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Fig. 1. Core challenges for hands-free techniques: (a) Disambiguating Select vs. Drag where Ul context is
insufficient, e.g., an app icon can be selected to launch or dragged to reposition. (b) Supporting Ul-independent,
free-form tasks, including precise dragging (time-seeking) and lasso selection (circle-and-search). Cluttered
controls further highlight the need for precision.
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Hands-free interaction is essential when users’ hands are occupied with primary tasks. A key challenge
is unifying precise, Ul-independent selection and continuous dragging without explicit mode switching.
This paper introduces two novel techniques: ALIGNER (spatial eye-head alignment) and NoDDER (gestural
decomposition of a nod); and evaluates them against an established WINKER technique, a gestural clutch
using single-eye closure. A user study with controlled Fitts’ law and dragging tasks, alongside a practical
application, evaluated the techniques. Results show that ALIGNER offers superior selection precision but
creates a visuomotor conflict during dragging; NODDER optimizes movement efficiency for large-amplitude
targets despite higher physical effort; and WINKER provides the fastest performance but is susceptible to
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accidental activation. These findings inform the design of future hands-free systems by highlighting the
context-dependent nature of this interaction challenge.

CCS Concepts: « Human-centered computing — Pointing; Gestural input; Virtual reality; Mixed /
augmented reality.
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Techniques
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1 Introduction

When users’ hands are unavailable, how can we enable both precise Select and continuous Drag
operations? Here, Drag refers to any continuous control, such as repositioning a panel, moving a
slider, or free-form drawing. The system must resolve the ambiguity - a problem UI context alone
cannot solve: a user must be able to either launch an app (Select) or reposition that same app (Drag).
This capability must be precise and Ul-independent, a user must be able to make a discrete "click”
(like drawing a dot) or perform a continuous lasso” to circle-and-search a non-UI region anywhere
on the screen. This problem is common in everyday scenarios, see Figure 1. For example, a user
following a cooking tutorial on a tablet or AR glasses with messy hands may need to pause the
video, reposition the window, seek to a specific frame, and lasso around an ingredient on the screen
to search for alternatives.

While solutions exist for individual components (e.g., bimodal pointers for cursor control [41],
dwell for selection [19], head gestures to issue commands [56]), they are not integrated and often
rely on discrete UI elements. Combining them to support both selection and dragging typically
requires an explicit mode switch, adding cognitive load and friction. The core challenge, therefore,
is to design interaction techniques that cohesively integrate Point, Select, and Drag using only eye
and head data, where the interaction inherently distinguishes between selection and dragging.

This paper addresses the problem space by introducing two alternative interaction techniques —
A1LIGNER and NODDER — based on different interaction metaphors. ALIGNER is a novel technique that
employs the natural (mis)alignment of the eyes and head [40, 42], enabling command multiplexing
based on how a user spatially aligns their head with their eye gaze. NODDER, explores a gestural
decomposition metaphor, decomposing a single nod into a "down-up” for Select and a "down-
and-hold” for Drag. This is supported by E+H Pointer, an optimized bimodal pointer that enables
rapid, coarse gaze-based targeting followed by precise head-based refinement, extending prior
work [7, 41].

We compared the proposed techniques against WINKER — a technique based on a gestural clutch
metaphor, where a single-eye closure is used to ‘grab’ and ‘hold’ an object for manipulation. The
technique is known from prior literature [11] but has never been empirically studied. To understand
the techniques’ trade-offs, we conducted a comprehensive evaluation comprising three parts: (1) a
Fitts’ law task (Amplitudes: 10°,30°; Widths: 1°,2.5°,5°) to measure selection performance, (2) a
dragging task (Amplitudes: 10°,30°) to evaluate drag-and-drop performance, and (3) an application
study with a video player to simulate a realistic, sporadic interaction context.

Our results reveal nuanced trade-offs. ALIGNER was highly precise for selection, but its drag
mechanic conflicted with the natural tendency to look ahead to the target. NODDER was physically
more demanding, but its E+H Pointer excelled at large-amplitude movements. WINKER, though
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fatiguing in repetitive tasks, showed strengths in the application study, where actions were sporadic
and less demanding.
The contributions of this work are threefold:

+ We define the challenge of and expand the design space for enabling precise, Ul-independent
selection and dragging within a unified, hands-free framework without explicit mode switch-
ing.

« We introduce two techniques — ALIGNER and NODDER — each representing a different
metaphorical solution to this challenge.

» We present a comprehensive empirical evaluation of these interaction techniques, revealing
the fundamental performance and ergonomic trade-offs of each approach.

2 Related Work

Our work introduces hands-free techniques that build upon and extend established interaction
paradigms. We situate our designs—ALIGNER, WINKER, NODDER and E+H Pointer—with the phys-
iological foundations of eye-head coordination and existing techniques that inform advanced
hands-free systems.

2.1 The Landscape of Hands-Free Interaction

The hands-free design space is broad. The most common method is dwell [3, 19, 23, 29, 32], which
is versatile for simple selection [13, 20, 22, 29, 47, 53], toggling states [13], and marking the start
and end of continuous actions like swipe typing [22] or releasing a dragged object [20]. However,
it introduces the "Midas Touch” problem [9], forcing unnatural viewing behaviours and offering
limited cues to distinguish overlapping actions like selection and dragging.

Explicit gestures provide more direct control. Head gestures offer a rich vocabulary, such as
a nod or roll for selection [1, 4, 5, 31, 35, 44, 52, 56], turns for scrolling [4, 31, 32, 46-48], Z-axis
movement for zooming [48, 56, 59], or maintaining a roll to switch modes [38]. Eyelid gestures
provide another low-effort channel. Previous work has used holding one eye closed as a “clutch”
to grip and drag objects [11, 36], or used the degree of eye closure to adjust depth [19]. However,
if the drag is controlled by the single open eye’s gaze, users can experience fatigue and degraded
pointing accuracy [36].

