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Abstract

GUI grounding benchmarks ask whether an
agent can localize a target that is already visible
in a static screenshot. Real interfaces often vio-
late this assumption: a target may be off-screen,
appear only after a state change or hover, re-
main occluded, or become actionable after a
delay. This leaves the ability to recover target
visibility unevaluated. To measure this reveal
step, we introduce Interactive GUI Grounding
(IGG)', a benchmark in which an agent must
first make the target visible through interaction
and then click it. IGG contains 601 tasks across
16 controllable GUI environments and seven
visibility-constraint sub-types, with a compact
action space of scrolling, moving, dragging,
waiting, and clicking. In our human study, par-
ticipants achieve 94.6% accuracy, while GPT-
5.5 reaches 79.4% and the strongest evaluated
open-source VLM reaches only 31.6%. To
identify the source of this gap, we conduct two
controlled interventions. Telling Qwen3-VL
which interaction to perform raises its accuracy
only from 30.8% to 33.9%, whereas perform-
ing the interaction for the model raises it to
81.9%. The bottleneck is executing the reveal
interaction, not recognizing the target once it is
exposed. We further show that this capability
is learnable, demonstrating that visibility re-
covery can be strengthened consistently across
model families.

1 Introduction

GUI agents increasingly rely on vision-language
models (VLMs) to map natural-language instruc-
tions to screen locations (Wu et al., 2025; Mit-
tal et al., 2026; Koh et al., 2024; Kumbhar et al.,
2026; Gao et al., 2024; Zheng et al., 2024). Exist-
ing grounding benchmarks evaluate this mapping
within a single screenshot and typically assume

“Equal contribution.
'The benchmark and code are available at https://
igg-bench.github.io/.

that the target is already visible (Cheng et al., 2024;
Li et al., 2025). However, routine interfaces often
violate this assumption (Figure 2): a target may
lie outside the viewport (Burigat et al., 2012), sit
in a collapsed panel, be covered by a popup, be
distinguishable from its neighbors only on hover,
or activate only after a delay. In each case, no
static grounding model, however accurate, can lo-
calize the target in the initial screenshot. The agent
must first select and execute an interaction that re-
veals it, and only then recognize and click it. Static
grounding benchmarks leave this reveal step un-
measured, and navigation benchmarks fold it into
end-to-end task success, where it cannot be sep-
arated from planning. In light of this gap, this
paper asks whether current GUI agents can make
a target visible before grounding it and, when they
cannot, at which stage they fail. To fill this gap,
we introduce Interactive GUI Grounding (IGG) to
measure this missing step. An IGG episode decom-
poses success into four stages: selecting a reveal
action, executing it at the correct location or with
the correct parameters, recognizing the target once
it appears, and localizing the final click. We call the
first two stages visibility recovery. The remaining
stages, recognizing the target once it appears and
localizing the click, coincide with static grounding
(Section 3.1). Thus, like static grounding, IGG
scores a single final click. Unlike static ground-
ing, it additionally requires the agent to recover
the target’s visibility beforehand. Because interac-
tion serves only to expose the target, IGG isolates
visibility recovery without introducing the broader
planning demands of full GUI navigation.

IGG contains 601 tasks across 16 controllable
GUI environments modeled on familiar applica-
tions. Tasks fall into seven sub-types under three
constraint types, Viewport, Multi-State, and Tempo-
ral/Manipulation, and are solved with five actions:
SCROLL, MOVE, DRAG, WAIT, and CLICK. De-


mailto:ella94.ai@gmail.com
https://igg-bench.github.io/
https://igg-bench.github.io/

Static GUI Grounding

2 B &
2

Revealed by viewport movement
\], N S+move

Constraint Type 2: Multi-State Constraint

io Revealed by state-changing interactions

9 o Vis.ual

1ation

] Constraint Type 1: Viewport Constraint

Hidden State

~* Human -®— GPT55 -®— Qwen3-VL
9 + Seroll

80-

60-

Removable
1 Occlusion

‘9 1. Observability ~ 2.Disambiguation

=, 3. State Control foa. Temporal Control

Screenshot-only Target Revelation
& Key Capabilities

Delayed State

SCROLL | MmoVe | CLICK WAIT DRAG Activation

Action Space

J o+ oRAG, WAIT

318
Constraint Type 3: Temporal/Manipulation Constraint 20/

Revealed over time or by manipulation action

Dynamic
Target

Visibility Constraint Types

40- 44.1

Grounding Accuracy (%)

150

Movable

) o-
Occlusion Viewport Multi-State Temporal &

Manipulation

Performance of Human vs Models

Figure 1: Overview of Interactive GUI Grounding (IGG). Left: representative visibility constraints require
observability ®, disambiguation “, state control =, or temporal control ~ebefore the target can be clicked.
Center: these capabilities and a compact action space define Viewport Constraint, Multi-State Constraint, and
Temporal/Manipulation Constraint. Right: human solvability exceeds model grounding accuracy on all three
constraint types, and the gap is largest on viewport constraints for Qwen3-VL and on temporal and manipulation

constraints for GPT-5.5.

terministic initial states and stable target identities
make evaluation replayable at click time, while the
environments preserve the interaction patterns that
make visibility recovery difficult: hover reveals,
popups, delayed activation, carousels, and movable
occlusions.

Our experiments identify interaction execution
as the main bottleneck in IGG. Telling a model
which interaction to perform provides little im-
provement, whereas performing the reveal action
for it recovers most of its accuracy. SFT on suc-
cessful interaction trajectories followed by online
GRPO further improves visibility recovery across
Qwen3-VL, InternVL3.5, and GUI-OwI-1.5.

Our contributions are:

* We formulate interactive GUI grounding as vis-
ibility recovery followed by target recognition
and localization, separating it from both static
grounding and end-to-end navigation.

¢ We introduce I1GG, a benchmark of 601 tasks,
16 controllable GUI environments, and seven
visibility-constraint sub-types, together with a
click-time evaluator and human-verified ground-
truth interaction trajectories.

* We provide controlled interventions, heuristic
analyses, cross-viewport and paired mock-real
evaluations, and training studies that identify
where current agents fail and show consistent
improvements across three VLM architectures.

