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Fig. 1. Overview of IntentGaze. (A)Multi-context data collection covers different posture andmotion conditions, together with fixation, pursuit, and saccade-
related gaze tasks. (B) The proposed model uses gaze and motion features to estimate event-aware residual corrections through motion-conditioned mod-
ulation and saccade-aware control. (C) Our evaluation compares raw gaze and corrected gaze under fixation and pursuit tasks. (D) A generalization study
evaluates the transferability of the model across XR devices.

Gaze-contingent XR systems require gaze input that is accurate, responsive,
and stable under realistic head, body, and environmental motion. However,
raw gaze is affected by fixation jitter, pursuit lag, saccadic transitions, and
motion-induced disturbances. Filtering suppresses jitter but often trades re-
sponsiveness for stability, while gaze prediction typically estimates future
measured samples for latency compensation rather than the task-aligned

∗Both authors contributed equally to this research.
†Corresponding author.

Authors’ Contact Information: Xuning Hu, xhuci@connect.ust.hk, The Hong Kong
University of Science and Technology, Hong Kong, Hong Kong; Xinan Yan, Xinan.
Yan22@student.xjtlu.edu.cn, The Hong Kong University of Science and Technol-
ogy (Guangzhou), Guangzhou, China; Yichuan Zhang, Yichuan.Zhang22@student.
xjtlu.edu.cn, The Hong Kong University of Science and Technology (Guangzhou),
Guangzhou, China; Yushi Wei, ywei662@connect.hkust-gz.edu.cn, The Hong Kong
University of Science and Technology (Guangzhou), Guangzhou, China; Yue Li,
yue.li@xjtlu.edu.cn, Xi’an Jiaotong-Liverpool University, Suzhou, China; Wolfgang
Stuerzlinger, w.s@sfu.ca, Simon Fraser University, Burnaby, Canada; Hai-Ning Liang,
hainingliang@hkust-gz.edu.cn,The Hong Kong University of Science and Technology
(Guangzhou), Guangzhou, China and The Hong Kong University of Science and Tech-
nology, Hong Kong, Hong Kong.

2026. ACM 1557-7368/2026/0-ART0
https://doi.org/10.1145/nnnnnnn.nnnnnnn

gaze direction needed for interaction. We formulate online XR gaze correc-
tion as causal task-aligned gaze estimation, where intended gaze is treated
as the interaction task-defined direction that users are instructed to fixate
on or track. To support this formulation, we designed controlled fixation,
pursuit, and saccade-related tasks and collected amulti-context gaze dataset
from 35 participants, comprising 6.69 million synchronized frames of mea-
sured gaze, task-defined target directions, head/body motion signals, and
gaze-behavior annotations across sitting, standing, lying down, walking,
and simulated vehicle movement. Based on this dataset, we introduce In-
tentGaze, a motion-FiLM residual correction model that predicts current-
frame task-aligned gaze corrections from recent gaze and motion histories.
The model uses gaze dynamics for residual correction, motion features for
contextual modulation, and saccade-aware control to preserve rapid gaze
transitions. In subject-independent evaluation, IntentGaze achievedmean
angular errors of 0.57◦ for fixation and 1.30◦ for pursuit, reducing errors by
29% and 18% compared with the strongest baseline. It also reduced gaze
instability to 0.21◦ and 0.88◦, corresponding to reductions of 33% and 9%.
Additional analyses show that motion-conditioned modulation mainly ben-
efits motion-rich conditions, saccade-aware control reduces transition lag
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to approximately one frame, reduced-sensor cross-device evaluation pre-
serves performance on another XR headset, and replay-based dwell selec-
tion indicates potential target-acquisition benefits. The compact model fur-
ther supports online deployment without dedicated acceleration in runtime
XR systems. These results suggest that causal task-aligned gaze estimation
can serve as a practical runtime correction layer for stable and responsive
gaze interaction in XR.

CCSConcepts: •Human-centered computing→ Empirical studies in HCI ;
Pointing;Virtual reality; •Computingmethodologies→Machine learn-
ing.
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1 Introduction
Gaze has become an increasingly important input modality for ex-
tended reality (XR) systems. It enables hands-free target selection,
object manipulation, and gaze-contingent rendering, where system
behavior or visual fidelity is adapted according to where the user
is looking [Patney et al. 2016; Pfeuffer et al. 2017; Yu et al. 2021].
In these applications, gaze is not only a perceptual measurement
but also a real-time control signal. Its quality directly affects tar-
get acquisition, interface stability, perceived controllability, and the
placement of high-fidelity regions in gaze-contingent rendering [Al-
bert et al. 2017; Feit et al. 2017; Fernandes et al. 2024; Spjut et al.
2020]. Therefore, gaze-contingent XR requires gaze estimates that
are accurate, stable, and responsive under realistic use conditions.

Obtaining such a reliable gaze signal is difficult in realistic XR
use. Measured gaze is affected by physiological eye-movement in-
stability, calibration drift, hardware noise, and signal processing la-
tency [Holmqvist et al. 2012; Niehorster et al. 2020b; Stein et al.
2021]. These errors also vary across gaze behaviors. During fixa-
tion, high-frequency fluctuations can destabilize dwell-based inter-
action. During smooth pursuit, temporal lag can make gaze esti-
mates fall behind moving targets. During saccades, aggressive cor-
rection can distort rapid transitions and produce misleading inter-
mediate outputs [Kumar et al. 2008; Manakhov et al. 2024]. These
challenges becomemore pronounced inmobile andmotion-rich XR
contexts, where head, body, and environmental motion further per-
turb the measured gaze stream [Manakhov et al. 2024]. As a result,
XR gaze correction must jointly address spatial accuracy, tempo-
ral stability, and responsiveness across gaze behaviors and motion
contexts.

Existing methods typically improve gaze streams through online
filtering or gaze prediction [Hu et al. 2020; Špakov 2012]. Online fil-
ters, such as moving-average and One-Euro filters, are widely used
to suppress high-frequency jitter in interactive systems, but they
smooth the measured gaze stream rather than correct it toward a
task-aligned gaze direction [Casiez et al. 2012; Špakov 2012]. As
a result, stronger filtering may improve fixation stability, but it
cannot explicitly compensate for systematic gaze errors and can

introduce latency during pursuit or rapid gaze transitions. Gaze
prediction methods address a different problem by estimating fu-
ture gaze samples, often to compensate for rendering or display
latency [Arabadzhiyska et al. 2017; Hu et al. 2020]. Although such
prediction can anticipate where the measured gaze may move next,
predicting a future gaze sample does not by itself resolve the cur-
rent signal-quality problems described above, including fixation jit-
ter, pursuit lag, saccadic distortion, and motion-induced perturba-
tion. Thus, both filtering and prediction remain centered on the
measured gaze signal itself, whereas gaze-contingent XR interac-
tion requires a stable and responsive estimate of the gaze direction
that should drive the ongoing task.

To address this mismatch, we formulate online XR gaze correc-
tion as causal task-aligned gaze estimation. In this formulation, in-
tended gaze for explicit target-driven interaction is operationalized
as the task-defined gaze direction that users are instructed to main-
tain or follow during an ongoing interaction. Because such inten-
tion cannot be directly observed in unconstrained use, our con-
trolled XR tasks use the task-defined target direction as an oper-
ational proxy for intended gaze. This design provides a supervised
reference for learning gaze correctionwhile keeping inference strictly
causal, since only recent gaze and motion histories are received as
input. To support this formulation, we collected a multi-context XR
gaze dataset from 35 participants, containing 6.69M synchronized
frames of measured gaze, task-defined target directions, head/body
motion signals, and gaze-behavior annotations across fixation, pur-
suit, and saccade-related transitions. Building on this dataset, we
introduce IntentGaze, a motion-FiLM residual correction model
that predicts current-frame gaze corrections from recentmultimodal
histories. The model uses gaze dynamics as the primary evidence
for residual correction, motion features as contextual modulation,
and saccade-aware control to preserve rapid gaze transitions.

We evaluate IntentGaze through a set of analyses that exam-
ine both signal-level quality and interaction-oriented utility (sec-
tion 5). First, we compare IntentGaze with Raw Gaze and opti-
mized online filtering baselines under a subject-independent cross-
validation protocol, using spatial accuracy, gaze stability, and sac-
cade responsiveness as primary criteria (sections 5.1.1 and 5.2). Sec-
ond, we conduct ablation studies to isolate the effects of motion-
conditioned FiLM modulation and saccade-aware control, examin-
ingwhether themodel improves gaze quality by adapting tomotion
context and preserving rapid gaze transitions (section 5.4). Third,
we conduct a replay-based dwell-selection evaluation to examine
whether frame-wise improvements translate into more reliable tar-
get acquisition (section 5.7). Finally, we test reduced-sensor cross-
device robustness on an additional XR headset (section 6). Across
these evaluations, IntentGaze improves fixation and pursuit ac-
curacy/stability over raw gaze and optimized filtering baselines,
reduces saccade lag to within approximately one frame, improves
dwell-selection success for small targets, and shows robustness in
a reduced-sensor cross-device setting.

In summary, the primary contributions of our work include:
• A formulation of online XR gaze correction as causal task-aligned
gaze estimation, reframing gaze enhancement from smoothing or
future-sample prediction into estimating a stable and responsive
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gaze control signal for target-driven gaze interaction in XR (sec-
tion 4.1).
• A multi-context XR gaze dataset comprising 6.69 million syn-

chronized frames from 35 participants, including measured gaze,
target directions specified by the task, head/body motion signals,
and gaze-behavior annotations across fixation, pursuit, and saccade-
related transitions. Residual–motion coupling analyses further
show that gaze error is conditionally related to motion in motion-
rich contexts, motivating motion-aware correction under realis-
tic XR conditions (sections 3 and 3.7).
• IntentGaze is introduced and evaluated as a motion-FiLM resid-

ual correction model that combines gaze-based residual predic-
tion, motion-conditioned featuremodulation, and saccade-aware
control. Subject-independent, ablation, replay-based dwell selec-
tion, and reduced-sensor cross-device evaluations show that In-
tentGaze improves gaze accuracy, stability, and responsiveness
over raw gaze and optimized online filtering baselines (sections 4
to 6).

To support reproducibility, the full dataset [Hu et al. 2026] and the
IntentGaze reference implementation are publicly available.1

2 Related Work
We review prior work from three perspectives: gaze interaction in
dynamic and mobile XR, behavior-dependent requirements of gaze
quality, and existing approaches for improving gaze signals during
interaction. Together, these areas motivate our formulation of on-
line XR gaze correction as causal task-aligned gaze estimation.

2.1 Gaze Interaction in Dynamic and Mobile XR
Gaze is widely used in XR because it provides a fast, natural, and
hands-free input channel for target selection, object manipulation,
attention-aware interfaces, and gaze-contingent rendering [Chat-
terjee et al. 2015; Patney et al. 2016; Pfeuffer et al. 2017; Sidenmark
et al. 2023; Yu et al. 2021]. At the same time, XR interaction is in-
creasingly expected to operate beyond stationary laboratory set-
tings, including walking, driving, and other mobility-constrained
situations [Ghiurãu et al. 2020; Li et al. 2025, 2024]. For gaze-based
interaction, these dynamic contexts introduce additional reliability
challenges: prior studies on gaze interaction under locomotion or
vehicle-like movement have shown that motion can reduce selec-
tion accuracy, increase response time, and make gaze input less
reliable for practical use [Colley et al. 2022; Sasalovici et al. 2025].

The degradation of gaze input in dynamic XR arises from mul-
tiple coupled sources rather than a single noise process. During
self-motion, visual stability is supported by physiological mecha-
nisms such as the vestibulo-ocular reflex and the optokinetic re-
flex [Barnes and Lawson 1989; Barnes 1979; Land and Tatler 2009].
Nevertheless, these mechanisms do not guarantee a stable signal
for an eye-tracking system. Headset slippage, calibration drift, com-
pensatory eye movements, hardware noise, and body-induced mo-
tion can all become mixed in the measured gaze stream [Holmqvist

1Dataset: https://doi.org/10.5281/zenodo.21933665; source code: https://github.com/
W-YXN/IntentGaze.

et al. 2022; Hooge et al. 2023; Niehorster et al. 2020a]. These fac-
tors suggest that gaze correction for XR should account for motion-
varying contexts rather than assuming a stationary user or a context-
invariant noise pattern.

2.2 Gaze Behavior and Behavior-DependentQuality
Requirements

Gaze behavior is commonly categorized into fixation, smooth pur-
suit, and saccade [Kothari et al. 2020]. These behaviors differ in
their temporal dynamics and spatial stability, and therefore impose
different requirements on gaze correction for XR interaction. Fixa-
tion refers to a relatively stable period during which gaze is main-
tained around a visual target, typically within a low velocity range
of approximately 0.5–5◦/s [Land and Tatler 2009]. In XR interac-
tion, fixation supports dwell-based selection, target confirmation,
and attention-aware interface adaptation [Hessels et al. 2018; Mu-
tasim et al. 2025]. Its main quality requirement is stability around
the interaction target, since high-frequency jitter can make a gaze
cursor fluctuate, reduce target-acquisition reliability, and increase
the risk of false activations. Smooth pursuit refers to continuous
eye movement that follows a moving visual target, usually below
approximately 30◦/s [Barnes 2008]. It has been used for moving-
target selection, pursuit-based interaction, menu navigation, and
gaze-based steering tasks [Hu et al. 2025a,b; Pfeuffer et al. 2013; Vi-
dal et al. 2013]. Unlike fixation, smooth pursuit requires both spa-
tial alignment and temporal responsiveness. A correction method
that strongly suppresses local fluctuations may appear to make the
signal smoother, but can also make the estimated gaze trajectory
lag behind the moving target, thereby increasing target-referenced
error. Saccades are rapid ballistic eye movements that shift gaze
between visual targets, typically reaching velocities of 30–500◦/s
and lasting approximately 20–200ms [Holmqvist et al. 2011]. In XR
interaction, target acquisition often involves a saccadic transition
followed by fixation or dwell confirmation [Holmqvist et al. 2011].
During these rapid transitions, gaze correction must preserve re-
sponsiveness rather than smoothness. Applying strong smoothing
or residual correction uniformly across saccades can delay the tran-
sition, distort the landing trajectory, or generate misleading inter-
mediate gaze outputs [Kumar et al. 2008; Manakhov et al. 2024].