Many of these techniques, while powerful, are dependent on predefined UI elements [8, 12, 37, 54,
55]. Recent innovations like EyeShadows [33] utilizes saccadic confirmation for rapid selection of
predefined targets. We extend these efforts to support continuous manipulation and Ul-independent
interaction. This enables free-form tasks where target locations are not known a priori, addressing
an opportunity for fully Ul-independent techniques, like the three techniques we evaluate in this

paper.

2.2 Eye-Head Coordination During Target Acquisition

Effective hands-free design is informed by natural eye-head coordination. When a user shifts their
gaze, the eyes move first (a rapid saccade), followed by a slower, supportive head rotation. This head
movement is not for pointing; it re-centers the eyes to maintain a comfortable posture and prepare
for the next gaze shift. As the head moves, the eyes perform a compensatory counter-rotation
(the vestibulo-ocular reflex, or VOR) to keep the gaze locked and vision stable [39]. Critically, eye
and head vectors are almost always misaligned; they are within 5° of each other only 7.5% of the
time [40]. This predictable misalignment has profound design implications. The head movement
following a saccade is a pre-programmed motor action, not under immediate voluntary control
[6,7, 41]. Systems using head input must therefore differentiate this natural, gaze-driven movement
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from an intentional gesture. This physiological principle provides the groundwork for E+H Pointer
and ALIGNER.

2.3 Selection and Manipulation through Alignment

Using the alignment of multiple inputs as a confirmation mechanism is a powerful interaction
primitive [24, 25, 50]. In XR, this is particularly effective when applied to the eye-head relationship,
leveraging their inherent misalignment as the basis for an explicit, intentional action.

Building on this, several techniques use the intentional alignment of gaze and head as an
unambiguous command. Eye+Head displays a “convergence area” on a gaze-targeted Ul element,
confirming selection when the user moves their head pointer into this area [40]. Radi-Eye applies
this to radial menus, where a user looks to pre-select a wedge and performs a head-crossing motion
to confirm or manipulate a slider [42].

ALIGNER generalizes this alignment metaphor. While the aforementioned techniques are highly
intuitive, they are fundamentally Ul-bound, depending on a priori knowledge of target locations.
ALIGNER decouples the interaction from Ul semantics, extending the principle of intentional
alignment to support both selection and dragging anywhere on the screen, not just on predefined
UI elements.

2.4 Combining Speed of Gaze and Precision of Head

Refinement is crucial for pointing, allowing users to transition from coarse, rapid movements to
fine-grained adjustments. Gaze can provide fast acquisition, refined by a mouse, touch, free-hand
gestures, or aided by target expansion or zoom lenses [2, 16, 34, 45, 49, 57]. In hands-free systems,
this is commonly achieved by leveraging the different dynamic capabilities of the eyes and head.
A primary paradigm is the bimodal combination of fast, coarse eye gaze with slow, precise head
movements for refinement [7, 10, 15, 16, 41, 43, 58].

The effectiveness of these systems hinges on the mode-switching mechanism. The heuristic ap-
proach, exemplified by BimodalGaze [41], required a minimum head velocity of 15° /s to distinguish
intentional refinement from unintentional movement. While stable, this high threshold made small,
subtle refinements difficult, as users had to "exaggerate” their head motion to trigger it. The system
also relied on a 150ms post-saccadic cooldown [39] and a < 20° trajectory difference. It reverted to
gaze pointing if eye velocity exceeded 160° /s or the eye-cursor distance was >10°.

The machine learning (ML)-based GazeSwitch [7] allows for earlier detection of intentional
gestures. It accurately classified small head movements and entered head mode 120ms earlier than
BimodalGaze, thus requiring less overall head movement for a more seamless user experience.
However, it suffers from less predictability and is prone to "Late-Trigger errors” [14]. Users also
observed its accuracy was highly dependent on eye tracking quality.

Our new technique E+H Pointer addresses these trade-offs. Instead of an ML-based model like
GazeSwitch [7], we retain the predictable, heuristic-based approach of BimodalGaze [41], but use
Bayesian-optimized thresholds. This provides a robust, stable state-transition that feels responsive
to subtle movements without requiring exaggeration or sacrificing predictability.

NoDDER provides the gestural command mechanism for this pointer. While common head
gesture systems suffer from positional constraints (requiring a neutral start) or classification latency,
NODDER is more responsive. It decomposes the familiar nod into its initiation phases, providing
immediate feedback by freezing the cursor at the gesture’s start. A quick "down-up” motion acts as
a “click,” while a ’down-and-hold” initiates dragging. This multiplexes two fundamental actions
onto a single gesture, enabling an instant, Ul-independent drag from any pixel.
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Fig. 2. When hands are occupied, a secondary hands-free modality is needed. It should distinguish a user’s
intent to select vs. drag, enable precise manipulation in both Ul and free-form contexts (such as lasso and
precise slider release). These three techniques are complete solutions to this challenge. Top: ALIGNER - selection
and dragging achieved by aligning eye and head orientation. Middle: NoDDER - selection and dragging through
nodding, and E+H Pointer - cursor control via an eye—head bimodal pointer. Bottom: WINKER - selection and
dragging through single-eye closure combined with head movement.

3 Novel Hands-free Interaction Techniques: ALIGNER and NODDER

We explored techniques that rely solely on the user’s eye and head movements to support fundamen-
tal operations, such as selection and dragging without requiring knowledge of Uls or explicit mode
switch: ALIGNER extends the metaphors in subsection 2.3 via a split-ring design that inherently
disambiguates intent without a priori target knowledge. NoDDER introduces novel multiplexing of
selection and dragging through temporal gesture phases, while E+H Pointer refines the features
and thresholds of BimodalGaze [41] to achieve robust and effortless pointing. We detail the two
techniques below.