2 Related Work

GUI grounding. GUI grounding maps a natural-
language instruction to the corresponding interface
element (Cheng et al., 2024; Tang et al., 2025).
ScreenSpot (Cheng et al., 2024), ScreenSpot-
Pro (Li et al., 2025), and OSWorld-G (Xie et al.,
2025) evaluate localization within a screenshot
where the target is visible. Recent methods im-
prove this setting through rich screenshot super-
vision (Gao et al., 2024), diffusion-based predic-
tion (Kumbhar et al., 2026), UI decomposition (Xie
et al., 2025), and multi-turn refinement (Mittal
et al.,, 2026). Universal grounding extends lo-
calization to agent settings (Gou et al., 2025),
but still predicts a target from the currently ob-
served state. IGG instead evaluates the preceding
visibility-recovery step: the agent must change the
interface before the target can be recognized and
localized.

GUI navigation Mind2Web (Deng et al., 2023),
WebArena (Zhou et al., 2024), OSWorld (Xie et al.,
2024) evaluate multi-step task completion on web
and desktop interfaces, and agent-side improve-
ments such as interaction-history compression (Zhu
et al., 2025) are measured against their end-to-end
success. Because only end-to-end success is scored,
planning, exploration, and grounding failures col-
lapse into a single signal. IGG instead scores one
narrower capability, visibility recovery followed
by a single evaluated click (Section 3.1). Just as
static grounding was separated from navigation and
became a standard evaluation axis (Cheng et al.,



Table 1: Minimal action space A for visibility recovery.

Action Role

SCROLL (dir, Apy)
MOVE (Zpsx; Ypx)

Scroll to reveal off-screen regions.

Move the pointer to trigger hover
states or expose disambiguating cues.

DRAG(startX, Drag an element between the
starty, endX, specified start and end coordinates.
endY)

WAIT(Atms) Pause for a specified duration to

handle delayed or asynchronous UI
updates.

Click the specified location;
grounding is evaluated at this step.

CLICK (@, Yi)

2024), IGG isolates a step that navigation bench-
marks contain only implicitly, and it complements
rather than replaces them.

3 The IGG Benchmark

Our goal is to measure visibility recovery in isola-
tion and reproducibly. To this end, we formalize
the task (Section 3.1), categorize the interactions it
requires (Section 3.2), describe the environments
and how tasks were built (Section 3.3), specify the
evaluation protocol (Section 4.1), and validate the
benchmark with human studies (Section 4.5).

3.1 Problem formulation

An IGG task is specified by an initial interface state
in which the target is not visible or not actionable, a
goal-only instruction ¢ that identifies the target but
not the procedure for exposing it, a target element
with a stable identifier, and an evaluator that scores
a CLICK as successful if and only if the clicked
element’s identifier matches the target’s. Each task
also carries one human-verified ground-truth trace,
which is withheld from the agent and used only
for efficiency metrics. At step ¢, the agent receives
the screenshot s, the instruction ¢, and its action
history hy—1 = (ai,...,a;—1), selects an action
from

A = {SCROLL, MOVE, DRAG, WAIT, CLICK },

and receives the next screenshot s;;; (Table 1).
IGG uses screenshot-only observations and re-
stricts interaction to these five reveal-and-click ac-
tions. The episode ends with success on the first
click that hits the target and with failure when the
action budget is exhausted. A click elsewhere ap-
plies any defined state transition, and the episode
continues.

3.2 Visibility constraint taxonomy

We categorize tasks by the interaction required to
recover target visibility (Figures 1 and 2).

Constraint Type 1: Viewport Constraint. The
target is outside the current viewport but reachable
within the same UI state.

* CT1-1. Scroll-based Exploration: The target
is off-screen and must be revealed by scrolling
within the current state.

Constraint Type 2: Multi-State Constraint.
The target, or the visual cue needed to identify
it, is hidden by the current UI state and must be
revealed through a state-changing interaction.

* CT2-1. Visual Disambiguation: The target is
visually similar to other elements and can only
be distinguished through hover-based cues such
as tooltips or labels, requiring a MOVE before
the final CLICK.

* CT2-2. Hidden State Activation: The target
is contained in a collapsed or inactive Ul region,
such as a dropdown, tab, or side panel, that must
be opened before clicking.

* CT2-3. Removable Occlusion: A blocking ele-
ment, such as a popup or modal, hides the target
and must be dismissed before the target can be
clicked.

Constraint Type 3: Temporal & Manipulation
Constraint. Reaching the target requires tempo-
ral control or spatial manipulation.

* CT3-1. Delayed State Activation: The target is
initially inactive and becomes interactable only
after a temporal delay or asynchronous event,
requiring a WAIT before clicking.

¢ CT3-2. Dynamic Target Interaction: The tar-
get resides in an automatically transitioning ele-
ment, such as a carousel or ticker, and must be
reached by waiting for the correct state or by
using navigation controls.

* CT3-3. Movable Occlusion: A UI element oc-
cludes the target due to its position or size, requir-
ing a DRAG to reposition or resize the occluding
element.

3.3 Environments and task construction

We want environments that are deterministic
enough to score a click programmatically, yet rich
enough in interaction to make visibility recovery
difficult. IGG comprises 601 tasks across 16 con-
trollable environments modeled on widely used
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Check-in document”
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Instruction: “Click the Skip Ad button”
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Figure 2: Examples of the three IGG constraint types: viewport, multi-state, and temporal or manipulation

constraints. Additional examples appear in Appendix E.2.

applications such as Gmail, Google Calendar, VS
Code, Figma, Spotify, and YouTube (full list in
Appendix A).? Each environment is a determinis-
tic web application: every task starts from a fixed
initial state, state transitions are reproducible, and
every element carries a stable identifier, so the eval-
uator decides success at click time without heuris-
tic matching. At the same time, the environments
implement the interaction patterns that visibility
recovery requires, including hover reveals, collapsi-
ble panels, popups, delayed activation, carousels,
and draggable occluders.

Tasks are built in three steps. A multimodal
agent first drafts a goal-only instruction and a refer-
ence trace for each target. Annotators then rewrite
instructions that leak the procedure (“Click ‘Re-
ply’ on Minji’s message” rather than “Hover over
the message and click ‘Reply’ ”, as in Figure A10)
and add a natural disambiguating cue, such as an
author, title, or surrounding content, when several
elements share a label (Appendix C.3). Finally, an-
notators replay every trace to confirm that the target
is unique and reachable. Figure 3 shows the result-
ing distribution over sub-types and environments.

2Real applications are named as canonical references only,
and no affiliation with or endorsement by their owners is
implied.

