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Abstract

We present Trace2Ground, a large-scale web
GUI grounding dataset and benchmark built by
parsing HTML/DOM to obtain candidate inter-
face elements and using large language mod-
els to simulate interaction traces and natural-
language instructions. Existing datasets pri-
marily target instructions solvable by match-
ing the target element’s visible text, while real-
world GUI tasks may require grounding un-
der user scenarios, duplicate candidates, and
relational descriptions. Trace2Ground targets
these under-explored stress regimes through
three curated splits: PragmaMind, where in-
structions describe user scenarios without nam-
ing Ul elements; ContextTwin, where multiple
elements share identical visible text and the
correct target must be selected using interac-
tion context; and RelateLoc, where the target
is specified via spatial or structural relations
to nearby anchors. We construct the dataset
via an automated pipeline that extracts candi-
dates from HTML/DOM structure, synthesizes
traces and instructions with LLMs, and applies
multi-view visual checks. Strong specialist
GUI grounders underperform on these regimes
despite reaching around 90% on ScreenSpot,
exposing a gap not addressed by existing GUI
training data. Standard supervised fine-tuning
on Trace2Ground improves the base model’s
performance on our curated regimes by 42.3%
on average and yields zero-shot transfer to stan-
dard GUI benchmarks, including a 9.8% aver-
age improvement on the non-web ScreenSpot-
Pro benchmark across six desktop domains.

1 Introduction

Graphical user interface (GUI) automation
promises broad impact across the web, desktop
software, and operating systems (Ye et al,
2025; Ma et al., 2024; Lai et al., 2024). Recent
systems powered by large vision-and-language
models (LVLMs) can follow natural-language

instructions to navigate pages, fill forms, and
execute multi-step workflows (Lu et al., 2025a;
Yan et al., 2023; Chen et al., 2025), enabling
applications in assistance, testing, and accessibility.
A core capability underlying these systems is
GUI grounding: mapping an instruction and the
current screen state to a concrete action on a
specific interface element. Yet strong specialist
GUI grounders that reach near-saturated accuracy
on standard benchmarks degrade sharply on three
common interaction patterns: instructions that
describe scenarios without naming Ul elements,
screens with multiple elements sharing identical
text, and targets specified through spatial relations
to nearby anchors. These patterns are pervasive
in real interfaces but rarely isolated by existing
training data or evaluation.

Most existing GUI grounding datasets empha-
size instructions that name the target element di-
rectly or match its visible text (Tab. 1). Large-scale
corpora such as OS-Atlas (Wu et al., 2024) and
ScreenSpot (Cheng et al., 2024) extract element
references from HTML metadata or accessibility
trees; LLM-augmented datasets like AutoGUI (L1
et al., 2025a) and Aria-UI (Yang et al., 2025) add
functional or history context but still produce in-
structions in which the target’s visible text appears
verbatim in 90-99% of examples. Such data sup-
ports strong localization and text matching but does
not stress three common interaction patterns: (i)
users often express goals without naming UI ele-
ments (e.g., “turn on dark mode”), (if) interfaces
regularly contain multiple identical-text elements
that require context to disambiguate (e.g., repeated
“Edit” or “Log In” buttons), and (ii7) users spec-
ify targets relationally (e.g., “the checkbox below
Shipping Address”) rather than by exact identifiers.
Under these conditions, models trained on visible
text matching data may over-rely on surface cues
and degrade sharply under ambiguity.

We introduce Trace2Ground, a large-scale
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Table 1: Comparison with related GUI grounding datasets. Avg Len: average instruction length in words. Vocab:
number of unique words. Txt Ov.: percentage of instructions containing the target element’s visible text verbatim.
TUGround’s released parquet does not include target element text.

Work Train Test Platf. Instruction Style Avg Len Vocab Txt Ov.

OS-Atlas (Wu et al., 2024) 23M X W,M,D Element references 1.9 12,381 94.0

ScreenSpot (Cheng et al., 2024) 1M 1.2k W,M,D Element references 3.4 1,129 30.3

ShowUTI (Lin et al., 2025) 256k X W,M,D Llementreferences 62 5535 99.6
+ navigation history

AutoGUI (Li et al., 2025a) 700k 2k w,m iementreferences 235 4003 265
+ functional state changes

Aria-UI (Yang et al., 2025) 42M X Ww,M,p Dlementreferences 62 4461 20
+ action history

UGround (Gou et al., 2024) oM x wM Flementreferences 205 21455 -t
+ spatial/positional cues

Trace2Ground (Ours) o0gk 41k  w  Scenarios, disambiguation, g, 4 39471 94

and relational

dataset and benchmark that explicitly curates
grounding supervision for these three patterns
through three splits: PragmaMind provides
scenario-driven instructions that describe a user
goal without naming any UI element; Context-
Twin contains screens with multiple identical-text
candidates, paired with context-conditioned de-
scriptions that specify which instance is intended;
and RelateLoc uses relational descriptions that
identify targets via spatial or structural constraints
to nearby anchors. Together, these splits provide
training and evaluation data where success requires
handling scenario-driven goals, duplicate-text dis-
ambiguation, and relational localization. These
conditions occur frequently in practice but are
rarely isolated by construction in existing data.

To scale beyond manual labeling, we build
Trace2Ground from web pages (HTML/DOM) and
LLM-synthesized instructions through an auto-
mated pipeline (Fig. 1). We parse the HTML/DOM
structure to extract candidate interface elements
and surface challenging configurations such as
duplicate-text groups and relation-rich neighbor-
hoods. For each split, we run a small-scale re-
finement loop in which LLMs synthesize initial
instructions, human annotators audit the outputs,
and feedback iteratively improves the generation
prompts. Once prompts pass audit, we apply them
at large scale, followed by an LLM-based filtering
step and a final human audit that remove samples
with verbatim target leakage, ambiguous instruc-
tions, or incorrect grounding labels.

Training on Trace2Ground substantially im-
proves performance on all three regimes and trans-
fers to established benchmarks, including out-of-
distribution settings such as ScreenSpot-Pro across

six desktop domains. In summary, we make the
following contributions:

* We introduce Trace2Ground, a large-scale
web GUI grounding dataset and benchmark
with three splits that isolate scenario-driven
goals (PragmaMind), duplicate-text disam-
biguation (ContextTwin), and relational local-
ization (RelateLoc).

* We propose an automated construction
pipeline that parses HTML/DOM to extract
candidate elements and challenging configu-
rations, synthesizes instructions with LLMs,
and applies multi-view visual checks together.

* We show that strong off-the-shelf grounders
that exceed 90% on ScreenSpot drop to 23—
61% on Trace2Ground regimes, and that stan-
dard SFT on Trace2Ground closes this gap by
42.3% on average while improving non-web
ScreenSpot-Pro performance by 9.8%.

2 Related Work

Task-Completion Benchmarks. End-to-end
benchmarks measure whether an agent reaches
an intended goal state on realistic interfaces.
Mind2Web (Deng et al., 2023) provides human-
annotated trajectories on static snapshots, while
WebLINX (Lu et al., 2024) pairs large-scale
navigation trajectories with synthetic and human
instructions. VisualWebArena (Zhou et al., 2023;
Koh et al., 2024) and WebVoyager (He et al., 2024)
evaluate agents on containerized and long-horizon
live websites; Online-Mind2Web (Xue et al.,
2025) additionally exposes brittleness under layout
drift. AgentRek (Xu et al., 2024) synthesizes
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Figure 1: Trace2Ground pipeline. For each regime, we first parse web pages (HTML/DOM) to extract candidate
elements and surface challenging configurations (e.g., duplicate-text groups or relation-rich neighborhoods). We then
run a small-scale refinement loop: LLMs synthesize initial instructions, which are reviewed by human annotators
and fed back into system refinement to iteratively improve prompt quality. Once prompts pass audit, we apply them
at large scale to synthesize the full dataset. A final human audit stage ensures the large-scale quality, yielding three
common interactive regimes: PragmaMind, ContextTwin, and RelateLoc.

multistep trajectories from online tutorials, and
OSWorld (Xie et al., 2024) extends end-to-end
execution to real desktop applications. These
benchmarks primarily report aggregate goal
success and provide limited visibility into where
grounding breaks down.