3.1

ALIGNER translates the spatial relationship between the user’s line of sight and head orientation
into commands. It uses an always-visible head cursor (a cross) and an initially-hidden gaze ring.
The interaction sequence begins when a user fixates on a region of interest and then moves their
head cursor toward that fixation point, causing a 3° radius gaze ring independent of the targeted
UI control to appear at the gaze position (see Figure 2, column (a)). To prevent visual clutter, the
ring only triggers when the head moves toward the eyes, not in the opposite direction.

To distinguish between selection and dragging intents, the ring’s circumference is divided
into two colored sections: a green section (120°) and a blue section (240°). The green section is
dynamically positioned to face the approaching head cursor. Crossing the green boundary signals
a selection intent (Figure 2b), while crossing the blue boundary (which necessitates a curved path)
signals a drag intent (Figure 2c). The user fixate their gaze on the target and simply steer the
head cursor to enter the ring through the desired color-coded sector. The actual command (either
selection or drag initiation) is confirmed after the head cursor stabilizes inside the ring for 80ms,

Aligner
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followed by a 300ms dwell time. A circular progress bar, displayed around the head cursor, provides
visual feedback during this confirmation process.

When in a drag state, the ring expands to a 6° radius and follows the user’s gaze (Figure 2d). To
maintain the drag, the user must actively keep their head cursor aligned inside this expanded gaze
ring. The drag is released when this eye-head alignment is broken, i.e., when the user’s gaze shifts
more than 6° away from the head cursor (Figure 2e). After release, the gaze ring disappears.

Depending on the targeted UI control, selection and drag commands translate into various
actions. For example, a selection could place a single dot on a canvas, while a drag could draw a
continuous line. Other examples include instantly warping a slider to a specified position versus
time-seeking, or activating a window versus moving it in space, among others. While the function
of the commands is determined by the UI control, the control itself does not define whether the
user executes a selection or a drag.

3.2 Nodder

NoDpDER employs a complex bimodal system, we refer to as E+H Pointer, for pointing and a single,
multi-phase head gesture (nod) for distinguishing between selection and drag-and-drop operations.
E+H Pointer enables dynamic switching between fast, gaze-based control for coarse targeting
and precise, head-based control for fine-grained refinement, for both selection and dragging. The
switching happens by the system differentiating between gaze-supported head movements and
voluntary head movements. Initially, a user attempts to select a target using only their gaze. If
the cursor is slightly off-target due to eye-tracking inaccuracies, the user can then make a small,
voluntary head movement to correct its position. E+H Pointer automatically detects this voluntary
head rotation and activates the fine-tuning mode (see Figure 2, column (a)).

To perform a selection, which is analogous to a standard mouse click, the user executes a quick,
continuous nod. This action consists of a rapid downward phase immediately followed by an upward
phase, returning the head to a neutral position (Figure 2b). The system registers the "select” event
as soon as the upward phase is detected, however, the position where the command is executed is
based on where the nod gesture began.

The drag-and-drop operation maps to the concept of holding down a mouse button. To begin
a drag, the user performs the downward phase of a nod and then briefly pauses for 800ms at the
lowest point of the gesture (Figure 2c). This "down-and-hold” action signals the intent to grab an
object, metaphorically holding the mouse button down. Similar to selection, the position of the
grabbing point is determined based on where the nod gesture began.

The system acknowledges the start of the drag operation with immediate visual feedback, a
progress bar is filled during the “holding” period, then the cursor’s colour changes to red, indicating
dragging is enabled. The selected object is then virtually attached to the cursor, allowing it to be
controlled via E+H Pointer with both fast gaze-based targeting and precise head-based refinement.
To release the object, the user performs another nod (a quick down-up gesture). This final nod acts
as a confirmation of the drop position, metaphorically “affirming the drop” and completing the
drag-and-drop sequence.

3.2.1 E+H Pointer: Coarse Rapid Eye Pointing and Precise Head Refinement. E+H Pointer is a bimodal
system that unifies fast gaze-based control for coarse targeting with precise head-based refinement
for fine-grained accuracy. We improved upon the BimodalGaze mechanism [41] by enhancing
features and Bayesian-optimized thresholds (Figure 3) to ensure the pointing experience is both
robust and effortless.

Distinguishing nod gestures from functional refinement is challenging, as a downward refinement
can be confused with a nod. To resolve this ambiguity, we employ a person-specific calibration
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Fig. 3. E+H Pointer algorithm summary. To trigger head mode, head velocity (Head Vel) must be within a
range to filter noise and reject ballistic shifts, the VOR Compensation score (cosine similarity of eye/head
angular velocities) must exceed a threshold for eye-head correlation, and enough time (T_cooldown) period
must pass to distinguish intentional from natural gaze shifts. The eye velocity (Eye Vel) threshold identifies
the saccade that returns control to gaze.

procedure that models individual velocity profiles. This allows the system to accurately discriminate
between a user’s intent to refine the cursor position and their intent to issue a command.

All technical implementation details can be found in Appendix. Full implementation parameters
and the Unity source code are available via Zenodo'.

4 Empirical Study

To empirically evaluate the performance of our eye and head input techniques, we conducted a
controlled within-subject experiment assessing their efficiency and accuracy for selecting and
dragging under varying conditions, followed by an application-based task to understand how the
techniques perform in a simulated real-world context. HTC Vive Pro Eye was used to record the
eye and head tracking data in applications built with Unity 2021.3.24f1.