4 Evaluation and Experiments

4.1 Evaluation setup

IGG combines task specifications, 16 control-
lable GUI environments, and a Playwright-driven
Chromium evaluator at a 1440 x 900 viewport. On
each CLICK, the evaluator compares the clicked
element ID with the target ID; a match ends the
episode, while a mismatch returns the updated
screenshot. Models receive only screenshots, the
goal-only instruction, and action history. The
DOM, accessibility tree, target ID, and ground-
truth interaction trajectory remain hidden. Each
baseline is evaluated once per task after an environ-
ment reset; main runs use an eight-action budget
and greedy decoding unless noted. Table D pro-
vides the prompts, decoding settings, and action
formats.

Metrics. We report the following metrics:

* Grounding Accuracy (GA) 1 : the fraction of
tasks in which the agent clicks the target ele-
ment within the action budget.

¢ Action Cost (AC) | : mean number of actions
executed until success or budget exhaustion.

¢ Reference Efficiency Ratio (RER) 1 : mean of
|gi|/|a;| over successful tasks, where g; is the
annotated ground-truth trajectory and a; is the
agent trajectory; values above 1 indicate trajec-
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tories shorter than the annotated ground-truth
trajectory.

* Total Time (TT) | : mean elapsed wall-clock
time per task.

GA measures success; AC and RER measure in-
teraction efficiency. TT is reported descriptively:
local and API-backed models use different serv-
ing stacks, so their runtimes are not hardware-
normalized.

4.2 Main results

We compare Qwen2.5-VL-7B (Bai et al., 2025b),
Qwen3-VL-8B (Bai et al., 2025a), and GUI-OwI-
1.5-8B (Xu et al., 2026) with the commercial refer-
ence model GPT-5.5.

Table 2: Results by constraint type and sub-type.

Model GA(%)T ACJl RER?T TT (ms)/|

Constraint Type 1: Viewport Constraint

Qwen2.5-VL-7B 10.8 7.37 0.70 14718
Qwen3-VL-8B 15.0 7.26 0.73 15246
GUI-Owl-1.5-8B 15.0 7.27 0.62 21985
GPT-5.5 86.2 4.29 0.65 56355
Constraint Type 2: Multi-State Constraint
Qwen2.5-VL-7B 14.6 7.20 1.16 8773
Qwen3-VL-8B 31.3 6.21 1.13 10862
GUI-Owl-1.5-8B 31.3 6.14 1.16 14682
GPT-5.5 894 3.28 1.08 49103
Constraint Type 2-1: Visual Disambiguation
Qwen2.5-VL-7B 18.0 6.96 1.52 8048
Qwen3-VL-8B 22.5 6.51 1.73 11287
GUI-Owl-1.5-8B 27.0 6.22 1.71 13350
GPT-5.5 86.5 291 1.40 44982
Constraint Type 2-2: Hidden State Activation
Qwen2.5-VL-7B 9.6 7.44 0.93 9181
Qwen3-VL-8B 26.0 6.54 0.97 11251
GUI-Owl-1.5-8B 23.1 6.67 0.87 17408
GPT-5.5 87.5 3.73 0.91 56739
Constraint Type 2-3: Removable Occlusion
Qwen2.5-VL-7B 18.9 7.13 0.81 9193
Qwen3-VL-8B 56.6 5.08 0.89 9384
GUI-Owl-1.5-8B 54.7 4.96 0.95 11569
GPT-5.5 98.1 3.02 0.89 41038

Constraint Type 3: Temporal & Manipulation Constraint

Qwen2.5-VL-7B 42.6 6.02 0.52 24467
Qwen3-VL-8B 441 6.08 0.63 10907
GUI-Owl-1.5-8B 46.8 5.78 0.73 11864
GPT-5.5 60.1 4.82 0.97 134642
Constraint Type 3-1: Delayed State Activation
Qwen2.5-VL-7B 85.7 4.57 0.50 19820
Qwen3-VL-8B 95.7 3.74 0.63 6626
GUI-Owl-1.5-8B 94.3 3.53 0.67 7412
GPT-5.5 95.7 2.50 0.97 20603
Constraint Type 3-2: Dynamic Target Interaction
Qwen2.5-VL-7B 32.8 5.81 0.58 45702
Qwen3-VL-8B 259 7.02 0.60 12631
GUI-Owl-1.5-8B 36.2 6.33 0.83 13558
GPT-5.5 379 6.47 0.84 134949
Constraint Type 3-3: Movable Occlusion
Qwen2.5-VL-7B 1.7 7.90 1.00 9362
Qwen3-VL-8B 1.7 7.90 1.00 14235
GUI-Owl-1.5-8B 1.7 7.88 2.00 15421
GPT-5.5 40.0 593 1.10 267392
Overall
Qwen2.5-VL-7B 22.3 6.88 0.72 15334
Qwen3-VL-8B 30.8 6.46 0.85 12094
GUI-Owl-1.5-8B 31.6 6.34 0.89 15830
GPT-5.5 79.4 4.04 0.92 77876

Table 2 reports grounding accuracy (GA) and
efficiency by constraint type and sub-type; Table 3
aggregates GA by application. Figure 4 compares
humans and model baselines, and Appendix A10
provides extended per-application metrics.

Figure 5 shows the corresponding accuracy-
efficiency trade-off. On the validation comparison,
GPT-5.5 is substantially more accurate, but aver-
ages 66.5 seconds per task compared with 14.2
seconds for the trained Qwen3-VL and requires
paid API inference. Evaluating GPT-5.5 over the



~*- Human (94.6%)
—o— GPT-5.5 (79.4%)

—— Qwen3-VL (30.8%)

Scroll-based
Exploration

Movable
Occlusion

Visual
Disambiguation

/
Dynamic Target ( Hidden State
\

Interaction Activation
\
\
\
Delayed State Removable
Activation Occlusion

(a) Humans, GPT-5.5, and open-source VLMs.

—— GPT-5.5 (79.4%) —e— GUI-Owl 1.5 (31.6%)
—e— GPT-5.4-mini (72.4%) —e— Qwen2.5-VL (22.3%)
—— Qwen3-VL (30.8%)

Scroll-based
Exploration

Movable
Occlusion

Visual
Disambiguation

Dynamic Target Hidden State

Interaction Activation
Delayed State Removable
Activation Occlusion

(b) Additional model baselines.

Figure 4: IGG exposes a large interaction gap. Human results summarize the solvability study, whereas model

results span the complete benchmark.

