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Figure 1: Given a GUI screenshot and a text cue of a target element (in this example, “English (United States)”), SeekUI predicts

a scanpath of how users would search for such an element on the GUI. Scanpaths are here visualized with a color gradient

(green → blue) indicating temporal progression, with fixation points marked as circles. The target element is highlighted in a

red bounding box. The ground-truth human scanpath is closely approximated by our model, which reproduces human-like

search strategies. In contrast, the state-of-the-art model by Chen et al. (a natural-image visual search model) and EyeFormer (a

free-viewing GUI model) fail to replicate the pattern.

Abstract

Visual search is key to understanding and improving interaction
with graphical user interfaces (GUIs), yet predicting scanpaths on
real GUIs remains an open challenge. Unlike free-viewing, visual
search is goal-driven and shaped by both linguistic and visual fea-
tures of the GUI. State-of-the-art models of visual search, trained
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on natural images, fail with GUIs because they cannot capture
the effects of grouping and semantics on search strategies. We
present SeekUI, a reward-augmented Vision LanguageModel (VLM)
that predicts scanpaths directly from a GUI screenshot and a text
cue describing the desired target. Our model extends the capa-
bility of VLMs to reproduce human-like visual search behavior
on GUIs and outperforms baseline models across different types
of GUIs. Importantly, it reproduces key empirical phenomena es-
tablished in eye-tracking studies of visual search, including the
Guess–Scan–Confirm strategy. In sum, SeekUI provides a foun-
dation for predicting visual search behavior and has potential for
informing GUI evaluation and optimization.
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1 Introduction

Visual search, the task of locating a specific object among distrac-
tors, is a fundamental task in everyday interaction with Graphical
User Interfaces (GUIs) [39, 84]. Every time users look for an icon in
a toolbar, a menu item in a list, or a button on a form, they engage in
visual search. This process occurs countless times in daily computer
and mobile use, across applications and platforms. When users fail
to find the desired object quickly, tasks slow down, frustration
mounts, and overall usability suffers [66, 69, 101]. Accurately mod-
eling these patterns is therefore essential for designing interfaces
that are both effective and satisfying for users. A promising ap-
proach is to develop computational models to predict scanpaths on
GUIs; i.e., the sequence of fixations that users make while exploring
the interface.

In predicting scanpaths, it is challenging to capture the sequence
of gaze shifts, not merely their static locations. Spatial density es-
timates, like heatmaps, tell where people look, but they overlook
the critical temporal order of fixations. This sequential perspective
is important, as the order of fixations reveals a user’s underlying
visual search strategy. Here, on GUIs, visual search is not a passive
observation of arbitrary visual features but an active navigation
through a graphical structure designed to guide attention. This
fundamentally distinguishes GUI visual search from searching in
natural images [13, 76] or during free-viewing [23, 44–46, 107].
Unlike in natural scenes, GUI search is strongly guided by the inter-
face’s designed structure, such as its spatial organization, grouped
elements (e.g., menus, toolbars), and semantic relationships [13, 76].
Its goal-directed nature sets it apart from exploratory free-viewing;
search requires users to integrate a target cue with their knowledge
of the layout [84]. Consequently, scanpath prediction models de-
veloped for natural images and free-viewing are ill-suited for GUI
visual search.

In this work, we present SeekUI, a scanpath prediction model for
visual search on GUIs (Figure 1). SeekUI is designed to specifically
address the dual gaps of layout understanding and guidance by a
top-down task. Unlike some other models of search [33], SeekUI
works directly from pixels. This is valuable for applications where
there is no structured representation of the GUI available. The
technical insight is to build on the capabilities of Vision Language
Models (VLMs) for understanding both images and text. To better

model GUI visual search, we design SeekUI to predict not only
“where” a user will look (scanpath modeling), but also the “what and
why” that motivates their gaze (explanation modeling). However,
out of the box, VLMs are not able to replicate human-like scanpaths
on GUIs. We therefore tune the VLM via reward-augmentation,
guiding it to better match human strategies specifically in the way
they exploit visual and semantic cues in GUI-based search [46, 61].
Technically, SeekUI builds upon the state-of-the-art VLM Qwen2.5-
VL [4], which is pre-trained on a vast corpus of web data and
provides a robust understanding of GUI components and layouts.
Additionally, we implement an Instruction Tuning stage followed
by a Reinforcement Learning (RL) stage for policy refinement.

To demonstrate SeekUI’s capabilities, we compare it with two
baseline categories: (1) free-viewing models for GUIs and (2) vi-
sual search models for natural images, adapting or fine-tuning all
on a curated GUI visual search dataset [84]. SeekUI significantly
outperforms these baselines on diverse GUIs, including mobile,
desktop, and web interfaces. Its predicted gaze sequences replicate
signature patterns of GUI visual search, including the empirically
observed Guess-Scan–Confirm search strategy [57]: Early fixations
are biased toward the top-left corner, reflecting learned priors about
where relevant elements often appear on GUIs. This is followed by
selective scanning that aligns with the GUI’s spatial structure and
the semantic features of the target. Finally, fixations converge on
the target during the confirmation stage. The Guess–Scan–Confirm
strategy is important because it reflects how users balance prior
expectations, systematic exploration, and final verification, which
is identified as a gaze pattern for goal-directed visual search on
GUIs [57, 84]. In addition, SeekUI reproduces the characteristic
distributions of saccade directions and lengths across interface
types, achieves substantially higher success rates than baselines,
and mirrors the empirical relationship between visual clutter and
search time [84]. Thus, by capturing both the temporal sequence
and spatial distribution of fixations, SeekUI not only produces more
accurate predictions but also reproduces behavioral phenomena
reported in prior empirical studies of GUI visual. Finally, ablation
experiments confirm that the combination of explantion modeling
and reinforcement learning improves the overall performance.

We introduce two application scenarios that leverage SeekUI’s
ability to simulate human-like search behavior: (1) evaluation of
individual element placement, where designers can reposition inter-
face components and instantly observe how the predicted scanpath
changes; and (2) full-layout optimization, wheremultiple layout vari-
ants are compared using a quantitative search efficiency metric to
identify designs that minimize predicted search time for important
target elements. These applications illustrate how SeekUI can sup-
port rapid, early-stage prototyping without requiring eye-tracking
data or user testing at each design iteration.

In summary, our work makes the following contributions:

• We present SeekUI, a VLM-based approach for predicting visual
search scanpaths on GUIs, capable of handling mobile, desktop,
and web interfaces.

• We show that an RL stage with a reward function defined over
entire scanpaths enables SeekUI to recover from prediction errors
and generate more accurate gaze sequences.
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• We provide quantitative and qualitative evaluations on a curated
GUI visual search dataset, demonstrating that SeekUI outper-
forms state-of-the-art baselines and accurately reproduces em-
pirically observed visual search phenomena.

• We demonstrate two practical applications, element placement
evaluation and full-layout optimization, showing how SeekUI
can directly support GUI design workflows.

Open Science. We release our code, models, and data at https:
//github.com/YueJiang-nj/SeekUI-CHI2026.

2 Related Work

Our work builds on research in visual search models for GUIs,
scanpath prediction, and VLMs. Below, we frame our approach
within these areas.

2.1 Visual Search

Visual search has long been studied in psychology and HCI, but
GUI search differs from simplified laboratory displays and natural
scenes. Classic theories such as Feature Integration Theory [103]
and Guided Search [109] highlight the limited capacity of hu-
man recognition, making selective attention essential. In simplified
displays, search is guided by features like color, size, or orienta-
tion [103, 109, 110], whereas in natural scenes, semantic context
and spatial structure also play a role [36, 37]. HCI research often
draws on Information Foraging Theory [10, 83, 93], viewing search
as navigation guided by information scent. GUIs differ, however, as
they are highly structured environments with targets embedded in
designed layouts such as menus, grids, and toolbars [43, 50, 52–54],
requiring users to combine perceptual cues with learned expecta-
tions [35, 41, 42, 47–49, 71].

Putkonen et al. [84] provide the most comprehensive empirical
account of GUI visual search, using eye-tracking across mobile,
desktop, and web interfaces. They show that search is shaped by
interface design and target semantics rather than low-level features,
with consistent patterns in saccade directions (vertical in mobile,
horizontal in desktop/web), heavy-tailed saccade lengths, and a
strong dependence of search time on visual clutter rather than raw
element count. They also identify the Guess–Scan–Confirm strat-
egy, reflecting expectation-driven search, systematic exploration,
and final verification.

Earlier HCI work noted related effects: spacing and grouping
influence icon and menu search [5, 24], visual complexity impairs
search [7], cultural conventions modulate scanning strategies [8],
and adaptive strategies respond to layout density [104] or utilize
assistive cues [22, 38]. Together, these studies highlight that GUI
search depends on structure and expectations, not just perceptual
saliency. SeekUI builds on these insights, capturing saccade distri-
butions, success rates, clutter effects, and the Guess–Scan–Confirm
strategy across GUI types.

Building on this foundation, our work connects directly to the
phenomena identified by Putkonen et al. [84]. While prior research
described these human behaviors, no computational model has
reproduced them across GUI types [26, 51, 81, 97]. SeekUI fills
this gap by capturing the same patterns in saccade distributions,
success rates, clutter effects, and the Guess–Scan–Confirm strategy,

providing a predictive model that aligns with both prior theory and
empirical observation.

2.2 Modeling Visual Search on GUIs

Modeling visual search is particularly challenging on GUIs because
they combine perceptual saliency with structured layouts and task-
driven expectations. Prior studies show that search time increases
with the number of elements, but actually clutter metrics and com-
plexity measures better capture perceptual difficulty [74, 89]. Text
targets are harder to locate than icons [116], and search perfor-
mance is influenced by visual distinctiveness such as color contrasts
or borders around app icons [69, 102]. These findings highlight that
GUI search cannot be explained by bottom-up features alone, but
requires models that integrate structural and semantic context [84].

Early computational models of GUI search examined specific
tasks such as menu navigation, icon recall, or keyboard scanning
across different interface components [5, 12, 32, 55]. While valuable
for understanding task-specific strategies, these approaches were
limited in scope and did not generalize across diverse GUI types.