4.1 Techniques

We compare three techniques: ALIGNER, NODDER (section 3), and WINKER. WINKER provides an
empirical evaluation of the single-eye closure clutch proposed conceptually by Kim et al. [11]. A
selection is executed when a single eye closure is detected and the user subsequently reopens the
eye (Figure 2, bottom row). To avoid false activation, our implementation uses a head velocity
threshold (15°/s) during the single eye closure to initiate dragging. Furthermore, to avoid the
pointing degradation and instability reported by Ramirez Gomez et al. [36] when tracking a single
open eye, we assigned cursor control entirely to head pointing during the closure. Eye tracking is
thus used solely to detect eye closure via the headset SDK’s eye-openness metric.

4.2 Participants

18 participants (9 women), age (M=27.6, SD=6.06) took part in the study. 12 had good uncorrected
vision, 6 had corrected vision with glasses or contact lenses. 5 had never used a VR or eye tracking
device before. 12 had occasional VR and eye tracking experience. 1 was a weekly VR user with
occasional eye tracking experience.

Ihttps://doi.org/10.5281/zenodo.19201250
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Repeat for technique
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Fitts’ Selection Task Dragging Task
* Amplitudes: 10°, 30° ¢ Amplitudes: 10°, 30°
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Fig. 4. Study procedure and task screenshots. In the dragging task, first three trials and their dragging
directions are shown as red arrows. In application, top left picture shows two app windows overlaying.
Participants need to drag to separate them and position them comfortably. They then play the video, adjust
volume, and drag to seek time (top right). They then circle-and-search the bowl in the video (bottom).

4.3 Study Tasks and Measures

4.3.1 Evaluating selecting via 2D Fitts’ task. For the selection task, we employed a classic 2D Fitts’
Law paradigm [28]. We tested two amplitudes (10° and 30°) and three target widths (1°, 2.5°, and
5°) to cover a range from pixel-level precision to standard UI element sizes. A trial was marked
as erroneous if any area outside the designated target was selected, timed out (10s), or if a drag
operation was initiated.

The primary measures for the selection task included: Selection Time (ST): The total trial
duration from target presentation to successful selection. Error Rate (ER): The percentage of trials
where a selection was made outside the target, timed out, or a drag was initiated. Throughput
(TP): calculated using the ISO 9241-9 standard’s Shannon formulation [26, 27] (TP = ID,/ST), it
combines speed and accuracy, using the effective index of difficulty: ID, = log, (A,/W,+ 1), where
A, and W, represent the effective amplitude and width, respectively. Head Movement (HM): The
accumulated angular distance of head rotation during a trial, quantifying physical effort.

4.3.2  Evaluating dragging-and-dropping via modified Fitts’ sequence. Our dragging task was in-
spired by the Fitts’ law task, using a modified sequence. Participants picked up an object, dropped
it at the subsequent target, and then picked up the object for the ensuing trial from the third
subsequent position in the Fitts’ pattern (Figure 4). We tested two amplitudes (10° and 30°) and a
fixed target width of 2.5°. A trial was marked as erroneous if the object was released beyond 1°
off the destination’s center, if the drag started outside the object area, or if any selection action
occurred instead of a drag. Visual feedback was provided: the object to be dragged turned red when
hovered over, and a red ring appeared around the destination when the object was within 1° of it.

The primary metrics for the dragging task included: Task completion time: Total trial duration,
decomposed into Drag Initiation Time (from trial start to drag start) and Drag Duration (from
drag start to release). Release offset: The distance in degrees from the position of drag release to
the center of the drop zone. Error rate and head movement were measured as in the selection
task. Perceived workload was measured using raw NASA-TLX.

4.3.3  Application. Following the controlled experiment, participants engaged with an explorative
application to evaluate the techniques in a more representative, context-driven scenario. The
study followed a scripted task list, which was identical for each technique and took approximately
5 minutes to complete. This involved a video player interface where users performed window
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positioning (dragging), playback control (selection), volume adjustment (vertical dragging), seeking
(horizontal dragging), and lasso-selection (Figure 4). While Sections 5 and 6 provide rigorous
quantitative benchmarks for speed and precision, this phase focused on qualitative usability and
ecological validity to avoid redundant metrics, as the primary objective was to verify functional
coverage and user experience across a diverse set of realistic interaction requirements. After
completing the tasks with each technique, participants completed a Single Ease Question (SEQ).
Finally, qualitative feedback was collected.

4.4 Procedure

Participants were seated comfortably and provided informed consent before being briefed about
the study. Each interaction technique was introduced and practiced individually. Techniques were
evaluated one at a time, with participants given an initial practice round to familiarize themselves
with the tasks. Before the trials began (and every time after taking the headset off), a 5-point
eye-tracking calibration was performed.

Each participant completed two repetitions for each experimental condition (i.e., technique x
amplitude x target size for selection, and technique x amplitude for dragging). Each condition
contained 10 targets, giving 360 selecting and 120 dragging data points per participant. The order of
techniques was counterbalanced across participants, while the amplitude and target size conditions
were randomized within each technique block.

Participants first completed the Fitts’ law selection task, followed by the dragging task. At the end
of the dragging task, they completed the NASA-TLX workload survey. Next, participants engaged in
an application scenario, again using each technique in the same counterbalanced order. Afterward,
they completed the SEQ to report their experience with the application and provided qualitative
feedback on the techniques more broadly.

Ethics and privacy: The study, which collected gaze and head movement data, was approved by
our institutional review board and all participants provided informed consent. NODDER and other
gestural techniques may require tuning to prevent false positives from natural movements, which
could impact their user privacy and acceptance.

The full procedure is illustrated in Figure 4. The study took 90 minutes on average.