GUI Grounding Benchmarks. A separate line
of work targets screen understanding and ele-
ment localization. GUI-360 (Mu et al., 2025)
decomposes ability into grounding, Ul parsing,
and action prediction at the scale of millions of
steps; ScreenSuite (Roucher and Mahla, 2025)
unifies thirteen datasets under a shared protocol.
ScreenSpot (Cheng et al., 2024) and ScreenSpot-
Pro (Li et al., 2025b) measure fine-grained element
localization, and OS-Atlas (Wu et al., 2024) maps
large-scale screen data into structured representa-
tions. UI-E2I-Synth (Liu et al., 2025) studies im-
plicit instructions and distributional factors such as
element-to-screen ratio. VenusBench-GD (Zhou
et al., 2025) broadens grounding tasks across plat-
forms with Reasoning and Refusal subsets, and
WinClick (Hui et al., 2025) targets Windows screen-
shots. Among these, only UI-E2I-Synth partially
overlaps with our PragmaMind regime, and none
separately measures identical-text disambiguation
or relational localization.

Browsing and Information-Seeking Bench-
marks. A third class of benchmarks evaluates
long-horizon web navigation for information re-
trieval. BrowseComp (Wei et al., 2025) measures
persistent browsing for difficult factual queries, and

MM-BrowseComp (Li et al., 2025¢) extends this
to multimodal content. These benchmarks empha-
size external information acquisition rather than
interface-level grounding and are largely orthogo-
nal to our setting.

3 Trace2Ground Dataset

Trace2Ground is a large-scale web GUI ground-
ing dataset and benchmark that curates supervision
for three common interaction patterns: scenario-
driven goals, identical-text disambiguation, and
relational localization. It is built from web pages
by parsing HTML/DOM to obtain candidate in-
terface elements and using LLMs to synthesize
natural-language instructions and interaction con-
text (Fig. 1). Each sample consists of a screen-
shot g, an HTML/DOM tree Zp¢m1, a natural-
language instruction ¢, and a target grounding la-
bel y = (a,b), where a is the intended action
(e.g., lclick, type-in) and b is either a DOM
element id or a normalized bounding box € [0, 1]*.
Trace2Ground organizes the data into three splits,
each described in detail below: PragmaMind
(§3.1) provides scenario-driven instructions that de-
scribe a user goal without naming any UI element;
ContextTwin (§3.2) contains screens with multi-
ple elements sharing identical visible text, paired
with context-conditioned instructions that specify
which instance to act on; and RelateLoc (§3.3)
uses relational descriptions tied to nearby anchors.
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PragmaMind “Iclick” Example
'REPORT OCEAN -

Straightforward Intent:
Click the 'Corporate User Licence' radio button to select
this license option for $7000/-

Scenario-Driven Intents:
A market research director at a large dairy corporation
needs comprehensive data on the Ultra High
Temperature Milk industry to inform their company’s
five-year strategy and wants to share the report with
multiple departments across their organization

A consulting firm specializing in the food and beverage
sector is purchasing this report to use its data and
insights for multiple client projects and presentations,
requiting the broader access permissions that come with
the corporate license.

An investment firm analyzing potential acquisitions in
the dairy industry needs the corporate license to
distribute the market intelligence contained in the report
to their various analysis teams, partners, and
decision-makers across their global offices.

(a) 1click: the instruction describes a user goal, and the
model must identify which clickable element to act on.

PragmaMind “type-in” Example
Straightforward Intent:
s s i Type 1500 into the drop measurement field
Sheer Soft Beige
Blockout White Double

Roller Blind .
Scenario-Driven Intents:

1 need to order a custom roller blind for my kitchen
window that is 1200mm wide and 1500mm tall, so I'm
entering the drop measurement of 1500mm

I'm purchasing a double roller blind for my bedroom and
have measured the window height to be 1500mm, so
N I'm inputting this value in the required drop field.",
Kitchen Window 2023001
" oo I've measured my kitchen window for this Sheer Soft
Beige-Blockout White Double Roller Blind and need to
specify the height of 1500mm in the drop field to get an
accurate quote.

— - —

(b) type-in: the instruction embeds the text to type within a
scenario, and the model must identify the correct input field.

Figure 2: Examples from PragmaMind. Scenario-driven instructions describe a user goal without naming the
target UI element, requiring the model to ground the goal to an action-target pair from page context.

3.1 PragmaMind: Scenario Grounding

PragmaMind targets a common practical setting:
users often describe what they want to accomplish
without naming a specific Ul element. Given a
GUI state (Zimg, Zhtm1 ), We extract interactive can-
didates from the DOM and use an LLM to syn-
thesize scenario-driven instructions ¢ that describe
the user’s goal, requiring the model to map ¢ to an
action-target pair (a, y) using page context.

Click actions. For 1click actions, we identify
webpages with multiple clickable elements (but-
tons, checkboxes, etc.) through DOM attributes
and visibility checks. Each target y is paired with
two visual inputs: a full-page screenshot capturing
the overall layout, and a cropped region highlight-
ing the interaction area. An LLM rewrites the ac-
tion into a scenario-driven instruction ¢ that would
naturally lead a user to click y without mention-
ing the element’s name or visible text. A built-in
LLM judge then filters samples that (i) leak the
target’s visible text, (ii) rely on style-specific icon
descriptions unlikely to generalize, or (iii) lack a
clear actionable goal.

Type-in actions. For type-in actions, we locate
input fields from the DOM and obtain the intended
text from the synthesized specification. To enhance
visual realism, we optionally render partial text
into neighboring fields on iy, simulating a user
partway through a form. The LLM then generates
an instruction ¢q that embeds the desired text entry
within a plausible scenario implicitly. We apply
the same judge step to remove outputs that leak
field names, contain mismatched content, or are
solvable via trivial keyword matching.

3.2 ContextTwin: Contextual Disambiguation

Many interfaces contain repeated labels, such as
multiple “Edit” buttons in a settings panel, repeated

product names on a shopping page, or several “Re-
ply” links in an email thread. In these cases, the
target cannot be identified from visible text alone;
users rely on interaction context (what step they are
on, what just changed) and local layout cues to se-
lect the correct instance. ContextTwin isolates this
setting by constructing examples where multiple
candidates share identical visible text and the cor-
rect target must be selected through context rather
than text.

Given a GUI state (Zimg, Zntm1), We parse the
DOM to extract textual attributes and group ele-
ments that share the same normalized string, retain-
ing only groups C' = {ej,...,ex} with K > 2
that satisfy visibility and interactability constraints.
For each group, we designate one element y € C
as the target and sample at least one additional ele-
ment d € C' as a distractor, recording normalized
bounding boxes for validation and to produce a
zoomed crop enclosing the competing instances.

An LLM is then provided with the full-page
screenshot with target/distractor boxes, a zoomed
crop containing the competing instances, and the
original action description. The model first pro-
duces brief region summaries and high-level lay-
out cues (e.g., section of the page, surrounding
content), then rewrites the action into a natural in-
struction that would lead a user to act on y without
referencing the shared visible text. When appli-
cable, the instruction incorporates a short history
summary h describing the immediately preceding
step or page state change.

3.3 RelateLoc: Relation-Based Localization

Interfaces frequently contain multiple plausible tar-
gets with overlapping or repeated labels, such as, a
few comment boxes on the same page, “Add to Cart”
buttons in a product grid, or repeated “Download”
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Customer Login

Regiter

Straightforward Intent: Click on "Sign in"
History-Conditioned Context: You've just finished entering your email address and password into the login form.

Complete the authentication process by clicking Sign In.

(a) ContextTwin: multiple elements share identical visible
text, and the instruction uses interaction context (e.g., a history
summary) to specify the intended instance.

O mM 2 -

it

BOLTS.coux

£55.26.

s SPEND £500 =z:eec » SPEND £1000 &

Straightforward Intent: Click on 'CUSTOMER SUPPORT" in the top navigation bar

Spatial Relational Semantics: Click on the second navigation link in the top green header bar,
positioned between 'ABOUT US' and 'CONTACT US",

(b) RelateLoc: the instruction specifies the target through
spatial or structural relations to nearby anchors (e.g., position
within the navigation bar).