These behaviors rarely occur in isolation during practical inter-
action. Users often alternate between saccades and fixation during
target acquisition, while continuous tracking may combine smooth
pursuit with corrective saccades [Holmqvist et al. 2011; Hu et al.
2025b]. Therefore, gaze quality cannot be fully characterized by a
single static criterion. A useful gaze signal for XR should be accu-
rate with respect to the interaction target, stable enough to sup-
port control, and responsive enough to preserve rapid gaze tran-
sitions. This behavior-dependent view is consistent with standard
eye-tracking quality measures such as spatial accuracy, spatial pre-
cision, data loss, and sampling frequency [Holmqvist et al. 2011;
Niehorster et al. 2020b], but it emphasizes that thesemeasures must
be interpreted in relation to the interaction task and the current eye
movement state.
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2.3 Improving Gaze Input for Interactive XR Systems
Prior work has improved eye-tracking quality through calibration,
runtime filtering, and data-driven gaze estimation. Calibration and
recalibration methods address geometric alignment between eye
measurements and display coordinates. For head-worn eye track-
ers, gaze quality can degrade after calibration because the head-
set may shift during use, even due to speaking, facial expressions,
or manual adjustment [Niehorster et al. 2020a]. Implicit and back-
ground calibration methods, therefore, aim to maintain alignment
during interaction. For example, Hou et al. [2025] proposed a mul-
timodal implicit calibration method for XR that refines calibration
using gaze and interaction signals. Such methods are important for
reducing calibration drift, but they mainly address upstream align-
ment rather than the runtime correction of noisy gaze streams dur-
ing ongoing interaction.

Runtime filters operate directly on gaze streams and are there-
fore widely used in interactive systems. Common methods include
moving-average filters, Kalman-style filters, and the One-Euro fil-
ter [Casiez et al. 2012; Feit et al. 2017; Koh et al. 2009]. These filters
can suppress high-frequency jitter, but they expose a fundamen-
tal stability–latency trade-off: stronger smoothing can improve fix-
ation stability, yet it can also delay smooth pursuit and saccadic
transitions [Špakov 2012].This trade-off becomesmore problematic
in dynamic XR, where walking and vehicle-like movement intro-
duce context-dependent motion patterns and temporal noise char-
acteristics [Sasalovici et al. 2025]. Saccade-aware filtering can re-
duce some of these artifacts by relaxing filtering around rapid tran-
sitions [Manakhov et al. 2024], but such methods still primarily
smooth the measured gaze stream rather than estimating the task-
aligned gaze direction needed for interaction.

Gaze prediction addresses a related but different problem. Pre-
dictive methods estimate future gaze positions or saccade landing
locations, often to compensate for rendering or display latency in
gaze-contingent rendering [Arabadzhiyska et al. 2017; Hu et al.
2020]. These methods can be effective when the goal is to antici-
pate where the gaze will move next. However, predicting a future
measured gaze sample does not directly solve the current-frame
signal-quality problem faced by gaze interaction, where the system
needs a stable and responsive control signal during fixation, pur-
suit, and saccadic transitions. In addition, many data-driven gaze
estimation methods operate upstream of runtime interaction by re-
gressing gaze direction from eye images, face images, videos, or
head-pose cues, with emphasis on appearance robustness, personal
calibration, or cross-user generalization [Cheng et al. 2024; Fischer
et al. 2018; Zhang et al. 2020]. These advances improve gaze estima-
tion itself, but they do not directly learn how to transform a mea-
sured runtime gaze stream into an interaction-ready signal under
motion-varying XR conditions.

Overall, existing work has improved gaze input by maintaining
calibration, filtering noisy measurements, predicting future gaze
samples, or enhancing upstream gaze estimation. However, these
approaches remain centered on themeasured gaze signal.They rarely
learn runtime gaze correction from synchronized gaze and body-
motion histories, adapt correction behavior to motion context, or
explicitly preserve the different requirements of fixation, pursuit,

and saccadic transitions. This motivates our formulation of online
XR gaze correction as causal task-aligned gaze estimation, where
the goal is to produce a gaze control signal that is accurate, stable,
and responsive for ongoing gaze-contingent interaction.

3 Data Collection and Processing
We conducted a within-subjects study to collect synchronized gaze
and motion data for training and evaluating causal task-aligned
gaze correction. The study included 35 participants, seven move-
ment conditions derived from five movement contexts, and two in-
teraction tasks: Saccade–Fixation and PuRsuit. These tasks were
designed to elicit fixation, smooth pursuit, and saccade-related tran-
sitions in response to explicit visual targets. In total, the study pro-
duced 36,750 trials and 6,699,749 synchronized frames of gaze, task-
defined target-direction, and head/bodymotion data.The study pro-
tocol was approved by the local Institutional Review Board.

3.1 Participants, Apparatus, and Recorded Signals
Thirty-five participants were recruited from a local university (21
men and 14 women; age range 19–42 years, 𝑀 = 25.09, 𝑆𝐷 = 4.47).
All participants had normal or corrected-to-normal vision.

The experiment was implemented in Unity 2022.3.12f1 and run
on a PC equipped with an AMD Ryzen 7 processor and an NVIDIA
RTX 5070 GPU. Participants wore an HTC Vive Pro Eye headset,
connected through the SteamVR runtime. Binocular gaze data were
recorded through the SRanipal SDK callback WrapperRegisterEye-
DataCallback with a nominal sampling rate of 90Hz. To preserve
minimally processed gaze measurements, the SRanipal parameter
sensitive_factor was set to 1, where 0 indicates stronger SDK-
level filtering and 1 indicates no filtering2.

The SDK provided a combined binocular gaze direction, repre-
sented as a 3D vector originating from the midpoint between the
two eyes. This binocular gaze direction was used as the measured
gaze signal for subsequent modeling and evaluation. During the
experiment, participants saw a semi-transparent gaze cursor ren-
dered at the intersection between the gaze ray and a virtual plane
placed at a depth of 1 m. The cursor subtended approximately 0.5◦

of visual angle and was used only as online interaction feedback.
The recorded gaze signal, model input, and evaluation metrics were
based on the binocular gaze direction rather than the rendered cur-
sor position.

Motion signalswere recorded from two tracked devices: theHMD
and a chest-mountedVive Tracker 3.0. For both devices, we recorded
SDK-reported linear velocity v = (𝑣𝑥 , 𝑣𝑦, 𝑣𝑧) and angular veloc-
ity 𝝎 = (𝜔𝑥 , 𝜔𝑦, 𝜔𝑧) using UnityEngine.XR XRNodeState, with a
nominal sampling rate of 90Hz.3. The HMD signals captured head
motion, while the chest-mounted Vive Tracker 3.0 captured upper-
bodymotion through SteamVR4. Together, thesemeasurements pro-
vided synchronized gaze, head-motion, and body-motion streams
for motion-aware gaze correction.

2https://forum.htc.com/topic/9119-questions-i-have-again-after-using-eye-tracking-
for-few-months [Accessed: 2025-07-11]
3https://docs.unity3d.com/2022.3/Documentation/ScriptReference/XR.XRNodeState.
html [Accessed: 2025-07-13]
4https://www.vive.com/us/accessory/tracker3 [Accessed: 2025-07-13]
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Fig. 2. Representative examples of the five movement contexts: (a) Sitting, (b) Standing, (c) Lying Down, (d)Walking (at two different speeds), and (e) Simulated
Vehicle Movement (at two different motion intensities). Overall, this yielded a total of seven movement conditions.

3.2 Movement Conditions
To capture gaze behavior under representative XR use conditions,
we included seven movement conditions grouped into five every-
day contexts: Sitting, Lying Down, Standing, Walking at two speed
levels, and Simulated Vehicle Movement at twomotion-intensity lev-
els (see fig. 2). Together, these conditions cover stable postures, self-
induced locomotion, and externally induced vehicle-like motion.
Sitting. Participants sat upright on a chair with natural head move-
ment, providing a relatively stable seated condition.
LyingDown. Participants performed the tasks in a supine position
on a bed, providing a low-motion but biomechanically constrained
condition.
Standing. Participants stood uprightwithminimal voluntarymove-
ment, serving as an upright baseline with natural postural sway.
Walking. Participants walked on a treadmill at 60% and 80% of
their preferred walking speed (PWS), defined as their self-selected
walking speed in daily living [Bohannon 1997]. These two levels
were chosen to represent realistic locomotion during interactive
XR use, ranging from a cautious interaction-oriented pace to amore
comfortable exploratory gait [Bergstrom-Lehtovirta et al. 2011].The
treadmill remained flat, and participants were instructed to main-
tain a steady gait so that the primary disturbance arose from gait-
related head and body motion.
Simulated Vehicle Movement. Participants were seated in a six-
degree-of-freedom (6-DoF)motion simulator that generated vehicle-
like motion at two intensity levels. The simulator was driven by a
washout-basedmotion cueing algorithmusing real-world in-vehicle
inertial traces from a smartphone-sensor dataset [Khandakar et al.
2025]. Rather than manually specifying fixed translational or rota-
tional amplitudes, we defined the two intensity levels using RMS
acceleration after frequency weighting to align with ISO standards.
The low-intensity condition corresponded to an RMSA of 0.58m/s2,
while the medium-intensity condition corresponded to an RMSA of
0.83m/s2. According to the comfort guidance in ISO 2631-1:1997 [In-
ternational Organization for Standardization 1997], weighted RMS
acceleration values of 0.315–0.63m/s2 are associated with “a lit-
tle uncomfortable”, whereas values of 0.5–1.0m/s2 are associated
with “fairly uncomfortable”. Therefore, the low-intensity condition
lies within the overlapping region of these two categories, while

the medium-intensity condition falls within the “fairly uncomfort-
able” range. These settings were intended to approximate mild-to-
moderate urban in-vehicle movement rather than extreme motion
exposure.

3.3 Experimental Tasks
We designed two gaze-interaction tasks to elicit the eye-movement
behaviors most relevant to XR gaze correction: Saccade–Fixation
and PuRsuit. Both tasks used explicit visual targets, allowing the
task-defined target direction to serve as the supervised reference
for task-aligned gaze correction. As shown in fig. 3, each trial be-
gan with the same preparation phase. Participants first aligned the
gaze cursor with an initial white sphere and pressed the controller
trigger to confirm readiness. An auditory cue then indicated trial
onset. After this phase, the trial proceeded to either the Saccade–
Fixation task or the PuRsuit task.

3.3.1 Saccade–Fixation Task. This task was designed to capture
target acquisition as a rapid gaze shift followed by steady fixation.
In each trial, the initial white sphere appeared at a random loca-
tion within a head-centered layout spanning ±25◦ horizontally and
±20◦ vertically at a visual depth of 1m. After participants confirmed
readiness, the initial sphere disappeared, and a blue target sphere
appeared at a different angular location. The angular separation be-
tween the two spheres was randomly sampled from { 5◦, 10◦, 20◦,
30◦, 40◦ }. Participants were instructed to shift their gaze to the
new target as quickly and accurately as possible. Once the gaze cur-
sor reached the target, the sphere was highlighted, and participants
maintained fixation on it for approximately 2 s. This task provided
a saccadic transition followed by a controlled fixation segment.

3.3.2 PuRsuit Task. This task was designed to elicit continuous
smooth pursuit under explicit target motion. In each trial, the ini-
tial white sphere appeared at a depth of 1m. After participants con-
firmed readiness, the target moved smoothly for 2 s along an in-
visible predefined trajectory. To increase movement diversity, the
trajectory was randomized across trials. The trajectory shape was
either circular or square, both with a visual radius of 10◦. The mov-
ing direction was clockwise or counterclockwise, and the starting
phase and inclination angle were randomized. The target angular
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velocity was selected from { 10◦/s, 15◦/s, 20◦/s, 25◦/s, 30◦/s }, cov-
ering a representative range of smooth-pursuit speeds used in prior
work [Wei et al. 2025].

3.4 Procedure
Participants first watched a demonstration video explaining the
study purpose, the recorded gaze and motion signals, and the two
experimental tasks. They were informed that they could stop the
experiment at any time if they experienced eye fatigue, cybersick-
ness, or discomfort. After providing informed consent, participants
completed a brief demographic questionnaire, wore the HMD, and
completed the built-in eye-tracking calibration procedure of the
HTC Vive Pro Eye. A short validation session was then conducted
to confirm tracking quality and task understanding before formal
data collection.

The study used a within-subjects design. Each participant com-
pleted both Saccade–Fixation and PuRsuit tasks under all seven
movement conditions. For eachmovement condition, each task con-
tained five parameter levels, and each level was repeated 15 times,
yielding 75 trials per task per movement condition. Thus, each par-
ticipant completed 150 trials in each movement condition and 1,050
trials in total (2 tasks × 7 movement conditions × 75 trials), result-
ing in 36,750 trials across all 35 participants.