5 Results

Temporal outliers (duration > Q3 + 3 x IQR) were removed per technique. Spatial outliers were
retained to capture important error information (Figure 7). Trials shorter than 0.5s (accidental
double-clicks) were excluded. The first Fitts’ and dragging trial of each sequence were also removed.
Two participants could not perform wink and their WINKER data were invalid. Overall, 3% of trials
were removed. Analyses, other than error rate, included only successful trials. Each dependent
variable was modeled using generalized linear mixed models (GLMMs) as a function of technique,
target amplitude, and target size (for selection only), including all interactions, with participant-
specific random intercepts and slopes for technique to account for fixed and random variation.

This random-slope structure allows the effect of technique to vary idiosyncratically across
participants. For the majority of our dependent variables, likelihood ratio tests confirmed that
a model including random slopes for technique per participant provided a significantly better
fit than a simpler random-intercept-only model (all ps < .05). We assessed model assumptions
using the DHARMa package. All checks indicated well-behaved residuals and no violations of
model assumptions. All reported statistics are based on estimated marginal means derived from the
fitted GLMMs, representing population-level predictions after accounting for random effects of
participants. We found no significant effect of technique on perceived workload across any of the
six NASA-TLX dimensions (all ps > .05).
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5.1 Fitts’ law selection task
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Fig. 5. Fitts law selection task empirical metrics. Statistical significance is shown as * for p < .05, ** for p <
.01, and *** for p < .001. p-values shown are based on estimated marginal means contrasts averaged over
each condition. Full size-specific contrasts are reported in the text. (c) Although the boxplots summarize
participant-level data and show overlapping distributions for WINKER and NODDER, the mixed-effects analysis
accounts for each participant’s individual variability and within-subject pairing, revealing a statistically
significant difference between the techniques.

Selection Time. ALIGNER (Median=1.98s) was consistently slower than WINKER (Median=1.59s)
and NopDER (Median=1.63s), particularly at high amplitudes where it was 20-40% slower than
WINKER (ps < .0001). WINKER and NoODDER performed comparably, except for 1° targets at 30°
where WINKER was significantly faster (p < .05; Figure 5a).

Head Movement. A strong crossover effect emerged (y?(2) = 1602.65, p < .001): NODDER
produced the most head movement at low amplitude (ps < .0001) but the least at high amplitude
(ps < .02), where it was more efficient than both WINKER and ALIGNER. (See Figure 5b).

Effective Width. ALIGNER (Median=3.15") and WINKER (Median=3.85") were consistently more
precise (smaller W,) than NopDER (Median=7.12°) (ps < .001). This precision gap was largest at the
1° target size, where NODDER’s W, was nearly double that of WINKER and ALIGNER (p < .002). (See
Figure 5c).

Error Rate. While all techniques were comparable for small and medium targets, ALIGNER
was uniquely accurate for the largest (5°) targets. At this size, ALIGNER’s error rate (e.g., 0.8% at
low amplitude) was significantly lower than both WINKER (ps < .02) and NODDER (ps < .01). (See
Figure 5e).
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Throughput. Performance was highly context-dependent. NopDER had the lowest throughput at
low amplitude (ps < .05) but became competitive at high amplitude. Conversely, ALIGNER achieved
the highest throughput for the smallest targets at low amplitude (p < .001). WINKER offered the
most stable performance across conditions. (See Figure 5d).

5.2 Dragging task
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Fig. 6. Dragging task empirical metrics. Statistical significance is shown as * for p < .05, ** for p <.01, and ***
for p <.001.

Task Completion Time. A clear performance ranking emerged (y?(2) = 231.95, p < .001).
WINKER was fastest (Median=3.72s), followed by NopDER (Median=4.75s), and ALIGNER (Me-
dian=6.33s). The gap between NoDDER and WINKER shrank significantly at high amplitude (from
1.4s to 0.78s) (p < .001). (See Figure 6a).

Drag Initiation Time. All techniques were significantly different (ps < .001). WINKER had
the fastest initiation time (Median=1.76s), followed by NoppER (Median=2.63s), and ALIGNER
(Median=3.67s). (See Figure 6b).

Drag Duration. WINKER was consistently fast. NODDER’s performance improved with distance:
atlow amplitude, it was significantly slower (Median=1.87s) than WINKER (Median=1.55s) (p = .001),
but at high amplitude, its duration (Median=1.91s) became statistically comparable to WINKER’s
(Median=2.16s). ALIGNER was consistently the slowest (ps < .001). (See Figure 6¢).

Head Movement. We found a strong crossover effect (y%(2) = 177.78, p < .001). At low
amplitude, NODDER produced the most head movement (Median=43.41°), significantly more than
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Fig. 7. Sources of errors for each technique in the (a) Fitts’ selection task, (c) dragging task, and (b) the
distribution of the distance-to-drop-zone at which the errors occurred in the dragging task.

ALIGNER and WINKER (ps < .001). This inverted at high amplitude, where NoDDER produced the least
(Median=57.27°), becoming significantly more efficient than ALIGNER (p < .001) and comparable to
WINKER. (See Figure 6d).

Release Offset. NODDER was consistently the least precise technique (Median=0.54" at low
amplitude). At low amplitude, WINKER (Median=0.31°) and ALIGNER (Median=0.33") were equally
and highly precise. At high amplitude, ALIGNER’s precision degraded (Median=0.38"), making it
significantly less precise than WINKER (p < .05), which remained the most precise. (See Figure 6e).

Error Rate. ALIGNER had a significantly higher error rate (Median=0.27%) than both NopDER
(Median=0.17%) (p < .01) and WINKER (Median=0.18%) (p < .01). The error rates for NODDER and
WINKER were not significantly different. (See Figure 6f).

