and (5) questionnaires.

We checked the audio to characterize participants’ verbalization
behaviors and analyzed participant gaze patterns to assess individ-
ual differences and group-level similarities. We relied on a custom
questionnaire, participant annotations, and interview data to assess
Attune’s ability to elicit causal attributions for gaze shifts. Lastly,
we measured usability and usefulness via both the System Usability
Scale (SUS) [8] and interview data.

4.4 Results

4.4.1  Verbalization Behaviors. All participants verbalized aloud
to comment on both robots during the monitoring session. Par-
ticipants adopted different strategies: some spoke to the robots
continuously as if they were companions, whereas others only
verbalized when they noticed something worth warning about.
Because speech production and eye gaze behavior occurred con-
currently, these verbalization strategies may have affected partici-
pants’ observed gaze patterns. It is therefore necessary to interpret
participant-level differences as conditioned by our monitoring and
verbalization protocol rather than as definitive evidence of natural
attentional traits. Indeed, one participant noted that focusing on
speaking made it harder to later recall gaze shift rationales.

4.4.2 Gaze Patterns. The following analyses characterize observed
gaze allocation, but do not adjudicate whether observed individual
shifts are primarily task-driven or salience-driven, as our study
does not assume a normative gaze pattern for these open-ended
monitoring tasks, nor does it include independent task-based or
visual-saliency benchmarks. A normative ground truth would re-
quire a separate causal model built from larger expert data. Fig-
ure 8 shows how participants distributed visual attention across
Attune’s sensemaking interface. Rather than monitoring all six
views uniformly, participants appeared to concentrate on a subset
of camera regions within each scenario, forming clear hotspots.
Meanwhile, gaze patterns varied across participants, with some
participants focusing attention on a few views, whereas others
distributed attention more broadly. Across the three scenarios, the
spatial distribution of attention shifted as well.

In order to quantify participant gaze patterns, we focus our
analysis on how many times each participant “shifts in” to robot
actions and motions, normalized by the prevalence of the action
or motion. Specifically, we define an attraction score as the ratio
of the activity’s share of valid cross-robot shift-in events to its
proportional duration in the session. Scores above 1.0 indicate the
behavior attracted gaze shifts more than would be expected from
its occurrence frequency alone, while scores below 1.0 indicate
under-attraction relative to its prevalence. Our subsequent analyses
are cross-robot only, as cross-view transitions involved minimal
changes in robot activity and showed high redundancy, whereas

Puqi Zhou, Sungsoo Ray Hong, and David Porfirio

cross-robot shifts captured the meaningful allocation of attention
across robots in response to their activities.

Our analysis of attraction scores across all participants for each
motion and action category found that fine-grained manipulator
motions and goal-directed actions scored consistently above base-
line (score > 1.0), while gross locomotion and idle states attracted
cross-robot shifts below baseline. This indicates that participants
were most reliably drawn to the other robot during precise ma-
nipulation and task execution and that some robot behaviors may
act as shared attentional anchors. Still, participant-level monitor-
ing strategies introduced meaningful variation in cross-robot gaze
allocation, highlighting the need for personalized calibration.

We then computed pairwise rank correlation between attraction
scores using Kendall’s 7, and overall agreement using Kendall’s W
across all participants and within scenario-based subgroups (P1-P4
for living room, P5-P8 for kitchen, and P9-P12 for hallway). Figure
9 depicts our results. For actions, overall agreement was modest
but significant (W = 0.24, y2(21) = 61.1, p < .001), indicating that
participants exhibited some shared patterns in which actions drew at-
tention. This agreement was substantially stronger within scenario
groups (W = 0.54-0.70, all p < .01), with pairwise 7 values show-
ing more consistent gaze patterns among participants viewing the
same scenario and less consistent patterns across scenarios. For mo-
tion, overall agreement was lower and only marginally significant
(W =0.14, y*(12) = 19.9, p = .07), suggesting greater heterogeneity
in how participants attended to motion. However, this variability
was not uniform: participants P9-P12 showed relatively strong
agreement (W = 0.57, p = .007), while agreement was moderate
for P5-P8 (W = 0.40, p = .08) and minimal for P1-P4 (W = 0.18,
p = .74). Pairwise 7 values further reveal substantial participant-
dependent variation.