Subsequent efforts sought to formalize GUI search through rule-
based or crowdsourced approaches. Yuan and Li [116] used Deep
Learning (DL) to predict search times on webpages, but their study
relied on crowdsourced completion times, lacked eye-tracking data,
and focused only on one interface type. Similarly, Halverson and
Hornof [33] developed a model requiring manually coded interface
representations (object positions, grouping, density) rather than
raw GUI images, restricting its use to simple, text-heavy layouts.

Cognitive architectures introduced more principled accounts of
user strategies in GUI search. CogTool-Explorer [99] integrated hi-
erarchical search processes into IFT-based predictions and showed
strong alignment with human performance across layouts. Other
work emphasized active vision: Halverson and Hornof [34] pro-
posed a minimal model grounded in cognitive strategies and ocu-
lomotor processes, while Kieras and Hornof [58] extended these
ideas to account for eye movement dynamics and visual acuity.
Such models highlight the role of higher-level cognitive factors but
remain difficult to scale to naturalistic GUI data. However, they
require specific representations for GUIs with detailed structure
and element information as inputs, and thus cannot model visual
search directly from pixels. In contrast, SeekUI combines a VLM
with RL to predict full scanpaths directly from pixel-level GUI im-
ages. This design also allows it to model both spatial accuracy and
temporal coherence, capturing the design-driven and task-driven
search effects documented in empirical work [84].

2.3 Scanpath Prediction Models

Research on scanpath prediction has been dominated by free-
viewing GUIs, where models attempt to generate gaze sequences
without explicit search goals. Approaches can be broadly cate-
gorized into three directions: saliency-map generation, direct se-
quence modeling, and RL-based.

Saliency-map methods. Early work estimated scanpaths by sam-
pling from saliency maps, sometimes combined with mechanisms
such as inhibition-of-return (IOR) to discourage repeated fixations
at the same location [40]. Wang et al. [105] pioneered the simu-
lation of saccadic scanpaths under an information maximization
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framework by integrating sparse coding–based sensory responses
with a decaying visual working memory, and selecting each fix-
ation as the location of maximal residual perceptual information.
Later studies refined these strategies by iteratively sampling fix-
ations from saliency distributions or by adding handcrafted con-
straints [2, 17, 59, 72, 88, 106, 108, 112].While effective at identifying
regions of high visual interest, these methods often face certain
constraints. For instance, they frequently prioritize spatial saliency
over temporal factors such as fixation durations or consistent se-
quence ordering. Additionally, their typically non-differentiable
nature can make seamless integration into end-to-end deep learn-
ing architectures more challenging.

Direct sequence modeling. To address the lack of temporal struc-
ture, subsequent work predicted fixation sequences explicitly. Some
approaches generate points from parameterized Gaussian mixtures,
as in IOR-ROI [17, 95] and Visual ScanPath Transformer [85]. Others
have adopted newer sequence models, such as Transformer-based
GazeFormer [76] or Markov-based ScanDMM [94]. Adversarial
methods such as PathGAN and ScanGAN [3, 73] attempt to capture
variability in human gaze but often produce unrealistic clustering or
misplaced fixations. Although these models explicitly generate se-
quences, they are prone to error accumulation, where inaccuracies
in early predictions propagate throughout the scanpath [87].

Reinforcement Learning approaches. Another line of research
formulates scanpath prediction as a sequential decision-making
problem. Early work explored RL with hand-crafted state repre-
sentations to guide attention in cluttered scenes [75, 79]. More
recent methods leverage deep RL, including inverse RL for visual
search [114], deep RL for panoramic video scanpaths [113], and
policy-gradient optimization with discretized fixation grids [13].
Grid-based discretization simplifies optimization but sacrifices spa-
tial precision, motivating continuous-control formulations such
as EyeFormer [44] and GazeXplain [14], which generate fixations
from Gaussian policies with rewards optimizing the trajectories.

Together, previous approaches have advanced sequence predic-
tion in free-viewing settings, but they are not designed for visual
search on GUIs. SeekUI extends this line of work by combining
VLMs with RL to generate scanpaths conditioned on both visual
layout and explicit task cues, enabling prediction of task-driven
search behavior beyond free-viewing paradigms.

2.4 Vision Language Models

VLMs integrate visual and textual inputs into joint representa-
tions that support a wide range of multimodal tasks, including
captioning [29, 30, 63, 115], retrieval [31, 64, 65], and instruction
following [1, 15, 20, 68]. By grounding visual perception in natural
language, these models enable conditioning on explicit task descrip-
tions, making them particularly suitable for situations where users
search for targets specified by text.

Recent VLMs have demonstrated rapid progress in both general-
purpose and domain-specific applications. For example, LLaVA [68]
introduced a visual instruction tuning framework that combines

CLIP’s powerful vision encoder [86] with Vicuna [18], a large lan-
guage model (LLM) trained on instruction-following data. Build-
ing on this foundation, LLaVA-Next [67] incorporated architec-
tural and training improvements, closing the gap with state-of-the-
art commercial systems such as Google Gemini. These systems
illustrate how multimodal instruction tuning can produce flexible,
instruction-aligned VLMs.

Several VLMs have been recently designed specifically for GUIs.
Spotlight [62], for example, takes a GUI screenshot and a region
of interest as input, and outputs relevant text for tasks such as
widget captioning, screen summarization, or tappability predic-
tion. ILuvUI [51] demonstrated how a VLM-based agent can handle
broader GUI tasks that require reasoning and multimodal ground-
ing, such as answering visual questions within the GUI context.
These systems highlight that GUI-specific VLMs can learn struc-
tured representations of interface elements, extending beyond the
natural image domain. However, while VLMs excel at visual-text
understanding and natural language generation, they are not inher-
ently designed to model sequential gaze behavior or perform visual
search tasks. Standard VLM outputs are static and do not capture
the temporal dependencies between fixations, nor do they account
for task-driven search strategies on GUIs.

SeekUI builds on these insights by extending a pretrained state-
of-the-art VLM (Qwen, which includes GUI-related data in its train-
ing corpus) to generate task-driven scanpaths on GUIs. By condi-
tioning on both GUI appearance and the text cue on the target, we
guide the VLM to understand the visual search task and to produce
scanpaths that reflect both spatial structure and temporal dynam-
ics. We further refine the model by optimizing for scanpath-level
similarity using reinforcement learning, enabling more accurate
modeling of human-like sequential gaze behavior.

3 Method

Existing scanpath prediction models for natural-image free viewing
are ill-suited for GUI visual search, which requires both understand-
ing interface structure and integrating the user’s task. To address
these challenges and inspired by GazeXplain [14], SeekUI predicts
not only where a user will look, but also what and why drives each
fixation. This design aligns with the two-stream hypothesis [27]: the
ventral stream identifies objects (“what”), while the dorsal stream
guides actions (“where/how”). Accordingly, SeekUI formulates vi-
sual search as a text generation process with two components:
(1) explanation modeling, which outlines the search strategy, and
(2) scanpath modeling, which predicts the fixation sequence.

SeekUI is trained in two stages. First, instruction tuning teaches
the model to generate explanation–scanpath pairs from human
ground truth data. Second, RL fine-tuning encourages the produc-
tion of coherent, human-like scanpaths using a non-differentiable
sequence-level reward.

3.1 Visual Search Formulation

To tackle GUI structure understanding and task integration, we
explicitly generate a strategic explanation describing how a user
would search for the target. This approach solves both challenges:
• Structure understanding: The explanation identifies and reasons
about the functional and spatial layout of relevant GUI regions.
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• Task integration: The explanation connects the regions to the
user’s goal until the target is found.
Thus, SeekUI first models why a gaze shift occurs and then pre-

dicts where the gaze moves. Formally, given a GUI screenshot 𝐼
and a textual target cue 𝑇 , the model needs to generate a textual
sequence containing two components: a natural language explana-
tion E, followed by the scanpath F = (𝑓1, 𝑓2, . . . , 𝑓𝑛). Each fixation
point 𝑓𝑖 = (𝑥𝑖 , 𝑦𝑖 ) represents a spatial location on the interface. Our
objective is to learn a function, SeekUI(·, ·), that maps both inputs
to a unified output:

SeekUI(𝐼 ,𝑇 ) = [E; F] . (1)

where [· ; ·] denotes sequence concatenation.

3.2 Model

GUI visual search demands a model with the dual capabilities of
perceiving fine-grained visual details (such as icons and text) and
aligning the visual context with a textual target cue. To meet these
requirements, we build SeekUI upon a VLM architecture, for its
powerful capabilities in: (1) pre-trained knowledge of GUI struc-
tures, and (2) multimodal processing of GUI screenshots and text
cues.

Model Architecture. The VLM architecture acts to comprehend
and reason about visual inputs. It is composed of three main compo-
nents: (1) a Vision Transformer (ViT) based vision encoder, which
ingests the input GUI screenshot and encodes it into a sequence of
spatially-aware patch embeddings; (2) an MLP-based Projector act-
ing as a bridge, mapping features in the visual embedding space into
the LLM space; and (3) an LLM serving as the reasoning and genera-
tive core, conditioning its generation on the aligned visual features.
Architecturally, this design leverages the vision encoder for high-
fidelity spatial contexts, the projector for cross-modal fusion, and
the powerful LLM to perform complex, visually-conditioned gener-
ation and reasoning tasks.

Model Input. The VLM takes as input a GUI screenshot along
with the corresponding textual instruction that contains the target
cue. To ensure that the VLM learns to produce scanpath coordinates
within the correct spatial range, the resolution of the GUI screenshot
is also included in the textual instruction. This textual instruction
is constructed as:

Given the image with width {width} and height {height}, what is the
scanpath for the visual search task on this GUI? The text on the target
element is “{target}”.
Output the explanation process in <explanation> </explanation> and
final answer in <answer> </answer> tags. The output answer format
should be as follows:
<explanation> ... </explanation> <answer>The scanpath is [x1, y1] [x2,
y2] ...</answer>
Please strictly follow the format.

