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Abstract

Eye gaze offers multimodal language models a grounding signal for under-
standing user interfaces, such as inferring which element a user intends to
interact with. But natural gaze on dense interfaces rarely lands on a single
element box or semantic group. Users scan between distant regions and
revisit earlier elements, and their attention often spreads across different
parts of the layout. Existing research either studies Ul eye tracking without
aligned language supervision or uses gaze to guide models in natural im-
age and egocentric settings. We introduce GLAZE!, the first benchmark for
gaze-language grounding on web user interfaces. GLAZE is built from a
think-aloud study in which 27 participants described real-world webpages
while an eye tracker recorded their gaze. The dataset pairs more than 10,000
Ul elements across 176 webpages with time-aligned gaze and verbal de-
scriptions. The benchmark provides a model with a screenshot and a gaze
visualization and evaluates whether it can identify the interface content
or function the user is focusing on. We evaluate seven open and propri-
etary multimodal language models across five gaze visualizations. Current
models often identify the general region being viewed but miss the precise
attended elements and their function. Heatmaps and scanpaths are most
effective for different UI element types, yet overall performance remains
limited across visualization methods. Our benchmark can be useful for
future research on Ul agents, gaze-based accessibility tools, and automated
interface usability analysis.

1 Introduction

Eye gaze carries information about a user’s attention, intent, and cognitive state (Pani
& Yang, 2025). It is also becoming easy to capture, from ordinary webcams (Papoutsaki
etal., 2017) to AR/VR headsets (Plopski et al., 2023) and smart glasses (Gao et al., 2024), so
gaze-aware systems no longer depend on specialized lab equipment. Recent work feeds
gaze into multimodal language models (MLLMs) during training or at inference and reports
gains in egocentric activity understanding (Pani & Yang, 2025; Mazzamuto et al., 2025),
visual question answering on smart glasses (Konrad et al., 2024), and assistive interaction
for people with speech and motor impairments (EIMallah et al., 2026).

Most existing multimodal modeling work has studied gaze on natural and egocentric images
rather than user interfaces (UIs). Yet Ul elements such as buttons, menus, and text fields are
discrete and functionally distinct, so a fixation can point to a specific action a user might
take. Elements also sit inside groups, layout hierarchies, and flows that span screens (Wu
et al., 2023; Peng et al., 2023), and gaze patterns across them can reveal intentions that no
single fixation shows. Multimodal UI agents (Hong et al., 2024; Wu et al., 2025; Peng et al.,
2025b; Wu et al., 2026), voice-controlled assistants, and automated usability and accessibility
analysis (Abascal et al., 2019; Mowar et al., 2025; Paiva et al., 2021) could all use such
information. At the same time, Uls make gaze hard to interpret. Screens densely pack text,
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images, and icons at different scales, so a small shift in gaze can land on a functionally
different element (Feit et al., 2017). Gaze is also task-driven, and natural gaze often drifts,
revisits earlier regions, or spans several fixation clusters. Model attention can diverge from
human attention (Carrasco et al., 2026), while model performance can depend strongly on
how gaze is presented (Yan et al., 2024). We therefore ask whether, given a screenshot and a
user’s gaze on it, current models can infer what the user is attending to.

Existing eye-tracking datasets for Uls, such as UEyes (Jiang et al., 2023), record where
gaze fell but not what the user was attending to, so they do not provide semantic labels
for evaluating a model’s interpretation. We introduce GLAZE, the first gaze-language
grounding benchmark for web Uls. GLAZE is built from a think-aloud study in which
27 participants with UI/UX design experience described real-world webpage screenshots
while an eye tracker recorded their gaze. We align the narration with the recorded gaze to
label the target of each gaze segment, typically a single element or a small set of related ones.
The resulting dataset pairs more than 10,000 UI elements across 176 webpage screenshots
with gaze segments and verbal descriptions. The benchmark task gives a model a screenshot
and one gaze segment and asks for the interface content or function the participant attended
to at that moment.

We evaluate seven open and proprietary MLLMs across five gaze visualizations: raw gaze,
scanpath, heatmap, convex hull, and element bounding boxes. Models perform best with
heatmaps, yet even then they are fully correct only 19.8% of the time and consistently predict
regions larger than the user’s actual focus. Models also perform much better on spatially
extended elements (e.g., tables, grids) than on compact elements (e.g., icons, buttons). On
those extended layouts, models perform better with scanpaths than with heatmaps. In
summary, we contribute a publicly released benchmark of aligned gaze, verbal descriptions,
and Ul screenshots; a systematic evaluation of seven MLLMs across five gaze visualizations;
and an analysis of gaze behavior across 21 Ul element categories.