Figure 3: Examples from ContextTwin and RelateLoc. Both regimes require grounding beyond visible-text
matching: ContextTwin through context-conditioned disambiguation among identical-text candidates, and RelateLoc

through relational reasoning over nearby anchors.

links for different formats. In these cases, users
naturally specify a target using spatial or structural
references (e.g., the download link next to the PDF
option) rather than the label alone. RelateLoc iso-
lates this setting by constructing examples where
the correct element is identified through relations
to nearby elements in the layout.

Given a GUI state (Zimg, Thtm1), We parse the
DOM to extract visible, interactable candidates and
identify contexts where similar or identical strings
appear multiple times. For each target y, we an-
alyze nearby plausible distractors from the same
structural area (e.g., other buttons in the same tool-
bar, links in the same sidebar, or items within the
same list), and retain their bounding boxes to in-
crease disambiguation difficulty. RelateLoc allows
the target’s visible text to appear in the instruction
(e.g., “Edit” or “Save”), but requires additional re-
lational cues tied to surrounding anchors, so that
successful localization cannot be achieved by text
matching alone.

Relational intent generation. We provide an
LLM with three inputs: a full-page screenshot with
the target and distractors overlaid in contrasting
colors, a zoomed crop enclosing the competing can-
didates for precise reading, and the original action
description. The model first produces concise sum-
maries of the candidate regions and their approxi-
mate positions (e.g., within the header, sidebar, or
a specific section), then rewrites the action into a
relation-based instruction ¢ that a user could follow
to act on y. The instruction may include the tar-
get’s text but must also contain informative spatial
or structural relations to nearby anchors. Examples

include “the first link under the ‘Pages’ heading in
the right sidebar”, “the Save button directly below
the comment box”, and “the Edit icon in the toolbar
next to the Share button”. We filter generations that
reduce to bare name matches without meaningful
relational information, and verify that the final re-
lational description uniquely identifies the target
among the retained distractors.

4 Experimental Setup

Quality Assurance. Inspired by prior model-in-
the-loop pipelines (Kirillov et al., 2023; Wang
et al., 2023; Xu et al., 2025; Ravi et al., 2024), our
pipeline (Fig. 1) balances large-scale autonomous
annotation with manual quality control. We first
run a small-scale refinement loop on ~1% of the fi-
nal data scale: LLMs synthesize initial instructions,
human annotators audit the outputs, and feedback
iteratively improves the generation prompts. This
refinement is critical: initial prompts produce only
~60% acceptable outputs, and successive revisions
raise the pass rate to >95%. Once prompts pass au-
dit, we apply them at large scale, then filter through
DOM validity checks, multi-view visual verifica-
tion, and bounding-box consistency, reducing ap-
proximately 3M raw web-page candidates to 1.2M.
A built-in LLM judge step further rejects samples
that (i) leak the target’s visible text, (ii) rely on
style-specific icon descriptions unlikely to general-
ize, or (iii) lack a clear actionable goal, removing
20-25% of candidates per regime and yielding the
final 907,684 training examples.

We quantify the judge’s contribution by measur-
ing annotation accuracy on stratified samples (100
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Table 2: Success rate (%) on the Screenspot-pro benchmark across six application domains. We report separate
performance for text- and icon-based referring expressions and aggregate averages (Avg./Total). GPT-40 and Claude

results are from (Luo et al., 2025).

CAD Creative Dev Office oS Scientific Avg.

Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Total
GPT-40 (Hurst et al., 2024) 20 00 10 00 13 00 1.1 00 00 00 21 00 13 00 08
Claude Computer Use (Anthropic, 2024) 14.5 3.7 259 34 220 39 30.1 163 11.0 45 339 158 234 4.0 189
Qwen2.5-VL 3B (Bai et al., 2025) 9.1 73 268 21 221 14 339 151 103 1.1 382 73 236 44 163
Qwen2.5-VL 7B (Bai et al., 2025) 168 1.6 359 7.7 468 4.1 525 208 374 6.7 493 73 389 7.1 268
CogAgent 18B (Hong et al., 2024) 71 31 96 00 149 07 130 00 56 0.0 222 18 120 08 7.7
Aria-UI (Yang et al., 2025) 76 1.6 237 21 162 00 203 19 47 00 271 64 171 20 113
0OS-Atlas 7B (Wu et al., 2024) 122 47 288 2.8 331 14 339 57 271 45 375 7.3 281 4.0 189
ShowUI 2B (Lin et al., 2025) 25 00 91 00 169 14 153 7.5 103 22 132 73 108 26 7.7
UGround 7B (Gou et al., 2024) 142 16 273 28 266 2.1 316 113 178 00 319 27 250 28 165
UGround-v1 7B (Gou et al., 2024) 158 1.2 475 9.7 519 28 605 132 383 79 576 145 446 8.1 30.7
UI-R1 3B (Lu et al., 2025b) 112 63 273 35 227 4.1 322 113 13.1 45 424 118 249 63 178
GUI-R1 3B (Luo et al., 2025) 264 7.8 409 5.6 338 48 536 17.0 28.1 56 61.8 173 408 8.8 28.6
GUI-R1 7B (Luo et al., 2025) 239 63 389 84 494 48 587 264 42,1 169 556 11.8 439 10.8 31.3
UI-TARS 2B (Qin et al., 2025) 178 47 429 63 474 4.1 503 17.0 215 56 569 173 396 84 277
UI-TARS 7B (Qin et al., 2025) 20.8 94 500 9.1 584 124 633 20.8 30.8 169 639 31.8 478 162 357
UI-TARS 72B (Qin et al., 2025) 18.8 12,5 57.1 154 629 172 633 264 421 157 646 209 509 17.5 38.1
Trace2Ground 3B 274 125 465 147 507 159 57.6 37.7 30.8 157 583 255 453 189 352
Trace2Ground 7B 33.0 12.5 439 16.1 59.7 159 57.1 39.6 30.8 18.0 583 19.1 473 18.6 36.3

Table 3: Success rate (%) on the ScreenSpot benchmark.
We report performance on web-based text and icon re-
ferring expressions, plus the overall average.

Model Web-Text Web-Icon Avg.
GPT-4 (Achiam et al., 2023) 9.2 8.8 9.0
GPT-40 (Hurst et al., 2024) 12.2 7.8 10.0

Qwen2.5-VL 3B (Bai et al., 2025)  60.8 435 522
Qwen2.5-VL 7B (Bai et al., 2025)  86.9 65.1 76.0

SeeClick (Cheng et al., 2024) 55.6 325 441
OS-Atlas 4B (Wu et al., 2024) 82.6 63.1 729
0S-Atlas 7B (Wu et al., 2024) 90.8 742 825
CogAgent 18B (Hong et al., 2024)  70.4 28.6 495
UGround 7B (Gou et al., 2024) 80.4 704 754
Trace2Ground 3B 81.3 76.2  78.8
Trace2Ground 7B 83.0 854 84.2

instances per regime, three expert annotators, ma-
jority vote) before and after filtering (Tab. 6). The
judge improves accuracy by 18-20 points across
regimes, with the larger gains on ContextTwin and
RelateLoc reflecting the higher difficulty of gener-
ating unambiguous instructions when targets share
text or are specified relationally.

Training Data. We fine-tune on four public
GUI datasets as baselines and then combined
with Trace2Ground. Trace2Ground training splits
contain 277,948 examples from PragmaMind-
click, 310,726 from PragmaMind-type-in, 160,010
from ContextTwin, and 159,000 from RelateLoc.
Mind2Web (Deng et al., 2023) is a web automa-
tion dataset with 2,350 language-based tasks across
137 websitess, where each example contains a
high-level goal and crowdsourced action trajec-
tories. WebLINX (Lu et al.,, 2024) provides
real-world website navigation data with multi-
turn dialogue-based instruction following. OS-

Table 4: Performance on Trace2Ground diagnostic
regimes (Step SR, %). Qwen2.5-VL* denotes the
public-data SFT baseline.