Here, “{width}” and “{height}” are the placeholders for the width
and height of the GUI screenshot. By explicitly including the res-
olution (width, height) in the prompt, we ground the model’s co-
ordinate prediction mechanism, allowing it to normalize spatial
features relative to the canvas size.

Model Output. We structure the ground truth of VLM’s output
using two specialized token pairs. The first pair, <explanation> and
</explanation>, is responsible for the explanationmodeling, guiding
the model to generate search strategy. The second pair, <answer>
and </answer>, handles the scanpath modeling, directing the model
to output the corresponding fixation sequence. This structure forces
the model to first explain verbally a rationale and then generate
the corresponding fixation sequence, promoting consistency in the
generated scanpath. The target output is a single ground truth
sequence, e.g., “<explanation> The user starts by scanning the top
navigation bar... </explanation> <answer> The scanpath is [540,
100] [540, 300]... </answer>”.

Formally, a structured, concatenated ground-truth string S is
constructed on explanation E and fixation F data as:

Serialize(F) = “The scanpath is (𝑥1, 𝑦1) (𝑥2, 𝑦2) . . . ”, (2)
S = <explanation>E</explanation>
<answer>Serialize(F)</answer>, (3)

where Serialize(·) is the function that converts the fixation coor-
dinate sequence F into text. This string S is then tokenized as the
final ground-truth token sequence 𝑆 that the VLM needs to predict:

𝑆 = Tokenize(S) . (4)

Directly prompting the VLM to generate a scanpath often results
in incoherent, non-human-like outputs. The main reason is that a
pre-trained VLM, while powerful, is fundamentally designed for
generic understanding tasks like captioning or question answering.
When performing visual search, it lacks the intrinsic mechanisms
to bridge the significant semantic gap between identifying a textual
goal and performing the action-oriented scanpath sequence. To
close this semantic gap, we employ a two-stage training for SeekUI:
an instruction tuning stage, followed by an RL stage that refines
the model’s ability to generate coherent, human-like scanpaths.

3.3 Stage (1): Instruction Tuning

To bridge the semantic gap between static GUI screenshots and
dynamic scanpath generation, we employ a supervised instruction
tuning stage. This phase serves two purposes: it aligns the VLM’s
visual encoder with the specific domain of scanpath prediction, and
it teaches the model the structural format of our required output
(explanation followed by coordinate sequence).

3.3.1 Data Preparation and Explanation Synthesis. We fine-tune
SeekUI for visual search on a curated subset of the VSGUI10K
dataset [84], which provides GUI screenshots, textual target cues,
and corresponding human scanpaths. However, raw scanpath coor-
dinates (𝑥,𝑦) lack the semantic reasoning required for the model to
"understand" the search strategy. To address this, we augment the
dataset with natural language explanations.

Since ground-truth explanations are not available in VSGUI10K,
we distill knowledge from a VLM model, Qwen2.5-VL-72B-
Instruct [4], to automatically generate them. To ensure the model
accurately interprets the spatial data, we employ a “visual prompt-
ing” strategy. We directly visualize the human scanpath on the GUI
image by plotting the fixation sequence: marking the starting point
with a green circle (red boundary) and the ending point with a blue
circle (black boundary), as shown in Figure 1. This visual overlay
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Input 2:

<explanation>The scanpath begins with the user 

focusing on the central area …… moves downward 

along the left side of the page, following the vertical 

layout of options such as ‘Home’, ‘Plans & Pricing’, and 

‘Examples’ …… passing through sections like ‘Features’ 

and ‘Blog’ …… As the gaze progresses further down, it 

eventually lands on the ‘Forums’ link within the horizontal 

menu at the bottom of the page.</explanation>
Render

Trained in Stage 1

Trained in Stage 2

Figure 2: Overview of SeekUI. Given a GUI screenshot and a target text cue, SeekUI predicts a human-like scanpath for locating

the target. Stage (1): Instruction Tuning with explanations. The vision encoder and projector align GUI features with an LLM,

which generates explanations and scanpaths conditioned on the target. Stage (2): Reinforcement Learning with a similarity

reward. Predicted scanpaths are compared with human data, and the reward signal updates the model via group normalization.

This two-stage design allows SeekUI to capture both spatial-semantic grounding and temporal search dynamics.

removes the ambiguity of describing complex coordinates via text.
We then prompt the model with the scanpath-visualized image and
the following instruction to generate the reasoning:

Explain the explanation process behind the visual scanpath for the
target “{target}”. The scanpath begins at the green circle with the red
boundary, which is usually located at the center or appear in other
regions. Write one paragraph describing the entire explanation process,
ensuring the paragraph covers all areas where fixation points occur
and following the order of fixation points to explain. Don’t describe
areas where fixation points are not located. Here are two examples of
how to explain this for other GUIs and scanpaths. Do not mention any
green/blue circles or lines. Use English!

“{target}” is a placeholder for the respective target textual cue.We
present two examples of the generated ground truth explanation:

Example 1: The scanpath begins with the user fixating on the Magic
Quadrant chart, likely because it is visually distinct and initially cap-
tures attention, before moving left to the central promotional text and
“Read the Report” button to check for relevant actions. Not finding the
sign-up option there, the user shifts gaze upward to the top naviga-
tion bar, following a common expectation that account-related actions
are located at the top right. They first scan nearby links like “Join a
Meeting” and “Host a Meeting,” then continue rightward until finally
identifying the “Sign Up, It’s Free” button, successfully completing the
search.

Example 2: The scanpath starts with the user looking at the center of the
screen near the “Online Flash Event” banner, thenmoving upward to the
top-left logo and promotional text, likely checking for navigation cues
or sale-related links. The gaze then shifts rightward toward the model
image, perhaps drawn by its visual prominence, before moving sharply
downward toward the lower navigation buttons. After scanning these
icons, the user’s attention is drawn to the bright red “CLEARANCE”
button on the lower right, where they fixate to confirm it matches the
target. This sequence suggests an initial top-down search in expected
navigation areas, followed by exploration of visually salient content,
and finally a bottom-up attention shift to the highly contrasted target
button.
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The resulting dataset consists of triplets: (𝐼 ,𝑇 , 𝐸 + 𝐹 ), where 𝐼
is the clean GUI screenshot, 𝑇 is the target cue, and 𝐸 + 𝐹 is the
synthesized explanation combinedwith the ground truth coordinate
sequence.

3.3.2 Optimization Objective. The model is optimized in a super-
vised manner using a standard cross-entropy (CE) loss. The visual
search is formulated as an autoregressive text generation process,
where the model predicts the next token in the sequence (both
explanation words and coordinate numbers) based on the image
embeddings and previous tokens.

Formally, the probability of generating the sequence 𝑆 (compris-
ing both the explanation 𝐸 and fixations 𝐹 ) is factorized autoregres-
sively according to the chain rule of probability:

𝑝𝜃 (𝑆 |𝐼 ,𝑇 ) =
𝑙∏

𝑡=1
𝑝𝜃 (𝑠𝑡 |𝑠<𝑡 , 𝐼 ,𝑇 ), (5)

where 𝑙 denotes the sequence length of 𝑆 , which is the combined
explanation and scanpath, 𝑠<𝑡 denotes the sequence of preceding
ground-truth tokens (𝑠1, ..., 𝑠𝑡−1), and 𝜃 represents the parameters
of SeekUI. When maximizing the conditional log-likelihood of
the ground-truth sequence across the entire training dataset, it is
equivalent to minimizing the standard CE loss:

LCE = −
𝑙∑︁

𝑡=1
log 𝑝𝜃 (𝑠𝑡 |𝑠<𝑡 , 𝐼 ,𝑇 ). (6)

This optimization enables the model to capture characteristic hu-
man gaze patterns, including the dynamic scanning strategies, sys-
tematic exploration, and revisits to salient elements.

However, the instruction tuning stage forces the model to strictly
mimic the ground-truth sequence. The model learns to predict the
next token based on a perfect, preceding ground-truth history, creat-
ing a discrepancy with real-world inference where the model must
rely on its own, potentially imperfect, predictions. This mismatch
leads to accumulated errors: a single slight deviation can cause the
next prediction to be further off, leading to a sequence that rapidly
drifts and fails to converge on the target.

3.4 Stage (2): Reinforcement Learning

Since the model generates autoregressively, each prediction de-
pends entirely on the preceding sequence. During the instruction
tuning process, the model is guided by the ground truth history,
effectively masking any prior errors. However, during inference,
the model must rely on its own past predictions, meaning a single
deviation can cause the entire sequence to drift. To build robustness
against these imperfect predictions, we employ a stage where the
model learns directly from its self-generated sequences rather than
ground truth. In addition, unlike the instruction tuning stage, which
optimizes for per-token accuracy, this stage focuses on the holistic
quality of the generated trajectory. To this end, SeekUI further em-
ploys a RL stage to directly optimize for globally coherent scanpath
sequences.

3.4.1 Environment, Policy, State, and Action. During RL fine-tuning,
the VLM operates as a decision-making agent. The environment is
the static context provided by the GUI screenshot and the target cue.
The agent’s policy is the VLM, denoted as 𝜋𝜃 . At each step, the agent

observes the current state, which includes the static environment
and the complete history of previously generated explanations and
fixations. Based on the state, the agent’s action is to generate a
structured sequence composed of the explanation and the scan-
path. Once a full scanpath is generated, a reward is then provided
to the agent, calculated from the predicted sequence of scanpath
coordinates and the corresponding ground truth.