Table 3: Grounding Accuracy (GA) (%) by application.

App Qwen2.5-VL Qwen3-VL GUI-Owl-1.5 GPT-5.5
Social Feed 235 294 38.2 61.8
Planner 15.2 21.2 242 81.8
Developer Hub 11.4 25.7 25.7 571
Code Editor 25.0 21.9 28.1 87.5
Community Chat 22.4 26.5 34.7 61.2
Document Editor 325 37.5 425 85.0
Design Canvas 8.9 8.9 133 82.2
Spreadsheet 16.7 333 23.8 83.3
Email Client 47.6 50.0 54.8 88.1
News Portal 9.7 29.0 29.0 71.0
Workspace Pages 25.7 343 229 85.7
Streaming Service 7.7 20.5 17.9 87.2
E-commerce 16.7 433 333 86.7
Music Player 20.0 36.0 32.0 86.0
Maps 16.7 26.7 26.7 70.0
Video Platform 55.9 50.0 58.8 9.1
Overall (601) 223 30.8 31.6 79.4

Table 4: Grounding accuracy (%) when a model solves
the complete task, is told the required interaction, or
receives the interface after the reveal interaction has
been performed.

GPT-54
Condition Qwen3-VL Mini (Low)
Full task 30.8 72.4
Interaction specified 33.9 -
Reveal performed 81.9 90.4

complete benchmark cost approximately $74.9.
4.3 Where does interactive grounding fail?

We intervene at two points in the four-stage decom-
position from Section 3.1. In the first condition, the
model is told which reveal interaction is required
but must determine its location and parameters. In
the second, we perform the ground-truth reveal tra-
jectory and ask the model only for the final click.

—o— GPT-5.5 (80.0%)
—o— GPT-5.4-mini (66.7%)

—o— Ours (59.2%)

Grounding
Accuracy (GA)

Total Time
(Tm) ¢

Reference Efficiency
Ratio (RER)

Action Cost
(AC) *

Figure 5: Accuracy-efficiency trade-off on the valida-
tion set. GPT-5.5 offers substantially higher accuracy,
while the trained Qwen3-VL is faster and runs without
paid API inference.

Naming the interaction changes Qwen3-VL by
only 3.1 points, whereas completing it raises accu-
racy by 51.1 points. Providing the correct reveal-
action category is therefore insufficient. Most re-
maining errors arise from choosing its location or
parameters and executing the reveal correctly, be-
fore target recognition and final-click localization
are evaluated.

Target-agnostic heuristics further separate easy
and hard reveal patterns (Appendix F.3). Fixed
scrolling, hovering, and waiting reveal 68.8%,
61.4%, and 87.1% of their matched tasks, whereas
popup dismissal and occluder dragging reach
17.6% and 16.9%. The difficult cases require iden-
tifying which element controls visibility and how
to manipulate it.



Failed Qwen3-VL trajectories show the same
pattern. When the ground-truth trajectory requires
DRAG, SCROLL, or MOVE, failed runs omit that
action in 59/59, 207/247, and 71/96 cases, respec-
tively (Appendix F.2). This motivates first expand-
ing the policy’s action support with SFT, then im-
proving execution with online feedback.

4.4 Learning missing interaction priors

We ask whether training can supply reveal actions
that base VLMs rarely use. DRAG provides the
clearest case: Qwen2.5-VL, Qwen3-VL, and GUI-
Owl-1.5 emit no drag actions on the held-out tasks.

Setup. After excluding two tasks whose ground-
truth trajectories could not be replayed reliably,
we use 479 tasks for training and reserve 120 for
evaluation. The held-out tasks contribute neither
SFT examples nor GRPO rollouts.

Supervised training on successful trajecto-
ries (Hu et al., 2022). We fine-tune the model
on human-verified successful trajectories. Let x;
denote the instruction, screenshot, and interaction
history at step ¢, and let a; be the next ground-truth
action. We optimize a weighted next-action nega-
tive log-likelihood (Pomerleau, 1991):

Lspr(0) = —E(4;,00)~p [w(ar) log mo(ar | ¢)] .

For standard behavior cloning, w(a;) = 1. In the
frequency-balanced variant (Cui et al., 2019), we in-
crease w(ay) for rare reveal actions such as MOVE,
WAIT, and DRAG; details are in Appendix G. The
model still receives goal-only instructions. Only
the training distribution changes.

Refining interactions with online feedback (Shao
et al., 2024). We then apply online GRPO under
the same eight-action interaction budget as main
evaluation. The reward is defined over browser-
executed trajectories rather than text strings:

R(T) = Rout (T) + Rproc (T) - )\step‘T’ - Rerr(T)'

Ryt rewards click-time target success, [2proc gives
bounded credit for visibility-changing progress,
and R, penalizes wrong clicks, empty clicks, in-
valid actions, and repeated ineffective actions. Ex-
act weights and optimization hyperparameters are
provided in Appendix G.

The two stages serve different roles. SFT broad-
ens action support, after which GRPO selects
among those actions using online feedback. If a

Table 5: Human task solvability on the 21-task suite (15
participants, 315 trials).

Sub-type Trials Success (%) T Time (s) |

CT1-1 45 93.3 233
CT2-1 45 100.0 159
CT2-2 45 95.6 20.0
CT2-3 45 88.9 21.0
CT3-1 45 97.8 14.2
CT3-2 45 97.8 229
CT3-3 45 88.9 21.1
Overall 315 94.6 19.8

Table 6: Human fidelity ratings averaged over 15 partic-
ipants on a five-point Likert scale: visual realism (VR),
interaction realism (IR), and task executability (TE).

Environment VR?1T IR1 TE1

Music Player 493 480 5.00

Video Platform 4.73 4.87 4.80
E-commerce 467 4.80 480
Developer Hub  4.67 4.53 4.80

Code Editor 4.67 4.80 4.87

News Portal 393 460 4.60
Maps 393 4.07 440
Average 450 4.64 4.5

seed policy never samples DRAG, GRPO observes
no successful drag rollout to reinforce. Frequency-
balanced SFT brings rare reveal actions into the
policy’s sampled support, enabling GRPO to opti-
mize their selection and execution.

