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Abstract
Shared gaze helps re-establish joint attention in asymmetric remote
collaboration, yet existing MR systems source the expert’s gaze
from a dedicated infrared eye tracker. We present CoGaze, which
shares webcam-estimated expert gaze into a local worker’s MR
view while an infrared reference records simultaneously, turning
estimation noise into a measured variable. A four-participant pilot
places that noise at 5.9° on average, with 95% of samples within 12.1°.
Whether workers tolerate it remains untested: an instrumentation
defect left the displayed cue dominated by the infrared stream, so
the reduction in grounding cost we observed under gaze indicates
the value of gaze presence, not tolerance of webcam noise. We
contribute the system, the measured in-situ error bounds, a speech-
based grounding measure sensitive where task accuracy was at
ceiling, and a successor design calibrated to those bounds.

CCS Concepts
• Human-centered computing → Computer supported coop-
erative work.
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1 Introduction

Figure 1: (a) Asymmetric setting: a Remote Expert at a
webcam-equipped PC guides a Local Worker wearing an
HMD in a physical workspace. (b) Assembly task: theWorker
places Soma cube pieces under the Expert’s gaze-directed
guidance. (c) Study design: three visualizations (Ray, Circle,
Frustum) crossed with three tracking sources (unfiltered we-
bcam, filtered webcam, IR reference), plus a NoGaze control.

Gaze sharing helps re-establish joint attention in remote collab-
oration [4, 6, 12]. Yet existing gaze-sharing MR systems source the
expert’s gaze from dedicated infrared eye-tracking hardware [4, 13,
21]. Appearance-based webcam gaze estimation offers a hardware-
free alternative, but no gaze-sharing system for physical remote
assistance has adopted it, to our knowledge: its angular error of
several degrees persists even in recent estimators [7, 15, 18].
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The noise arises on the expert’s side, but the worker must resolve
the displaced or unstable cue into the correct physical target. The
open question is therefore worker-side: can a worker establish joint
attention from gaze cues carrying webcam-level noise, and does
visualization design change the answer? We evaluate CoGaze from
the worker’s side (Fig. 1), with an infrared reference recording
simultaneously in every webcam trial, so we measure the noise
rather than assume it.

In summary, we contribute the system, measured in-situ noise
bounds from a four-participant pilot, and a study configuration
revised from these findings; tolerance of that noise remains untested
here, for reasons we state in Sec. 4.

2 Related Work
Shared gaze reduces verbal referencing overhead and supports
spatial grounding in remote physical tasks [4, 6, 10, 12], and visu-
alization form matters as much as gaze presence [3]. Existing MR
gaze-sharing systems nevertheless rely on dedicated IR eye track-
ers [4, 11–13, 21]. Appearance-based webcam gaze estimation has
been studied as a single-user screen-interaction modality [1, 7, 22];
even recent estimators report errors of several degrees in uncon-
strained settings [1, 7, 15, 18]. Prior noise-sensitivity studies tested
only two visualization types, at noise levels that webcam estima-
tion reaches or exceeds [6, 17]. Scaling visualization size to gaze
uncertainty provides intuitive reliability feedback [2, 9, 19, 20], but
no study has evaluated it in a collaborative task.

3 Study Design
CoGaze connects a Remote Expert at a webcam-equipped PC
(Fig. 1(a)) to a Local Worker who wears a Meta Quest 3 in a physi-
cal workspace. Two tasks probe referential grounding and guided
manipulation: identification and assembly.

Apparatus and pipeline: The HMD streams live video of the
Worker’s workspace to the Expert’s PC. A commodity web-
cam (640×480, 30 fps) captures the Expert’s face. MediaPipe Face
Mesh [16] extracts head-translation-invariant iris features, which
a Ridge regression fitted on a 16-point calibration maps to screen
coordinates. The pipeline also emits two per-frame confidence sig-
nals: 𝑐mesh reflects face-landmark quality and 𝑐eye reflects eyelid
closure. A chin rest stabilizes the Expert’s head at approximately
50 cm; it is an experimental control for comparable calibration, not
a requirement of the deployed system. To measure estimation er-
ror rather than assume it, an infrared tracker (Tobii EyeX) records
simultaneously in all webcam conditions, giving every webcam
sample a per-frame deviation from the IR reference. QR markers
anchor the projection of the Expert’s screen-space gaze into the
Worker’s HMD view and serve as targets in the identification task.

Visualization: Three primitives, namely Ray, Circle, and Frustum,
differ in spatial extent and implied precision (Fig. 1(c)). Thresholding
the confidence signals gates each primitive’s visibility, withdrawing
the cue while estimation is unreliable and prompting verbal coor-
dination. In the WebcamFiltered condition, a One-Euro filter [5]
additionally smooths the coordinates.