Taken together, these exploratory results suggest that partic-
ipants were most similar to one another in how they attended
to actions within a shared scenario, while differences emerged
more strongly across individuals and scenarios, particularly in how
motion was prioritized, pointing to both scenario-dependent and
participant-dependent variation in gaze shift patterns. However,
because each participant viewed a different video pairing and partic-
ipants adopted different verbalization strategies, these differences
cannot be attributed solely to stable individual or scenario-based
attentional tendencies. We have yet to separate out session-level
variation under the present monitoring and verbalization protocol.

4.4.3 Effectiveness of Causal Attribution. Participants generally
perceived Attune as helping them make their gaze-shift reason-
ing explicit. On a 7-point Likert scale (1 = strongly disagree, 7 =
strongly agree) responding to the question of whether their per-
sonal summary is “reflective and helpful,” participants’ average
response was M = 5.92 (SD = 0.67), indicating agreement that the
system captured participants’ attention-allocation strategies.

We also examined Attune’s ability to distinguish proactive and
reactive gaze. Cross-checking proactive/reactive labels against par-
ticipants’ corresponding free-response why-leave and why-arrive
rationales from their annotations, there is evidence that both forms
of gaze exist in the study task and that participants understood
their meaning. Proactive-labeled shifts often invoked deliberate
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Figure 8: Participant-level gaze heatmaps across the three scenarios: Living Room, Kitchen, and Hallway. Each panel shows one
participant’s normalized gaze density on the same six-view robot video interface. Warmer colors indicate higher gaze density.

monitoring goals (e.g., ‘T just wanted to check how Robot 2 was do-
ing,” P11), indicating that participants did not describe all gaze
shifts in terms of visual salience alone. Reactive-labeled shifts often
invoked perceptually salient events (e.g., ‘T saw a large bottle-like
object at the top of the screen, so I needed to verify,” P2). Still, self-
labels and free-response rationales are inherently retrospective and
cannot truly establish whether the underlying attentional mech-
anism is top-down or bottom-up. We therefore interpret them as
participant-endorsed rationales rather than causal classifications.
Using Braun and Clarke’s reflexive thematic analysis approach [7],
we further analyzed the interviews for Attune’s performance as a
retrospective causal attribution tool. Four themes emerged.
Theme 1: Annotation as a Scaffold for Externalizing Monitoring
Reasoning. Participants consistently reported that the annotation
process surfaced attentional patterns they had not previously rec-
ognized, generating new self-insight rather than simply recording
pre-existing knowledge. Several described encountering gaze-shift
tendencies for the first time—recognizing an unconscious habit of
disengaging when scenes became predictable, or realizing their
switching behavior followed patterns never consciously registered
(P4, P10). Participants highlighted the value of the why-leave/why-
arrive structure for reconstructing shifts from both perspectives,
and noted that classifying shifts as reactive or proactive further
deepened reflection. Reviewing the Al-generated summary helped
participants reconnect with thoughts from monitoring (P1, P9).
Theme 2: Retrospective Reconstruction. While participants could
generally produce plausible explanations for gaze shifts, several
questioned whether these faithfully reflected in-the-moment rea-
soning, noting that knowing the clip outcome made it difficult to
disentangle genuine recall from post-hoc justification (P2, P7). P8
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Figure 9: Cross-robot action and motion correlation matrices.

captured this ambiguity: “I'm not sure if it really helped me remem-
ber, or if it makes me fake remember—I cannot tell the difference.”
The replay function and gaze-shift timeline partially addressed this
by restoring attentional context at the point of annotation (P5, P9),
while confidence and memory clarity ratings helped participants
avoid overclaiming certainty.

Theme 3: Robot Intentionality as Gaze Anchor. To identify the
primary drivers of gaze shifts, participants ranked four contextual
cues by importance. Using Borda count aggregation (N = 12) [20],
Robot Context ranked highest (6/12 first-place rankings; score = 28),
followed by Visual Context (4/12; score = 24), Task Context (2/12;
score = 20), and Others (0/12; score = 0), suggesting that robot behav-
ior was the dominant attentional cue, with visual salience having
secondary importance. Gaze allocation was anchored to partici-
pants’ real-time interpretation of robot intent: when behavior was
legible, operators directed sustained attention; when intent became
ambiguous, gaze lost its anchor and became passive. P11 noted
feeling bored when a robot became stuck, but re-engaging the mo-
ment it appeared to discover a new object. P1 ranked Task Context
lowest because “most of the time I couldn’t understand what the robot
was trying to do.” These findings suggest that operator attention
profiles are not stable personal traits, but are co-constructed with
the legibility of robot behavior.