Results. The two-stage procedure raises Qwen3-
VL from 40.0% to 59.2% GA (Figure 6). On
Movable Occlusion, frequency-balanced SFT emits
DRAG in 7/8 required-drag tasks and solves 4/8;
GRPO raises this to 5/8. Initialization also mat-
ters on Dynamic Target Interaction: GRPO reaches
60.0% from the frequency-balanced seed but 30.0%
from the standard SFT seed. The same procedure
improves InternVL3.5 from 28.3% to 47.5% and
GUI-Owl-1.5 from 35.0% to 52.5% (Table AS8),
showing consistent gains across three architectures.

4.5 Human solvability and environment
fidelity

A failure on IGG is informative only if the task
is solvable and the environment is faithful to the
interface it models. Before comparing models, we
therefore verify both with the same 15 participants
(protocol details in Appendix H).

Task solvability. Participants solve a fixed suite
of 21 tasks, three from each sub-type, using the
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without emitting every action in the ground-truth trajectory, but emit no drag actions. SFT introduces these actions
into the policy’s support, after which GRPO improves task success.

Baselines Ours

Baselines Naive GRPO Prior-balanced GRPO —70-

& 59.2
. 60- 55.0 : 56.7 L5
z sy 542

w
S

3
g, 400

Share of actions (%)
5 8
ding A
N
S

Qwen2.5 GUI-Owl Qwen3  N-005 N-010 N-015 N-019 PB-005 PB-010 PB-015 PB-019

Qwen3-VL SFT naive SFT balanced update5 wupdate 10 wupdate 15 update 19

move scroll drag wait

(a) Action share across GRPO variants. (b) Validation GA across GRPO checkpoints.

Figure 7: GRPO ablation. GRPO is effective only when initialized from the frequency-balanced SFT seed: it
reaches 59.2% GA, while GRPO from the standard SFT seed does not improve over its seed model. The frequency-
balanced seed gives the policy access to rare reveal actions, after which online reward improves their selection and

execution.

same instructions and interfaces given to the mod-
els, without the constraint label, target ID, target
coordinates, or reveal procedure. A trial ends on
the correct target click or after eight click-or-drag
attempts. Scrolling and hovering are recorded but
do not count, so the limit is comparable to, though
not identical with, the eight-action model budget.
Participants succeed in 298 of 315 trials (94.6%)
with a mean completion time of 19.8 seconds (Ta-
ble 5). Together with the replay verification of
every reference trace, this indicates that the model
failures reported below do not stem from unsolv-
able tasks or ambiguous instructions.

Environment fidelity. The same participants
compare seven representative environments with
their real-interface counterparts and rate visual re-
alism, interaction realism, and task executability
on five-point scales, giving mean scores of 4.50,
4.64, and 4.75 (Table 6). Appendix C.2 comple-

ments these ratings with visual-similarity metrics
and a preliminary paired mock-real evaluation on
16 tasks, one per environment, in which model or-
dering is preserved across the two settings and the
Qwen3-VL model trained in Section 4.4 leads in
both.

5 Conclusion

We introduced IGG to make visibility recovery a
measurable component of GUI grounding. Our
analyses show that knowing which interaction is
required is not enough; current models most of-
ten fail in deciding where and how to carry it out.
Training on successful interaction trajectories fol-
lowed by online feedback improves this capability
consistently across model families. IGG therefore
provides a focused setting for evaluating and learn-
ing the interactions that must precede a grounding
click.



6 Limitations

IGG uses deterministic mockups for controlled and
reproducible evaluation. Our fidelity analyses, in-
cluding paired mock-real evaluation, suggest that
these environments capture relevant visual and in-
teraction patterns, but they do not replace evalua-
tion on live interfaces. Interactive grounding can
support accessibility and UI testing, but the same
capability may also be misused for automated inter-
action. We therefore release only controlled mock-
ups that are not connected to external services.
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A Mockup Applications

IGG comprises 16 controllable applications span-
ning common GUI domains. Each environment
combines deterministic state transitions and sta-
ble target identities with interaction patterns mod-
eled on a familiar interface. Table Al lists the
references, and Figures A1-AS5 show representative
states.

Table Al: The 16 mockup environments and their refer-
ence interfaces.

Mockup Reference
Social Feed Twitter/X
Planner Google Calendar
Developer Hub GitHub

Code Editor VS Code Web
Community Chat  Discord
Document Editor ~ Google Docs
Design Canvas Figma
Spreadsheet Google Sheets
Email Client Gmail

News Portal Google
Workspace Pages  Notion
Streaming Service Netflix
E-commerce Walmart
Music Player Spotify

Maps Google Maps
Video Platform YouTube

B Design Choices

B.1 Viewport robustness

The main benchmark fixes the viewport at 1440 x
900 so that initial target visibility and constraint
type remain constant across models. Responsive
layouts can change whether a target is hidden and
which interaction reveals it, so the viewport is part
of the task specification.

To test whether the learned behavior depends
on this layout, we regenerate the 601 tasks at five
viewport sizes corresponding to desktop, mobile
portrait, tablet, split-screen, and zoomed displays,
and keep the 127 tasks that remain valid in every
layout (i.e., the target is initially hidden and the
reference trace replays successfully). The subset
contains 103 training and 24 held-out tasks, so the
study measures whether behavior learned at 1440 x
900 survives a layout change rather than held-out
generalization. On this subset, the trained Qwen3-
VL model outperforms its base model by 11.1-17.3
points at every viewport, including mobile portrait
(Table A2).

Table A2: Grounding accuracy (%) at five viewport
sizes.

Viewport  Base Trained Gain
1440 x 900 43.3 59.8  +16.5
390 x 844 433 60.6  +17.3
1024 x 768 42.5 559  +134
720 x 900 480  59.1  +11.1
1152 x 720 394 528 +134

C Additional Results and Analyses

C.1 Per-environment results

Table A10 breaks the main results down by environ-
ment. Open-source models trail GPT-5.5 in every
environment. Design Canvas is the hardest envi-
ronment for open-source models (8.9-13.3% GA)
and Video Platform and Email Client the easiest,
whereas GPT-5.5 is weakest on Developer Hub,
Community Chat, and Social Feed.

C.2  Mockup fidelity

Each task starts from a resettable state, executes
deterministic transitions, and uses a stable target
ID for click-time evaluation. The environments im-
plement the visibility-changing interactions mea-
sured by IGG, including hidden panels, hover re-
veals, popups, delayed elements, carousels, and
movable occlusions. We evaluate their fidelity to
real-interface counterparts using visual similarity,
human ratings, and paired task execution.