Model PM-Click PM-Type CxtTwin ReLoc
ShowUI-2B 3.9 12.2 4.5 4.4
Aria-Ul 8.2 2.2 7.9 1.5
Qwen2.5-VL-7B 36.9 25.1 22.2 23.0
0OS-Atlas-7B 14.7 52.9 26.1 7.6
UGround-V1-7B 25.2 78.4 14.9 55.3
UI-TARS-7B 23.0 76.0 56.6 61.0
Qwen2.5-VL* 3B 46.4 14.2 36.0 39.9
Trace2Ground 3B 94.3 90.5 76.6 72.8
Qwen2.5-VL* 7B 48.4 31.0 45.3 454
Trace2Ground 7B 94.2 93.9 77.2 74.4

Atlas (Wu et al., 2024) is a single-step, cross-
platform GUI grounding corpus with over 13M
annotated elements across mobile, desktop, and
web. RICO-WidgetCaptioning (Deka et al., 2017)
extends the RICO mobile Ul dataset (~66k screens,
3M elements) with widget captions and bounding
boxes. We regenerate instructions with Claude
3.7 (Anthropic, 2024) for Mind2Web and We-
bLINX to align instruction style across sources.

Evaluation Data. We evaluate on the held-out
Trace2Ground test splits along with three exter-
nal benchmarks. ScreenSpot and ScreenSpot-
Pro (Cheng et al., 2024; Li et al., 2025b) are single-
step grounding benchmarks with text- and icon-
based referring expressions, covering web screen-
shots and six non-web desktop domains respec-
tively. Visual Web Arena (Koh et al., 2024) is a
multi-step web interaction benchmark requiring
action grounding across diverse layouts. We also
use the held-out test split of Mind2Web for both

1449


https://arxiv.org/abs/2605.06334
https://arxiv.org/abs/2605.06334
https://arxiv.org/abs/2605.06334
https://openreview.net/forum?id=AC5n7xHuR1
https://openreview.net/forum?id=AC5n7xHuR1
https://doi.org/10.18653/v1/2024.acl-long.401
https://doi.org/10.18653/v1/2024.acl-long.401
https://doi.org/10.18653/v1/2026.eacl-industry.15
https://doi.org/10.18653/v1/2026.eacl-industry.15
https://doi.org/10.18653/v1/2026.eacl-industry.15
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://arxiv.org/abs/2506.07982
https://doi.org/10.18653/v1/2021.bppf-1.3
https://doi.org/10.18653/v1/2021.bppf-1.3
https://doi.org/10.18653/v1/2025.acl-short.20
https://doi.org/10.18653/v1/2025.acl-short.20
https://doi.org/10.18653/v1/2025.acl-short.20
https://arxiv.org/abs/2504.02867
https://arxiv.org/abs/2504.02867
https://arxiv.org/abs/2504.02867
https://doi.org/10.18653/v1/2025.emnlp-main.345
https://doi.org/10.18653/v1/2025.emnlp-main.345
https://doi.org/10.18653/v1/2025.emnlp-main.345
https://openreview.net/forum?id=m1YYAQjO3w
https://openreview.net/forum?id=m1YYAQjO3w
https://openreview.net/forum?id=m1YYAQjO3w
https://doi.org/10.18653/v1/2025.acl-long.557
https://doi.org/10.18653/v1/2025.acl-long.557
https://doi.org/10.18653/v1/2025.acl-long.557
https://doi.org/10.18653/v1/2026.findings-eacl.140

Table 5: Ablation on data mixtures for a 7B backbone on ScreenSpot-Pro. Each configuration uses the same
total number of training samples; when a regime is excluded, it is replaced with an equal number of samples from
the public UI grounding data (Mind2Web, WebLINX, OS-Atlas, RICO). We report success rate (%) across six
desktop domains, split by text- vs. icon-based grounding, along with averaged performance (Avg.) and overall Total.

CAD Creative

Dev Office (0N

Scientific Avg.

Text Icon Text Icon

Text Icon Text Icon Text

Icon Text Icon Text Icon Total

Qwen2.5-VL 7B (Bai et al., 2025) 16.8 1.6 359 7.7
Base (Qwen2.5-VL* 7B)

Base+PragmaMind 289 125 409 139 53.8
Base+ContextTwin 269 14.0 343 13.1 512
Base+RelateLoc 294 125 424 133 57.1
Trace2Ground 7B 33.0 125 439 16.1 59.7

46.8 4.1 525 208 374
264 7.8 399 98 545

6.7 493 73 389 7.1 268
179 554 264 27.1 135 563 182 433 151 325
18.6 58.1 283 27.1 16.8 53.4 20.0 44.0 17.7 339
193 542 32.1 308 179 54.8 20.0 41.7 183 328
145 599 34.0 299 112 61.1 155 467 154 347
159 57.1 39.6 30.8 18.0 583 19.1 473 18.6 363

Table 6: Effect of built-in LLM filtering on annotation
accuracy. We report the average human-verified accu-
racy (%) on 100 stratified samples (3 times) per regime,
with and without the built-in LLM judge, along with the
rejection rate.

Regime Before Rejection After A

PragmaMind 78 20% 96 +18
RelateLoc 70 22% 90 +20
ContextTwin 66 25% 86 +20

single-step and multi-step evaluations.

Metrics. We report Step Success Rate (Step SR),
the fraction of steps where the center of the pre-
dicted bounding box falls within the ground-truth
element: Step_SR = &+ SN 1 (& ¢ v}, Op-
eration F1, which measures action-type prediction
accuracy, is near-saturated for all models we evalu-
ate; we report it in App. E.

Setup. We use Claude-3.7 (Anthropic, 2024)
as the instruction generation LLM and Qwen?2.5-
VL (Bai et al., 2025) as the VLM grounder back-
bone. Training uses standard autoregressive next-
token prediction on a serialized (a, b*) target; full
hyperparameters and training details are in App. D.

5 Experimental Results

Zero-shot performance on out-of-distribution
standard benchmarks. Tab. 2 and Tab. 3 re-
port zero-shot performance on ScreenSpot and
ScreenSpot-Pro. Although Trace2Ground is built
exclusively from web pages, fine-tuning on it trans-
fers to all six non-web domains in ScreenSpot-Pro,
indicating robustness under layout and visual-style
shift. Trace2Ground 7B achieves the highest icon-
based accuracy on ScreenSpot-Pro across all re-
ported models (18.9, vs. 17.5 for UI-TARS 72B)
and the highest icon-based accuracy on ScreenSpot
(85.4) among open 7B-scale models, suggesting
that the supervision particularly improves ground-
ing under visually compact targets where text
matching is least available. On overall ScreenSpot-

Pro accuracy, Trace2Ground 7B (36.3) is competi-
tive with UI-TARS 72B (38.1) despite using over
an order of magnitude less training data.

Performance on Trace2Ground. Tab. 4 eval-
uates six off-the-shelf Ul grounders, a general-
purpose VLM, the public-data SFT baseline
(Qwen2.5-VL*), and our Trace2Ground-trained
models on the three regimes. Models that perform
strongly on ScreenSpot fall short when goals are
indirect, candidates share identical text, or targets
are specified relationally. The within-PragmaMind
asymmetry is especially telling. UI-TARS-7B
reaches 76.0% on PM-Type but 23.0% on PM-
Click, mirroring the text-overlap difference be-
tween the two splits (4.1% vs. 58.5% of instruc-
tions contain the target text verbatim). While
the public-data SFT baseline (Qwen2.5-VL*) im-
proves over the base VLM, it still underperforms
substantially across all four splits. Fine-tuning with
Trace2Ground closes the gap uniformly, with con-
sistent gains at both 3B and 7B scale and the largest
improvements on the regimes where baselines were
weakest.

Per-regime contributions under matched data
budget. Tab. 5 analyzes the contribution of each
regime under a controlled-scale setting: all config-
urations use the same total number of training sam-
ples, and when a Trace2Ground regime is excluded
it is replaced with an equal number of examples
from the public UI grounding mixture (Mind2Web,
WebLINX, OS-Atlas, RICO). This isolates the na-
ture of the supervision from data scale. Each indi-
vidual regime improves over the public-data base-
line (Qwen2.5-VL* 7B, 26.8% Total), with Re-
lateLoc the strongest single regime on text-based
grounding (47.3% Text avg) and ContextTwin the
strongest on icon-based grounding (18.6% Icon
avg). Combining all three yields the best overall
performance (36.3% Total, +9.5 over Base), with
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Table 7: Generalization of Trace2Ground to a Phi-3 (Abdin et al., 2024) backbone on PragmaMind, ContextTwin,
and RelateLoc. Step SR and operation-level F1 are reported in %. Phi-3* denotes the base model before training on
Trace2Ground. Bottom: Phi-3 backbone performance across six desktop UI domains on Trace2Ground. We report
success rate (%) for text and icon referring expressions in each domain.