6 Application

We fitted a cumulative link mixed-effects model to analyze the SEQ scores, accounting for the
ordinal nature of the data. The fixed effect of technique was significant (y2(2) = 14.44, p < .001).
Post-hoc analysis showed that WINKER was rated as significantly easier to use than both NoDDER
(p = .028) and ALIGNER (p < .001). This subjective preference was mirrored in the overall ranks,
where WINKER was the favorite for 10/18 participants. Qualitative feedback revealed highly context-
dependent experiences, with perceptions differing markedly between the repetitive Fitts’ task and
the practical application, as well as between selection and dragging.

WINKER: Fatiguing in Repetition, Intuitive in Practice. WINKER’s user experience was a
tale of two contexts. In the repetitive Fitts’ task, participants complained of physical fatigue (“eye
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strain” P1, P4) and inaccuracy from headset shift (“it throws it off when winking,” P10). However, in
the application’s sporadic, larger-target context, WINKER became the favored technique. P7 praised
its intuitiveness, calling it “the easiest for video, like the mouse button, most intuitive... I had more
control when to drop it”.

ALIGNER: Accurate for Selection, Unnatural for Dragging. ALIGNER’s reception was sharply
divided. While praised for selection ("accurate” and “really controlled,” P12), its dragging mechanic
was criticized. Requiring users to maintain eye-head alignment and avoid looking at the destination
was “counter-intuitive” (P9), forcing them to “fight natural inclinations” (P3) and making the
technique feel mentally taxing” (P10) in the application.

NopbpER: Controllable Pointer, Complex Gestures. NODDER’s experience was multifaceted,
separating the “pointer” from the “gesture”. A highlight was the E+H Pointer (P7: “much much
quicker with NODDER, I can zoom across screen... head refinement is intuitive”). However, this was
often overshadowed by the "complex interaction gestures.” While the down-up” nod for selection
was easy, the "down-and-hold” for dragging was a consistent point of physical strain (P9: “requires
neck muscle a lot, when holding down”), compounded by the progress bar moving out of sight
(P14).

7 Discussion

Our evaluation of three hands-free techniques reveals a complex interplay between task context,
action type, and individual user characteristics. While we used a VR headset for prototyping,
the underlying principles of eye-head coordination and gestural kinematics are rooted in human
physiology rather than display technology. Their practical success across different hardware will
evolve as tracking technology matures and factors like headset shifts or eye-openness detection are
further refined.

7.1 Bound by Alignment: The Trade-Off Between Precision and Speed

Aligner’s high selection precision results from its confirmation mechanism, which enforces head
stability via a 300ms dwell to filter motor noise. In contrast, techniques requiring active gestures
are more susceptible to error: winking can cause headset shifts, and NoDDER’s gesture introduces
movement variability. NODDER’s precision is further limited by its back-tracing algorithm, which
registers selections at the last stable fixation before the nod.

During dragging, Aligner’s required eye-head alignment creates a fundamental mismatch with
natural visuomotor strategies. Users instinctively look ahead to the destination [17, 18], which
breaks alignment and triggers unintended release. They moved more carefully - an experience
one participant called “meditative for focus” (P17). We acknowledge this as a context-dependent
trade-off: ALIGNER provides superior precision for selection, while WINKER and NODDER better
accommodate natural look-ahead behavior by decoupling gaze from control, freeing the eyes for
movement planning and faster dragging.

7.2 Mismatched Metaphors: Error Sources and Coordination Mechanics

An effective metaphor for selection may not work for dragging. For all techniques, selection errors
were dominated by off-target failures on demanding 1° targets, whereas distinguishing intent
(accidental drags) was a minimal challenge (1-4% of errors). The multi-phase dragging task exposed
unique, design-rooted sources of error for each technique: for WINKER, accidental activation was
the primary cause (13%) of drag errors. These occurred almost uniformly, hinting the wink detection
was tuned to be too sensitive for tasks requiring sustained focus. For ALIGNER, the look-ahead
conflict caused 16% of failures (off-target drops), peaking 5-10° away from the drop zone. This
premature release explains qualitative feedback calling the mechanic “counter-intuitive.”
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Finally, NODDER’s intent ambiguity (11%) indicates the “down-and-hold” gesture, while allowing
for an immediate system response and multiplexing two commands onto a single gesture, caused
physical strain and felt overwhelming for some due to the cognitive load of the full sequence,
overshadowing its technical precision.

NoDDER’s performance benefited from its optimized E+H Pointer thresholds. Unlike systems
such as [7], users reported no instability issues while praised it as intuitive and easy to control.
This efficiency raised NopbDER’s throughput (Figure 5d) and minimized head movement at large
amplitudes (Figure 5b, Figure 6d). At smaller amplitudes, head movement was greater, as the nod
gesture is inherently more “expensive” than fixation.

NoDDER’s performance was the most idiosyncratic. Our GLMMs confirmed that random slopes
per participant significantly improved model fit. Some users refined consistently while others
(especially for larger targets) almost never did, suggesting a personal trade-off between speed and
precision. We speculate a negative interplay between refinement and the nod: some participants,
worried the cursor might shift, hesitated during the nod. Those who nodded more decisively (faster,
shorter motions) were less likely to notice the small visual delay before back-tracing engaged, while
slower motions led to perceived delay and hesitation.

7.3 Benchmarking and Functional Distinction

Recent selection-only techniques [30, 33] report higher throughput (3.5-4.0 bps) than our general-
purpose techniques (1.3-1.8 bps). The difference in throughput corresponds to differing interaction
scopes: selection-only systems optimize for known Ul targets, whereas our metaphors enable a uni-
fied interaction loop (point, select and/or drag, maintain, and release) at any location without prior
target knowledge or explicit mode switches. Notably, our dragging completion times (Winker: 3.72s,
Nodder: 4.75s) are comparable to established benchmarks like Gaze+Hold (4.2s) [36], suggesting
they are robust solutions for multi-modal tasks.