To reduce physical and visual fatigue, data collection was dis-
tributed across seven sessions, with one movement condition com-
pleted per session. The order of movement conditions was coun-
terbalanced across participants. Within each session, task order,
block order, and parameter levels were randomized. Before each
block, participants received brief task instructions, followed by eye-
tracker calibration and validation. Participants were allowed to rest
between trials and blocks whenever needed. Each session lasted ap-
proximately 30 minutes. Participants received compensation equiv-
alent to 35.7 USD in the local currency for completing all seven
sessions.

3.5 Data Cleaning and Segmentation
We defined the supervised reference at each frame as the unit di-
rection from the binocular gaze origin to the current task target
in Unity world coordinates. This definition matched the recorded
binocular gaze representation described in section 3.1, allowing target-
referenced angular error to be computed in a common 3D coordi-
nate frame.The target direction was used only for supervision, seg-
mentation, and evaluation, but not as an input feature.

During preprocessing, 31,989 raw gaze-direction frames (0.48%)
with negligible vector magnitude (≤ 1×10−5) were identified as sig-
nal dropouts.These frameswere retained in the timeline to preserve
temporal alignment, but were masked from loss computation and
excluded as prediction target frames during training and evaluation.
Because all tracking channels (gaze, head, and body) were recorded
concurrently within a unified Unity pipeline, the data streams in-
herently shared a common system timeline, mitigating the need
for external temporal alignment. Based on raw timestamps, the
collected signals had a mean effective sampling rate of 88.17Hz,
ranging from 81.40 to 89.85Hz across recordings. All synchronized
streams were then linearly resampled to 90Hz.

We refined gaze-behavior segments to improve label quality. Be-
cause the task-imposed maximum saccade amplitude was 40◦, sac-
cade runs longer than 27 frames (∼300ms at 90Hz) were removed
as implausibly long saccadic segments [Holmqvist et al. 2011]. This
step excluded 1,773 saccade segments (11.19%), leaving 14,069 valid
saccade segments. For the Saccade–Fixation task, the early por-
tion of nominal fixation periods often contained post-saccadic set-
tling. Based on an acceleration-inflection analysis, we masked the
first 10 frames (≈ 111ms) of each nominal fixation period, account-
ing for 5.51% of all fixation frames.

Finally, trial-level quality control was applied. Within each cross-
validation fold, the upper IQR threshold, 𝑄3 + 1.5 IQR, was esti-
mated exclusively from the target-referenced errors of the training-
participant trials and applied only to the training set. Validation
and test trials were not excluded based on target-referenced error
and did not contribute to threshold estimation.The remaining train-
ing trials, together with the untouched validation and test trials,
were used for model training, validation, and evaluation under the
subject-independent protocol described in section 5.

3.6 Feature Formulation and Representation
After preprocessing, each frame was represented by an observable
18-dimensional feature vector x𝑡 ∈ R18, consisting of 6 gaze-related
features and 12 motion-related features. The raw binocular gaze di-
rection was converted from a 3D unit vector to yaw–pitch coordi-
nates,

graw𝑡 = (𝜃 raw𝑡 , 𝜙raw𝑡 )> .
The task-defined target direction was converted using the same rep-
resentation,

g∗𝑡 = (𝜃∗𝑡 , 𝜙∗𝑡 )>,
but was used only to define the supervised residual and evaluation
metrics.

The gaze-related features encoded raw-gaze kinematics:

xgaze𝑡 = [graw𝑡 , ¤graw𝑡 , ¥graw𝑡 ] ∈ R6,

where the three terms denote yaw–pitch orientation, angular ve-
locity, and angular acceleration, respectively. The motion-related
features encoded head and upper-body motion:

xmotion
𝑡 = [vhead,𝑡 ,𝝎head,𝑡 , vchest,𝑡 ,𝝎chest,𝑡 ] ∈ R12,

where vhead,𝑡 and vchest,𝑡 denote SDK-reported linear velocities,
and 𝝎head,𝑡 and 𝝎chest,𝑡 denote SDK-reported angular velocities.
The final frame-level input was defined as

x𝑡 = [xgaze𝑡 , xmotion
𝑡 ] ∈ R18 .

All gaze, target-direction, and motion variables were expressed in
the Unity world coordinate system.

3.7 Residual–Motion Coupling Analysis and Design
Implications

As an exploratory post-hoc analysis, we examined whether target-
referenced gaze residuals contain systematic structure related to
head and body motion. Let

r𝑡 = (𝜃𝑟,𝑡 , 𝜙𝑟,𝑡 )> = g∗𝑡 − graw𝑡
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Fig. 3. Overview of the experimental tasks. (a) Shared preparation phase. Participants first aligned the gaze cursor with the initial sphere and confirmed
trial onset. (b) Saccade–Fixation task. A new target appeared at a different angular location, prompting a rapid gaze shift followed by a controlled fixation
period. (c) PuRsuit task. The target moved continuously along a predefined trajectory, and participants tracked it with their gaze. The dashed lines and
arrows indicating trajectories are for illustrative purposes only and were not visible to the participants.

denote the yaw–pitch residual between the task-defined target di-
rection and the measured raw gaze direction. We analyzed the cou-
pling between r𝑡 and the 12motion-related features from both time-
and frequency-domain perspectives, stratified by movement con-
text and gaze behavior. Detailed definitions of the diagnostic quan-
tities and analysis settings are provided in appendix A.

A first observation is that gaze residuals are not fully indepen-
dent of motion signals. Using normalized cross-correlation within
a lag window of ±0.3 s, we found the strongest associations in the
twomotion-rich contexts,Walking and Vehicle Movement. These as-
sociations consistently appeared in physically interpretable direct
pairs: the pitch residual 𝜙𝑟 with head angular velocity 𝜔head,𝑥 , and
the yaw residual 𝜃𝑟 with head angular velocity 𝜔head,𝑦 . As summa-
rized in table 1, peak correlations under Fixationwere strong across
both contexts. However, the corresponding peak lags varied across
pairs and conditions, ranging from 0 to −44.4ms.

This pattern is consistent with a motion-coupled component in
the residual, while providing no support for a rigid sample-wise
alignment assumption. It therefore offers exploratory motivation
for allowing temporal lag and phase variability in motion-aware
correction rather than imposing a universal zero-lag relationship.

Table 1. Peak cross-correlation (CC) for dominant residual–motion pairs
under Fixation.

Movement Context Pair Peak CC Lag (ms)

Simulated Vehicle Movement 𝜙𝑟 ↔ 𝜔head,𝑥 0.72 −33.3
𝜃𝑟 ↔ 𝜔head,𝑦 0.53 −11.1

Walking 𝜙𝑟 ↔ 𝜔head,𝑥 0.62 −44.4
𝜃𝑟 ↔ 𝜔head,𝑦 0.55 0.0

We next examined whether this coupling was also visible in the
frequency domain. Using an empirical coherence threshold of 𝛾2 >
0.3 to mark supported frequency bins, magnitude-squared coher-
ence analysis showed that stable residual–motion coupling was se-
lective rather than ubiquitous. It was concentrated primarily in Fix-
ation, especially under Simulated Vehicle Movement and Walking,

which yielded 7 and 2 above-threshold motion–residual pairs, re-
spectively. In contrast, pursuit conditions yielded at most 2 above-
threshold pairs, and the remaining strata yielded none. A possi-
ble physiological interpretation is that fixation-related gaze stabi-
lization depends more directly on vestibulo-ocular compensation,
whereas during smooth pursuit, this couplingmay be attenuated by
pursuit-associated suppression of such reflex [Dietrich and Wuehr
2019; Leigh and Zee 2015].

As illustrated in fig. 4, the same direct pairs identified in the time-
domain analysis also showed the strongest coherence peaks. For ex-
ample, 𝜙𝑟 ↔ 𝜔head,𝑥 reached coherence values of 0.81 and 0.60 in
Simulated Vehicle Movement andWalking, respectively, while 𝜃𝑟 ↔
𝜔head,𝑦 reached 0.45 and 0.51. Notably, the dominantwalking-related
peaks fell within the typical adult step-frequency range [Bohannon
1997;MacDougall andMoore 2005], whereas higher peaks aremore
conservatively interpreted as gait-related harmonics.
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Fig. 4. Representative frequency-domain evidence of residual–motion cou-
pling for the two dominant direct pairs. (a) Magnitude-squared coherence
spectra for the yaw-related pair 𝜃𝑟 ↔ 𝜔head,𝑦 . (b) Magnitude-squared co-
herence spectra for the pitch-related pair 𝜙𝑟 ↔ 𝜔head,𝑥 . Solid lines denote
Fixation and dashed lines denote Pursuit under Simulated Vehicle Movement
andWalking. The horizontal dashed line indicates the empirical coherence
threshold (𝛾2 = 0.3). Shaded regions highlight coherence-supported fre-
quency ranges above the threshold, and triangle markers indicate peak co-
herence values for the fixation curves.

The coupling was also band-limited rather than broadband. After
aggregating the coherence-supported bands across the two domi-
nant fixation conditions and excluding low-frequency drift below
0.2Hz, the yaw-related structurewas concentrated in a narrow band
of 1.055–3.516Hz, whereas the pitch-related structure occupied a

ACM Trans. Graph., Vol. 0, No. 0, Article 0. Publication date: 2026.



0:8 • Hu et al.

broader andmoremulti-channel range of approximately 0.35–6.0Hz.
Additional channels occasionally showed above-threshold coher-
ence, but they remained secondary to the primary head angular-
velocity coupling.

Taken together, these analyses suggest that residual–motion cou-
pling is conditional on both gaze behavior and movement context.
It is strongest in motion-rich fixation, appears in physically inter-
pretable head-motion channels, varies in temporal lag, and occu-
pies selective frequency bands. These findings motivate using mo-
tion as a contextual conditioning signal rather than as a direct resid-
ual source. Accordingly, our model encodes recent head/body mo-
tion history and uses it to modulate the gaze-based residual repre-
sentation, enabling motion-adaptive correction without assuming
that the full residual is uniformly motion-driven.

4 IntentGaze: Motion-FiLM Residual Gaze Correction
Model

We formulate online gaze correction as causal task-aligned gaze es-
timation and introduce IntentGaze, a motion-FiLM residual cor-
rection model. Given a temporal history of gaze and motion obser-
vations, IntentGaze predicts a current-frame yaw–pitch correc-
tion that maps a short-term raw-gaze reference toward the task-
defined gaze direction. As shown in fig. 5, the framework consists
of a gaze dynamics encoder, a motion context encoder, a motion-
FiLM modulation layer, and a saccade-aware correction controller.
The design uses gaze dynamics as the primary basis for residual
prediction, motion features for contextual modulation, and saccade-
aware gating to regulate correction during rapid eye movements.

4.1 Problem Formulation
Building on the cleaned recordings described in section 3.5 and the
observable multimodal representation defined in section 3.6, the
model predicts a current-frame gaze correction from a causal tem-
poral history. At time 𝑡 , the input is a sliding window of observable
features before 𝑡 :

X𝑡 = [x𝑡−𝑊 , . . . , x𝑡−1] ∈ R𝑊 ×18,

whereXgaze
𝑡 ∈ R𝑊 ×6 denotes the gaze featurewindow andXmotion

𝑡 ∈
R𝑊 ×12 denotes the motion feature window. This formulation en-
sures that inference uses only observations available before time
𝑡 .

To reduce direct propagation of instantaneous high-frequency
jitter, we define a short-term causal raw-gaze reference from recent
raw gaze directions. The recent directions graw𝑡−3:𝑡−1 are converted
from yaw–pitch coordinates to three-dimensional unit vectors, av-
eraged in direction-vector space, normalized, and converted back to
yaw–pitch coordinates. The resulting reference is denoted as ḡraw𝑡 .

The supervised residual target is defined as:

r∗𝑡 = g∗𝑡 − ḡraw𝑡 ,

where g∗𝑡 is the task-defined target direction used as the super-
vised proxy for intended gaze. The target direction is used only for
defining supervision and evaluation, not as an input feature. Given
the causal input window, the model predicts a pre-control residual
r̂𝑡 ∈ R2. A saccade-aware controller then computes a continuous

gate𝑤𝑡 and produces the corrected gaze estimate:

ĝcorr𝑡 = ḡraw𝑡 +𝑤𝑡 r̂𝑡 .

4.2 Motion-Conditioned Gaze Residual Regression
Network

Motivated by the residual–motion coupling analysis in section 3.7,
the residual regression network predicts the pre-control residual r̂𝑡
using a gaze branch and a motion-FiLM branch.
Gaze Branch. The gaze branch takes Xgaze

𝑡 as input and encodes
recent gaze orientation, angular velocity, and angular acceleration.
A stacked gated recurrent unit (GRU [Chung et al. 2014]) produces
the temporal gaze representation:

hgaze𝑡 = GRU
(
Xgaze
𝑡

)
∈ Rdimgaze ,

where hgaze𝑡 denotes the last-step hidden state of the stacked GRU
and serves as the primary basis for residual prediction.
Motion Branch.The motion branch takes the motion feature win-
dow Xmotion

𝑡 as input and encodes recent head and upper-body
movement context. The motion sequence is processed by a causal
temporal convolutional network (TCN [Bai et al. 2018]) to capture
multi-scale temporal motion patterns:

hmotion
𝑡 = TCN

(
Xmotion
𝑡

)
∈ Rdimmotion ,

Theresultingmotion representation is projected to generate Feature-
wise Linear Modulation (FiLM [Perez et al. 2018]) parameters:

[𝜸motion
𝑡 ‖ 𝜷motion

𝑡 ] = MLPFiLM
(
hmotion
𝑡

)
∈ R2·dimgaze ,

where MLPFiLM : Rdimmotion → R2·dimgaze transforms the mo-
tion representation into a concatenated vector of modulation pa-
rameters, which is then partitioned into𝜸motion

𝑡 , 𝜷motion
𝑡 ∈ Rdimgaze .