PragmaMind (Iclick) PragmaMind (type-in)  ContextTwin RelateLoc

Model Step SR Op. F1 ~ Step SR Op. F1 Step SR Op. F1 Step SR Op. F1
Phi-3* 11.4 94.5 23.6 62.8 27.1 97.9 29.7 99.6
Trace2Ground Phi-3  77.7 100.0 73.2 93.5 70.5 99.9 66.7 99.9

CAD Creative Dev Office OS Scientific
Model Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon
Phi-3* 47 113 348 2.2 383 28 458 208 27.1 5.6 4167 8.2
Trace2Ground Phi-3 14.7 63 404 35 494 4.8 480 22.6 243 6.7 458 9.1

Table 8: Mixed-regime evaluation. 5,000 samples drawn
equally from PragmaMind-Click, ContextTwin, and Re-
lateLoc and randomly interleaved at test time.

Table 9: Phi-3 (Abdin et al., 2024) backbone results on
ScreenSpot, Visual Web Arena, and Mind2Web. We
report success rate (SR, %) for text- and icon-based
grounding on ScreenSpot and grounding accuracy on

Model Overall PM-Click CxtTwin ReLoc Visual Web Arena and Mind2Web evaluation subsets.
0OS-Atlas-7B 19.3 12.0 22.6 232 ScreenSpot VWA Mind2Web
Lop TP S DT T wew e
Trace2Grownd 7B 8LL 935 756 M1 LuoGowarns 800 670 %9 o6d

the largest gains on icon-based grounding where
surface text matching is least available. These re-
sults suggest that the three regimes provide comple-
mentary supervision: each specializes in a different
aspect of robust grounding, and their combination
transfers across diverse UI domains.

Robustness under mixed-regime evaluation.
Real-world GUI interaction does not announce
which regime an instruction belongs to. We con-
struct a mixed-regime test split of 5,000 examples
drawn equally from PragmaMind-Click, Context-
Twin, and RelateLoc and randomly interleaved
(Tab. 8). Trace2Ground-7B achieves 81.1% over-
all, closely matching its single-regime performance
and showing that the model handles each type of
instruction without an explicit regime label. Strong
baselines remain bounded by their weakest regime.
UI-TARS-7B reaches 46.8% and UGround-V1-7B
45.7%, both bottlenecked on PragmaMind-Click,
confirming that the three regimes test complemen-
tary capabilities that Trace2Ground supervision
teaches simultaneously.

Generalization to other backbones. To test
whether Trace2Ground supervision is tied to a spe-
cific LVLM family, we instantiate it on Phi-3 (Ab-
din et al., 2024). Training with Trace2Ground

transforms Phi-3* into a strong grounder: Step
SR jumps from 11.4-29.7% to 66.7-77.7% across
the four regimes (Tab. 7), mirroring the Qwen2.5-
VL pattern. Trace2Ground-Phi-3 also transfers
beyond the regimes, with 5-10 point gains on
ScreenSpot-Pro text-based grounding and consis-
tent boosts on icon-based grounding, plus sub-
stantial improvements on Visual Web Arena and
Mind2Web (Tab. 9). The two-backbone result
shows Trace2Ground supervision transfers across
LVLM families.

Per-Category Error Analysis. To understand
where Trace2Ground supervision helps most, we
compare a public-data SFT baseline (Qwen2.5-
VL*) against the same backbone fine-tuned with
Trace2Ground on top of the public mixture. On
ScreenSpot web-text, Trace2Ground improves
overall accuracy from 83.0 to 87.8 (by +4.8 points).
We further partition the test set by query type to
identify which capabilities drive this gain.

The per-category breakdown reveals three pat-
terns. First, queries where the target’s visible text is
absent from the instruction improve by +5.1 points,
consistent with Trace2Ground’s PragmaMind train-
ing. Second, small-element grounding (targets oc-
cupying less than 1% of screen area) improves by
+9.1 points, the largest single category gain, reflect-
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Table 10: Failure analysis of Trace2Ground-7B on
the Trace2Ground test set. Categories are mutually
exclusive, assigned in order of priority (Near miss —
Tiny element — Type-in localization — Text matching
— Intent understanding).

Failure category % of failures

Near miss 41.5
Tiny element 39.3
Type-in localization 10.0
Text matching 1.9
Intent understanding 1.8

ing that Trace2Ground targets are predominantly
small (App. C). Third, queries containing spatial or
positional cues (“below”, “left of”, “next to”) im-
prove by +4.0 points, consistent with RelateLoc su-
pervision. These category-level gains indicate that
improvements stem from the specific capabilities
Trace2Ground targets, not from generic accuracy
improvements.

6 Failure Analysis

We analyze where Trace2Ground-7B still makes
errors on the Trace2Ground test set. The model
achieves 91.7% overall accuracy. We manually cat-
egorize the remaining failures into five categories
based on the predicted bounding box, the target
bounding box, and the instruction (Tab. 10).

Categories. We define five failure categories:

* Near miss. Predicted center falls outside the
target box but within 2 the target’s bounding
box. The model has localized to the correct
region but missed the exact element.

* Tiny element. Target occupies less than 0.5%
of the screen area. Many of these targets are
also near-misses, but we assign them to this
category first to surface the size dependence.

* Type-in localization. Misidentified input
field on PragmaMind-Type, typically select-
ing a neighboring field within the same form.

* Text matching. Predicted element shares no
textual relation to the target despite the in-
struction containing the target’s visible text
(relevant primarily for ContextTwin and Re-
lateLoc).

* Intent understanding. Predicted element is
unrelated to the user’s goal, indicating the
model did not correctly interpret the scenario
or relational description.

Interpretation. Two observations stand out.
First, roughly 81% of failures (near miss + tiny
element) are perceptual rather than semantic: the
model identifies the right region of the screen but
misses the exact element, typically on small tar-
gets. This aligns with the target size distribution in
Fig. 10, where Trace2Ground targets cluster well
below 0.5% of screen area. Second, only 3.7% of
failures (text matching + intent understanding) are
semantic, suggesting that scenario, disambiguation,
and relational understanding are largely solved at
this scale. The remaining headroom lies in higher-
resolution visual perception rather than additional
instruction-level supervision.

7 Conclusion

We introduced Trace2Ground, a large-scale web
GUI grounding dataset and benchmark targeting
three common interaction patterns: scenario-driven
goals (PragmaMind), identical-text disambigua-
tion (ContextTwin), and relational localization (Re-
lateLLoc). Trace2Ground is constructed automat-
ically from web pages by parsing HTML/DOM
for candidate elements and challenging configu-
rations, and using LLMs to synthesize instruc-
tions with multi-view visual checks and leakage
filtering. Strong specialist GUI grounders that ex-
ceed 90% on ScreenSpot drop to 23-61% on the
three regimes. Standard supervised fine-tuning on
Trace2Ground closes this gap and transfers to out-
of-distribution benchmarks, including a 9.8% aver-
age improvement on the non-web ScreenSpot-Pro.
The same supervision generalizes across Qwen2.5-
VL and Phi-3 backbones, indicating that targeted,
web-only data can teach grounding capabilities that
transfer broadly.

Limitations

Trace2Ground is built exclusively from web pages,
which introduces a domain gap relative to na-
tive mobile and desktop interfaces. Mobile Uls
in particular present distinct interaction patterns
(swipe targets, bottom navigation bars) and sparser
DOM structures that web-derived supervision does
not fully cover. Extending Trace2Ground to mo-
bile and desktop domains, leveraging accessibil-
ity trees from Android or Windows alongside our
HTML/DOM pipeline, is a natural direction for
future work. A second direction is moving beyond
supervised fine-tuning: reinforcement learning on
Trace2Ground could provide an alternative training
signal for the same three regimes.
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In this appendix, we provide reasons for choos-
ing the web domain in Sec. A, additional data cu-
ration details in Sec. B, dataset statistical analysis
in Sec. C, SFT details in Sec. D, operation F1 re-
sults in Sec. E, data examples in Sec. F, qualitative
examples in Sec. G, and broader impact in Sec. H.