7.4 Limitations and Future Directions

Our study used isolated targets; ALIGNER’s precision suggests strength for cluttered environments,
but further validation is required to confirm that head-cursor confirmation remains robust in dense
UI contexts. Similarly, for large targets lacking salient features, further investigation is warranted to
understand if gaze wandering occurs. While NoDDER’s algorithm utilizes physiological coordination
for robustness, its resilience to incidental movements in the wild must be formally tested.

Finally, it remains an open question regarding long-term ergonomics; specifically, whether the
steep learning curves of ALIGNER and NoDDER would flatten with practice, or if WINKER's simplicity
would be overshadowed by long-term muscle fatigue. This inspires a vision for future interfaces that
automatically transition to secondary modalities by detecting when hands have become occupied
[21], intelligently drawing upon unique strengths based on the interaction context.

8 Conclusion

This paper addresses the core challenge of integrating hands-free, precise, and Ul-independent
selection and dragging without explicit mode switches — a problem that component-level solutions
for pointing or selection alone do not solve. We implemented and empirically compared three
techniques as solutions to this integration problem: a spatial multiplexer (ALIGNER), a gestural
decomposer (NODDER), and a gestural clutch (WINKER). Our findings reveal this is a complex design
challenge fraught with deep, context-dependent trade-offs between precision, ergonomics, and
sensorimotor congruence. This work highlights that the future of usable hands-free systems lies
not in optimizing isolated components, but in navigating the fundamental trade-offs inherent to
these integrated interaction techniques.
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Signal Processing

All eye and head tracking data are processed in local headset coordinates. Angular velocities are
computed via the central difference method and smoothed using a three-frame moving average
filter. The eye-head coordination metrics, specifically the VOR Compensation score, are calculated
using a five-frame sliding window to filter high-frequency jitter and ensure stable state transitions.
While the default cursor mapping for all techniques is 1:1, the system applies a 0.5 Control-Display
(CD) gain to the head cursor specifically during the E+H Pointer’s refinement mode [16]. This
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reduction in sensitivity allows users to acquire small targets with significantly higher precision
than raw head-pointing.

B E+H Pointer: Threshold Optimization and Pilot Study

E+H Pointer builds upon BimodalGaze [41]. Its core principle is to detect transitions from rapid
eye movements (saccades) used for coarse targeting, to slower head movements used for precise
refinement. The switch from gaze- to head-pointing is triggered by the Vestibulo-Ocular Reflex
(VOR), in which the eyes remain fixed on a target while the head refines the cursor’s position. The
challenge lies in distinguishing VOR generated during intentional head-based refinement from the
VOR that naturally occurs at the end of each gaze shift.

BimodalGaze relied on hard thresholds to achieve this distinction. Since the head typically lags
the eye by approximately 150ms during a natural gaze shift [39], VOR activity occurring after this
cooldown period is more likely to reflect refinement, particularly when the trajectory difference
between eye and head is less than 20°. These thresholds were derived from gaze shift data analysis
[39, 41]. Additionally, a minimum head velocity of 15° was required to filter out unintentional
movement. A switch back to gaze pointing was detected when a saccade exceeded a minimum
eye velocity of 160°, or when the eye-cursor distance grew larger than 10°.

E+H Pointer introduces several refinements to these feature calculations, See Figure 3 for algo-
rithm summary. Instead of projection-based trajectory measures, it directly computes the correlation
between eye and head movements by calculating the cosine similarity of their angular velocities,
smoothed over a 5-frame window. We refer to this as the VOR Compensation score, where values
close to 1 indicate strong correlation of eye and head movement typical of VOR activity.

We further introduce both a lower and an upper bound on head velocity to trigger head mode.
The lower bound filters out unintentional drift, while the upper bound distinguishes deliberate
refinement from the faster, ballistic head movements that often accompany large gaze shifts [51].

The gaze—cursor distance threshold is removed to better support large-scale manipulation tasks.
For example, during a lasso selection, users often keep their gaze centered on the target region for
spatial context while moving their head to trace the boundary. In this design, the transition back to
gaze pointing depends solely on the occurrence of a saccade.

The head-movement cooldown period since the last eye saccade is retained as an important
feature.

Finally, all threshold values are optimized through experiments that elicit both natural gaze shifts
and intentional head refinements, ensuring the system is tuned for task relevance.

B.1 Data Collection and Threshold Optimization

To determine the optimal thresholds for our algorithm, we first collected ground-truth data in a
pilot study with 12 participants. They each completed 100 trials of a manual eye-and-head pointing
task [16], selecting 1-degree targets. In this task, participants aimed initially with their gaze, then
pressed and held a controller thumbpad to switch to head-pointing for refinement, and released
it to confirm the selection. All frames with thumbpad held down are marked as head-pointing,
other frames are marked as gaze-pointing. We used these manually segmented interaction data to
optimize the algorithm’s parameters via Bayesian optimization. The process, configured with 20
random starts and 30 optimization steps, maximized frame-wise balanced accuracy (the average of
recall obtained on each class) and yielded the following thresholds: Eye saccade velocity threshold
of 50°/s with a post-saccadic cooldown of 0.33s. The VOR Compensation metric threshold of 0.4,
and a head refinement velocity constrained between 3.04°/s and 17.14°/s.

Using leave-one-participant-out cross-validation, our algorithm achieved a frame-wise balanced
accuracy of 0.81 in predicting the user’s intended mode (gaze or head pointing), indicating it
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generalizes well to new users. To validate its practical performance, we then conducted a pilot test
with five new users who were not in the original training set. This test confirmed the algorithm’s
usability, as participants were able to successfully acquire and select small (1°) targets at a large
distance (30° movement amplitude) in under 1.5 seconds per target.