3.4.2 Reward Function. To measure the spatial accuracy and tem-
poral order of fixations, we incorporate a ScanMatch [13, 19] reward.
Standard spatial metrics (e.g., Mean Squared Error or Intersection
over Union) treat fixations as independent points, ignoring the se-
quential dependencies critical to search strategies. In contrast, Scan-
Match measures the similarity between predicted and human scan-
paths at the sequence level, capturing both the spatial alignment of
fixations and their temporal order. Let the predicted scanpath be
𝐹 = (𝑓1, 𝑓2, . . . , 𝑓𝑛) and the human scanpath be 𝐻 = (ℎ1, ℎ2, . . . , ℎ𝑚).
The ScanMatch score is computed using the Needleman-Wunsch
algorithm [77], which aligns two sequences by maximizing their
overall similarity based on edit distance (substitution, insertion,
and deletion operations):

Dist(𝑖, 𝑗) =max


Dist(𝑖 − 1, 𝑗 − 1) + Sub(𝑓𝑖 , ℎ 𝑗 ), (match/substitute)
Dist(𝑖 − 1, 𝑗) − 𝑔, (deletion)
Dist(𝑖, 𝑗 − 1) − 𝑔, (insertion)

(7)
where Sub(𝑓𝑖 , ℎ 𝑗 ) is the substitution score reflecting the similarity
between fixations, typically based on spatial distance, and 𝑔 is a gap
penalty for insertions or deletions (𝑔 = 1 in our implementation).
The alignment matrix Dist(𝑖, 𝑗) is initialized as:

Dist(0, 0) = 0, Dist(𝑖, 0) = −𝑖 · 𝑔, Dist(0, 𝑗) = − 𝑗 · 𝑔. (8)

The final ScanMatch reward is normalized to fall within the [0, 1]
range:

𝑅ScanMatch (𝐹, 𝐻 ) =
Dist(𝑛,𝑚)
max(𝑛,𝑚) , (9)

where a score of 1 indicates identical scanpaths and 0 indicates no
similarity.

3.4.3 Optimization. To perform a scalable learning strategy while
avoiding the computational overhead of policy evaluation using a
critic model [91], we employ Reinforcement Learning with Verifi-
able Rewards (RLVR) [92, 98] for this stage, specifically leveraging
the Group Relative Policy Optimization (GRPO) algorithm. Unlike
traditional approaches such as Proximal Policy Optimization (PPO)
which rely on a separate value function, GRPO optimizes the cur-
rent policy by sampling a group of 𝐺 candidate responses for each
input and leveraging their relative rewards (advantages) to guide
policy updates. This approach is particularly effective for reasoning
tasks where the ground truth (scanpath) allows for deterministic
verification.

The model optimizes the current policy 𝜋𝜃 by sampling𝐺 candi-
date responses for each input and leveraging their relative rewards
to guide policy updates. To reduce the variance of the gradient
estimate and stabilize the training process, we compute the group
normalization on the rewards. Specifically, given a sampled group
of responses 𝑆𝑜 = [𝑆1, . . . , 𝑆𝐺 ], we first extract the corresponding
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responses of scanpath 𝐹𝑜 = [𝐹1, . . . , 𝐹𝐺 ]. Then we compute their
normalized rewards (aka advantages) 𝐴𝑜 = [𝐴1, . . . , 𝐴𝐺 ] as:

𝑟𝑖 =

{
𝑅ScanMatch (𝐹𝑖 , 𝐻 ), if 𝐹𝑖 is extracted successfully from 𝑆𝑖 ,

0, otherwise.
(10)

𝐴𝑖 =
𝑟𝑖 − 𝜇 ({𝑟1, . . . , 𝑟𝐺 })
𝜎 ({𝑟1, . . . , 𝑟𝐺 })

, (11)

where 𝜇 (·) and 𝜎 (·) represent the mean and standard deviation of
the rewards within the sampled group, respectively. The training
objective maximizes the likelihood of better-performing responses
while penalizing deviations from the reference model 𝜋 ref

𝜃
:

LRL = −EŜo∼𝜋𝜃 (𝐼 ,𝑇 ) [𝐴
𝑜 ] + 𝛽 · KL(𝜋𝜃 (𝑆𝑜 | 𝐼 ,𝑇 ) ∥ 𝜋 ref

𝜃
(𝑆𝑜 | 𝐼 ,𝑇 )),

(12)

where 𝛽 is the hyperparameter to control the KL-divergence be-
tween policies. The implementation details of our SeekUI are pro-
vided in the Supplementary Materials.

4 EVALUATION METHOD

We evaluate SeekUI through qualitative comparisons, quantitative
evaluations, and analysis of human characteristics in search to
assess its ability to generate human-like visual search scanpaths on
GUIs. Our experiments address two main research questions:

(1) How does SeekUI compare with baseline models in produc-
ing realistic scanpaths?

(2) To what extent does SeekUI replicate human search effi-
ciency and behavioral patterns?

Since no prior model is designed to directly generate scanpaths
for visual search on GUIs given an image and a text target cue, we
adapt two categories of state-of-the-art model baselines for fair
comparison. (1) models developed for free-viewing for GUIs [44],
and (2) models designed for visual search in natural images [13, 76].
All baseline models are retrained or fine-tuned on our curated GUI
visual search dataset (see next section) to ensure a fair cross-system
comparison. Together, these baselines allow us to test whether
models optimized for free-viewing or natural scenes can generalize
to GUI search, and whether SeekUI captures the human strategies
they fail to reproduce.

4.1 Dataset

The VSGUI10K dataset [84] is a public resource that was introduced
as a benchmark for evaluating the human-likeness of computational
models of visual search. The dataset, collected using a GazePoint
GP3 eye tracker, includes scanpaths for GUIs (mobile, desktop, and
web) and target element representations based on images and texts.
For our experiments, we only considered the trials that have text
cues, resulting in 730 GUI screenshots for analysis, comprising 1,010
specific target elements and 1,616 corresponding human scanpaths
recorded from N=84 participants (42 male, 40 female, 2 non-binary,
71 were aged 18–30, nine 31–50, and four over 50).

For model training and evaluation, we adopt a randomized 85/15
split: 85% of the data (1,366 scanpaths from 850 image-target pairs)
are used for training, reserving a small set of 273 scanpaths for
model validation at every epoch, and 15% of the data (250 scanpaths
from 158 image-target pairs) are used for testing.

Overall, the VSGUI10K dataset provides rich multimodal infor-
mation linking GUI visual structure, target text cues, and sequential
gaze behavior. It allows SeekUI to learn the relationships between
interface layouts, text cues, and human scanpaths, supporting the
generation of fixation sequences for visual search across diverse
real-world GUIs.

4.2 Baseline Models

We compare SeekUI against three representative state-of-the-art
baselines, spanning both GUI free-viewing and natural-image
search models:
• EyeFormer [44]: A Transformer-based model for predicting
gaze sequences on GUIs under free-viewing. To adapt it for
visual search, we replace its vision encoder with RoBERTa-
extracted [70] textual embeddings, yielding a variant we call
EyeFormer++.

• GazeFormer [76]: A Transformer-basedmodel designed for visual
search in natural images, employing spatiotemporal attention to
capture sequential dependencies in scanpaths.

• Chen et al. [13]: A CNN–RNN model for natural-image visual
search, which achieves the state-of-the-art scanpath prediction
results on natural images through supervised sequence modeling.
All baselines are retrained or fine-tuned on our curated dataset

to ensure a fair comparison with SeekUI.

4.3 Metrics

We evaluate scanpath prediction using a comprehensive set of
metrics that assess sequence alignment, spatio-temporal dynamics,
and distributional consistency.
• ScanMatch. ScanMatch [19] encodes fixations by dividing the
GUI into a grid and aligns the resulting symbolic sequences using
the Needleman–Wunsch algorithm. A distance-based substitu-
tion matrix incorporates spatial relationships. Scores are normal-
ized to [0, 1], with higher values indicating better spatial and
temporal alignment.

• String-Edit Distance (SED). SED [9, 25] computes the mini-
mum insertions, deletions, and substitutions needed to transform
one fixation string into another, assigning uniform cost to each
operation. Lower SED indicates fewer corrections required to
match human behavior.

• Sequence Score (SS). SS [114] converts scanpaths into strings
of fixation cluster IDs and uses a string-matching algorithm [77]
to quantify similarity. String matching then quantifies similarity,
allowing more flexible alignment than raw coordinates.

• MultiMatch. MultiMatch [21] compares scanpaths along five
dimensions: shape, direction, length, position, and duration by
reducing them to saccade-vector sequences and aligning them to
minimize combined differences. Each dimension yields a normal-
ized score in [0, 1], enabling fine-grained behavioral analysis.

• Scaled Time-Delay Embedding (STDE). STDE [105] embeds
sliding-window subsequences into a multidimensional space and
computes the average minimum Euclidean distance across em-
beddings, capturing spatial proximity and temporal ordering.
Higher values reflect greater spatio-temporal similarity.

• Pearson’s Correlation Coefficient (CC). CC [60] measures
linear correlation between predicted and ground-truth saliency
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maps, treating pixel intensities as random variables and normal-
izing covariance by their standard deviations. Scores range from
−1 to 1, with higher values indicating stronger correspondence.

• Area Under ROCCurve (AUC).AUC [11, 56] evaluates fixation
prediction as a binary classification problem by computing true
and false positive rates across thresholds. It reflects the probabil-
ity that a fixation is assigned higher saliency than a non-fixation.

• Shuffled AUC (sAUC). sAUC [56] is a variant of AUC that sam-
ples negatives from fixation locations in other images, mitigating
center bias and producing a more task-driven evaluation. It pe-
nalizes generic center biases and rewards task-specific spatial
predictions.

• Normalized Scanpath Saliency (NSS). NSS [82] measures the
mean normalized score at human fixation locations. The pre-
dicted scanpath is converted to a Gaussian-blurred map (with
𝜎 approximating foveal radius), normalized to zero mean and
unit variance, and evaluated at ground-truth fixation coordinates.
NSS=0 indicates chance; higher values reflect accurate fixation
localization and impose stronger penalties on false positives than
AUC.
Together, these metrics capture complementary aspects of sim-

ilarity: sequence-based alignment (ScanMatch, SED, SS), spatio-
temporal trajectory structure (MultiMatch, STDE), and distribu-
tional agreement (CC, AUC, sAUC, NSS).

5 Results

We evaluate SeekUI through a comprehensive set of illustrative
cases and quantitative analyses designed to assess both accu-
racy and human-like behavior. Our evaluation spans diverse GUI
types and interface complexities. We first present comparisons
between predicted scanpaths, ground truth, and state-of-the-art
baselines—visual-search models for natural images (GazeFormer
and Chen et al.) and a free-viewing GUI model adapted for search
(EyeFormer++). Next, we report quantitative results using standard
scanpath prediction metrics. We then examine whether SeekUI re-
produces documented human search characteristics [57, 84], includ-
ing success rates, saccade patterns, and the Guess–Scan–Confirm
strategy. Finally, we conduct ablations to isolate the contribution
of individual model components.