A On the Choice of Web Domain

Trace2Ground is built exclusively from web pages.
This section explains why web pages are particu-
larly well-suited to constructing the three regimes
at scale, and why the choice does not limit the
generality of the learned grounding skills.

A.1 Web Pages Enable Easy Curation

Each Trace2Ground regime depends on structural
properties that are abundant and well-defined in
web pages.

PragmaMind. Scenario-driven grounding re-
quires pages with rich semantic context—enough
situational information for a human to infer the
correct action without seeing any UI label. Web
pages provide this naturally: product descriptions,
form workflows, and editorial content supply the
surrounding context that makes scenario-driven in-
structions interpretable. The HTML/DOM tree fur-
ther exposes element roles, enabling reliable candi-
date extraction and action-type supervision without
manual annotation.

ContextTwin. Identical-text disambiguation re-
quires interfaces with naturally occurring repeated
labels. Web pages exhibit this pattern at high fre-
quency: product grids repeat “Add to Cart”, naviga-
tion headers repeat “Edit” or “View”, and comment
threads repeat “Reply” or “Like” across dozens
of instances per page. Desktop applications and
mobile apps tend to avoid label repetition within a
single screen by design, making large-scale Con-
textTwin construction from those domains substan-
tially harder. Our DOM-based grouping is directly

enabled by the structured, machine-readable nature
of HTML.

RelateLoc. Relational localization requires
ground-truth knowledge of spatial and structural
relationships between elements. The HTML/DOM
tree provides exactly this, allowing us to identify
anchor neighborhoods and verify that a generated
relational description uniquely identifies the target
among distractors. This is substantially harder
with the shallower accessibility trees typical of
mobile or desktop environments.

A.2 OOD Transfer Validates Generalization

A natural concern is whether web-only training lim-
its generalization to other platforms. Our results
address this directly. Fine-tuning on Trace2Ground
improves performance on ScreenSpot-Pro across
all six non-web desktop domains (CAD, Creative,
Deyv, Office, OS, Scientific), with an average gain
of +9.8 points over the base model (Tab. 2). This
transfer occurs despite no desktop examples in
Trace2Ground, suggesting that the supervision
teaches generalizable grounding skills—handling
scenarios, disambiguating identical-text candidates,
and interpreting relational descriptions—rather
than web-specific surface patterns.

B Data Curation Details

B.1 Human Verification

To validate dataset quality beyond automatic filter-
ing, three expert annotators independently audited
a stratified random sample of 100 test instances
from each benchmark split. For every instance, an-
notators verified (i) instruction accuracy and (ii)
bounding-box correctness. Using majority vote,
we obtain 96% overall accuracy on PragmaMind
(per-rater: 95%/96%/96%), 90% on RelateLoc (per-
rater: 90%/90%/89%), and 86% on ContextTwin
(per-rater: 85%/85%/88%). Remaining errors stem
primarily from occasional visual misrecognition
during data generation and residual ambiguity in
the synthesized instructions.

B.2 Prompts

Figures 4-7 show the LLM prompts used to synthe-
size instructions for the three regimes. For Prag-
maMind, we provide two views of the same web-
page: an original screenshot and a second screen-
shot where the target action region is highlighted
with a magenta box. The model is asked to (i) de-
scribe the page and the action region, and (ii) invent
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three realistic user scenarios that would naturally
lead to exactly that action, while avoiding explicit
mentions of UI elements or clicks. For the type-in
variant, we additionally require each scenario to
include the precise text to be typed. Outputs are
constrained to a fixed JSON schema with fields for
page/action descriptions and three instructions.

For RelateL.oc and ContextTwin, we adopt a
two-target setting: the input includes (i) a full-page
screenshot with two non-overlapping boxes (ma-
genta target, cyan competitor) and (ii) a zoomed
crop revealing the boxed contents. The model first
summarizes each box’s content and location, then
writes an imperative instruction to localize the ma-
genta region despite the cyan competitor. The fi-
nal instruction must be less explicit than the orig-
inal action description and must not reference the
boxes directly, requiring compositional reasoning
over content and layout. ContextTwin further en-
courages navigation-based localization (e.g., “after
loading the page...”) instead of direct positional
cues.

For the built-in judge step, the model receives
two screenshots paired with a candidate instruc-
tion and evaluates three rejection criteria in pri-
ority order: whether the instruction expresses a
clear, actionable goal; whether it leaks internal el-
ement identifiers invisible to a typical user; and
whether it identifies its target solely through style-
specific icon descriptions unlikely to generalize
across themes. A fundamentally unactionable in-
struction is rejected immediately without evaluat-
ing the remaining checks. The model reasons step
by step before committing to a verdict, and outputs
are constrained to a JSON schema with four fields:
a binary verdict, the triggered criterion (or null
on acceptance), a confidence score, and a concise
reason of at most 30 words.

C Dataset Statistics

This section provides additional statistics charac-
terizing Trace2Ground splits and comparing them
with existing GUI grounding datasets.

C.1 Instruction Properties

Instruction length. Fig. 8 shows the distribution
of instruction lengths (in words) across datasets.
Trace2Ground splits cluster substantially to the
right of existing benchmarks: PragmaMind-Click,
ContextTwin, and PragmaMind-Type peak between
30—40 words, RelateLoc around 20 words, while

PragmaMind Intent Generation (“Iclick™)

We provide two screenshots for you to observe an action performed on a webpage.

The first screenshot shows the original webpage. The second screenshot shows the action performed on the region inside the
magenta bounding box.

We consider the action as one of the steps to complete a task

1. Describe the webpage screenshot.

2. Describe the task that this magenta-boxed action accomplishes.

3. The action is {action_description}

4. Invent 3 realistic user scenarios—based on everything visible in the screenshots—that would lead someone to take exactly
that action.

5. Prioritize the preciseness while trying to avoid any mention of specific Ul elements or clicks.

Please think through this step by step, and at the end provide your answer as a JSON object with these five fields:

“screenshot_description”: ... description of the webpage. ",
“action_description": "....description of what's inside the magenta box...",
“intent1": "...scenario without naming elements or actions...",

i : another user scenario in the same style...",

: ... third distinct scenario..."

}

\

PragmaMind Intent Generation (“type in”)

We provide two screenshots for you to observe an action performed on a webpage

“The first screenshot shows the original webpage. The second screenshot shows the action performed on the region inside the
magenta bounding box

We consider the action as one of the steps to complete a task.

1. Describe the webpage screenshot

2. Describe the task that this magenta-boxed action accomplishes.

3. The action s {action_description}

4. Invent 3 realistic user scenarios—based on everything visible in the screenshots—that would lead someone to take exactly
that action.

5. Then write three different scenario descriptions, each one providing precise type in strings to replicate the exact same
action

Please think through this step by step, and at the end provide your answer as a JSON object with these five fields:

"screenshot_description™: "...description of the webpage...",
“action_description”: “....description of what's inside the magenta box...",
“intent1": ".._scenario with the type in string...",

“intent2": *...another user scenario in the same style...",

“intent3": ...a third distinct scenario..."

N

Figure 4: Prompt for Pragmamind Intent Generation.

ScreenSpot variants concentrate below 5 words and
Mind2Web around 10. The longer instructions re-
flect the scenario-driven, context-conditioned, and
relational descriptions our splits require.

Token overlap with target text. Fig. 9 shows
the distribution of token-overlap scores between
each instruction and its target element’s visible
text, computed per sample. PragmaMind-Click
and PragmaMind-Type are heavily skewed toward
zero, confirming that leakage filtering suppresses
verbatim matches. ContextTwin and RelateLoc
show a bimodal pattern with mass near both 0 and
1: the target text often appears in the instruction
(by design, since disambiguation and relational lo-
calization may reference it), but is rarely the only
signal. ScreenSpot variants, by contrast, exhibit a
strong peak at 1.0, indicating that the target text is
reproduced almost verbatim in most instructions.