Here 𝜸motion
𝑡 controls scaling and 𝜷motion

𝑡 controls shifting of the
gaze representation.

The modulated gaze representation is computed as:

h̃gaze𝑡 = LN
(
𝜸motion
𝑡 � hgaze𝑡 + 𝜷motion

𝑡

)
∈ Rdimgaze ,

where LN(·) denotes layer normalization and � denotes element-
wise multiplication.
Residual Head. The residual head maps the modulated gaze rep-
resentation to the predicted yaw–pitch residual:

r̂𝑡 = MLPhead
(
h̃gaze𝑡

)
∈ R2 .

4.3 Saccade-Aware Control Module
To preserve responsiveness during rapid eye movements [Kumar
et al. 2008], we use a saccade-aware control module as a termi-
nal controller that regulates how strongly the predicted residual
should be applied.This module operates independently of the resid-
ual regressor and only controls the magnitude of the residual out-
put. IntentGaze applies learned residual correction during fixation
and pursuit, while the saccade-aware controller suppresses the cor-
rection during detected saccadic transitions.
Design Rationale. The choice of a learned probabilistic detector,
rather than a heuristic kinematic threshold on instantaneous gaze
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Fig. 5. The model predicts a current-frame yaw–pitch correction from recent gaze and motion histories. A GRU encodes gaze dynamics, while a causal TCN
encodes head/body motion and generates FiLM parameters to modulate the gaze representation before residual prediction. A causal saccade detector and
state-aware fusion module produce a continuous gate that attenuates the residual during saccadic transitions. The gated residual is then applied to the
short-term raw-gaze reference to obtain the corrected gaze output.

velocity or acceleration, is dictated by two requirements of the down-
stream control strategy. First, the downstream gating requires a cal-
ibrated likelihood whose magnitude is informative within a tran-
sition band; a heuristic binary indicator would collapse this soft
transition and bypass the refractory logic. Second, saccadic events
manifest as joint temporal patterns across multiple coupled chan-
nels (orientation, angular velocity, and acceleration) rather than
isolated magnitude spikes [Kothari et al. 2020; Startsev et al. 2019].
A lightweight causal network can integrate thesemulti-dimensional
dynamics over a short temporal window, producing a stable prob-
ability for the downstream timing and gating logic.
Causal Saccade Probability Estimation. The saccade detector
uses a short localized window taken from the terminal portion of
the causal input history:

X′𝑡 = [x𝑡−𝑊 ′ , . . . , x𝑡−1] ⊂ X𝑡 .

A lightweight TCN with dilated causal convolutions extracts a
hidden representation from X′𝑡 . A linear classifier applied to the
last temporal state produces the saccade probability:

𝑝sac𝑡 = 𝜎
(
W𝑑h

′
𝑡 + 𝑏𝑑

)
,

where h′𝑡 denotes the detector hidden state and 𝜎 (·) is the sigmoid
function.
State-Aware Fusion Control. To prevent rapid state toggling and
false detections, the raw probability 𝑝sac𝑡 is processed by a causal

state machine Φ:

(𝑝𝑡 , z𝑡 ) = Φ(𝑝sac𝑡 , z𝑡−1;𝜏enter, 𝜏exit, 𝑑hold, 𝑑ref ) .
where z𝑡 = (𝑆𝑡 ,𝐶𝑡 ) denotes the internal state, comprising a binary
phase indicator 𝑆𝑡 ∈ {0, 1} and a frame counter 𝐶𝑡 . The machine
partitions the eye-movement history into three operational phases.
In the Saccadic Phase, Φ enforces a binary high output (𝑝𝑡 = 1)
to fully attenuate the residual during rapid gaze shifts. Upon de-
tecting a saccade termination (stable 𝑝sac𝑡 < 𝜏exit for 𝑑hold frames),
the system enters a Recovery Phase. During this refractory pe-
riod (𝑑ref ), Φ passes the raw probability 𝑝sac𝑡 directly to allow for
a soft, data-driven transition. Finally, the system enters the Stable
Phase when the refractory counter exceeds 𝑑ref , where a binary
low output (𝑝𝑡 = 0) is enforced to ensure maximum transparency
for gaze correction. This three-phase logic is designed to suppress
post-saccadic oscillations while preserving the responsiveness of
the FiLM-based correction model. Detailed algorithmic transitions
are provided in appendix B.

To avoid a hard binary switch, the filtered saccade probability is
converted into a continuous residual gate:

𝑤𝑡 =

[
𝑝off − 𝑝𝑡
𝑝off − 𝑝low

]1
0
,

where [·]10 denotes clamping onto the unit interval, and 𝑝low and
𝑝off define the lower and upper bounds of the transition band, with
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𝑝low < 𝑝off . This gate suppresses the residual correction when the
saccade likelihood is high and gradually restores it as the likelihood
decreases. The gated residual used by the final correction rule is:

r̂out𝑡 = 𝑤𝑡 r̂𝑡 .

By attenuating the residual during likely saccades and restoring
it during stable gaze behavior, the controller reduces undesirable
delays or distortions while preserving correction benefits during
fixation and pursuit.

4.4 Training Strategy and Objectives
The residual regressor and the saccade detector are trained sep-
arately. The regressor learns the pre-control yaw–pitch residual,
while the detector estimates the saccade likelihood used to control
residual attenuation.
Residual Regression Objective.The residual regression network
is optimized with a SmoothL1 loss:

Lreg =
〈
SmoothL1

(
𝑠degr̂𝑡 , 𝑠degr

∗
𝑡

)〉
,

where 𝑠deg converts angular residuals into degree units and 〈·〉 de-
notes averaging over valid regression frames.
Saccade Detector Objective. The saccade detector is trained us-
ing frame-level saccade labels aligned with time 𝑡 . Since saccadic
frames are much less frequent than non-saccadic frames, the de-
tector is optimized in two steps, inspired by Kang et al. [2020].
First, the full detector is trained on the natural data distribution
using Binary Cross-Entropy (BCE). Second, the detector backbone
is frozen, and only the final classifier is recalibrated using Focal
Loss [Lin et al. 2017]. This recalibration improves sensitivity to the
minority saccade class without changing the temporal feature ex-
tractor [Kang et al. 2020].

4.5 Implementation Details
Network Architecture. The residual regression network uses a
causal history window of 𝑊 = 64 frames (≈ 711ms). The gaze
branch is a 2-layer GRU with hidden size 32. The motion branch
is a 4-layer causal TCN with hidden size 16, kernel size 3, and di-
lation rates [1, 2, 4, 8]. The motion representation is projected into
FiLM parameters before residual prediction. Dropout is set to 0.15
for both branches. The saccade detector uses a terminal window of
𝑊 ′ = 7 frames (≈ 78ms) and is implemented as a 2-layer causal
TCN with residual connections, hidden size 16, kernel size 3, dila-
tion rates [1, 2], and dropout 0.1.
Optimization.Theproposedmodel is implemented using PyTorch
and trained on a single NVIDIA GeForce RTX 5090 GPU. We use
the AdamW optimizer for all training stages. To maximize data uti-
lization, each sliding window is extracted with a stride of 1 and
treated as an independent sample, followed by global frame-wise
shuffling.The residual regression network is trained for 160 epochs
with a batch size of 32768, an initial learning rate of 1.6×10−3, and a
weight decay of 2×10−4. For the saccade detector, the BCE training
stage runs for 80 epochs with an initial learning rate of 1×10−3, and
the Focal Loss recalibration stage runs for 40 epochswith a learning
rate of 1 × 10−4, adopting the default 𝛾 = 2.0 and 𝛼 = 0.5 follow-
ing Lin et al. [2017]. We employ a cosine annealing scheduler with
warm restarts to dynamically adjust the learning rate. Throughout

the training process, no early stopping is applied; instead, the fi-
nal model checkpoint is selected based on the minimum validation
loss.
Hyperparameters. The causal state machine parameters (𝜏enter,
𝜏exit, 𝑑hold, 𝑑ref ) and the fusion-gate boundaries (𝑝low, 𝑝off ) are se-
lected on the validation set using the operating-point selection pro-
tocol described in section 5.1.3. The selected configuration is fixed
before the final test evaluation.

5 Evaluation

5.1 Evaluation Settings
Weevaluated IntentGaze using a subject-independent 7-fold cross-
validation protocol. The 35 participants were randomly shuffled
and partitioned into sevenmutually exclusive groups, each contain-
ing five participants. In each fold, one group was used as the test
set, the next group was used as the validation set, and the remain-
ing five groups were used for training. The assignment was rotated
across all seven folds, ensuring that each participant appeared in
the test set once and in the validation set once. This protocol pre-
vents subject-level data leakage and evaluates whether the model
generalizes to unseen users. We conducted participant-level com-
parisons using two-sided paired-samples (t)-tests across the 35 par-
ticipants. Holm correction was applied within each task-by-metric
family, and linear mixed-effects models were used as a robustness
check, yielding the same significance pattern.

5.1.1 Metrics. Given the output yaw–pitch pair ĝ𝑡 from a gaze-
processingmethod and the task-defined target yaw–pitch pair g∗𝑡 at
frame 𝑡 , we first convert both to 3D unit gaze vectors and compute
all angular metrics in 3D space. The frame-wise target-referenced
angular error is defined as

𝑎𝑡 = arccos
(
ĝ>𝑡 g
∗
𝑡
)
, (1)

where ĝ𝑡 is the output 3D unit gaze vector and g∗𝑡 is the task-defined
target 3D unit vector.
AccuRacy.Accuracymeasures themean angular deviation between
the output gaze direction and the task-defined target direction. A
lower value indicates that the gaze output is closer to the task-
defined target.

Accuracy =
1
𝑁

𝑁∑
𝑡=1

𝑎𝑡 . (2)

Stability. Stabilitymeasures the temporal variability of the target-
referenced angular error. Unlike Accuracy, which reflects the mean
deviation from the task-defined target direction, Stability captures
how consistently the gaze output remains aligned with the target
over time. A lower value indicates a more stable gaze output.

Stability =

√√√
1

𝑁 − 1

𝑁∑
𝑡=1

(𝑎𝑡 − 𝑎)2, 𝑎 =
1
𝑁

𝑁∑
𝑡=1

𝑎𝑡 . (3)

Saccade Lag. For saccadic transitions, we measured the delay in-
troduced by each gaze-processingmethod using amidpoint-crossing
criterion, similar to Manakhov et al. [2024], but adapted to 3D gaze
vectors. For each saccade segment with raw 3D gaze start and end
vectors graw𝑠 and graw𝑒 , we define the unit saccade direction u and
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midpoint distance𝑚 as

u =
graw𝑒 − graw𝑠

‖graw𝑒 − graw𝑠 ‖ , 𝑚 =
‖graw𝑒 − graw𝑠 ‖

2
. (4)

The raw and processed gaze vectors are then projected onto u rela-
tive to the start position:

𝑑𝑡 = (graw𝑡 − graw𝑠 )>u, 𝑑𝑡 = (ĝ𝑡 − graw𝑠 )>u. (5)

Let 𝑡raw and 𝑡out denote the linearly interpolated times at which 𝑑𝑡
and 𝑑𝑡 first cross the midpoint𝑚. Saccade Lag is then defined as

Lagsac = 𝑡out − 𝑡raw . (6)

5.1.2 Online Filtering Baselines. Our primary baselines are online
filters, as filtering is the most widely deployed strategy for han-
dling noisy gaze streams in real-time gaze-contingent XR systems.
We do not compare against future-sample gaze prediction methods,
as they address a different problem: predicting upcoming measured
samples for latency compensation, rather than correcting the cur-
rent stream toward a task-defined control signal. Accordingly, in
our target-referenced evaluation, RawGaze serves as themeasured-
signal anchor, and online filters as the runtime correction baselines.
Raw Gaze. Raw Gaze directly uses the measured eye-tracking sig-
nal without temporal filtering or task-aligned correction. It reflects
the unprocessed gaze quality under different gaze behaviors and
motion contexts, and serves as the measured-signal reference for
all comparisons.
Reference-only.Reference-only outputs the same three-frame causal
average of raw gaze used as the reference signal in IntentGaze,
but without applying the learned residual or the state-dependent
control module. This baseline isolates the contribution of the short-
term causal averaging operation from that of the learned task-aligned
correction.
One Euro. The One Euro filter [Casiez et al. 2012] is a first-order
low-pass filter with an adaptive cutoff frequency. It was originally
proposed for noisy real-time interactive input and iswidely used be-
cause it provides a practical trade-off between jitter reduction and
responsiveness. We include it as a representative general-purpose
online filtering baseline.
LP-SDn. We also include the low-pass filter with 𝑛-frame saccade
detection, denoted as LP-SDn, proposed by Manakhov et al. [2024].
This method combines naïve first-order low-pass filtering with an
𝑛-frame saccade detection mechanism, allowing filtering to be re-
laxed around detected saccades to reduce delay. Because saccade-
aware filtering has been shown to improve gaze stabilization under
physical locomotion, LP-SDn is a particularly relevant gaze-specific
online filtering baseline for our setting.
UKF-SDn. We further include an Unscented Kalman Filter [Wan
and Van Der Merwe 2000] with 𝑛-frame saccade detection, denoted
as UKF-SDn, based on the probabilistic gaze-tracking formulation
of Koh et al. [2009]. The UKF estimates the latent gaze state by
propagating sigma points through state-transition and observation
models without explicit linearization. For a fair comparison with
LP-SDn, we apply the same 𝑛-frame saccade-detection mechanism
and relax filtering around detected saccades. This prevents rapid
gaze transitions from disproportionately degrading the UKF and

allows the comparison to focus on differences between the under-
lying low-pass and probabilistic filtering strategies.