2 Related Work

2.1 Gaze Benchmarks and Datasets

Many gaze benchmarks study natural images or video rather than interfaces. GazeXplain
attaches natural language explanations to scanpaths (Chen et al., 2024), and GLAM decodes
the category of a visual search target from them (Mondal et al., 2025). Both operate on
natural images, and neither records the viewer’s own account of what they attended
to. EgoGazeVQA and StreamGaze build gaze-conditioned QA tasks for egocentric and
streaming video (Peng et al., 2026a; Lee et al., 2025), but their question-answer pairs are
generated by models rather than reported by the person whose gaze was recorded.

UEyes is one of the few datasets that record gaze on interfaces (Jiang et al., 2023). It covers
four interface types, but its short free-viewing traces include no verbal descriptions. Outside
the UI domain, Localized Narratives and Video Localized Narratives synchronize language with
a pointing signal from the same annotator (Pont-Tuset et al., 2020; Voigtlaender et al., 2023),
and REFLACX pairs expert gaze with dictated reports in radiology (Lanfredi et al., 2022).
Our benchmark brings this style of synchronized annotation to user interfaces and uses it to
evaluate whether a model can recover what a user reports attending to, not only where gaze
falls. That distinction matters on graphical interfaces, where elements a few pixels apart can
have entirely different functions.

2.2 Gaze as Input to Multimodal Models

Gaze has also been used as a direct input to multimodal models. At inference time, Voila-A
aligns MLLM attention with user gaze (Yan et al., 2024), MindEye-OmniAssist infers open-
ended assistive intent from gaze (Zhang et al., 2025), and MICA grounds task assistance
in gaze and speech from a single demonstration (Sarch et al., 2025). On the training side,
EyeTrans merges human and model attention for code summarization (Zhang et al., 2024),
gaze-regularized MLLMs improve egocentric understanding (Pani & Yang, 2025), Thinking
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with Gaze adds gaze tokens for medical reasoning (Li et al., 2026), and reward models have
been trained with gaze for RLHF-style alignment (Galliamov et al., 2025).

These systems all assume the model understands the gaze it receives. Our benchmark tests
that assumption on user interfaces, where the model first has to work out which on-screen
element the person is looking at. Prior studies encode gaze as scanpaths, heatmaps, and
other visual overlays (Chen et al., 2024; Yan et al., 2024; Peng et al., 2026a), and model
performance varies between formats (Yan et al., 2024). Beyond gaze, drawing marks such
as boxes or circles directly on the image can point a multimodal model at a region (Lee
et al., 2024; Lin et al., 2025). We present gaze visualizations to models in the same way and
compare five common methods on dense interfaces.

3 Benchmark

Our benchmark evaluates whether a multimodal language model (MLLM) can infer which
Ul element a user is actively attending to, given a screenshot of the interface and a visualiza-
tion of the user’s gaze on that screenshot. Ground truth comes from the participant’s own
concurrent verbal description of what they are looking at. A coverage-based evaluation
scheme then compares the model’s prediction against this ground truth, measuring whether
the predicted region correctly identifies the target (Section 4.4).

3.1 Dataset Construction

We recruited 27 participants with UI/UX experience. Each participant completed a 90-
minute session, viewing 4-6 webpage screenshots depending on their pace of description.
Following the established think-aloud protocol (Van Someren et al., 1994), participants
described the screenshot while concurrently verbalizing the interface elements they attended
to. Participants were instructed to describe as many visual elements as they considered
worth mentioning. No description order was prescribed; participants often proceeded
roughly from top to bottom and left to right, following the visual hierarchy, page flow,
or functional groupings. During the experiment, their speech, gaze, mouse position, and
screen content were recorded. Familiarity with interface conventions allows participants
to narrate fluidly and with minimal interruption, yielding higher-quality gaze-speech
alignment. Their demographic and Ul-background are reported in Appendix A.1. The
aligned gaze and speech data totals 18 hours and 22 minutes, spanning 131 unique Ul
screenshots and 7,137 Ul elements, with an average description time of 8.5 minutes per
screenshot. To supplement the data, the experimenter, who also had UI/UX experience,
qualitatively analyzed what participants typically covered on Ul screenshots and annotated
45 additional unique screenshots and 3,280 additional elements, in total of 9 hours and 13
minutes. The final benchmark comprises 176 unique screenshots, 10417 Ul elements, and
27.5 hours of gaze-speech data. Aggregate behavioral comparisons between the participant-
and experimenter-collected subsets are reported in Appendix A.3.