Instruction diversity. Tab. 11 reports vocabu-
lary size, unique-instruction fraction, self-BLEU,
and average length across datasets. Trace2Ground
splits achieve substantially larger vocabularies
(10,649-10,824) than ScreenSpot-v2 (938) and
Mind2Web (3,438). Self-BLEU is moderate, re-
flecting templated scaffolding from the LLM syn-
thesis (e.g., recurring phrases like “A user wants
to...”), while lexical content varies substantially
across samples.
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You are provided with two images for analysis:

- Image 1: A screenshot of a webpage containing two non-overlapping bounding boxes—-one magenta and one
cyan . This image provides spatial and contextual information to help you locate each box's content within the full
webpage layout.

- Image 2: A cropped and zoomed-in view of the area around the magenta and cyan bounding boxes. This image
allows you to clearly see the visual and textual content fully enclosed within each box.

Note: The magenta and cyan bounding boxes are visual annotations only and are not part of the original webpage
content.

RelateLoc Intent Generation (Part 2-1: Task Requirement)

Please examine both images carefully and complete the following tasks:

1. Content Description:

Using Image 2, describe the content fully enclosed within each bounding box (magenta and cyan). Your
descriptions must be:

- Clear and concise

- Strictly limited to the content within the boundaries of each box

2. Location Description:
Using Image 1, describe the position of each box's content within the full webpage layout. Include just enough
spatial or contextual information so that each box can be located.

3. Magenta Box Localization:
The action is {action_description}. We would like to localize the magenta box for this action, even in the
presence of interference from the cyan box.

RelateLoc Intent Generation (Part 2-2: Task Requirement)

4. User Action Description:

For the recommended box from Task 3, provide an imperative-style user action that includes just enough
information for a human user to perform it. The action must:

- Use the content description from Task 1 and the location description from Task 2, if needed

- If two boxes are adjacent, include distinguishing element attributes

- If two boxes are far apart, mention differences in their global position on the webpage (based on Image 1)
- If there are other similar elements besides the magenta and cyan boxes, consider spatial differences

- Be more i than the clear iption "{action_ iption}", requiring some reasoning ability to
correctly localize the magenta box

- Avoid referencing the boxes or annotations directly, to make the task more challenging

RelateLoc Intent Generation (Part 3: Output)

Return your response in the following JSON format:

{

"cyan_box_content": "Description of the content fully enclosed within the cyan box",
"magenta_box_content_location": "Location of the magenta box content within the full webpage",
"cyan_box_content_location™: "Location of the cyan box content within the full webpage",
"action_description™: "Imperative-style instruction for localizing the magenta box"

}

Figure 5: Prompt for RelateLoc Intent Generation.

Table 11: Instruction diversity statistics. Vocabulary
is unique word count; Unique% is the fraction of in-
structions that are unique strings; Self-BLEU measures
n-gram similarity across instructions (lower = more di-
verse); Avg. Len. is in words.

Dataset N Vocab Unique % Self-BLEU | Avg Len
PragmaMind-Click (ours) 24,186 10,649  31.5 0.402 11.9
PragmaMind-Type (ours) 16,558 10,824  59.1 0.430 9.5

Mind2Web
ScreenSpot-v2

1,009 3,438  100.0 0.071 14.7
1,542 938 47.7 0.156 42

C.2 Target Properties

Target size. Fig. 10 shows target element sizes
as a fraction of screen area. Trace2Ground targets
are substantially smaller than those in ScreenSpot
variants. Median target area is below 0.5% of the
screen across all four splits, compared with ~1.5%
for ScreenSpot-Desktop and Mobile. Small-target
grounding is the dominant remaining failure mode
in our trained models (§6).

Spatial distribution of targets. Fig. 11 shows
2D heatmaps of target element centers across
datasets. Trace2Ground splits cover most of the
screen, with concentrations reflecting common web
layouts. PragmaMind-Type peaks near form-field

ContextTwin Intent Generation (Part 1: Input)

You are provided with two images for analysis:

- Image 1: A screenshot of a webpage containing two non-overlapping bounding boxes—-one magenta and one
cyan . This image provides spatial and contextual information to help you locate each box’s content within the full
webpage layout.

- Image 2: A cropped and zoomed-in view of the area around the magenta and cyan bounding boxes. This image
allows you to clearly see the visual and textual content fully enclosed within each box.

Note: The magenta and cyan bounding boxes are visual annotations only and are not part of the original webpage
content.

ContextTwin Intent Generation (Part 2-1: Task Requirement)

Please examine both images carefully and complete the following tasks:

1. Content Description:

Using Image 2, describe the content fully enclosed within each bounding box (magenta and cyan). Your
descriptions must be:

- Clear and concise

- Strictly limited to the content within the boundaries of each box

2. Location Description:
Using Image 1, describe the position of each box's content within the full webpage layout. Include just enough
spatial or contextual information so that each box can be located.

3. Magenta Box Localization:
The action is {action_description}. We would like to localize the magenta box for this action, even in the
presence of interference from the cyan box.

ContextTwin Intent Generation (Part 2-2: Task Requirement)

4. User Action Description:

For the recommended box from Task 3, provide a user action that includes just enough information for a human
user to perform it. The action must:

- Use the content description from Task 1 and the location description from Task 2, if needed

- If two boxes are adjacent, include distinguishing element attributes

- If two boxes are far apart, mention differences in their global position on the webpage (based on Image 1)

- If there are other similar elements besides the magenta and cyan boxes, consider spatial differences

- Be more ambiguous than the clear description "{action_description}", requiring some reasoning ability to
correctly localize the magenta box

- If possible, create a web navigation history instead of using direct positional information. For example, use
phrases like ‘after loading the webpage' to refer to the top bar, or ‘after navigating through the webpage' for the
bottom bar. Try to rely on normal webpage navigation rather than specifying exact positions. We prefer this
narrative approach, but feel free to use the imperative style to ensure accuracy.

- Avoid referencing the boxes or annotations directly, to make the task more challenging

ContextTwin Intent Generation (Part 3: Output)

Return your response in the following JSON format:

{
“magenta_box_content": "Description of the content fully enclosed within the magenta box",
“cyan_box_content": “Description of the content fully enclosed within the cyan box",
“magenta_box_content_location": “Location of the magenta box content within the full webpage”,
“cyan_box_content_location™: “Location of the cyan box content within the full webpage"”,
“action_description™: "Imperative-style instruction for localizing the magenta box"

}

Figure 6: Prompt for ContextTwin Intent Generation.

regions; ContextTwin shows clusters consistent
with repeated-label patterns in navigation bars and
product grids.

C.3 Action and Distractor Structure

Action type composition. Trace2Ground splits
are defined around a single action type by construc-
tion (Tab. 12). PragmaMind covers both 1click
and type-in actions across two splits; Context-
Twin and RelateLoc focus on 1click disambigua-
tion and relational localization.

Table 12: Action type composition by dataset.

Dataset Action types

PragmaMind-Click 1click (100%)

PragmaMind-Type type-in (100%)

ContextTwin lclick (100%)

RelateLoc 1click (100%)

Mind2Web lclick (81%), type-in (14%), select/hover/other (5%)
ScreenSpot lclick (100%)

Distractor structure in ContextTwin and Relate-
Loc. Fig. 12 shows the distribution of related
bounding boxes (distractors and anchors) per sam-
ple. Most samples in both regimes contain 1-3

1457



Built-in Judging Step (Part 1

The first screenshot shows the original webpage. The second screenshot shows the action performed on the region inside the
magenta bounding box. Evaluate whether the instruction should be ACCEPTED or REJECTED based on the three criteria
below. Assess them in priority order.

1. Does the instruction express a clear, self-contained, actionable goal that a user could execute using only what is visible in
the screenshot?

2. Does the instruction leak the target element's exact string — such as an internal id, class name, or aria attribute — in a way
that would only work for this specific page instance?