Visual similarity. We measure visual similar-
ity between each mockup and its corresponding
real-application reference listed in Table A1. We
compare each matched mock-real pair against
non-matched pairs formed by pairing the mockup
with the other 15 real-application references. We
compute feature-space cosine similarities using
DINO (Caron et al.,, 2021) and SigLIP (Zhai
et al., 2023), and perceptual distance using Dream-
Sim (Fu et al., 2023). As shown in Table A3,
matched pairs are substantially more similar than
non-matched pairs, with higher DINO similar-
ity (0.7724 vs. 0.5442), higher SigLIP similarity
(0.8094 vs. 0.6211), and lower DreamSim distance
(0.2529 vs. 0.5229). These results indicate that the
mockups preserve application-level visual structure
beyond generic webpage appearance.

Human fidelity. Participants compare seven en-
vironments with their real-interface references and
rate visual realism, interaction realism, and task ex-
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Table A3: Visual similarity between mockups and real-
application references. DINO and SigLIP are cosine
similarities, where higher is better. DreamSim is a per-
ceptual distance, where lower is better.

Pairing Count DINO 1 SigLIP ¥ DreamSim |
Matched 16 0.7724  0.8094 0.2529
Non-matched 240  0.5442  0.6211 0.5229

Table A4: Task-level fidelity on 16 paired mock-real
tasks. Succ. denotes the number of successful trials out
of 16.

Model Env. Succ. GAT AC| RERT
Qwen2.5-VL Mock Y16 188 75 043
weov 4 T b
GUIL-OwI-1.5 Mock 6/16 375 6.13  0.55

Real 6/16 375 6.88 0.57

Mock 9/16 563  5.06 0.72

Qwen3 SFT+GRPO poal 016 563 500  0.70

ecutability. The three mean ratings are 4.50, 4.64,
and 4.75 out of 5 (Table 6).

Task-level mock-real fidelity. We run four
models on 16 paired mock and real-interface
tasks. Model ordering is preserved: Qwen3-VL
SFT+GRPO leads in both settings with 56.3%
GA, followed by GUI-Owl-1.5, Qwen3-VL, and
Qwen2.5-VL (Table A4). Across the four model
families, mock and real GA are strongly consistent
(Pearson » = 0.98; Spearman p = 1.00). The
paired set contains one task per application. Fig-
ures A6 and A7 show representative outcomes.

C.3 Instruction design

Instructions name the target but not the reveal pro-
cedure. Annotators avoid action hints such as
“scroll down,” “hover over the icon,” or “wait until
the button appears,” and add a natural cue, such as
an author, document title, or surrounding content,
when several elements share a label. For exam-
ple, “Scroll down and click Kai” becomes “Find
Kai in the direct message list,” and “Drag the sticky
note away and click QA Checklist” becomes “Click
the QA Checklist note without deleting any notes.”
Multimodal LLMs propose candidate instructions
and reference traces, and annotators correct the
wording, repair traces where needed, and replay
every task to verify that the target is unique and
reachable.

Effect of procedural hints. As a diagnostic, we
also evaluate instructions that state the intermediate
procedure. Unlike the reveal action given condi-
tion of Section 4.3, which names only the action
type, these hints describe the procedure. With such
hints, Qwen3-VL rises from 30.8% to 56.9% GA
over all 601 tasks, but hints do not solve precise
manipulation: hinted Qwen3-VL solves 0 of 8 held-
out movable-occlusion tasks, whereas SFT+GRPO
solves 5 of 8 without any test-time hint. The main
benchmark therefore retains goal-only instructions,
and the training gains reflect an executable interac-
tion prior rather than instruction following.

D Evaluation Protocol

The open-source baselines are
Qwen/Qwen2.5-VL-7B-Instruct,
Qwen/Qwen3-VL-8B-Instruct, and
mPLUG/GUI-Owl-1.5-8B-Instruct, and the
commercial baseline is gpt-5.5. Each model is
evaluated once per task with greedy decoding from
a reset environment.

At each turn, the agent receives the system
prompt, task instruction, screenshot, step index,
coordinate space, and action history. It returns one
JSON action. Figure A8 shows the prompt, and the
shared action schema is:

{"type": "scroll”, "x": 720, "y": 480, "dy": 50}

{"type": "move", "x": 512, "y": 340}

{"type": "drag"”, "startX": 10, "startY": 20, "
endX": 80, "endY": 100}

{"type": "wait"”, "ms": 1500}
{"type": "click", "x": 512, "y": 340}

A click succeeds only when the clicked element
ID matches the annotated target ID. Otherwise the
environment applies any defined state transition
and returns the next screenshot. Navigation outside
the task environment is disabled, and the episode
ends on success or budget exhaustion. The drag
schema (startX, startY, endX, endY) is identical
in the prompt, the evaluator, and Table 1.

E Dataset Examples

E.1 Task specification format

Each task record contains a goal-only instruction,
a target ID, an initial state, and one successful ref-
erence trace (Listing 1). The evaluator keeps the
target ID hidden from the model and uses the trace
only to compute interaction-efficiency metrics. Ref-
erence traces may refer to elements by stable se-
lectors, which the replay tool resolves to the center
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You are an Interactive GUI Grounding agent.

Your ONLY goal is to locate the single UI element described in the instruction and click on it. The element may NOT be
visible in the current screenshot. In that case, take the minimum interaction needed to reveal it (scroll, hover, expand,
wait, drag away an occluder, etc.) and then click the element.

This is a grounding task, not a navigation task. Do NOT try to complete any higher-level workflow; just find the target
and click it.

Action space (emit exactly ONE action per turn):
- Scroll a region: {"type": "scroll”, "x": <int>, "y": <int>, "dy": <int>}
dy > @ scrolls down, dy < @ scrolls up. Use (x, y) to pick which
scroll container gets the event (e.g. a left sidebar vs the main feed).
- Move the cursor: {"type": "move", "x": <int>, "y": <int>}
Triggers hover effects, tooltips, and hover-reveal menus.
Drag: {"type": "drag", "startX": <int>, "startY": <int>, "endX": <int>, "endY": <int>}
Use to nudge an occluding popup aside without fully closing it, or to move sliders/panels.

Wait: {"type"”: "wait", "ms": <int>}

Use when the target is gated by a timer, async load, ad countdown, auto-rotating carousel, etc.

Click: {"type": "click”, "x": <int>, "y": <int>}

Grounding trigger. If (x, y) lands on the target element, the task ends immediately with success.
If it lands on anything else, the task continues and the screen state may change.