Theme 4: Accuracy Threshold for AI Annotation as Cognitive Scaf-
fold. Participants responded positively to Al-generated summaries
when the summaries compressed behavior into an interpretable pro-
file. P3 described the result as feeling “like my profile,” and P5 noted
it “aligns perfectly with the summary the annotation generated for
me.” However, participants noted that current outputs were more
descriptive than interpretive (P9) and sometimes conflated object-
and scene-level attention (P10). A clear accuracy threshold emerged:
P9 estimated roughly “80 or 90% accuracy” would be needed be-
fore preferring Al annotation over manual effort, and also noted a
cognitive tradeoff— “although I take less time with Al annotation...I
feel more cognitive load.” Participants favored a validation-oriented
workflow (P6) over full automation, suggesting Al support should
be framed around efficient review rather than replacement.

4.4.4  Usability and Usefulness. Attune received a mean SUS score
of 75.21 (SD = 14.48), corresponding approximately to Bangor et al.
[3]’s Good anchor. Several Attune annotation components were
widely valued: the replay function and gaze-shift timeline helped
restore attentional context at the point of annotation (P1, P5, P9),
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and the why-leave/why-arrive structure was preferred over single-
question formats for its ability to reconstruct a shift from both
perspectives (P6, P8). The primary usability complaint was informa-
tion density—P10 proposed progressive disclosure via step-by-step
pop-ups, noting that presenting all options at once confused new
users. Participants rarely struggled to describe gaze-shift reasoning
in natural language; difficulty emerged when mapping explanations
onto predefined categories. P9 found fine-grained labels—such as
safety type, role, or task—difficult to distinguish, while P5 noted that
the full option set appeared regardless of clip context and argued
that the system should dynamically narrow viable choices.

5 Discussion

Attune is a pre-deployment elicitation tool that helps operators
retrospectively reconstruct and characterize their gaze shifts during
multi-robot monitoring. It is conceived as an initial step toward a
broader calibration workflow in which designers may ultimately use
operator-confirmed attention profiles to inform robot behavior and
interface design before deployment. Our evaluation helps reveal
the viability of this vision and surfaces three design implications
for calibration systems. We discuss these implications below.

5.1 Implication: Annotation Elicits Rationales

A central finding is that retrospective, calibration-oriented gaze-
shift attribution does not merely record operator behavior; it can
also help elicit operator knowledge. Participants often recognized
attentional tendencies during annotation that they had not explic-
itly articulated before, such as disengaging when a scene became
predictable or switching views in response to cues they had not
consciously registered (P4, P10). This suggests that calibration may
elicit tacit knowledge that is practice-based, context-dependent,
and not readily accessible through direct introspection alone [50].

Attune’s annotation workflow appears to support this process
in several ways. The why-leave/why-arrive structure helped partic-
ipants interpret gaze shifts from both the source and destination
perspectives, while the reactive/proactive classification encouraged
reflection on broader top-down and bottom-up patterns rather than
isolated events. Together, these findings suggest that calibration-
oriented annotation supports event-level explanation rather than
merely recording where operators look.

At the same time, retrospective annotation introduces a method-
ological tension: participants may reconstruct plausible explana-
tions rather than retrieve original in-the-moment reasoning, espe-
cially when clip outcomes are already known (P8). This post-hoc
approach was nevertheless deliberate, as requesting explanations
during monitoring would interrupt the monitoring task and could
alter the gaze behavior being observed. One alternative that avoids
directly interrupting the monitoring task is passive inference over
substantially more data than a short calibration session can provide.
Retrospective annotation therefore trades a risk of recall decay
for gaze behavior that remains uncontaminated by the act of mea-
surement. Our findings suggest that replay, nonlinear timeline
magnification, and confidence or memory-clarity ratings may help
mitigate this risk, but do not eliminate it. Video length also remained
a consistent source of recall degradation. More broadly, these re-
sults suggest that calibration should be treated not as passive data
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collection, but as a structured elicitation process that helps oper-
ators externalize otherwise implicit monitoring strategies while
accounting for the limits of retrospective recall.