Overall, SeekUI: (1) predicts more accurate scanpaths than base-
line models, both qualitatively and quantitatively; and (2) better
reproduces human-like search characteristics, including success
rates, saccade statistics, and high-level search strategies.

5.1 Illustrative Cases

Figure 3 shows five randomly selected examples across GUI types
where users search for target elements (highlighted in red). Addi-
tional comparisons are provided in the Supplementary Materials.

EyeFormer++ scatters fixations across the interface, producing
dense but task-irrelevant clusters, reflecting its optimization for
exploratory free-viewing rather than goal-directed search. Natural-
image search models struggle with GUI structure and text cues:
GazeFormer often fails to locate the target region, with fixations
drifting toward visually salient but irrelevant areas, while Chen
et al.’s model distributes fixations broadly across the entire screen,
leading to inefficient search. Furthermore, the out-of-box VLM

generates scanpaths that either traverse sequentially from top-left
to bottom-right or simply cluster at the center. These rigid patterns
demonstrate a failure to understand visual search dynamics, due to
a lack of alignment with human behaviors.

In contrast, SeekUI captures both the overall trajectory and the
spatial distribution of fixations more accurately. By incorporating
text cues and layout understanding, it reliably identifies relevant
interface elements and reproduces temporal and spatial patterns
characteristic of human scanpaths. These illustrative cases indi-
cate that SeekUI better reflects human strategies in goal-directed
GUI search than both GUI free-viewing and natural-image search
baselines.

5.2 Accuracy of Scanpath Prediction

We evaluate scanpath prediction using the full suite of met-
rics described in Section 4.3, covering sequence alignment (Scan-
Match, SED, SS), spatio–temporal trajectory properties (MultiMatch,
STDE), and distributional consistency (CC, AUC, sAUC, NSS). To-
gether, these metrics provide a comprehensive measure of corre-
spondence between predicted and human visual behavior.

As shown in Table 1, SeekUI achieves the strongest performance
across nearly all metrics and GUI types. It improves upon the best
baseline by 47% in ScanMatch and more than doubles the NSS
score, reflecting better sequence alignment and fixation distribution.
These gains are consistent across mobile GUIs, desktop GUIs, and
webpages.

The only exceptions are the Vec and Len components of Multi-
Match, where EyeFormer++ scores slightly higher. However, these
values arise from clustered fixations that do not prioritize task-
relevant targets and thus harm performance on other metrics (e.g.,
SS, NSS). SeekUI instead achieves balanced improvement across
spatial and temporal dimensions, confirming its superior modeling
of human-like scanpaths.

5.3 Reproducibility of Human Characteristics

in Search

Scanpath metrics capture spatial and temporal similarity but not
whether a model reproduces key behavioral properties of human
visual search. GUI search is shaped by consistent patterns [57, 84]:
imperfect success rates due to task difficulty, characteristic sac-
cade distributions, sensitivity to visual clutter, and the structured
Guess–Scan–Confirm strategy. We therefore evaluate whether
SeekUI recovers these behaviors.

5.3.1 Success Rates. The success rate, defined as the proportion of
trials in which the target was successfully located, directly measures
functional search performance. Unlike similarity metrics that assess
scanpath resemblance to humans, success rate evaluates whether
the predicted search actually finds the target.

In our dataset, humans achieve a 70% success rate, showing
that even participants occasionally fail due to lapses in attention,
ambiguous cues, or visually similar distractors. This benchmark
underscores the inherent difficulty of GUI search tasks.

For model evaluation, a trial is considered successful if the last
three fixations of the predicted scanpath fall within the foveal region
of the target. With a viewing distance of 50–55 cm, the foveal radius
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Target “Measurements” “Name” “CLEARANCE” “sign up, it’s free” “Immersive Over Headphones”
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Figure 3: Qualitative comparison of scanpath predictions. Scanpaths are visualized with a color gradient (green → blue)

indicating temporal progression, with fixation points marked as circles. Each column shows a GUI search task with the target

element highlighted in a red bounding box, and each row shows scanpaths from ground-truth humans, SeekUI (ours), and

baseline models. EyeFormer++ (free-viewingmodel) scatters fixations without prioritizing the task-relevant region. GazeFormer

(natural-image search) often fails to locate the target, while Chen et al. (natural-image search) distributes fixations broadly across

the interface. In contrast, SeekUI produces trajectories that more closely follow human patterns in both spatial distribution

and temporal order compared to baselines, demonstrating its ability to generate realistic visual search behavior on GUIs.

is estimated at approximately 32 px. Landings within this radius
indicate effective target acquisition.

Table 2 shows that SeekUI achieves 62% success, substantially
higher than all baselines and close to human performance. Gaze-
Former and EyeFormer++ reach only 14% and 10%, respectively,

while Chen et al.’s model achieves 18%. These low rates indicate
that baseline models, despite plausible scanpath structures, fail to
integrate task-driven cues, often wandering through distractors.
In contrast, SeekUI not only reproduces human-like movement
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Table 1: Accuracy of scanpath prediction across interface conditions (all, mobile, desktop, and web). Metrics are reported as

mean values, with the best per column in bold. Arrows indicate the preferred direction (↑ = higher is better, ↓ = lower is better).

SeekUI consistently outperforms baselines across nearly all metrics and GUI types, achieving stronger sequence alignment

(ScanMatch, SS), lower dissimilarity (SED, STDE), and superior fixation distribution similarity (CC, AUC, sAUC, NSS). The

only exceptions occur in the Vec and Len components of MultiMatch, where EyeFormer++ scores higher but reflects clustered

fixations unrelated to task targets. Overall, the results demonstrate that SeekUI produces scanpaths that most closely mirror

human search strategies on GUIs.

GUI Type Methods ScanMatch ↑ MultiMatch

SED ↓ STDE ↑ SS ↑ CC ↑ AUC ↑ sAUC ↑ NSS ↑
Vec ↑ Dir ↑ Len ↑ Pos ↑

All combined

GazeFormer 0.236 0.935 0.659 0.927 0.806 7.020 0.824 0.261 0.233 0.659 0.564 0.810
Chen et al. 0.142 0.850 0.623 0.776 0.709 15.792 0.729 0.199 0.055 0.550 0.526 0.231
EyeFormer++ 0.181 0.961 0.608 0.943 0.797 10.596 0.833 0.165 0.203 0.625 0.546 0.677
SeekUI 0.347 0.947 0.677 0.934 0.855 5.776 0.860 0.320 0.410 0.747 0.659 1.3947

Mobile

GazeFormer 0.242 0.931 0.668 0.923 0.816 5.861 0.829 0.292 0.242 0.663 0.551 0.813
Chen et al. 0.139 0.848 0.617 0.785 0.716 15.393 0.734 0.206 0.061 0.543 0.512 0.221
EyeFormer++ 0.201 0.951 0.596 0.926 0.821 8.925 0.844 0.188 0.240 0.641 0.538 0.751
SeekUI 0.346 0.944 0.695 0.928 0.857 4.989 0.863 0.366 0.376 0.732 0.618 1.177

Desktop

GazeFormer 0.228 0.937 0.644 0.924 0.798 7.519 0.821 0.239 0.234 0.650 0.566 0.790
Chen et al. 0.126 0.846 0.609 0.760 0.687 16.818 0.711 0.185 0.022 0.519 0.502 0.127
EyeFormer++ 0.175 0.964 0.608 0.949 0.788 11.039 0.828 0.158 0.188 0.616 0.545 0.639
SeekUI 0.335 0.947 0.640 0.935 0.842 6.168 0.856 0.270 0.403 0.742 0.661 1.371

Webpage

GazeFormer 0.236 0.938 0.663 0.934 0.804 7.911 0.819 0.245 0.224 0.663 0.555 0.827
Chen et al. 0.161 0.857 0.644 0.782 0.721 15.265 0.740 0.203 0.082 0.588 0.558 0.344
EyeFormer++ 0.162 0.968 0.621 0.958 0.778 12.151 0.823 0.144 0.179 0.617 0.541 0.638
SeekUI 0.361 0.950 0.690 0.939 0.864 6.329 0.861 0.314 0.453 0.768 0.675 1.646

Table 2: Success rates (final fixations within foveal radius of the target) for humans, SeekUI, and baseline models. Human

performance sets an upper bound of 70%, reflecting the inherent difficulty of GUI search tasks. SeekUI achieves 62%, closely

approaching human performance, while all baselines perform substantially worse (≤18%), indicating their inability to reliably

guide search toward targets.

Ground Truth SeekUI GazeFormer Chen et al. EyeFormer++

Success Rate 70% 62% 14% 18% 10%

dynamics but also encodes semantic and spatial guidance sufficient
to reliably reach the target.

5.3.2 Saccade Directions. The distribution of saccade directions is
shown in Figure 4. Human scanpaths vary systematically with in-
terface type [84]: mobile GUIs are dominated by vertical, downward
saccades due to stacked content, while desktop GUIs and webpages
showmore horizontal transitions, reflecting menus, navigation bars,
and side panels.

We quantitatively evaluate models using the Circular Wasser-
stein Distance between predicted and ground-truth distributions
(lower is better). This metric is suited for angular data, accounting
for the continuity between 0◦ and 360◦ and ensuring boundary-
adjacent predictions are properly assessed.

Nomodel fully reproduces these distributions, though limitations
differ. EyeFormer++, adapted from free-viewing, overemphasizes

vertical saccades, ignoring horizontal exploration, problematic for
desktops and webpages. Chen et al.’s model generates excessively
long scanpaths, over-predicting saccade counts and yielding the
highest Wasserstein distances.

In contrast, GazeFormer and SeekUI align more closely with
ground truth, achieving the lowest distances and partially recov-
ering key patterns, such as downward saccades on mobile and
horizontal transitions on desktops and webpages. Nonetheless, all
models underrepresent the diversity of human strategies.