Strategy:

1. Read the instruction. Identify a unique visual description of the target.

2. Scan the screenshot. If the target is visible, click its center.

3. If not visible, reason about why: is it offscreen, in a collapsed panel,
hidden behind a popup, revealed only on hover, or not loaded yet?

4. Pick the single cheapest action that could make it visible or confirm it.

5. Avoid exploratory clicks on random UI elements; each click is evaluated.

Output format (STRICT):

Reply with exactly ONE line containing a single JSON object for the next action.

No prose, no markdown, no code fences, no explanation.

ALL coordinates are SEPARATE integer keys, NEVER a list and NEVER a nested object.

Figure A8: Excerpt of the system prompt used for IGG model evaluation. Ellipses indicate omitted formatting

examples.

of the element’s current bounding box, whereas
models must emit screenshot coordinates.

Listing 1: Task specification example. The task targets
“Kai” in the direct message list (Community Chat appli-
cation, CT_1: Scroll-based Exploration). The ground-
truth trajectory consists of a scroll action followed by a
click on the revealed target.
{
"id": "messaging-01-find-kai-direct-message-
list”,
"sub_type": "1-1",
"instruction”: "Find ‘Kai’ in the direct
message list.”,
"target_id": "messaging.dm.kai”,
"initial_state_id": "1",
"ground-truth trajectory”: [
{"action”: "SCROLL”, "dy”: 10003},
{"action"”: "CLICK", "selector”: "messaging.dm
kai”}

E.2 Sub-type examples

Figures A9-A15 show one representative task for
each IGG sub-type. Each example pairs the initial
state, where the target is not directly actionable,
with the final state at the time of the successful
target click.

F Failure Case Analysis

F.1 Representative cases

Across Qwen2.5-VL, Qwen3-VL, and GUI-Owl-
1.5, shared failures often omit the action that would
reveal the target. Table A5 summarizes three pat-
terns, and Figure A16 shows representative traces.

F.2 Trace-derived action-prior diagnostic

The representative failure cases in Section F.1 show
agents spending the budget without the needed re-
veal action. For each failed Qwen3-VL trajectory,
we compare the model actions with the ground-
truth trajectory and record whether each required
reveal action appears at least once.

F.3 Target-agnostic reveal heuristics

To separate reveal patterns that a fixed rule can
solve from those that require target-specific deci-
sions, we evaluate five target-agnostic heuristics,
each on the sub-type it is designed for: scrolling the
page center in fixed steps, hovering over common
icon regions in order, clicking common dismiss
locations, waiting in one-second steps, and drag-
ging visible occluders toward the screen edge. A
heuristic succeeds when the target becomes visible,
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Figure A12: CT,.3: Removable Occlusion (Video Platform). “Click the ‘Late-night Studio Viog’ video card.”
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Figure A13: CTs.1: Delayed State Activation (Community Chat). “Click ‘Send’ for the pptx upload.”
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Figure A14: CT3.;: Dynamic Target Interaction (News Portal). “Click ‘Pre-Order Now’ in the ‘NexPhone’ ad.”
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Figure A15: CTs.3: Movable Occlusion (Design Canvas). “Click the ‘QA Checklist’ note without deleting any.”

Table AS: Representative failure cases selected from tasks failed by Qwen2.5-VL-7B, Qwen3-VL-8B, and GUI-

Owl-1.5-8B.

Failure mode

Sub-type

Task

Observed trace pattern

Spatial manipulation
is not attempted

CT3.3: Movable
Occlusion

Design Canvas: find the QA Checklist
note without changing zoom.

All three models exhausted the budget
without using a drag operation. Qwen?2.5-
VL-7B and Qwen3-VL-8B produced
eight scrolls; GUI-Owl-1.5-8B produced
one wait followed by seven scrolls.

Dynamic target state
is not tracked

CT3s.2: Dynamic
Target Interaction

News Portal: find the Glass Harbor
begins a 24-hour pilot headline in
Breaking News.

The models interacted with the wrong
state of the ticker. Qwen3-VL-8B clicked
the ticker controls and ended on a dif-
ferent headline, while the other models
scrolled or expanded unrelated page con-
tent.

Hover-based ambigu-
ity is not resolved

CTs.1:  Visual
Disambiguation

Community Chat: find the Creator
Dock server.

The target server is identifiable only
after hovering over ambiguous server
icons. Qwen2.5-VL-7B repeatedly
scrolled, while Qwen3-VL-8B and GUI-
Owl-1.5-8B repeatedly clicked icons
without first revealing their labels.

Table A6: Trace-derived action-prior diagnostic for Qwen3-VL failed trajectories. Counts are non-exclusive because
one task can require multiple setup actions.

Required setup action Failed tasks Omitted Rate Diagnostic interpretation

DRAG 59 100.0% Drag is absent from failed traces.

SCROLL 247 207  83.8% Scroll is often replaced by clicks or local moves.

MOVE 71 74.0% Hover and disambiguation moves are often
skipped.

WAIT 1 33.3% Few failed tasks require explicit waiting.
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Figure A16: Representative failed traces. The figure visualizes example failed traces from two representative
cases, showing how models spend the interaction budget without performing the visibility-changing action needed

to reveal the target.

unobstructed, and actionable (Table A7).

Fixed rules often resolve scrolling, hovering, and
waiting, but rarely resolve removable or movable
occlusions. This agrees with the trace analysis
in Section F.2, where DRAG is absent from every
failed trajectory that requires it.

G Training Details

Our two-stage procedure uses SFT to introduce
rare reveal actions and online GRPO to optimize
their execution from browser feedback.

G.1 Training Setup

Two tasks whose ground-truth trajectories could
not be replayed reliably during corpus construc-
tion are excluded before splitting the remaining
599 tasks into 479 training tasks and 120 held-out
validation tasks. Every included ground-truth tra-
jectory is human-corrected and verified by replay;
validation tasks contribute neither SFT examples
nor GRPO rollouts.

G.2 SFT

The ground-truth trajectories yield 1,141 action-
level examples with normalized coordinates. We
use LoRA rank 8, alpha 32, dropout 0.05, all-linear
language-model target modules, a frozen vision
tower and projector, bf16, learning rate 1 x 1074,
effective batch size 8, maximum length 8192, max-

imum image pixels 1,382,400, and 500 steps with
checkpoints every 100 steps. Frequency balancing
oversamples CLICK/SCROLL/MOVE/WAIT/DRAG
by 1/1/2/2/4, expanding the data to 1,460 examples
and the drag examples from 55 to 220.