Design Recommendation: Calibration systems should explic-
itly support operator memory during retrospective annotation, for
example, through visual signposting, rapid replay around shift
boundaries, and explicit uncertainty marking for later review.

5.2 Implication: Robot Legibility and Attention

Our findings suggest that operator attention profiles should not
be interpreted as purely internal preferences, but are co-shaped
through interaction with robot behavior and how legibly it com-
municates state and intent. What operators choose to monitor may
partially depend on how clearly the robot communicates its state,
intention, and ongoing activity to the operator.

This matters because a gaze shift can reflect different causes.
In some cases, it indicates purposeful monitoring of meaningful
robot activity. In others, it reflects an effort to resolve uncertainty
caused by ambiguous motion, weak signaling, or limited visual
evidence. Seen this way, calibration does not simply capture where
an operator prefers to look; it can also reveal where robot behavior
or multi-view presentation fails to support efficient supervision.

More broadly, these findings suggest that calibration should be
treated as a relational process rather than a one-sided profiling
method. An attention profile may reflect the fit between operator
expectations and robot legibility. Repeated shifts toward moments
of ambiguity, verification, or missed cues can indicate not only
attentional tendencies, but also opportunities to redesign robot
behavior for more interpretable supervision.

Design Recommendation: Calibration systems should account
for robot behavioral legibility when interpreting attention profiles,
so that attention patterns are understood as a function of both
operator strategy and the clarity of robot intent.

5.3 Implication: Al Assistance Scaffolds and
Shapes Reflection

Our findings suggest that Al assistance can make calibration more
scalable by reducing annotation effort and helping operators recog-
nize broader attention patterns that may be difficult to extract from
raw annotations alone. Participants often found Al-generated sum-
maries useful for making their monitoring tendencies more legible,
suggesting that the pipeline can transform fragmented annotations
into meaningful inputs for future design work. At the same time,
the value of Al assistance appears contingent on suggestion qual-
ity, where participants expressed that Al usefulness depended on
whether a suggestion matched their own recollections. Suggestions
that matched participants’ recollections appeared to reduce effort
and support reflection, whereas mismatches increased perceived
verification burden and could undermine the validity of the calibra-
tion itself. This risk was especially pronounced when participants
no longer remembered the original gaze event clearly enough to
confidently confirm or reject a suggestion. In such cases, Al assis-
tance risks introducing plausible but unverifiable interpretations
that could shape, rather than merely support, the operator’s expla-
nation of their own attentional reasoning. This concern motivates
bolstering human-in-the-loop calibration, in which inadequately
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calibrated models may produce plausible but spurious rationales.
In our case, rather than inferring subjective intent from scratch,
Phase 4 propagates rationales anchored in the operator’s manual
annotations and reviewed patterns. This calibration incurs upfront
effort; future mixed-initiative approaches could reduce that cost by
prioritizing ambiguous or informative shifts for manual review.

Overall, our findings suggest that Al-assisted calibration should
be designed as a human-in-the-loop, verification-oriented work-
flow, thus scaffolding reflection, rather than a purely automated
workflow. Automated gaze analysis answers where and when the
eye moved, but the rationales participants surfaced were tacit and
not present in any signal. Annotation and pattern analysis provides
this signal, suggesting why an operator’s gaze shifts. As such, we
view calibration as necessary for telling a designer what to change.
We argue that the initial cost of acquiring this signal is outweighed
by its benefit, as it grounds later automation in the operator’s own
confirmed rationales rather than in inferences from external cues.
After manual annotation, Attune positions the operator as the fi-
nal interpretive authority, thus preserving a verification-oriented
workflow. To ease future verification burdens, low-confidence Al
suggestions with low information gain can be suppressed.