Design: A 3×3 factorial design crosses tracking source with visu-
alization type; a NoGaze control brings the total to ten conditions
(Fig. 1(c)). A Williams square over tracking blocks counterbalances

presentation order. Each condition comprises gaze calibration in the
webcam conditions, a 60 s identification trial in which the Worker
grips the indicated QR marker, a 180 s assembly trial in which the
Worker assembles Soma cube pieces at the positions the Expert indi-
cates (Fig. 1(b)), and an in-HMD questionnaire. Four Local Workers
(age 𝑀 = 22.5 years, 𝑆𝐷 = 0.58), recruited within the authors’
laboratory without compensation, each completed all ten condi-
tions in an instrumented pilot. A single trained researcher served as
the Remote Expert throughout. We ran this pilot as an instrument
test: the sample size was set to verify that the apparatus and the
measures behaved as intended, not to detect differences between
conditions.

Guidance and measures: The Expert guided assembly with gaze
plus demonstratives such as “this one”; rotation words were always
permitted because gaze cannot convey orientation. After a stall
of roughly 15 s or accumulated misplacements, guidance escalated
along a three-rung ladder: rung 1, deictic reference; rung 2, feature
and relative descriptions such as “one cell to the right”; rung 3,
absolute spatial language such as “top-right.” NoGaze guidance was
speech-only. We measured identification accuracy and time-to-first-
correct; verbal grounding demand, operationalized as the highest
rung reached and the onset time of escalated language; NASA-
TLX [8]; SSQ [14]; and post-session preference rankings. Grounding
measures were coded from the Expert’s recorded speech (Sec. 4).
With four Workers, we aggregate trials to participant-level means
and compare conditions with paired 𝑡-tests, reporting Cohen’s 𝑑𝑧
as the effect size and checking presentation-order effects.

4 Pilot Findings
Data validity: Running the pilot as an instrument test surfaced two
defects, stated first to delimit the results below. (1) 𝑐mesh returned a
constant value, so confidence gating operated on 𝑐eye alone. (2) Both
gaze sources shared one display channel, so the displayed cue in
webcam conditions was dominated by the higher-rate IR stream;
contrasts between displayed tracking sources are attenuated. The
results below rest on per-source gaze logs and this speech coding,
which the defects do not affect; each defect has a localized fix.

Gaze estimation error: The time-matched webcam–IR recordings
cover approximately 38 minutes across the four participants (67,701
frame pairs at 30 fps). The webcam pipeline deviated from the IR
reference by 5.88◦ on average (𝑆𝐷 = 1.08◦ across participants). At
the 95th percentile, samples fell within 12.1◦, which we adopt as
a worst-case bound for design purposes. Per-condition calibration
holdout errors were roughly 2◦–5◦, so the calibration residual ac-
counts for a large share of the total error. One-Euro filtering did
not reduce the deviation (6.40◦, 𝑆𝐷 = 0.94◦; 𝑡 (3) = −0.72, 𝑝 = .52,
𝑑𝑧 = −0.36). One account is that the filter trades The filter may
trade jitter for lag, which the per-frame metric penalizes, though
tuning is not ruled out.

Verbal grounding: Post-hoc coding of 1,941 transcribed Expert
utterances across all trials shows the expected asymmetry. In identi-
fication, gaze conditions stayed almost purely deictic (highest rung:
𝑀 = 1.25, 𝑆𝐷 = 0.29), whereas every NoGaze trial required absolute
spatial language (𝑀 = 3.00, 𝑆𝐷 = 0.00; 𝑡 (3) = −11.98, 𝑝 = .001,
𝑑𝑧 = −5.99). In assembly, escalated language began𝑀 = 6.9 s into
NoGaze trials (𝑆𝐷 = 5.4) versus 𝑀 = 24.0 s with gaze (𝑆𝐷 = 4.5;
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𝑡 (3) = 6.12, 𝑝 = .009, 𝑑𝑧 = 3.06). Identification accuracy was high
in all conditions (0.84–0.97): at this scale, grounding cost, not task
success, is the sensitive measure.

Workload, comfort, and preference: Raw NASA-TLX did not differ
across tracking sources (participant-level means 3.2–3.4 on 0–6;
Friedman 𝜒2 (3) = 0.90, 𝑝 = .83), nor did identification accuracy
(𝑝 = .51) or time-to-first-correct (𝑝 = .55). Preferences split across
primitives: two of the four Workers ranked Ray first because it
combines spatial context with a precise endpoint, one ranked Circle
first for its usefulness in assembly, and one ranked Frustum first.

5 Discussion and Future Work
Presenting noisy gaze. The gaze-versus-NoGaze gap arose under an
IR-dominated display (Sec. 4), so it shows the value of gaze pres-
ence, not tolerance of webcam noise. Within that boundary, the
pilot yields design guidance. First-place rankings split two, one,
and one, which at this sample size does not distinguish the prim-
itives. A point-like endpoint implies precision a 6° signal lacks,
while a Circle sized to the 12° bound occludes the workspace. Cue
size and target spacing must therefore be co-designed around the
measured bound [9, 19, 20]. With the confidence signal validated,
uncertainty becomes a usable visual variable: extent scaled by mo-
mentary confidence through low-occlusion encodings (outline-only
rings, transparency), rather than this pilot’s binary gating.

From pilot to revised design. Two structural limits end this design:
identification sat at ceiling even speech-only, and ten conditions
took two hours per participant. The successor places distractors
inside the measured annulus, reduces conditions per sitting, and in-
herits the escalation ladder with onset time as its primary measure.
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