5.1.3 Validation-Based Parameter Selection. To ensure a fair com-
parison, all hyperparameters affecting the final operating pointwere
selected strictly on the validation set and fixed before test-set evalu-
ation. For the filtering baselines, parameters were tuned separately
for Fixation and PuRsuit to select their best validation-set oper-
ating points for each task. In contrast, the hyperparameters of In-
tentGaze were jointly tuned across both tasks, reflecting its in-
tended use as a unified runtime correction method.
Search Space. For IntentGaze, we grid-searched𝜏enter ∈ [0.2, 0.9],
𝜏exit ∈ [0.05, 0.7] with 𝜏exit < 𝜏enter, and 𝑝low ∈ [0.0, 0.7], 𝑝off ∈
[0.3, 1.0] with 𝑝low < 𝑝off . The frame-duration parameters were
searched over 𝑑hold ∈ {0, . . . , 20} and 𝑑ref ∈ {0, . . . , 40}. For One
Euro, we swept 𝑓min ∈ [0.01, 45.0], 𝛽 ∈ [0.0, 4.5], and 𝑓dcutoff ∈
[0.5, 10.0]. For LP-SDn, we swept 𝑓cutoff ∈ [0.01, 45.0],𝛿rst ∈ [0.2, 5.0],
and 𝑛 ∈ {1, 2, 3}. The UKF process and measurement noise covari-
ances were parameterized as 𝑄 = 𝑞UKF · 𝑄0 and 𝑅 = 𝑟UKF · 𝑅0.
For UKF-SDn, we searched 𝑞UKF ∈ [0.3, 6.5], 𝑟UKF ∈ [0.2, 6.5],
𝛿rst ∈ [0.2, 5.0], and 𝑛 ∈ {1, 2, 3}.
Selection Criteria.We applied the same operating-point selection
protocol to all methods. First, to avoid corrections that introduced
excessive delay, candidates with a Saccade Lag greater than 11ms,
approximately one frame at 90Hz, were discarded. Among the re-
maining candidates, we identified the Pareto-optimal set with re-
spect to Accuracy and Stability. The final operating point was se-
lected as the configuration with the smallest Euclidean distance to
the ideal point (0, 0) after min–max normalization of both metrics
within the feasible candidate set. The selected parameters are re-
ported in appendix C.

5.2 Comparison with Online Baselines
As shown in fig. 6, IntentGaze achieved the best overall trade-off
between Accuracy and Stability compared with the optimized on-
line baselines. This comparison evaluates whether a task-aligned
correction model provides benefits beyond conventional runtime
smoothing. The two tasks expose different limitations of filtering-
based correction. Fixation primarily tests whether a method can
suppress local fluctuations around a stationary interaction target.
PuRsuit, in contrast, requires the gaze output to remain tempo-
rally aligned with a continuously moving target, making excessive
smoothing more likely to introduce spatial lag.
Fixation. In Fixation, baselines improved some aspects of Raw
Gaze, but their benefits were limited. One Euro slightly reduced
both Accuracy and Stability errors, while LP-SDn and UKF-SD𝑛
achieved stronger reductions in Stability. Reference-only remained
close to RawGaze, whereas UKF-SD𝑛 achieved the lowest Accuracy
and Stability errors among the baseline methods. IntentGaze re-
duced the overall Accuracy error from 0.842◦ to 0.568◦ and the over-
all Stability error from 0.376◦ to 0.207◦, corresponding to relative
reductions of 32.5% and 44.9% over Raw Gaze (both Holm-adjusted
(p<.001)). Compared with the strongest filtering baseline in each
metric, IntentGaze further reduced Accuracy error by 28.7% rela-
tive to UKF-SDn and Stability error by 33.2% relative to UKF-SDn
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Fig. 6. Overall comparison of IntentGaze and baseline methods on the Fixation and PuRsuit tasks. The left panel reports Accuracy, and the right panel
reports Stability. Lower values indicate better performance. Error bars denote descriptive 95% confidence intervals across folds.

(both Holm-adjusted (p<.001)). These results indicate that the im-
provement is not simply due to stronger temporal smoothing. In-
stead, IntentGaze better aligns the output with the task-defined
target direction while also reducing temporal instability.
PuRsuit. The difference between task-aligned correction and fil-
tering becomes more pronounced in PuRsuit. In this task, the base-
lines did not improve spatial alignment: all baselines produced higher
Accuracy errors than Raw Gaze, despite yielding nearly unchanged
Stability. Reference-only produced the largest Accuracy error among
the baseline methods and also slightly increased Stability error rela-
tive to Raw Gaze. This pattern is consistent with the moving-target
setting, where smoothing can delay the gaze output and thereby
increase target-referenced error. By contrast, IntentGaze reduced
the overall Accuracy error from 1.583◦ to 1.300◦ and the overall Sta-
bility error from 0.969◦ to 0.880◦, corresponding to reductions of
17.9% and 9.2% relative to Raw Gaze (both Holm-adjusted (p<.001)).
Although the relative gain in PuRsuit is smaller than in Fixation,
IntentGaze remains the only method that improves both spatial
alignment and temporal stability under continuous target motion.

Taken together, these results show that online filtering and task-
aligned correction address different aspects of gaze processing. Fil-
tering can reduce local fluctuation, especially during Fixation, but
it remains constrained by the stability–latency trade-off and can
harm target alignment during PuRsuit. IntentGaze avoids treat-
ing gaze correction as smoothing alone. Instead, it predicts a resid-
ual correction toward the task-defined gaze direction, leading to
more consistent improvements across both stationary and moving-
target tasks.

5.3 Scenario-wise Analysis
Table 2 provides a scenario-wise breakdown of the same compari-
son. The main trend is that IntentGaze achieves the lowest Accu-
racy error in every scenario for both Fixation and PuRsuit. This
result is important because Accuracy is measured with respect to
the task-defined target direction, rather than only the smoothness
of the output signal. It therefore suggests that IntentGaze does
not merely make the gaze trace smoother, but more consistently
moves the output toward the task-defined target direction.

For Fixation, the advantage of IntentGaze is clearest inmotion-
rich scenarios. In Vehicle Movement andWalking, where RawGaze
exhibits larger target-referenced errors, IntentGaze improves both
Accuracy and Stability over all baselines. This supports the motiva-
tion for motion-aware task-aligned correction: when body motion
or environmentalmotion introduces stronger gaze disturbance, pre-
dicting a task-aligned residual correction provides more effective
correction than applying a generic smoothing rule.

The stable scenarios show amore nuanced pattern. In LyingDown,
Sitting, and Standing, LP-SDn sometimes achieves slightly lower
Stability than IntentGaze. This is expected because a low-pass
filter with a saccade-aware reset can aggressively suppress local
fluctuation when the target is stationary. However, this lower vari-
ability comes with weaker spatial alignment, whereas IntentGaze
maintains the lowest Accuracy error in all stable scenarios. This
distinction matters for gaze interaction: a signal can be temporally
stable while still being biased away from the interaction target. In-
tentGaze therefore provides a more balanced correction by im-
proving target-centered accuracy while retaining competitive sta-
bility.

For PuRsuit, the scenario-wise trend ismore uniform. IntentGaze
outperforms all baselines in both Accuracy and Stability across all
movement scenarios. In contrast, One Euro and LP-SDn remain
close to Raw Gaze in Stability but generally increase the Accuracy
error. This suggests that the main challenge in PuRsuit is not only
suppressing noise, but also avoiding temporal lag introduced by
smoothing. Because IntentGaze predicts a task-aligned correction
under the current task context, it better preserves alignment with
the moving target.

5.4 Ablation Study
To examine the contribution of the main architectural components,
we evaluated two reduced variants of IntentGaze: (1) w/o Motion
Branch, which removes the motion-processing branch and FiLM
modulation while relying only on gaze-derived features for resid-
ual prediction; and (2) w/o Saccade-Aware Control, which removes
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Table 2. Performance comparison across tasks and scenarios. Each cell reports Accuracy / Stability. Lower values indicate better performance. Filtering
baselines use task-specific Pareto-selected settings: fixation columns use fixation-tuned parameters and pursuit columns use pursuit-tuned parameters.

Method Fixation PuRsuit

Lying Down Vehicle Move. Sitting Standing Walking Lying Down Vehicle Move. Sitting Standing Walking

IntentGaze 0.620 / 0.182 0.486 / 0.198 0.502 / 0.150 0.513 / 0.160 0.712 / 0.291 1.427 / 0.912 1.109 / 0.839 1.305 / 0.870 1.333 / 0.891 1.456 / 0.921
Raw Gaze 0.763 / 0.266 0.879 / 0.431 0.633 / 0.216 0.630 / 0.239 1.076 / 0.532 1.784 / 1.004 1.372 / 0.930 1.583 / 0.935 1.613 / 0.987 1.730 / 1.017
Reference-only 0.757 / 0.258 0.881 / 0.429 0.628 / 0.212 0.626 / 0.234 1.064 / 0.516 1.987 / 1.022 1.542 / 0.958 1.800 / 0.953 1.822 / 1.007 1.870 / 1.039
One Euro 0.748 / 0.247 0.847 / 0.407 0.620 / 0.202 0.615 / 0.222 1.020 / 0.484 1.885 / 1.004 1.443 / 0.938 1.696 / 0.936 1.714 / 0.987 1.781 / 1.015
LP-SDn 0.625 / 0.144 0.873 / 0.313 0.512 / 0.118 0.547 / 0.149 1.296 / 0.573 1.821 / 1.002 1.394 / 0.932 1.624 / 0.934 1.649 / 0.985 1.744 / 1.013
UKF-SDn 0.685 / 0.187 0.738 / 0.319 0.566 / 0.151 0.572 / 0.173 1.160 / 0.517 1.786 / 1.003 1.373 / 0.930 1.586 / 0.935 1.616 / 0.986 1.730 / 1.016

the saccade-aware control mechanism and applies correction uni-
formly across fixation, pursuit, and saccadic intervals.The first vari-
ant also serves as a learned gaze-only correction model under the
same saccade-aware control strategy, allowing us to examinewhether
motion-conditionedmodulation provides additional benefits beyond
gaze-history-based learning. All variants were evaluated under the
same 7-fold subject-independent protocol.

Table 3 shows that the motion branch mainly benefits motion-
rich scenarios. Under VehicleMovement, removing themotion branch
increased fixation Accuracy error from 0.486◦ to 0.633◦ and Stabil-
ity error from 0.198◦ to 0.281◦. During Walking, the corresponding
errors increased from 0.712◦ to 0.851◦ and from 0.291◦ to 0.383◦,
respectively. In relatively static scenarios, such as Lying Down, Sit-
ting, and Standing, the differences were smaller. This pattern indi-
cates that the motion branch is most useful when head/body mo-
tion or external disturbance becomes a major source of gaze degra-
dation.

The Saccade-Aware Control module primarily decouples stabi-
lized correction from temporal responsiveness. As shown in table 3,
removing this module results in nearly identical Accuracy and Sta-
bility for fixation and pursuit, suggesting that the controller re-
mains largely transparent during non-saccadic intervals. Its main
contribution appears during rapid gaze transitions. With Saccade-
Aware Control, Saccade Lag is reduced from 31.36ms, approximately
three frames at 90Hz, to 8.35ms, within a single frame. This im-
provement is supported by the causal saccade detector and state
machine, which achieve a balanced accuracy of 83.38% ± 1.11%.The
high non-saccadic recall of 91.40% helps ensure that residual cor-
rection remains active during stable gaze states, while the saccadic
recall of 75.36% is sufficient to trigger attenuation during rapid tran-
sitions.

5.5 Held-Out Trajectory-Family Transfer
To assess reliance on trajectory-specific priors, we conducted bidi-
rectional held-out transfer between circular and square pursuit tra-
jectories. Circle-to-square transfer achieved comparable performance
to training on both trajectory families (Accuracy: 1.347◦; Stability:
0.899◦), with marginal increases of only 0.008◦ and 0.005◦, respec-
tively. Similar results were observed for square-to-circle transfer
(Accuracy: 1.323◦; Stability: 0.888◦), with corresponding increases
of 0.016◦ and 0.005◦. These small degradations indicate limited re-
liance on trajectory-family-specific patterns.

5.6 Efficiency and Real-Time Feasibility
We profiled the computational footprint of IntentGaze to assess
its suitability for online inference. The full model is compact, con-
taining only 25.4K parameters: 21.1 K in the regression branch
and 4.3 K in the saccade detector. The per-frame arithmetic com-
plexity is approximately 2.31MFLOPs, consisting of 2.25MFLOPs
for the regression path and 0.06MFLOPs for the detector.

We benchmarked per-frame latency under streaming conditions
with batch size 1 using the ONNX Runtime5, which avoids Python-
level overhead and better approximates a deployable configuration.
On a laptop-class CPU, Intel Core i7-14650HX, the full step takes
0.334ms on average, with p90 = 0.343ms, corresponding to a through-
put of roughly 3,000 FPS on this platform.

Dispatching the same graph to a discrete GPU does not reduce
latency: ONNX Runtime measures 7.16ms, with p90 = 7.51ms, on
an RTX 5070 Laptop GPU.6 This pattern is consistent with a launch-
and transfer-bound regime,where host–device synchronization dom-
inates the actual computation for a small model. Although we do
not directly benchmark on embedded ARM hardware, the combi-
nation of sub-millisecond latency on commodity x86 CPUs and a
per-frame budget of approximately 2.3MFLOPs suggests that the
pipeline is suitable for real-time wearable deployment without re-
quiring a dedicated accelerator.