The screenshots are all 1920 1200 px. The experimenter manually selected the screenshots
from real, in-the-wild websites to ensure they cover a wide range of topics (from music to
gameplay to travel) and layouts. Detailed breakdowns of website and Ul categories are in
Figure A.2 in Appendix A.3. Gaze data was collected using a Tobii Pro Fusion remote eye
tracker sampling at 60 Hz. The eye tracker was attached at the bottom of a 24.1-inch Dell
monitor. Every participant’s session was first calibrated using Tobii’s calibration software
and instructed to keep their head stable throughout the session. If a participant moved too
much, we reran their calibration. Raw gaze points were then classified into fixations and
saccades using the I-VT (Velocity-Threshold Identification) filter with Tobii’s recommended
defaults (shown in Section A.2 of the Appendix).

3.2 Preprocessing

For each screenshot s;j, we collected a participant’s think-aloud verbal description d; together
with the corresponding gaze data G;. The verbal description d; was transcribed from audio
using Turboscribe, which provides word-level timestamps. With visual supplementary
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information from s, we use GPT-5.2 to segmentd; into a sequence ofn; utterances, d; !
fd; g}‘:il. Each segmentd;; corresponds to a semantically-related Ul element set u;; in the

screenshot and has a summarized nameh;; assigned by GPT-5.2. A semantically related Ul
set may include a single Ul element (e.g., an icon) or a group of related elements (e.g., a
card containing a title, image, and button, or a navigation bar). Segments without xations

or unrelated to Ul contents are removed or re-segmented. To assess semantic coherence
after cleaning, the authors of the paper audited 10% of the 7137 segments generated from
participants' verbal descriptions; the segmentation coherence rate was 96.35%. The full
audit protocol is described in Appendix A.5.

Each segmentd;; is also associated with a time window with start time tisjf and end time
tﬁ We extract the corresponding subset of gaze data from G; that falls within the same
time window, G; =fg 2 G | tﬁ t(g) t ﬁg In other words, the gaze behavior G
is naturally coupled with the participant's verbal description  dj; of Ul set uj;. Itis noted
that the coupling is not exact in every case: transitions, revisits, and browsing of related
elements can produce small gaze—speech misalignments. A separate spatial grounding
check on 200 elements reported in Appendix A.7.1 found direct overlap between the gaze
cluster and verbalized element in 86.5% of cases, with an additional 11.0% falling on the
target's immediate periphery and 2.5% misaligned. We retain these naturally occurring
cases because they re ect the noise present in real-world gaze input rather than idealized
gaze grounding. This design enables future systems to study robustness to such noise.
More details about segmentation duration, segmentation word count, xation duration, and
xation count per element distributions are shown in Figure A.1 in the Appendix.

4 Experiments

4.1 Gaze Visualizations
We visualize each gaze segment G using ve methods:

R = fheatmap, convex hull, scanpath, bounding box (Omni), raw gazeg.

Applying a visualization r 2 R produces an overlay on the original screenshot: vi(jr) =

fr(Gjj, s). All visualizations follow standard practices in the literature. More speci cally,
raw gaze directly overlays sampled gaze points on the image, with duration re ected
implicitly through repeated points and local cluster density. Fixation-based scanpaths
represent the sequence and duration of xations using numbered gaze circles whose size
re ects viewing time. Convex hulls are the smallest polygons that enclose all xation points.
These three visualizations are rendered with red outlines and semi-transparent green |l
selected through iterative testing to maximize visibility while minimizing occlusion of
underlying Ul elements. For the remaining two visualizations: heatmaps convert gaze
samples into smoothed spatial density maps, where warmer and more saturated colors
indicate greater xation density and duration; bounding Box (Omni) uses OmniParser (Lu
et al., 2024) to detect Ul elements from the screenshot and visualizes all detected bounding
boxes containing one or more xation points. In particular, Omni uses only a red outline
(without green 1) to avoid implying the entire box is the gaze-covered area. Overall,
scanpaths, heatmaps, and raw gaze preserve temporal information to varying degrees,
whereas convex hulls and Omni emphasize spatial regions or gazed elements and discard
temporal information.

4.2 Models

We evaluate ve visualization methods across seven multimodal language models, resulting

in 35 model-visualization conditions for each segmented Ul element. We selected at least one
small, medium, and large model from both open and proprietary families. The proprietary
models are GPT-5-mini, Claude-Sonnet-4.6, GPT-5.2, and Gemini-3.1-Pro-Preview. The open
models are Qwen3-VL-8B-Instruct, Llama-4-Maverick, and Qwen3-VL-235B-A22B-Instruct.
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