G.3 Online GRPO

GRPO starts from an SFT LoRA seed and collects
online browser rollouts from the 479 training tasks
under the same eight-action budget used in evalua-
tion. We use group size 6, temperature 1.0, top-p
0.95 for rollout sampling, learning rate 2 x 1076,
PPO-style clipping with ¢ = 0.2, maximum gra-
dient norm 1.0, and up to 20 update groups. We
evaluate saved LoRA checkpoints with greedy de-
coding on the fixed 120-task validation split.

Online interaction reward. The reward is com-
puted from browser-executed traces. Let S denote
target-click success; 7T the action count; W non-
empty wrong clicks; F empty clicks; I invalid
actions; A repeated ineffective actions; and R re-
peated wrong-click locations. The bounded bonus
B rewards reveal progress (Table A9). Successful
traces with prior wrong clicks are capped at 1.2,
shortcut successes at 0.8, and runtime or parsing
failures are excluded from policy updates.



Table A7: Reveal success of target-agnostic interaction rules on their corresponding constraint sub-types.

Constraint sub-type

Interaction rule

Reveal success (%)

CT1.1: Scroll-based Exploration ~ Scroll center by fixed steps 68.8
CTo.1: Visual Disambiguation Hover common icon areas 61.4
CT5.3: Removable Occlusion Click common dismiss areas 17.6
CTs.1: Delayed State Activation Wait in 1-s steps 87.1
CT3.3: Movable Occlusion Drag visible occluder aside 16.9

G.4 Cross-architecture results

We apply the same recipe, with the same data, bud-
get, and hyperparameters, to InternVL3.5-8B and
GUI-Owl-1.5-8B. All three architectures improve
by a similar margin: Qwen3-VL from 40.0% to
59.2%, InternVL3.5 from 28.3% to 47.5%, and
GUI-Owl-1.5 from 35.0% to 52.5% (Table AS).
The models differ in coordinate tokenization and
pretraining, so the gain is not specific to one model
family.

Table A8: Grounding accuracy before and after
SFT+GRPO for three model architectures.

Model Base SFT+GRPO
Qwen3-VL-8B 40.0 59.2
InternVL3.5-8B 28.3 47.5
GUI-Owl-1.5-8B  35.0 52.5

H Human Study Details
H.1 Study setup

This appendix provides implementation details for
the two human studies summarized in Section 4.5.
Fifteen participants completed two browser-based
protocols connected to the same environments as
model evaluation. In the solvability study, every
participant completed a subtype-balanced suite of
21 tasks—three from each of the seven sub-types
and at least one from every environment—yielding
315 trials. In the fidelity study, participants com-
pared seven controlled environments with real-
interface references and rated visual realism, task
executability, and interaction realism on five-point
scales.

H.2 Task-solvability interface

Participants receive one instruction and interact di-
rectly with the browser. The interface ends a trial
when the participant clicks the target or reaches
eight click or drag attempts. It records scroll ses-
sions after an 800-ms debounce for interaction

counts and records hover events without applying
them to the attempt limit (Figure A17).

H.3 Fidelity-test interface

For each paired example, participants see the
instruction, controlled environment, and real-
interface reference, then rate visual realism, task
executability, and interaction realism (Figure A18).



Table A9: GRPO reward components used in the diagnostic training experiments. Positive progress bonuses are
bounded per rollout and are applied only when the browser state or target evidence changes in the intended direction.

Component Symbol Value / rule

Target-click success S +2.2 if successful
Unsuccessful rollout =S —1.0 base term

Step cost T —0.03 per action

Wrong non-empty click W —0.65 per event

Empty click E —1.00 per event

Invalid action 1 —1.00 per event

Repeated ineffective action A —0.20 per event

Repeated wrong-click location R —0.25 per event

Hover / move progress B +0.45

Hidden-state progress B +0.45

Drag progress B +0.75; 0.7 if no state change
Wait progress B +0.35; 0.5x if no delayed change
Clean visible-target click B +0.20

Reward clipping - [—4.0, 2.8]

Table A10: Per-application GA, AC, RER, and TT for Qwen3-VL and GPT-5.5 on all 601 tasks.

Qwen3-VL GPT-5.5
App GA AC RER TT GA AC RER TT
Social Feed 294 647 093 17514 61.8 459 1.04 69757
Planner 212 6.88 0.79 13098 81.8 3.88 0.83 61011
Developer Hub 257 6.94 0.66 9763 57.1 5.57 0.69 138919
Code Editor 219 681 126 9575 87.5 3.88 097 59747

Community Chat 26.5 6.82 0.64 9357 61.2 4.82 1.03 108102
Document Editor  37.5 6.05 0.99 8451 85.0 348 1.04 63538
Design Canvas 89 7.44 1.25 13951 822 433 0.94 93199

Spreadsheet 333 624 0.84 8920 83.3 2.93 1.04 124023
Email Client 50.0 5.38 0.75 10493 88.1 3.38 0.97 63120
News Portal 29.0 6.55 0.80 19204 71.0 4.77 0.80 52984

Workspace Pages 34.3 640 0.86 8830 85.7 3.71 0.93 30489
Streaming Service 20.5 7.00 0.67 17224 87.2 4.05 0.71 52801

E-commerce 433 6.40 0.60 17047 86.7 4.40 0.72 49700
Music Player 36.0 5.80 1.15 12580 86.0 3.60 1.04 63597
Maps 26.7 647 1.25 11972 70.0 4.53 0.95 166930

Video Platform 50.0 591 0.63 8158 94.1 3.15 0.88 38354




(a) Start page (b) Task instruction (c) Task in progress

(d) Task complete (success) (e) Interaction limit reached (failure)

Figure A17: The web-based interface used in the human study. (a) Participants begin by entering an ID and
reviewing the task format. (b) Each task is introduced with the instruction text. (c) Participants then interact with
the live mockup; the interaction counter is shown in the top-right corner. (d) The task ends with success when the
participant clicks the correct target, or (e) with failure when the eight click-or-drag attempt limit is reached.

Mockup vs. Real Interface Rating

(a) Start page (b) Rating interface

Figure A18: The web-based interface used in the human fidelity test. (a) Participants enter the fidelity-study session.
(b) For each application, participants compare the mock interface with the real-application reference and rate visual
realism, task executability, and interaction realism.
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