5.7 Interaction-Level Evaluation: Replay-Based Dwell
Selection

To examine whether signal-level improvements can translate into
downstream interaction benefits, we conducted a replay-based dwell-
selection evaluation using fixation segments from the Saccade–
Fixation task. The evaluation followed the same 7-fold subject-
independent protocol andwas performed on the corresponding test
sets.

In the original task, participants shifted their gaze toward a newly
appeared target and thenmaintained fixation on it for approximately
2 s. We used this fixation period as the dwell-evaluation window
for simulating dwell-based target selection. To provide sufficient
temporal context for IntentGaze and the filter-based baselines,
the replay segment additionally included 200 frames preceding fixa-
tion onset; these frames served as warm-up only andwere excluded

5https://onnxruntime.ai [Accessed: 2025-10-09]
6The same pattern holds on server-class hardware: 0.151ms, p90 = 0.155ms, on an Intel
Xeon Platinum 8470Q CPU versus 1.57ms, p90 = 1.60ms, on an RTX 5090 GPU.

ACM Trans. Graph., Vol. 0, No. 0, Article 0. Publication date: 2026.

https://onnxruntime.ai


0:14 • Hu et al.

Table 3. Ablation study across tasks and scenarios. Each task-scenario cell reports Accuracy / Stability, and Saccade Lag reports absolute lag in ms. Lower
values indicate better performance. Scene-level values are computed as participant-averaged scenario means; Vehicle Move. and Walking aggregate their
low/medium motion conditions. Shaded cells highlight the comparison between IntentGaze and the variant without the motion branch under motion-rich
scenarios.

Method Fixation PuRsuit Saccade
Lag (ms)

Lying Down Vehicle Move. Sitting Standing Walking Lying Down Vehicle Move. Sitting Standing Walking

IntentGaze 0.620 / 0.182 0.486 / 0.198 0.502 / 0.150 0.513 / 0.160 0.712 / 0.291 1.427 / 0.912 1.109 / 0.839 1.305 / 0.870 1.333 / 0.891 1.456 / 0.921 8.352
w/o Motion Branch 0.656 / 0.190 0.633 / 0.281 0.545 / 0.154 0.557 / 0.172 0.851 / 0.383 1.478 / 0.916 1.163 / 0.857 1.331 / 0.872 1.347 / 0.899 1.557 / 0.959 8.268
w/o Saccade-Aware Control 0.619 / 0.178 0.486 / 0.198 0.502 / 0.149 0.512 / 0.159 0.709 / 0.286 1.423 / 0.908 1.109 / 0.839 1.306 / 0.868 1.332 / 0.890 1.451 / 0.916 31.363

from the dwell-selection evaluation. For each trial, the gaze output
of each method was treated as a virtual gaze cursor, and the same
dwell-selection rule was applied to Raw Gaze, One Euro, LP-SDn,
UKF-SD𝑛, and IntentGaze.

Following prior VR gaze-selection settings, the dwell threshold
was set to 0.6 s [Lu et al. 2021]. We tested two target widths,𝑊 =
1.5◦ and 2.75◦, corresponding to difficult and medium selection set-
tings [Wei et al. 2025]. The simulated gaze cursor size was set to
0.5◦ [Fernandes et al. 2025]. A trial was counted as successful if the
gaze cursor remained within the target boundary continuously for
0.6 s during the 2 s fixation window. We report Selection Success
Rate, defined as the proportion of trials in which a successful dwell
selection was completed. This metric provides an interaction-level
indication of whether a gaze-processing method produces output
that is sufficiently accurate and stable for dwell-based target acqui-
sition.
Results. As shown in fig. 7, IntentGaze achieved the highest Se-
lection Success Rate under both target-width conditions. For the
difficult 1.5◦ target, IntentGaze reached a success rate of 73.8%,
compared with 59.2% for Raw Gaze, 68.4% for One Euro, 72.7% for
LP-SDn, and 71.8% for UKF-SDn. This corresponds to an improve-
ment of 14.6 percentage points over Raw Gaze and 5.4 percentage
points over One Euro, while remaining slightly higher than the
strongest smoothing baseline, LP-SDn, and 2.0 percentage points
higher than UKF-SDn. For the medium 2.75◦ target, IntentGaze
again achieved the highest success rate of 96.2%, compared with
90.7% for Raw Gaze, 95.5% for One Euro, 90.2% for LP-SDn, and
94.4% for UKF-SDn. The smaller margin in this condition reflects
the easier target-acquisition requirement, where several methods
including One Euro and UKF-SDn approach near-ceiling perfor-
mance. Participant-level paired tests confirmed that the improve-
ment of IntentGaze over Raw Gaze was significant (𝑝 < .001), as
was the improvement over One Euro (𝑝 = .022). In contrast, the
differences relative to LP-SDn (𝑝 = .194) and UKF-SDn (𝑝 = .145)
were not statistically significant.

IntentGaze Raw Gaze One Euro LP-SDn UKF-SDn
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Fig. 7. Replay-based dwell-selection success rate with a 0.6 s dwell thresh-
old.Higher values indicate better performance. Results are reported for two
target widths, 1.5◦ and 2.75◦. Bars show themean success rate across seven
folds, and error bars denote 95% confidence intervals.

Overall, the replay-based evaluation suggests that the frame-wise
improvements produced by IntentGaze can improve downstream
dwell-selection reliability under controlled replay conditions. The
benefit is most evident for the smaller 1.5◦ target, where success-
ful selection requires both accurate target alignment and sufficient
temporal stability over the dwell interval. This result indicates that
the proposed correction method is particularly useful under de-
manding gaze-selection settings, where small gaze errors or insta-
bility can prevent dwell completion.

6 Cross-Device Transfer under Reduced Sensing

6.1 Participants, Apparatus, Task, and Procedure
To further examine whether the proposed gaze correction frame-
work can transfer across headset and sensing configurations, we
conducted an additional study using a Meta Quest Pro with seven
new participants (4 males, 3 females; age range 19–23, 𝑀 = 22.14,
𝑆𝐷 = 1.57). The experimental system used the same Unity-based
pipeline as the main data collection, but replaced the HTC Vive Pro
Eye with the Meta Quest Pro. Eye tracking was obtained through
the built-in eye-tracking interface provided by the Meta All-in-One
SDK7. The OVREyeGaze confidence threshold was set to 0, where 0
accepts all data and 1 filters for high-confidence samples, so that

7https://assetstore.unity.com/packages/tools/integration/meta-xr-all-in-one-sdk-
269657 [Accessed: 2025-09-22]
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the recorded eye-tracking stream underwent minimal additional
confidence-based filtering8.

Unlike the main data collection, which used both head-mounted
and body-worn motion sensing, this additional dataset adopted a
reduced-sensor configuration using only gaze and head-motion sig-
nals from the integrated Quest Pro sensors. We did not add a body-
worn motion sensor, to reflect a more broadly deployable XR setup.
Both gaze and head-motion streams were recorded at a nominal
sampling rate of 90Hz within the same Unity system timeline and
were linearly resampled to 90Hz using the same preprocessing pro-
cedure as in themain dataset.The gaze representation, target defini-
tion, and target-relative processing pipeline otherwise followed the
main data-collection protocol (see sections 3.1, 3.5 and 3.6).This set-
ting allowed us to evaluate whether the proposed correction mech-
anism remains beneficial when both the headset and available sens-
ing modalities change.

The additional dataset retained the same movement conditions,
experimental tasks, and overall procedure as the main data collec-
tion, including the seven movement conditions and the two task
types, Saccade–Fixation and PuRsuit (see sections 3.2 and 3.3).
In total, the dataset contained 7 participants × 2 tasks × 7 move-
ment conditions × 75 trials, resulting in 7,350 trials. Following the
same procedure as the main data collection (see section 3.4), par-
ticipants completed the experiment over seven sessions, filled out
a demographic questionnaire, and proceeded to the formal tasks
only after the built-in eye-tracking calibration was completed and
verified.

6.2 Zero-Shot Cross-Device Transfer without
Body-Motion Sensing

We evaluated whether IntentGaze remains beneficial on Quest
Pro under a zero-shot, reduced-sensor cross-device setting.Themodel
trained on the main dataset was directly applied to the Quest Pro
dataset without retraining, fine-tuning, or device-specific adapta-
tion. To match the reduced-sensor configuration, the body-motion
input channels were zero-masked, while the gaze and head-motion
inputs were retained. The network architecture and learned param-
eters were otherwise kept unchanged from themainmodel (see sec-
tion 4). This setting jointly tests two forms of generalization: trans-
fer to a different headset and operation without body-motion sens-
ing. We also compare against online filtering baselines under the
same reduced-sensor test data. To keep the comparison adaptation-
free, the filtering uses the same Fixation-optimized and PuRsuit-
optimized Pareto settings selected in the main dataset (appendix C).

As shown in table 4, IntentGaze consistently improved over
Raw Gaze across both tasks and all scenario groups. At the event
level, IntentGaze reduced FixationAccuracy from 1.093◦ to 0.929◦
and Stability from 0.536◦ to 0.371◦, corresponding to relative reduc-
tions of 14.94% and 30.78%, respectively. For PuRsuit, it reduced
Accuracy from 2.818◦ to 2.400◦ and Stability from 1.381◦ to 1.249◦,
corresponding to relative reductions of 14.83% and 9.53%.

Compared with One Euro and LP-SDn, IntentGaze showed a
stronger overall trade-off between Accuracy and Stability across

8https://developers.meta.com/horizon/documentation/unity/move-eye-tracking [Ac-
cessed: 2025-09-22]

the reduced-sensor Quest Pro evaluation. The advantage was es-
pecially clear for PuRsuit, where both filters reduced local fluc-
tuation but increased target-referenced Accuracy error in all sce-
nario groups. UKF-SDn showed a similar pattern in PuRsuit, with
Accuracy errors slightly higher than Raw Gaze and Stability re-
maining nearly unchanged across all scenario groups; IntentGaze
achieved lower values for both metrics in every case. In Fixation,
LP-SDn achieved slightly lower errors in some low-motion scenar-
ios such as Lying Down and Sitting, reflecting the benefit of ag-
gressive smoothingwhen responsiveness demands are limited. How-
ever, its performance degraded in motion-rich scenarios, particu-
larly under VehicleMovement andWalKing. UKF-SDn improved
both metrics over Raw Gaze in four of the five Fixation scenario
groups, but degraded under VehicleMovement; IntentGaze nev-
ertheless achieved lower Accuracy in all five groups and lower Sta-
bility in four of five. In contrast, IntentGaze maintained lower
errors in these dynamic conditions, suggesting that learned task-
aligned correction transfers better than fixed filtering when the
sensing device and motion context change simultaneously. Over-
all, these results suggest that IntentGaze is not tightly coupled to
the original headset or full sensing configuration, and can still im-
prove gaze quality relative to both Raw Gaze and optimized online
filtering baselines in a sensor-limited XR setting without additional
adaptation.

7 Discussion

7.1 From Gaze Measurement to Interaction-Ready
Control

Our results suggest that XR gaze correction should be understood
as constructing an interaction-ready control signal, rather thanmerely
improving an eye-tracking measurement. Raw gaze contains task-
relevant eye movements, fixation jitter, pursuit delay, saccadic tran-
sitions, andmotion-induced perturbations.These components have
different implications for interaction: some should be preserved
as intentional visual behavior, whereas others should be attenu-
ated because they reduce controllability. This distinction can also
be seen qualitatively in the representative trajectories in fig. 8. In
the fixation examples, Raw Gaze fluctuates around the target with
visible drift and dispersion, especially under walking and vehicle-
movement conditions, whereas IntentGaze remains more tightly
concentrated around the target location. In the pursuit examples,
Raw Gaze shows larger deviations from the target path, while In-
tentGaze follows the task-defined target trajectory more closely
in both the temporal plots and the XY plane.

As shown in fig. 6, IntentGaze reduced Accuracy and Stability
for both Fixation and PuRsuit. These results indicate that the cor-
rected output is both less variable and more closely aligned with
the task-defined target. The qualitative patterns in fig. 8 are consis-
tent with this interpretation: the corrected trajectory is not merely
smoother than Raw Gaze, but is also visibly better centered on the
task-defined target location or path.

This framing also clarifies the role of motion. Head and body
motion should not be treated as signals to be directly subtracted
from gaze. The same local gaze fluctuation may correspond to fixa-
tion jitter, gait-coupled disturbance, motion-induced deviation, or

ACM Trans. Graph., Vol. 0, No. 0, Article 0. Publication date: 2026.

https://developers.meta.com/horizon/documentation/unity/move-eye-tracking


0:16 • Hu et al.

Table 4. Zero-shot cross-device transfer under reduced sensing. Each cell reports Accuracy / Stability. Lower values indicate better performance.