5.3.3 Saccade Lengths. Figure 5 shows saccade length distributions
for humans and models. Human search exhibits a heavy-tailed
distribution: most saccades are short for inspecting local elements,
punctuated by occasional long saccades to reposition across the
interface. This mix reflects a balance of precision and efficiency in
navigating complex GUIs.
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Ground Truth SeekUI GazeFormer Chen et al. EyeFormer++
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Circular Wasserstein Distance ↓ 1.234 0.797 6.406 3.938

Figure 4: Distribution of saccade directions across interface conditions (all, mobile, desktop, and web). We compare human

(ground truth) data with SeekUI and three baselines (GazeFormer, Chen et al., and EyeFormer++). To quantify the similarity

between the model predictions and ground truth distributions, we calculate the Circular Wasserstein Distance (lower is better).

Human scanpaths show consistent differences across GUI types: downward saccades dominate in mobile GUIs, while horizontal

transitions are more common in desktop GUIs and webpages. EyeFormer++ fails to capture these shifts, producing overly

vertical predictions across all conditions. Chen et al. generates much longer scanpaths than the ground truth. SeekUI and

GazeFormer demonstrate stronger alignment with the ground truth, partially recovering these patterns but still falling short of

replicating human saccade direction distributions.

Ground Truth SeekUI GazeFormer Chen et al. EyeFormer++

KL Divergence ↓ 0.0273 0.0331 0.0546 0.2354

Figure 5: Distribution of saccade lengths for human (ground truth), SeekUI, and baseline models (GazeFormer, Chen et al.,

EyeFormer++). To evaluate the distribution, we compute the KL Divergence values, which indicate how closely each model

matches human behavior. Human scanpaths show a heavy-tailed distribution: short saccades dominate, but occasional long

saccades enable rapid shifts across interface regions. SeekUI and GazeFormer best capture this dual-scale pattern, achieving the

lowest divergence scores. In contrast, EyeFormer++ misses mid-range transitions and fails to model the heavy tail. Chen et al.’s

model produces overly uniform and extended saccades that diverge from human strategies.
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We quantify alignment using Kullback-Leibler (KL) Divergence.
SeekUI performs best (𝐾𝐿 = 0.0273), followed by GazeFormer
(𝐾𝐿 = 0.0331), both capturing the dominance of short saccades
while producing the occasional long transitions, reflecting human
dual-scale strategy. Overall, saccades remain slightly shorter than
the human ground truth.

Other baselines struggle: EyeFormer++ has the highest error
(𝐾𝐿 = 0.2354), capturing short movements but missing mid-to-long
saccades, producing an overly narrow search range. Chen et al.’s
model produces a flatter, overly broad distribution (𝐾𝐿 = 0.0546),
overproducing medium-to-long saccades and failing to replicate
the efficiency and local detail of human search.

5.3.4 Visual Complexity vs. Search Time. We analyze how the num-
ber of fixations, indicating search time, varies with visual complex-
ity. Figure 6 shows two perspectives: (1) the number of interface
elements (left), and (2) visual clutter measured by the Rosenholtz
metric [89] (right). Model–human differences are quantified using
Mean Squared Error (MSE).

We observed that search time, as reflected by fixation counts,
remains relatively stable across GUIs with different numbers of in-
terface elements. This aligns with prior work, which argued that the
number of elements is not a reliable predictor of search time [84].
Instead, search time is more strongly influenced by perceptual clut-
ter. As shown in the right plot of Figure 6, the number of fixations
increases as visual clutter increases, consistent with findings in
visual cognition that clutter is one of the primary drivers of search
difficulty [84].

Comparing across models, we find that both SeekUI and Gaze-
Former successfully replicate the empirical observation that fixation
counts remain relatively stable across GUIs with different numbers
of elements. This is confirmed by their low MSE scores (2.347 and
2.792, respectively). In contrast, Chen et al. and EyeFormer++ incor-
rectly predict that the number of fixations decreases as the number
of elements increases, which does not reflect real user behavior and
results in significantly higher errors (MSE 105.825 and 22.453).

For visual clutter, SeekUI partially captures the increasing trend,
achieving the lowest error (MSE 10.437), though the effect is weaker
than human data. EyeFormer++ also shows a positive trend but
overestimates fixations. GazeFormer and Chen et al. fail to cap-
ture clutter effects, with Chen et al. showing the poorest fit (MSE
93.490)..

5.3.5 Guess–Scan–Confirm Pattern. Prior work identifies
a consistent behavioral pattern in GUI visual search, the
Guess–Scan–Confirm strategy [57, 84]. This three-stage process re-
flects how users efficiently locate targets: an initial Guess guided by
expectations, a Scan across likely candidates, and a Confirm phase
to verify the target. We assess whether SeekUI reproduces this
pattern. Figure 7 compares fixation heatmaps from ground-truth
data and SeekUI predictions, while Table 3 provides quantitative
evaluation using Pearson’s Correlation (Correlation) [60] and
Saliency Map Intersection (Similarity) [90, 96]. Correlation
assesses the linear dependence of the spatial distributions to
verify structural matching, while Similarity quantifies the direct
intersection of probability mass to measure the precise overlap of
attention.

Guess. Early fixations in humans and SeekUI concentrate to-
ward the upper-left quadrant, consistent with the well-documented
upper-left bias [16, 117], driven by reading habits and interface con-
ventions placing orientation cues (e.g., logos, headers) in this area.
SeekUI replicates this expectation-driven bias even when targets
lie elsewhere.

Scan: During the Scan phase, human fixations spread across
potential target regions, progressively approaching the correct
quadrant. SeekUI mirrors this exploration, balancing layout cov-
erage with targeted fixations. Both ground-truth and predicted
heatmaps show systematic scanning rather than random move-
ments, although the model occasionally produces slightly sharper
focal regions.

Confirm: In the final phase, fixations cluster tightly around the
target for verification. SeekUI reproduces this behavior, with late-
stage fixation maps showing high similarity to human data. Metrics
confirm this: correlations for SeekUI exceed 0.89 in multiple quad-
rants, whereas baselines like Chen et al. often show low or negative
correlations (e.g., -0.18), failing to converge on the target.

Overall, SeekUI captures both spatial fixation patterns and
the temporal strategy of human search, aligning with the
Guess–Scan–Confirm pattern and demonstrating its ability to
model higher-level search organization.

5.4 Ablation Studies

We assess the contribution of each component of SeekUI by re-
moving (1) explanation modeling, (2) RL fine-tuning, (3) both, and
additionally comparing to the out-of-the-box VLM. Table 4 sum-
marizes results across all GUIs and for mobile, desktop, and web
interfaces.

Three main findings emerge. First, without fine-tuning, the VLM
produces illogical and incomplete scanpaths, with low spatial align-
ment (CC: 0.084) and near-random temporal structure (ScanMatch:
0.095). Its seemingly comparable SED score (6.824) is misleading:
the model generates overly short paths, reflected in the very low
MultiMatch-Length score (0.505). Visual examples appear in Fig-
ure 3.

Second, explanation modeling substantially improves spatial
alignment (e.g., CC, NSS, AUC). Comparing the “w/o explanation”
variant to the full model shows consistent gains, indicating that
including explanatory signals helps themodel align gaze predictions
with human fixations more effectively.

Third, RL primarily enhances sequence-level coherence. Remov-
ing RL decreases ScanMatch (0.347→0.256 overall) and increases
SED (5.776→6.952), indicating less structured scanpaths. The full
model achieves the best balance across MultiMatch components,
confirming that RL strengthens temporal dynamics rather than
only static saliency.

These trends hold across interface types. Explanation modeling
benefits mobile GUIs most strongly in spatial metrics (CC, NSS),
while RL most improves scanpath coherence (ScanMatch). For clut-
tered webpages, combining both yields the largest overall gains
(e.g., CC 0.453, NSS 1.646). Together, these results show that expla-
nation modeling improves spatial fidelity, RL enhances temporal
organization, and both are essential for realistic GUI visual search.



CHI ’26, April 13–17, 2026, Barcelona, Spain Guo et al.

SeekUI GazeFormer Chen et al. EyeFormer++ SeekUI GazeFormer Chen et al. EyeFormer++

MSE ↓ 2.347 2.792 105.825 22.453 MSE ↓ 10.437 11.509 93.490 27.724

Figure 6: Average number of fixations as a function of (left) the number of interface elements and (right) the visual clutter score.

We evaluate the model alignment using Mean Squared Error (MSE, lower is better). The number of elements shows little effect

on fixation counts, while clutter strongly correlates with increased fixations. SeekUI and GazeFormer reproduce the stable

trend with element counts, while Chen et al. and EyeFormer++ predict a decreasing trend. For clutter, SeekUI partially captures

the increasing trend and achieves the best quantitative fit, though the effect size is weaker than in human ground-truth data.

EyeFormer++ also shows a positive trend with clutter, but overestimates the number of fixations. GazeFormer and Chen et al.

fail to capture this effect, with Chen et al. exhibiting the highest MSE error.

Table 3: Quantitative comparison of fixation map alignment across the Guess, Scan, and Confirm stages for targets in each

screen quadrant. We report Pearson’s Correlation Coefficient (Correlation) and Saliency Map Intersection (Similarity), two

widely-used metrics for saliency maps, between model predictions and ground truth. SeekUI achieves the highest scores across

most target locations and search phases, indicating it best captures the spatiotemporal dynamics of human search.