Finally, participants’ privacy concerns suggest that this reflective
support must also be bounded in its long-term use. Repeated cali-
bration across deployments may enable increasingly fine-grained
behavioral profiles of individual operators, raising concerns about
secondary use beyond the original calibration context. Calibration
systems should therefore make data retention limits, access bound-
aries, deletion after the calibration session, limits on sharing raw
gaze video, and intended uses explicit, particularly given the risk of
repurposing calibration data for workplace surveillance, so that the
personalization that makes calibration valuable does not become a
liability for the people it is meant to support.

Design Recommendation: Al-assisted calibration systems must
prioritize and support human-in-the-loop verification over pure au-
tomation by surfacing high-confidence and high-information-gain
suggestions, preserving operator authority over interpretation, and
supporting operator privacy.

5.4 Limitations and Future Work

This work has several limitations. While our two-robot, six-view,
prerecorded setup represents the minimal multi-robot configuration
needed to elicit cross-robot gaze shifts and enables a foundational
feasibility test, it does not establish transfer to larger fleets, live de-
ployments, different robot platforms, or alternative display layouts,
all of which may change workload and gaze behavior. Future work
should examine different fleet sizes, platforms, and display layouts.
Much additional analysis remains to be done, including eval-
uating the objective quality of summaries produced by Attune.
Crucially, we did not leverage our data beyond analysis, and as a
result, our contributions stop short of demonstrating how attention
profiles can be operationalized in practice. Important next steps are
to (1) evaluate these profiles with interface designers, (2) inform
the development of multi-robot video sensemaking tools tailored
to individual operator attentional tendencies, and (3) adapt robot
behaviors directly in response to these profiles. Future work should
also integrate Attune with alert-driven workflows and investigate
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how our proposed calibration step can sustain attention at the alert
source while avoiding distraction elsewhere.

Additional limitations remain. First, Attune supports retrospec-
tive rather than live annotation. While retroactive annotation fa-
cilitates reflection, it also risks memory decay and inaccurate ra-
tionalization. Future work should explore live or near-real-time
annotation despite its potential cognitive cost. Second, we did not
systematically evaluate LLM accuracy. Our findings therefore focus
on participants’ use of Al assistance rather than model performance
itself. Future work should examine how LLM accuracy affects cali-
bration validity, verification effort, and trust. Third, the study did
not include task-based or visual-saliency baselines, so it cannot
objectively distinguish task-driven from salience-driven shifts; fu-
ture work should compare operator-endorsed rationales with such
baselines. Fourth, Attune is a purpose-built research prototype
rather than an extension of established behavioral annotation tool-
ing. Building a custom interface was necessary due to the lack of
existing tools that couple gaze-shift detection, robot replay, and
annotation in a single workflow (§2.3). It nevertheless raises an
adoption cost: practitioners cannot access these capabilities from
the tools they already use, and our usability findings are specific
to our interface rather than to gaze-rationale annotation in gen-
eral. Future work should integrate our approach into existing tools.
Fifth, Attune does not assume a specific monitoring duration af-
ter calibration—its elicited profiles are intended to apply both to
sustained monitoring and shorter windows. Though shorter, alert-
driven windows were not evaluated here, alerts and gaze calibration
are a promising research direction. Alerts indicate where attention
is needed, whereas Attune characterizes how attention is sustained
or lost once a feed is inspected. Integrating alert logs as a secondary
timeline is therefore a natural extension. For longer monitoring
durations, the manual cost of calibration could be reduced through
further mixed-initiative approaches. Lastly, our study design has
other limitations. Verbalization increases cognitive burden and di-
vergent verbalization strategies may have altered natural attention
allocation. Future work should explore non-verbalized designs. Ad-
ditionally, we recruited naive participants, whereas domain experts
are needed to assess applicability to operational multi-robot con-
texts. Larger per-scenario samples and additional measures beyond
our current study are also needed to further strengthen our analyses
and fully validate Attune’s profiling capability.

6 Conclusion

We present Attune, a pre-deployment elicitation tool that helps
operators construct attention profiles for the future calibration
of multi-robot monitoring interfaces and robot behavior. Attune
records operator eye gaze when watching robots perform different
tasks and assists the operator in attributing possible causes to their
gaze shifts. Attune then uses individual shifts to extrapolate the
operator’s gaze patterns. We conducted a user study to evaluate
Attune and uncovered several design implications.
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