Method Fixation Pursuit

Lying Down Vehicle Move. Sitting Standing Walking Lying Down Vehicle Move. Sitting Standing Walking

IntentGaze (Zero-Shot) 0.733 / 0.198 1.482 / 0.722 0.681 / 0.200 0.641 / 0.221 1.154 / 0.530 2.110 / 1.076 2.676 / 1.399 2.318 / 1.190 2.190 / 1.174 2.713 / 1.412
Raw Gaze 0.803 / 0.327 1.759 / 0.963 0.756 / 0.315 0.716 / 0.306 1.479 / 0.797 2.532 / 1.129 2.985 / 1.579 2.860 / 1.331 2.742 / 1.306 2.977 / 1.568
One Euro 0.786 / 0.292 1.829 / 0.972 0.736 / 0.278 0.697 / 0.272 1.446 / 0.758 2.705 / 1.121 3.085 / 1.587 3.024 / 1.329 2.915 / 1.300 3.108 / 1.576
LP-SDn 0.691 / 0.179 2.354 / 1.042 0.665 / 0.177 0.681 / 0.184 1.556 / 0.713 2.606 / 1.122 3.031 / 1.580 2.932 / 1.326 2.817 / 1.299 3.038 / 1.569
UKF-SDn 0.735 / 0.225 2.066 / 0.980 0.691 / 0.212 0.664 / 0.210 1.464 / 0.697 2.541 / 1.128 2.990 / 1.578 2.868 / 1.329 2.751 / 1.305 2.984 / 1.568

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

-0.04

0.00

0.04

0.08

X
 [m

]

Trajectory (X-axis)

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

0.44

0.48

0.52

0.56

Y 
[m

]

Trajectory (Y-axis)

-0.04 0.00 0.04 0.08

Trajectory (X-axis) [m]

0.44

0.48

0.52

0.56

Tr
aj

ec
to

ry
 (Y

-a
xi

s)
 [m

]
XY plane trajectory

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

-0.48

-0.44

-0.40

-0.36

X
 [m

]

Trajectory (X-axis)

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

0.00

0.04

0.08

0.12

Y 
[m

]

Trajectory (Y-axis)

-0.48 -0.44 -0.40 -0.36

Trajectory (X-axis) [m]

0.00

0.04

0.08

0.12

Tr
aj

ec
to

ry
 (Y

-a
xi

s)
 [m

]

XY plane trajectory

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

-0.36

-0.24

-0.12

0.00

X
 [m

]

Trajectory (X-axis)

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

-0.12

0.00

0.12

0.24

Y 
[m

]

Trajectory (Y-axis)

-0.36 -0.24 -0.12 0.00

Trajectory (X-axis) [m]

-0.12

0.00

0.12

0.24

Tr
aj

ec
to

ry
 (Y

-a
xi

s)
 [m

]

XY plane trajectory

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

-0.24

-0.12

0.00

0.12

0.24

X
 [m

]
Trajectory (X-axis)

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Time [s]

0.24

0.36

0.48

0.60

Y 
[m

]

Trajectory (Y-axis)

-0.24 -0.12 0.00 0.12 0.24

Trajectory (X-axis) [m]

0.24

0.36

0.48

0.60

Tr
aj

ec
to

ry
 (Y

-a
xi

s)
 [m

]

XY plane trajectory

A Fixation × Vehicle Movement B Fixation × Walking

C Pursuit × Walking D Pursuit × Vehicle Movement

Target IntentGaze Raw Gaze Reference-only One Euro LP-SDn UKF-SDn

Fig. 8. Representative trajectory examples from the test sets, comparing gaze-processing methods under fixation and pursuit tasks in walking and vehicle-
movement conditions. Each case shows the output trajectory along the X-axis, the output trajectory along the Y-axis, and the corresponding two-dimensional
trajectory on the XY plane. The examples qualitatively compare the task-defined target trajectory, Raw Gaze, IntentGaze, LP-SDn, One Euro, Reference-only,
and UKF-SDn.

task-relevant pursuit movement. Motion cues are therefore useful
because they provide context for interpreting gaze dynamics. This
interpretation is supported by the ablation results in table 3: remov-
ing the motion branch caused the clearest degradation in motion-
rich scenarios, especially Vehicle Movement and Walking. For ex-
ample, in VehicleMovement, removing themotion branch increased
Fixation Accuracy from 0.486◦ to 0.633◦, and increased Stability
from 0.198◦ to 0.281◦. Figure 8 further illustrates why this context
matters: under these motion-rich conditions, Raw Gaze exhibits
larger path distortions and target-relative deviations, whereas In-
tentGaze produces a trajectory that remains closer to the task-
defined target behavior.

7.2 Accuracy, Stability, and Responsiveness as Joint
Requirements

Theevaluation highlights that gaze-based XR control requires three
coupled signal properties: spatial accuracy, temporal stability, and
responsiveness. These properties are related, but not interchange-
able. A stable signal may still be biased away from the target; an

accurate signal may still fluctuate too much for dwell activation;
and an overly stabilized signal may respond too slowly during rapid
gaze transitions.

The results show why these properties need to be considered
jointly. In Fixation, LP-SDn achieves competitive or lower Stabil-
ity values in several stable scenarios, but IntentGaze maintains
the lowest Accuracy error across all Fixation scenarios. This sug-
gests that the desired output is not simply the least variable sig-
nal, but one that remains centered on the task-defined target while
suppressing task-irrelevant fluctuation. This is also visible in fig. 8:
in fixation, a method may look smoother but remain target-offset,
whereas IntentGaze is more target-centered in the XY plane.

In PuRsuit, where the task-defined target direction changes con-
tinuously, IntentGaze is the only evaluated method that improves
both Accuracy and Stability, reducing the overall values to 1.300◦

and 0.880◦, respectively. This indicates that the model can improve
temporal consistency without introducing excessive lag behind the
moving target.The pursuit examples in fig. 8 provide a qualitative il-
lustration of this property: compared with Raw Gaze, IntentGaze
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better follows the shape of the target trajectory over time and pro-
duces a two-dimensional path that stays closer to the intended mo-
tion pattern, rather than merely smoothing the signal at the cost of
path fidelity.

Saccadic transitions further require temporal responsiveness. Dur-
ing rapid gaze shifts, a correction policy suitable for fixation or pur-
suit can become harmful if it continues to pull the output toward
a previous state. The saccade-aware controller addresses this prob-
lem by regulating when residual correction should be applied. As
reported in table 3, removing this controller produces nearly un-
changed Fixation and PuRsuit Accuracy, but increases Saccade
Lag from 8.35ms to 31.36ms. This indicates that the controller pri-
marily preserves responsiveness rather than improving spatial ac-
curacy.

Together, these findings suggest that effective XR gaze correc-
tion should jointly optimize target alignment, signal stability, and
transition responsiveness. IntentGaze addresses this requirement
by separating task-aligned residual prediction from saccade-aware
correction control.

7.3 Implications for Gaze-Based XR
The replay-based dwell evaluation suggests that task-aligned gaze
correction may benefit gaze-based interaction when the task re-
quires both target-centered accuracy and stable target occupancy.
As shown in fig. 7, IntentGaze achieved the highest Selection Suc-
cess Rate under both targetwidths, with a larger gain for the smaller
1.5◦ target. The success rate increased from 59.2% for Raw Gaze to
73.8% for IntentGaze. This pattern is consistent with the mechan-
ics of dwell selection: the gaze cursor must enter the target region
and remain inside it long enough to complete activation. When the
target is small, either spatial bias or local instability can interrupt
dwell accumulation and prevent selection.

Beyond dwell selection, the accuracy–stability–responsiveness
trade-off is relevant to other gaze-based XR tasks, such as gaze
typing, gaze-based steering, continuous target following, and gaze-
contingent rendering. These applications differ in their interaction
goals, but they share a common dependence on reliable gaze con-
trol. Typing emphasizes small-target discrimination, steering em-
phasizes continuous alignment, selection emphasizes stable target
occupancy, and rendering emphasizes spatial reliability under low
latency. In these cases, a gaze-processing method that only mini-
mizes local jitter may not be sufficient, because excessive smooth-
ing can harm temporal alignment and responsiveness. This task-
aligned formulation, therefore, provides a useful perspective for
designing runtime gaze correction as an interaction-facing control
layer.

8 Limitations and Future Work
Several limitations point to opportunities for futurework. Although
our dataset covers a range of posture- and motion-varying XR con-
ditions, thewalking and vehicle-movement scenarioswere collected
in controlled laboratory settings using a treadmill and a 6-DoF mo-
tion simulator. This design enabled repeatable and synchronized

data collection, but it cannot fully capture the complexity of natu-
ral mobility, including uneven terrain, turning, visual clutter, traf-
fic dynamics, and irregular vehicle motion. In addition, while the
dataset includes 35 participants and supports cross-subject evalu-
ation, broader generalizability may require a larger and more di-
verse participant pool across age groups, visual conditions, calibra-
tion quality, motion sensitivity, and XR experience. In particular,
the present study did not specifically examine older users, partic-
ipants with ocular conditions, or users experiencing substantially
different calibration quality, all of which may affect gaze-tracking
reliability and correction performance. Future work should there-
fore evaluate task-aligned gaze correction with more participants
and in more naturalistic walking and in-vehicle environments.

Another limitation is that our interaction-level evaluation was
based on offline replay of recorded gaze data. This design allowed
all methods to be compared under identical input sequences, but it
does not capture how users adapt to corrected gaze feedback during
real-time interaction or how end-to-end system latency and feed-
back dynamics affect task performance. Accordingly, the replay-
based results provide evidence of potential downstream interaction
benefits, but do not constitute validation of IntentGaze in live
closed-loop XR interaction. Moreover, the downstream interaction
evaluation focused on dwell selection, while pursuit-oriented inter-
action tasks, such as continuous target following or gaze steering,
were not evaluated at the same level. Future work should conduct
live closed-loop XR studies in explicit target-driven tasks, includ-
ing dwell selection, target-guided steering, and continuous target
following, to evaluate task performance, perceived controllability,
user adaptation, and end-to-end interaction latency.

9 Conclusion
This work presented IntentGaze, a causal task-aligned gaze esti-
mation framework for stable and responsive gaze interaction in XR.
We formulate online gaze correction as causal task-aligned gaze es-
timation, where recent gaze and motion histories are used to pre-
dict a current-frame residual correction for producing an interaction-
ready gaze control signal. To support this formulation, we collected
a multi-context XR gaze dataset covering fixation, pursuit, and sac-
cadic transitions across stable postures, walking, and simulated ve-
hicle movement. Building on this dataset, IntentGaze uses gaze
dynamics for residual correction, motion-derived FiLMmodulation
for context-aware adaptation, and saccade-aware control to pre-
serve responsiveness during rapid gaze shifts. Across the main eval-
uation, ablation analysis, reduced-sensor cross-device evaluation,
and replay-based interaction evaluation, the results show that task-
aligned gaze correction improves spatial accuracy and temporal
stability while maintaining responsiveness. These findings suggest
that gaze processing can serve as an intermediate runtime layer
that transforms noisy eye-tracking measurements into interaction-
ready control signals. By making gaze correction behavior- and
context-aware, IntentGaze provides a practical step toward more
reliable gaze-based selection, steering, typing, and gaze-contingent
XR applications under motion-varying conditions.
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A Diagnostic metrics and analysis settings
This appendix provides the formal definitions and implementation
settings of the diagnostic quantities used in section 3.7.

A.1 Signal definitions and stratification
Let

r𝑡 =

[
𝜃𝑟,𝑡
𝜙𝑟,𝑡

]
= g∗𝑡 − graw𝑡 (7)

denote the gaze residual in yaw and pitch, where g∗𝑡 is the ground-
truth vector and graw𝑡 is the raw gaze. The residual was analyzed
against 12 motion-related features:

K =

{
𝜔head,𝑥 , 𝜔head,𝑦, 𝜔head,𝑧 , 𝑣head,𝑥 , 𝑣head,𝑦, 𝑣head,𝑧 ,

𝜔chest,𝑥 , 𝜔chest,𝑦, 𝜔chest,𝑧 , 𝑣chest,𝑥 , 𝑣chest,𝑦, 𝑣chest,𝑧

}
. (8)

All diagnostic quantities were computed within strata defined
by Context|EventType. Saccade segments were excluded from the
analysis, so the reported results reflect only non-saccadic strata. Ex-
tremely short segments were discarded to avoid unstable spectral
estimates.

A.2 Analysis settings
Table 5 summarizes the settings used in the residual–motion cou-
pling analysis.
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Table 5. Diagnostic analysis settings used in section 3.7.

Sampling rate 𝑓𝑠 90.0 Hz
Maximum lag window ±0.3 s
Hot-pair threshold peak |𝜌 | ≥ 0.10
Minimum useful segment length 16 frames
Welch segment length 𝑛perseg = 2048
Welch overlap 50%
Coherence threshold 𝛾2 (𝑓 ) > 0.3
Low-frequency cutoff for band aggregation 𝑓min = 0.2 Hz

A.3 Time-domain quantities
For a residual axis 𝑢𝑡 ∈ {𝜃𝑟,𝑡 , 𝜙𝑟,𝑡 } and a motion signal 𝑥𝑘,𝑡 , the
normalized cross-correlation was defined as

𝜌𝑢,𝑘 (𝜏) =
∑
𝑡 (𝑢𝑡 − 𝑢) (𝑥𝑘,𝑡−𝜏 − 𝑥𝑘 )√∑

𝑡 (𝑢𝑡 − 𝑢)2
√∑

𝑡 (𝑥𝑘,𝑡 − 𝑥𝑘 )2
, |𝜏 | ≤ 𝜏max, (9)

where 𝜏max = 0.3 s, and 𝑢 and 𝑥𝑘 are the sample means within the
analyzed segment.

The peak cross-correlation magnitude was reported as
𝜌max
𝑢,𝑘 = max

|𝜏 | ≤𝜏max

��𝜌𝑢,𝑘 (𝜏)�� , (10)

and the corresponding peak lag was
𝜏∗𝑢,𝑘 = arg max

|𝜏 | ≤𝜏max

��𝜌𝑢,𝑘 (𝜏)�� . (11)

A residual–motion pair was retained as a hot pair if
𝜌max
𝑢,𝑘 ≥ 𝜌th, 𝜌th = 0.10. (12)

A.4 Spectral estimation and magnitude-squared
coherence

For each hot pair, the auto-spectral densities 𝑆𝑢𝑢 (𝑓 ) and 𝑆𝑘𝑘 (𝑓 ) and
the cross-spectral density 𝑆𝑢,𝑘 (𝑓 )were estimated using aHamming-
windowed Welch method. For segments shorter than 𝑛perseg but
longer than theminimumuseful length, a zero-padded periodogram
fallback was used on the same frequency grid.