Target Quadrant Methods

Guess Scan Confirm

Correlation ↑ Similarity ↑ Correlation ↑ Similarity ↑ Correlation ↑ Similarity ↑

Top-Left

GazeFormer 0.79 0.69 0.62 0.74 0.21 0.48
Chen et al. 0.49 0.61 0.55 0.66 0.20 0.46
EyeFormer++ 0.73 0.56 0.24 0.47 0.11 0.38
SeekUI 0.85 0.66 0.84 0.71 0.89 0.80

Top-Right

GazeFormer 0.93 0.75 0.58 0.74 0.51 0.64
Chen et al. 0.79 0.73 0.38 0.70 0.56 0.55
EyeFormer++ 0.86 0.61 0.01 0.43 0.06 0.46
SeekUI 0.92 0.75 0.87 0.75 0.92 0.81

Bottom-Left

GazeFormer 0.90 0.73 0.41 0.62 0.27 0.45
Chen et al. -0.26 0.46 -0.20 0.66 -0.09 0.39
EyeFormer++ 0.85 0.61 0.47 0.42 0.34 0.43
SeekUI 0.85 0.66 0.74 0.67 0.91 0.83

Bottom-Right

GazeFormer 0.76 0.63 0.38 0.69 0.35 0.59
Chen et al. 0.47 0.66 -0.09 0.80 -0.18 0.50
EyeFormer++ 0.78 0.55 0.24 0.44 0.13 0.43
SeekUI 0.81 0.65 0.38 0.63 0.89 0.80
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Figure 7: Comparison of fixation heatmaps for ground truth and SeekUI and baselines (GazeFormer and EyeFormer++) across

the Guess, Scan, and Confirm stages of visual search. Heatmaps are shown for targets in each screen quadrant, in layouts of

top-left, top-right, bottom-left and bottom-right regions. SeekUI mostly successfully reproduces the Guess–Scan–Confirm

pattern [57, 84], including the top-left initial bias, systematic scanning of candidate regions, and final confirmation fixations

near the target. In contrast, EyeFormer++ fails to capture distinct search phases, exhibiting a static, center-biased distribution

throughout the task. In the experiments, we followed the same evaluation procedures as detailed in Putkonen et al. [84] to

make a fair comparison.
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Table 4: Ablation study evaluating the contribution of explanation modeling and RL to SeekUI’s performance. Removing

explanation modeling primarily reduces spatial alignment metrics (CC, NSS, AUC), while removing RL mainly decreases

scanpath coherence (ScanMatch, SED). The full model consistently achieves the best balance across all metrics and GUI types,

demonstrating that both components are necessary for realistic and human-like visual search predictions.

GUI Type Ablation ScanMatch ↑ MultiMatch

SED ↓ STDE ↑ SS ↑ CC ↑ AUC ↑ sAUC ↑ NSS ↑
Vec ↑ Dir ↑ Len ↑ Pos ↑

All combined

Out-of-the-box VLM 0.095 0.706 0.514 0.505 0.605 6.824 0.692 0.226 0.084 0.541 0.532 0.283
w/o explanation, RL 0.263 0.933 0.659 0.920 0.809 7.232 0.818 0.283 0.305 0.699 0.616 1.015
w/o explanation 0.315 0.948 0.677 0.933 0.837 6.276 0.849 0.295 0.367 0.725 0.629 1.280
w/o RL 0.256 0.932 0.661 0.919 0.819 6.952 0.826 0.284 0.292 0.688 0.611 0.965
Full model 0.347 0.947 0.677 0.934 0.855 5.776 0.860 0.320 0.410 0.747 0.659 1.394

Mobile

Out-of-the-box VLM 0.099 0.696 0.507 0.504 0.610 5.766 0.698 0.258 0.075 0.545 0.539 0.275
w/o explanation, RL 0.271 0.929 0.677 0.919 0.827 6.074 0.831 0.316 0.314 0.722 0.611 0.950
w/o explanation 0.331 0.944 0.703 0.923 0.859 5.319 0.863 0.341 0.386 0.737 0.617 1.253

w/o RL 0.275 0.931 0.702 0.916 0.838 5.883 0.839 0.311 0.327 0.702 0.603 1.027
Full model 0.346 0.944 0.695 0.928 0.857 4.989 0.863 0.366 0.376 0.732 0.618 1.177

Desktop

Out-of-the-box VLM 0.118 0.709 0.532 0.509 0.608 7.143 0.695 0.207 0.109 0.545 0.535 0.339
w/o explanation, RL 0.259 0.937 0.630 0.921 0.796 7.493 0.815 0.252 0.306 0.684 0.607 1.028
w/o explanation 0.306 0.949 0.653 0.937 0.821 6.493 0.841 0.266 0.363 0.718 0.637 1.290
w/o RL 0.255 0.930 0.635 0.916 0.816 7.039 0.819 0.268 0.290 0.701 0.624 0.981
Full model 0.335 0.947 0.640 0.935 0.842 6.168 0.856 0.270 0.403 0.742 0.661 1.371

Webpage

Out-of-the-box VLM 0.067 0.714 0.505 0.501 0.597 7.772 0.683 0.207 0.069 0.531 0.521 0.237
w/o explanation, RL 0.257 0.933 0.666 0.921 0.802 8.354 0.806 0.275 0.295 0.688 0.600 1.071
w/o explanation 0.305 0.953 0.670 0.943 0.828 7.202 0.840 0.267 0.350 0.720 0.612 1.299
w/o RL 0.233 0.934 0.637 0.925 0.801 8.139 0.817 0.269 0.256 0.661 0.577 0.885
Full model 0.361 0.950 0.690 0.939 0.864 6.329 0.861 0.314 0.453 0.768 0.675 1.646

Table 5: Quantitative alignment analysis between generated explanations and visual scanpaths. The results indicate the

correspondence across semantic (WED, IoU), and sequential (BLEU-4, METEOR) dimensions.

Method WED ↓ IoU ↑ BLEU-4 ↑ METEOR ↑
SeekUI 2.7 69.2 44.5 73.1

5.5 Evaluation of Explanation-Scanpath

Alignment

Given the explanation and scanpath produced by SeekUI, we evalu-
ated howwell these two outputs align. Direct comparison is difficult
because explanations are in natural language while scanpaths are
sequences of fixation coordinates. To enable comparison, we in-
stead matched the content elements referenced in the explanations
with those traversed in the scanpaths. We randomly sampled 50
explanation–scanpath pairs and manually extracted the correspond-
ing sequences of content elements. Examples of several extracted
sequences appear in the Supplementary Materials.

Metrics. To quantify alignment, we compared the extracted se-
quences using four metrics. We computed the Word Edit Distance
(WED), derived from Levenshtein distance, to measure the mini-
mum number of operations needed to transform the explanation
sequence into the scanpath sequence, with lower values indicating
greater similarity. We also calculated the Intersection over Union

(IoU) on the sets of unique content elements to assess semantic over-
lap. To evaluate sequential consistency, we used BLEU-4 [80] and
METEOR [6], which measure n-gram precision and unigram preci-
sion–recall, respectively. Both assess whether explanation elements
preserve the order of visual exploration.

Results. Table 5 summarizes the results. The IoU of 0.6924 and
WED of 2.72 indicate substantial overlap between elements men-
tioned in explanations and those visited in scanpaths. The BLEU-4
score of 44.51 and METEOR score of 73.12 further demonstrate
strong sequential correspondence, showing that explanation struc-
ture closely reflects the visual exploration scanpath.

6 Applications

Our model provides practical utility for UI/UX design, especially in
early prototyping when eye-tracking data is costly or unavailable.
We focus on two applications: evaluating element placement and
optimizing full layouts for target-search efficiency.
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Target “Search” “Add New Transaction” “Search” “New Project”

Figure 8: Using SeekUI to evaluate element placement. The three rows show examples of changing the target element’s position

while keeping all other GUI elements fixed across four screenshots. By repositioning individual GUI elements, designers can

observe how predicted scanpaths change and how spatial location affects the likelihood and timing of user attention to each

target element.

6.1 Evaluation of Element Placement

SeekUI helps designers assess how the placement of individual GUI
elements shapes visual-attention flow. As shown in Figure 8, de-
signers can reposition components (e.g., search bars, menu items,
call-to-action buttons, indicators) and immediately generate pre-
dicted scanpaths to compare how such changes affect likely viewing
behavior.

This enables rapid “what-if” exploration during early design.
For example, moving a promotional banner from the sidebar to the
header may yield an earlier predicted fixation, while relocating an
action button from a dense sidebar to a more isolated area may
reduce detours or long saccades. These predictions support iter-
ative refinement so that important elements align with intended
visual-search patterns without requiring eye-tracking hardware or
repeated user studies.

6.2 Layout Optimization for Target Search

Efficiency

Beyond individual elements, SeekUI enables full-layout optimiza-
tion by predicting how different arrangements influence users’
ability to locate key targets. Given a set of elements of interest
(e.g., “Search”), SeekUI simulates scanpaths for each target across
layout candidates, allowing designers to quickly identify which
arrangements minimize search time.

Figure 9 illustrates this workflow. SeekUI (a) predicts scanpaths
to each target, (b–c) ranks layouts based on target-specific search
difficulty, and (d) supports multi-target optimization by selecting
designs that jointly minimize effort. Lower scores correspond to

more efficient predicted search behavior. Additional examples are
included in the Supplementary Materials.

To quantify performance, SeekUI computes a combined target-
search efficiency score, 𝐶𝑒 𝑓 𝑓 ∈ [0, 1], where lower values indicate
better performance. The score averages three normalized penalties:
(1) path efficiency cost 𝐶𝑝𝑎𝑡ℎ , (2) fixation number cost 𝐶𝑓 𝑖𝑥 , and (3)
hit-failure penalty 𝐶ℎ𝑖𝑡 :

𝐶𝑒 𝑓 𝑓 = (𝐶𝑝𝑎𝑡ℎ +𝐶𝑓 𝑖𝑥 +𝐶ℎ𝑖𝑡 )/3. (13)

Path efficiency cost measures deviation from the optimal straight-
line route.We compute inefficiency as the ratio of optimal Euclidean
distance 𝑑𝑜𝑝𝑡𝑖𝑚𝑎𝑙 to total path length 𝑑𝑡𝑜𝑡𝑎𝑙 :

𝐶𝑝𝑎𝑡ℎ = 1 −
𝑑𝑜𝑝𝑡𝑖𝑚𝑎𝑙

𝑑𝑡𝑜𝑡𝑎𝑙
. (14)

A perfectly direct path yields zero cost.
Fixation number cost reflects increased search timewithmore fix-

ations. We normalize fixation count 𝑁 against a threshold (𝑁𝑚𝑎𝑥 =

20):

𝐶𝑓 𝑖𝑥 =min
(
𝑁 − 1

𝑁𝑚𝑎𝑥 − 1
, 1
)
. (15)

Hit-failure penalty assigns 0 for successful target detection and
1 otherwise, ensuring failures are fully penalized. Search-success
criteria are detailed in Section 5.3.1. Together, these components let
SeekUI rank designs by the efficiency and reliability of predicted
target search behavior.
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(a) Input Design Scanpath for Target: “Forums” Scanpath for Target: “Home”

(b) Target Optimization: “Forums”

Best Layout 2nd Best Layout 3rd Best Layout
Score=0.100 Score=0.164 Score=0.212

(c) Target Optimization: “Home”

Best Layout 2nd Best Layout 3rd Best Layout
Score=0.147 Score=0.149 Score=0.537

(d) Multi-Target Optimization: “Forums” and “Home”

Best Layout 2nd Best Layout 3rd Best Layout
Score=0.156 Score=0.316 Score=0.318

Figure 9: Application of layout optimization for target search efficiency. (a) The original interface and SeekUI’s predicted

scanpaths for two targets (“Forums” and “Home”). (b) Top-ranked reflowed layouts that minimize predicted search time for

“Forums” alone. (c) Top-ranked reflowed layouts that minimize predicted search time for “Home” alone. (d) Layouts selected

through joint optimization, minimizing the combined search-efficiency score for both “Forums” and “Home” simultaneously.