A technical challenge is distinguishing intentional command gestures from functional movements
like E+H Pointer’s cursor refinement, for example, a downward refinement may be confused with
a downward nod. NODDER resolves this by analyzing the kinematics of the head motion. An
intentional nod is differentiated from a slower, downward refinement movement by its velocity.

C Nodder: Statistical Calibration and Kinematic Analysis

We conducted a pilot study to understand how people perform a nod gesture. The results indicated
that head rotation velocity profiles may be person-specific (see Figure 8). To ensure our system
is robust and responsive to these individual differences, each user of NoDDER should complete a
calibration process before use. We detail the implementation of this procedure below.
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Fig. 8. Two participants with distinct nodding patterns. P3’s nods were shorter and more subtle than P5’s
longer, more aggressive nods. This highlights the challenge in establishing a single threshold for nod detection
across all users. Means with 95% confidence interval are shown.

C.1 Data Collection

The calibration process begins with a nine-trial calibration phase to model a user’s idiosyncratic
downward head movements for both deliberate cursor refinement and natural nodding. The cali-
bration task follows a grid-based trial structure. In each trial, a target (1° dot) appears at one of
nine positions. To elicit and capture clear examples of downward refinement movements, thereby
generating the data needed to reliably differentiate them from nod gestures, a random upward
offset, uniformly distributed between 2.5° and 5°, is artificially applied to the gaze cursor. The
user first acquires the target by refining the cursor onto it, which triggers visual feedback. The
calibration procedure implies that, following acquisition, the user performs a single, natural head
nod while pressing and holding a controller thumbpad. This action segments the nod gesture in the
recorded data. Releasing the thumbpad concludes the trial, and the next target appears.

C.2 Data Preprocessing

We then refine the segmentation of nodding from users’ trackpad actions. We first identify the
downward phase of the nod in each trial, as any continuous period where two conditions were
met concurrently: the user’s input on the trackpad was active (i.e., clicked), and, the vertical head
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velocity exceeded a downward threshold of 5 deg/s. To ensure robustness, a temporal filter is
applied to discard spurious events with a duration of less than five samples (approx. 55ms). Trials
containing anything other than exactly one valid downward nod event are deemed ambiguous and
excluded from subsequent analysis.

To precisely locate the gesture’s onset, the start time of the identified downward nod is retrospec-
tively adjusted. The algorithm traced backward from the initial detected start point (for a maximum
of 10 samples, approx. 110ms) to find the end point of the previous head fixation. The event’s onset
is then extended to here, more accurately anchoring the beginning of the nodding movement.

Then, the segmented time-series data for refining movements and nodding movements are
temporally aligned. Both datasets are then truncated to a consistent length of 20 samples (approx.
220m) to enable a direct point-by-point comparison.

C.3 Statistical Analysis to Identify Periods of Significant Difference

To quantitatively differentiate between nodding and refining head movements, we perform a
statistical analysis on their angular velocity profiles. Our method is designed to identify the most
salient temporal window where the two movements differ and to derive velocity thresholds for
classification. Our statistical approach involves a multi-stage process to ensure robust identification
of significant differences.

The initial stage of the analysis involves conducting independent-samples t-tests at each time
sample to identify moments of significant divergence in mean angular velocity between the nodding
and refining groups. To mitigate the inflated Type I error rate associated with performing multiple
comparisons, a Benjamini-Hochberg False Discovery Rate (FDR) correction is subsequently applied
to the resulting p-values.

To corroborate these point-wise findings with a global measure of significance, a non-parametric
permutation test (n=2000) is then employed. This procedure confirms that the maximum t-statistic
observed in the empirical data is significantly greater than the maximum t-statistics generated from
the permuted data. This result provides robust evidence for a statistically significant difference
between the two entire time-series profiles.

Finally, the set of time points deemed significant by the FDR procedure is analyzed to locate the
longest continuous sequence of divergence. This segment was designated as the most characteristic
temporal window for discriminating between the two gestures.

C.4 Identifying Classification Thresholds

The characteristic timing of the most significant period (T) of divergence between the two gestures
is identified. For the real-time algorithm a grace period of half of this window length is added.

Within this significant time window, a velocity threshold is established (V1) to distinguish
the movements, derived from the velocity profiles at the single most statistically significant time
point. We identify the gap between the lower bound of the 95% confidence interval for refining
movements and the upper bound of the 95% confidence interval for nodding movements. A more
liberal threshold is then set as the less negative (nod downward velocity is negative) between a
point 70% across this gap and the nod’s upper confidence bound.

The velocity threshold for identifying a nod during a drag-and-release interaction (V2) is set to
be more conservative to discourage false release, set as the more negative between a point 70%
across the confidence interval gap and the nod’s lower (more negative velocity) confidence bound.

Finally, to establish a general baseline, we first calculate the upper bound of the 95% confidence
interval for the nodding velocity across the entire analysed time window. The global threshold
is then set as the absolute minimum value of this upper bound. This represents a robust, timing-
independent minimum peak velocity that a movement must achieve to be considered a nod.
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Therefore a nod down is detected, if the global velocity threshold is met, or, if currently not in
drag mode - the velocity threshold V1 is met within T, and if currently in drag mode - the velocity
threshold V2 is met within T.

By parsing a single nod gesture into its constituent phase, a rapid down-up versus a down-and-
hold, NopDER can multiplex two fundamental operations. This design aims to avoid the cognitive

overhead of learning and executing two entirely different gestures, with the hope of creating a
unified and efficient interaction paradigm.
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