The magnitude-squared coherence was then defined as

𝛾2𝑢,𝑘 (𝑓 ) =
|𝑆𝑢,𝑘 (𝑓 ) |2

𝑆𝑢𝑢 (𝑓 ) 𝑆𝑘𝑘 (𝑓 )
, 0 ≤ 𝛾2𝑢,𝑘 (𝑓 ) ≤ 1. (13)

The peak coherence for a pair was

𝛾2,max
𝑢,𝑘

= max
𝑓

𝛾2𝑢,𝑘 (𝑓 ). (14)

A.5 Above-threshold coherence bands
To localize the frequencies at which residual–motion coupling was
supported, a binary coherence mask was defined as

𝑀𝑢,𝑘 (𝑓 ) = I
[
𝛾2𝑢,𝑘 (𝑓 ) > 𝜂coh

]
, 𝜂coh = 0.3, (15)

where I[·] is the indicator function.
An above-threshold coherence band was defined as amaximal con-

tiguous interval over which the mask equaled one:
𝐵𝑢,𝑘,𝑚 = [𝑓𝑚,ℓ , 𝑓𝑚,ℎ] ⊆ {𝑓 : 𝑀𝑢,𝑘 (𝑓 ) = 1}, (16)

for the𝑚-th contiguous supported interval of pair (𝑢, 𝑘).

The peak frequency of a band was

𝑓 ∗𝑢,𝑘,𝑚 = arg max
𝑓 ∈𝐵𝑢,𝑘,𝑚

𝛾2𝑢,𝑘 (𝑓 ), (17)

and its band peak coherence was

𝛾2,max
𝑢,𝑘,𝑚

= max
𝑓 ∈𝐵𝑢,𝑘,𝑚

𝛾2𝑢,𝑘 (𝑓 ). (18)

A.6 Aggregation of coherence-supported bands
To obtain compact frequency support summaries for the dominant
fixation conditions discussed in themain text, coherence-supported
bands were aggregated across

Cfix =

{
Simulated Vehicle Movement|Fixation,

Walking|Fixation

}
. (19)

For a given residual axis 𝑢 and motion channel 𝑘 , the aggregated
support mask was

𝑀
agg
𝑢,𝑘
(𝑓 ) = max

𝑐∈Cfix
𝑀
(𝑐 )
𝑢,𝑘
(𝑓 ), (20)

where𝑀 (𝑐 )
𝑢,𝑘
(𝑓 ) is the coherence mask for pair (𝑢, 𝑘) within stratum

𝑐 .
Very-low-frequency drift was removed by applying

𝑀ret
𝑢,𝑘 (𝑓 ) = 𝑀

agg
𝑢,𝑘
(𝑓 ) I[𝑓 ≥ 𝑓min], 𝑓min = 0.2 Hz. (21)

The retained coherence-supported frequency set was then

Ωret
𝑢,𝑘 = {𝑓 : 𝑀ret

𝑢,𝑘 (𝑓 ) = 1}. (22)

These retained supports correspond to the compact ranges sum-
marized in section 3.7, such as the narrow-band yaw-related sup-
port and the broader, more multi-channel pitch-related support.

B Causal State Machine Logic
The state machine Φ, as described in section 4.3, ensures tempo-
ral consistency by managing transitions between three conceptual
states: Saccadic (𝑆 = 1), Stable (𝑆 = 0,𝐶 ≥ 𝑑ref ), and Recovery
(𝑆 = 0,𝐶 < 𝑑ref ). Let 𝑆𝑡 ∈ {0, 1} denote the binary state and 𝐶𝑡
denote a frame counter. The transition logic is formally defined
in Algorithm 1.
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Algorithm 1 Causal State Machine for Saccade Fusion Control
Require: Raw saccade probability 𝑝sac𝑡 , previous state z𝑡−1 =
(𝑆𝑡−1,𝐶𝑡−1)

Require: 𝜏enter, 𝜏exit, 𝑑hold, 𝑑ref
1: Initialize: Before processing the first frame, initialize z−1 =
(𝑆−1,𝐶−1) ← (0, 𝑑ref ). ⊲ Start in Stable Phase

2: if 𝑆𝑡−1 = 0 then ⊲ Currently in Stable or Recovery Phase
3: if 𝑝sac𝑡 > 𝜏enter ∧𝐶𝑡−1 ≥ 𝑑ref then
4: 𝑆𝑡 ← 1,𝐶𝑡 ← 0 ⊲ Enter Saccadic Phase
5: else
6: 𝑆𝑡 ← 0,𝐶𝑡 ← 𝐶𝑡−1 + 1 ⊲ Stay/Recovery increment
7: end if
8: else ⊲ Currently in Saccadic Phase
9: if 𝑝sac𝑡 < 𝜏exit then

10: 𝐶𝑡 ← 𝐶𝑡−1 + 1
11: if 𝐶𝑡 ≥ 𝑑hold then
12: 𝑆𝑡 ← 0,𝐶𝑡 ← 0 ⊲ Enter Recovery Phase
13: else
14: 𝑆𝑡 ← 1
15: end if
16: else
17: 𝑆𝑡 ← 1,𝐶𝑡 ← 0 ⊲ Reset exit counter
18: end if
19: end if
20: Output Gating Value 𝑝𝑡 :
21: if 𝑆𝑡 = 1 then
22: 𝑝𝑡 ← 1.0 ⊲ Saccadic Phase: Binary High
23: else
24: if 𝐶𝑡 < 𝑑ref then
25: 𝑝𝑡 ← 𝑝sac𝑡 ⊲ Recovery Phase: Soft Pass-through
26: else
27: 𝑝𝑡 ← 0.0 ⊲ Stable Phase: Binary Low
28: end if
29: end if
30: return (𝑝𝑡 , z𝑡 = (𝑆𝑡 ,𝐶𝑡 ))

This state machine transition logic partitions eye-movement be-
havior into three functional phases:
Saccadic Phase: Triggered when the probability exceeds 𝜏enter,

the machine enforces a binary high output (𝑝𝑡 = 1.0), which mini-
mizes the gating weight 𝑤𝑡 to fully attenuate the residual and pre-
vent motion lag during rapid gaze shifts.

Recovery Phase: Immediately following a saccade, the system
enters a refractory period for 𝑑ref frames. During this interval, the
machine is prohibited from re-entering the saccadic state and passes
the raw probability 𝑝sac𝑡 directly to the output. This soft transition
allows the system to naturally dampen post-saccadic oscillations
using the underlying data distribution.
Stable Phase: Once the refractory counter exceeds 𝑑ref , the sys-

tem reaches the default state for fixation and pursuit. In this phase,
a binary low output (𝑝𝑡 = 0.0) is enforced, ensuring the gating
weight 𝑤𝑡 remains high and the Motion-FiLM predictor provides
maximum correction accuracy without interference from low-level
probability noise.

C Hyperparameter Configurations
This appendix provides the hyperparameter configurations selected
during the validation process. Following the protocol in section 5.1.3,
all parameters were determined via grid search on the validation set
of each fold.

Table 6. Hyperparameter configurations for IntentGaze across 7-fold
cross-validation. 𝑑hold and 𝑑ref are in frames.

Fold Thresholds Durations Probabilities

𝜏enter 𝜏exit 𝑑hold 𝑑ref 𝑝off 𝑝low

Fold 1 0.85 0.55 14 18 0.85 0.40
Fold 2 0.85 0.40 9 33 0.90 0.30
Fold 3 0.80 0.40 17 33 0.40 0.35
Fold 4 0.85 0.50 15 33 0.50 0.30
Fold 5 0.85 0.45 16 32 0.55 0.25
Fold 6 0.85 0.50 17 18 0.40 0.25
Fold 7 0.85 0.55 13 27 0.95 0.00

Table 6 presents the parameters for IntentGaze. These were
jointly tuned across both tasks to maintain their character as a uni-
fied correctionmethod.The observed variance in parameters across
folds reflects the model’s adaptation to different training partitions.

As a post-hoc sensitivity analysis, we evaluated a fixed median
state-machine configuration. Its test Accuracy and Stability differed
from the fold-specific settings only at the fourth decimal place. Across
843 validation-defined Pareto configurations, the fold-averaged an-
gular ranges were at most 0.00308◦, while Saccade Lag varied by
2.90ms on average.This indicates a broad plateau of near-equivalent
operating points; for deployment, any validation-defined Pareto con-
figuration satisfying the Saccade Lag constraint may be used.

Table 7. Selected hyperparameters for baseline methods. For these meth-
ods, the optimal configurations were observed to be uniform across all
seven validation folds.

Method Task Selected Parameters

One Euro Fixation 𝑓min = 4.50, 𝛽 = 0.12, 𝑓d_cutoff = 2.50
PuRsuit 𝑓min = 8.00, 𝛽 = 0.13, 𝑓d_cutoff = 4.00

LP-SD𝑛 Fixation 𝑓cutoff = 0.3, 𝑛 = 3, 𝛿rst = 5.0◦

PuRsuit 𝑓cutoff = 25.0, 𝑛 = 1, 𝛿rst = 5.0◦

UKF-SD𝑛 Fixation 𝑞UKF = 2.2, 𝑟UKF = 6.5, 𝑛 = 3, 𝛿rst = 5.0◦

PuRsuit 𝑞UKF = 6.5, 𝑟UKF = 0.2, 𝑛 = 1, 𝛿rst = 1.5◦

Table 7 summarizes the configurations for the baseline filters.
While these were optimized independently for each fold and task,
the grid-search procedure converged to a consistent set of optimal
parameters across all seven foldswithin the resolution of our search
space.This suggests a relatively stable performance profile for these
baselines on the current dataset.
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Fig. 9. Effect of the Saccade Lag constraint on the Accuracy–Stability trade-off for One Euro, LP-SDn, and UKF-SDn on the fold-1 validation set. Panels
(a)–(c) show Fixation Accuracy Error versus Fixation Stability, with insets enlarging the Pareto-front regions. Panels (d)–(f) show Fixation Accuracy Error
versus absolute mean Saccade Lag on a symmetric logarithmic scale. The shaded region satisfies the 11ms constraint. Dashed curves denote unconstrained
fronts, solid curves denote constrained fronts, diamonds mark excluded Pareto points, squares mark newly exposed points, and stars indicate the evaluated
operating points.

D Post-hoc Analysis of the Saccade-Lag Constraint
We conducted a diagnostic analysis on the fold-1 validation set to
examine how the Saccade Lag constraint affected the Accuracy–
Stability trade-off. For each method, we first computed the uncon-
strained Pareto front by minimizing Fixation Accuracy Error and
Fixation Stability. We then retained only candidates with an abso-
lute mean Saccade Lag of at most 11ms and recomputed the Pareto
front within this feasible set, as shown in fig. 9.

For One Euro, all 12 unconstrained Pareto points violated the
constraint, leaving one feasible point that matched the evaluated

operating point. For LP-SDn, one of four unconstrained points was
removed, and the constrained front contained four points, includ-
ing one newly exposed point. For UKF-SDn, all eight unconstrained
points were excluded, exposing an 11-point constrained front. The
evaluated operating point lay on the constrained front for all three
methods.

These results confirm that the lag criterion was an active con-
straint. Configurations favored byAccuracy and Stability alone could
introduce excessive delay, whereas enforcing the 11ms threshold
exposed feasible trade-offs previously dominated by lag-violating
configurations.

ACM Trans. Graph., Vol. 0, No. 0, Article 0. Publication date: 2026.


	Abstract
	1 Introduction
	2 Related Work
	2.1 Gaze Interaction in Dynamic and Mobile XR
	2.2 Gaze Behavior and Behavior-Dependent Quality Requirements
	2.3 Improving Gaze Input for Interactive XR Systems

	3 Data Collection and Processing
	3.1 Participants, Apparatus, and Recorded Signals
	3.2 Movement Conditions
	3.3 Experimental Tasks
	3.4 Procedure
	3.5 Data Cleaning and Segmentation
	3.6 Feature Formulation and Representation
	3.7 Residual–Motion Coupling Analysis and Design Implications

	4 IntentGaze: Motion-FiLM Residual Gaze Correction Model
	4.1 Problem Formulation
	4.2 Motion-Conditioned Gaze Residual Regression Network
	4.3 Saccade-Aware Control Module
	4.4 Training Strategy and Objectives
	4.5 Implementation Details

	5 Evaluation
	5.1 Evaluation Settings
	5.2 Comparison with Online Filtering Baselines
	5.3 Scenario-wise Analysis
	5.4 Ablation Study
	5.5 Held-Out Trajectory-Family Transfer
	5.6 Efficiency and Real-Time Feasibility
	5.7 Interaction-Level Evaluation: Replay-Based Dwell Selection

	6 Cross-Device Transfer under Reduced Sensing
	6.1 Participants, Apparatus, Task, and Procedure
	6.2 Zero-Shot Cross-Device Transfer without Body-Motion Sensing

	7 Discussion
	7.1 From Gaze Measurement to Interaction-Ready Control
	7.2 Accuracy, Stability, and Responsiveness as Joint Requirements
	7.3 Implications for Gaze-Based XR

	8 Limitations and Future Work
	9 Conclusion
	References
	A Diagnostic metrics and analysis settings
	A.1 Signal definitions and stratification
	A.2 Analysis settings
	A.3 Time-domain quantities
	A.4 Spectral estimation and magnitude-squared coherence
	A.5 Above-threshold coherence bands
	A.6 Aggregation of coherence-supported bands

	B Causal State Machine Logic
	C Hyperparameter Configurations
	D Post-hoc Analysis of the Saccade-Lag Constraint