Lower scores indicate more efficient predicted visual search.

7 Discussion

Our work provides a strong foundation for predicting visual search
behaviors on real-world GUIs. We summarize our evaluation find-
ings, discuss the capabilities of VLMs and explanation modeling for
scanpath prediction, outline applications, and highlight limitations
and future directions.

7.1 Model Accuracy Against Human Behavior

SeekUI not only outperforms baselines in scanpath prediction but
reproduces key behavioral signatures of human GUI search. It im-
proves the strongest baseline by 47% in ScanMatch and more than
doubles NSS, reflecting superior sequence alignment and fixation
distributions across mobile, desktop, and web interfaces. With a 62%
success rate, it substantially exceeds GazeFormer (14%), Chen et al.
(18%), and EyeFormer++ (10%), approaching the human benchmark
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of 70%. Behaviorally, it captures consistent saccade direction biases,
heavy-tailed saccade lengths, clutter-driven search times, and the
Guess–Scan–Confirm strategy. Ablations show explanation model-
ing improves spatial accuracy (CC, NSS, AUC), while RL enhances
temporal coherence (ScanMatch, SED), with the full model achiev-
ing the strongest overall balance. These results establish SeekUI as
the first human-aligned model of task-driven GUI visual search.

7.2 Capabilities of VLMs and Explanation

Modeling

The success of SeekUI demonstrates the potential of VLMs for
modeling visual search and understanding GUIs. By integrating
textual cues with visual layouts, VLMs can better predict where
users look, consistent with evidence that GUI eye movements are
influenced by both saliency and semantic content [46, 61].

A central benefit of VLM exploited in SeekUI is its incorporation
of explanation modeling. Before producing a scanpath, the model
generates a textual rationale describing the search strategy. This
design allows SeekUI to predict not only where users are likely
to look but also what they are searching for and why they follow
particular visual routes. The approach draws inspiration from the
two-stream hypothesis of the human visual system [27], in which
the ventral stream encodes object identity (“what”) and the dorsal
stream supports spatial localization and action (“where/how”). By
explicitly linking goal semantics (e.g., “the login button”) to gaze
sequences, explanation modeling provides a bridge between user
intent and scanpath dynamics.

Ablation studies show this mechanism improves spatial align-
ment metrics (CC, NSS, AUC), indicating that explanations anchor
predictions to human-like attention patterns. Conceptually, interme-
diate reasoning steps provide an effective scaffold for goal-directed
behavior in multimodal tasks. For practitioners, the textual ratio-
nales also enhance interpretability, offering insight into why the
model generates particular gaze sequences and giving designers a
transparent view of predicted strategies.

7.3 Applications

This research demonstrates that computational models can achieve
the accuracy and scalability needed to complement empirical stud-
ies of visual search [46, 84, 111]. By acting as a robust “synthetic
user”, SeekUI enables interface evaluation and optimization with-
out large-scale human studies. First, it can predict whether users
efficiently locate key elements, supporting proactive usability test-
ing [28]. Second, it can aid accessibility by simulating how diverse
user groups navigate interfaces under varying cognitive or percep-
tual constraints [23]. Third, it can enhance human–AI collaboration,
as systems that search GUIs human-like are more predictable and
trustworthy. Finally, integrating such models into generative design
workflows can guide layout optimization, building on prior work
with saliency and scanpath models [100, 107].

7.4 Limitations and Future Work

While SeekUI advances scanpath prediction for GUI visual search,
several limitations remain and open directions for future research.

7.4.1 Addressing Failure Cases. Figure 10 shows representative
examples where SeekUI fails to find the correct target. These errors
stem primarily from two properties of GUIs: target ambiguity and
GUI complexity. In cases of target ambiguity, multiple elements
contain the same or highly similar text (e.g., “Graduate” appearing
in both navigation and content areas). When faced with such dupli-
cates, SeekUI sometimes fixates on the wrong instance, highlighting
its difficulty in disambiguating semantically identical targets. In
cases of GUI complexity, the model struggles with cluttered or
visually dense interfaces where targets are fine-grained, visually
subtle, or surrounded by competing elements. In these settings,
the scanpath predictions may drift toward distractors or locate the
target. Addressing these failures will require better integration of
multimodal cues (text, icons, color, position) and layout reasoning
that considers GUI hierarchies. Contextual disambiguation mecha-
nisms, such as task intent or surrounding semantic cues, could help
differentiate duplicates. Hierarchical search strategies, parsing the
global layout before refining element-level predictions, may further
improve robustness in visually complex interfaces.

7.4.2 Personalizing Scanpath Prediction. Our evaluation focuses on
population-level performance, which overlooks individual variabil-
ity in search strategies [44, 46]. Some users scan text first, others
prioritize images, reflecting cognitive preferences, cultural conven-
tions, or prior experience. Extending SeekUI to individual-level
modeling could simulate personalized scanpaths and support adap-
tive interface design. Personalized gaze prediction could also enable
tailored ad placement, recommendations, or navigation flows; adap-
tive educational interfaces highlighting challenging content; and
more immersive AR/VR experiences aligned with user attention.
Modeling scanpath evolution over time would allow GUIs to adapt
alongside users, creating interfaces that grow with behavior.

7.4.3 Extending Support for Different Types of Target Cues. While
SeekUI generalizes across GUI types, it currently relies mainly
on text cues. Real-world interfaces also include icons, logos, color
accents, and stylistic cues that guide gaze. Incorporating richer
multimodal signals would enable the model to better capture the
full semantic and visual context of GUIs. Future work could explore
conditioning on text, images, and layout cues simultaneously to
improve robustness across diverse interface styles.

7.4.4 Capturing More Complex Search Behaviors. Our experiments
were limited to top-down visual search on static screenshots, a sim-
plification of real-world HCI where search is typically dynamic, in-
volving scrolling, dropdowns, or navigatingmultiple pages [78, 111].
SeekUI currently predicts scanpaths only to immediately visible
targets and does not account for interactive actions needed to reveal
or access elements. This limits applicability to multi-step tasks. Fu-
ture work should extend scanpath modeling to dynamic navigation,
enabling agents to both look and interact to change the interface
state in pursuit of a target.

7.4.5 Data-Driven vs. Cognitive Mechanisms. While SeekUI repro-
duces complex human behaviors, such as the Guess–Scan–Confirm
strategy, it does so by learning statistical regularities rather than
simulating the underlying biological or cognitive mechanisms of vi-
sion. The model predicts likely human behavior from large datasets
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Target ambiguity example cases

“Academic” “Graduate” “Create profile”

GUI complexity example cases

“sign up, it’s free” “THE ACTION I CAN DO” “f”

Figure 10: Examples of two most common failure cases of SeekUI: (1) Target Ambiguity, where multiple elements contain the

same or highly similar text (the true target is highlighted with a red bounding box, while a distractor with identical text is

shown in blue); and (2) GUI Complexity, where cluttered or visually dense layouts lead the model to misidentify the target

location.

but does not explicitly model processes like foveated vision, periph-
eral acuity, or working memory decay. As a result, its scanpaths are
plausible and outperform baselines, but it lacks intrinsic explana-
tory power about human cognitive architecture. Future work could
explore hybrid approaches that combine VLM semantic reasoning
with biologically constrained cognitive models (e.g., retinal acuity
simulations) to bridge statistical prediction and cognitive process
modeling.

7.4.6 Human-Centric Validation and Utility. The current training
pipeline uses explanations synthesized by a VLM. While we demon-
strate strong quantitative alignment between these generated ex-
planations and the resulting visual scanpaths, the study does not
include a formal human-in-the-loop validation to confirm that the
rationales themselves are qualitatively sound or representative of ac-
tual human internal monologues. Future work could involve expert
review or crowdsourced assessments to verify the psychological
plausibility of these synthesized search strategies. Furthermore,
although we formalized a comprehensive suite of metrics to clarify
where SeekUI improves upon the state-of-the-art across sequence,
spatio-temporal, and distributional dimensions, a remaining limita-
tion is verifying the subjective utility of these improvements. Future
research can explore whether the performance gains captured by
these metrics translate into tangible benefits for designers during
practical interface evaluation and optimization workflows.

8 Conclusion

We propose a novel computational model for predicting scanpaths
in visual search on real-world GUIs. Our results show that models
developed for free-viewing perform poorly on this task, even when
trained with search-specific data, because search behavior strongly
depends on how elements are grouped, named, and interact with
the target.

We demonstrate that VLMs can effectively capture this interplay
by representing both textual and visual aspects of a GUI. When
trained with human data using RL, a VLM accurately reproduces
not only trajectory-level behavior but also signature HCI effects,
such as layout complexity influencing search. This establishes a
strong foundation for future work, and we release our code and
benchmark for others to build upon.

For practitioners, VLM-based models can serve as “synthetic
users” for interface evaluation, accessibility testing, and design
optimization. To expand their utility, future work should address
individual-level search strategies, incorporate richer multimodal
cues, and extend to multi-step interactive tasks.
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