3. Does the instruction identify its target solely by a styl
break if the icon set or theme changed?

pecific icon iption (e.g. color, fine-grained shape) that would

For each criterion, consider carefully:

Criterion 1: unclear or non-actionable goal (highest priority). Reject if the goal is vague or underspecified (e.g. "interact with

the element”), requires knowledge not visible in the screenshot, describes a state rather than an action, or is a fragment

rather than an imperative instruction.

Criterion 2: target element string leakage. Reject if the instruction reproduces a verbatim internal identifier invisible to a

typical user (e.g. DOM ids, CSS classes, XPath fragments), and removing

it would make the instruction inexecutable. Do NOT reject for natural references to visible labels a real user would read (e.g.

"Click the Submit button” when "Submit" is the button label).

Criterion 3: non-generalizable icon description. Reject if the target is identified solely by color or fine-grained icon shape with

no positional or semantic fallback. Do NOT reject for stable universal icon semantics (e.g. “the search icon", “the trash icon")

| or descriptions paired with positional context. )
= /

Built-in Judging Step ~
Please think through this step by step, and at the end provide your answer as a JSON object with these four fields:
{
“verdict": "ACCEPT" or "REJECT",
“triggered_criterion": null, "C1", "C2", or "C3",
"confidence": float from O to 1,
“reason”: "one sentence, < 30 words, specific to this sample"
}
Rules:
- If multiple criteria are violated, report only the highest-priority one.
- "triggered_criterion” must be null if and only if verdict is "ACCEPT".
- Assign confidence 0 and verdict "REJECT" when the sample cannot be evaluated.
J
Figure 7: Prompt for built-in judge step.
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Figure 8: Instruction length distribution across
datasets. Trace2Ground splits use substantially longer
instructions than prior benchmarks, reflecting scenario-
driven and relational descriptions.

designated distractors or anchors, with a long tail
extending to 10+ elements for challenging layouts.
The presence of at least one structured distractor
per sample is enforced by construction and vali-
dated during the LLM filtering step (§3.2, §3.3).

D Supervised Fine-Tuning Details
We fine-tune the GUI grounding model ¢ (a VLM)

with a standard next-token prediction objective us-
ing image, instruction text, action type, and bound-
ing box supervision. Each training example pro-
vides

T = (J:imgv Q)a Yy = (CL, b*)a

where i, is the screenshot, g is the user-facing
instruction, a is a discrete action type, and b* €
[0, 1]* is the normalized target bounding box.

N
We provide 2 screenshots of a webpage and a candidate instruction describing an action a user should perform on that page. |
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Figure 9: Token-overlap distribution between in-
struction and target visible text, per dataset.
Trace2Ground splits show low or bimodal overlap; ex-
isting benchmarks concentrate at high overlap.
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Figure 10: Target element size as a fraction of screen
area. Trace2Ground targets are substantially smaller
than those in ScreenSpot variants.

Target serialization. We serialize the target as a
short textual record so ¢ can be trained purely with
autoregressive language modeling. For an image
of size (W, H), we emit

(act)a  (box) ;W] [byH] by, W] [bH],

i.e., integer pixel coordinates (z,y, w, h) derived
from b*.

Objective. Let v = fyis(Zimg) be the visual fea-
tures and let s = (¢y,...,tr) be the tokenized
target string that linearizes (a, b*). We train ¢ with
standard autoregressive next-token prediction un-
der teacher forcing. Denoting by m; € {0,1} a
supervision mask that is 1 on target tokens and 0
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Spatial Distribution of Target Elements
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Figure 11: Spatial distribution of target element cen-
ters. Trace2Ground splits cover diverse screen regions
with concentrations reflecting common web layouts.
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Figure 12: Distribution of related bounding boxes
(distractors and anchors) per sample in ContextTwin
and RelateLoc. Most samples contain 1-3 designated
competitors; the long tail represents challenging multi-
distractor layouts.

on prompt tokens, the loss is
1 T
Lspr = ——7—— th log py(te[t<t; g, v).
t=1"" =1
(1

At inference, ¢ autoregressively generates a string
that is parsed into (a, b).

Hyperparameters. We use the AdamW opti-
mizer with learning rate 2 x 107>, weight decay
0.01, and train for 5 epochs. Training is conducted
on a single server node with 8x NVIDIA A100
GPUs.

E Operation F1 Evaluation

In addition to Step Success Rate, we report Oper-
ation F1 (Op. F1), which measures the accuracy

of predicted action types (1click, type-in, etc.)
independent of bounding-box localization. Let TP,
FP, and FN denote true positives, false positives,
and false negatives aggregated over action types.
Op. F1 is the standard F1 score:

2. TP
2.-TP+FP+FN’

Op. F1 = 2)

Tab. 13 reports Step SR alongside Op. F1 for our
backbones on the three Trace2Ground regimes. Op.
F1 is near-saturated (>96%) for all Trace2Ground-
trained models across regimes, indicating that
action-type prediction is not the limiting factor for
grounding performance. The main paper therefore
reports Step SR as the primary metric and surfaces
Op. F1 only here for completeness.

F Qualitative Examples on Trace2Ground

Figures 13—16 present representative predictions
from Trace2Ground across all three reasoning
splits. For PragmaMind (Iclick and type in), the
examples illustrate that successful grounding often
requires combining the user-driven scenario intent.
For RelateLoc, we highlight cases with strong dis-
tractors where correct localization depends on rela-
tional reasoning (e.g., selecting the target element
relative to nearby panels or matched content). Con-
textTwin showcases the most ambiguous settings,
where multiple regions share similar surface appear-
ance and the model must resolve the target through
subtle contextual or narrative cues. Overall, the
qualitative results align with our quantitative find-
ings: Trace2Ground predictions (orange) closely
match ground-truth regions (blue) in most cases,
indicating improved reasoning capabilities.

G Qualitative examples on
ScreenSpot-Pro

Models trained on Trace2Ground shows remark-
able capabilities on out-of-distribution benchmarks.
Even though the model is trained on web data,
it shows adaptation on ScreenSpot-Pro (Li et al.,
2025b) Cad in Figure 17, Creative in Figure 18,
Dev in Figure 19, Office in Figure 20, OS in Fig-
ure 21, and Scientific in Figure 22.

H Broader Impact

More reliable GUI grounding has potential benefits
in accessibility, assistive automation, and software
testing, where errors on small or context-dependent
Ul elements directly affect end users. As with any
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Table 13: Full Step SR and Operation F1 results on Trace2Ground diagnostic regimes (%). Qwen2.5-VL*
denotes the public-data SFT baseline.

PragmaMind-Click PragmaMind-Type ContextTwin RelateLoc
Model Step SR Op.F1 StepSR Op.F1 StepSR Op.F1 Step SR Op. F1

Qwen2.5-VL* 3B 46.39 99.18 14.15 41.81 35.96 99.91 39.92 99.96
Trace2Ground 3B 94.29 99.98 90.54 96.95 76.61 99.97 72.78 99.98

Qwen2.5-VL* 7B 48.39 99.71 30.96 54.32 45.34 99.92 45.42 99.98
Trace2Ground 7B 94.17 99.98 93.42 98.16 7715 99.97 74.40  100.00

automation technology, however, improved ground-
ing can also be misused, for example to automate
scraping, account creation, or other unauthorized
interactions at scale. We recommend that practi-
tioners deploying models trained on Trace2Ground
implement appropriate safety checks, user consent
mechanisms, and monitoring, and that they con-
sider accessibility goals when designing systems
that rely on automated UI interaction.
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PragmaMind “Iclick”
Intent: A regular reader of the PerezBox blog who frequently
engages with posts about security and business topics wants to
streamline their fu ommenting experience by saving their Intent: A customer wants to check if the headlight comes in
personal details. different color options besides the blue trim that's shown in

PragmaMind “Iclick”

PEREZBOX S S—— the product images before making their purchase decision.

Overshooting

Dual.5 Headlight for
Husqvarna TE 150-300 2016~
2018 Carburetor

8463.00

Leave a Comment
Article Categories

DNS Fitering,
Coatent Filtering

[~ =]
T —

m Trun Tochmien Speifivations
PragmaMind “Iclick”

PragmaMind “Iclick”

Intent: A researcher wants to change how the water qualit : o I . o
W ge now water quality to only view positions in a specific field like underwriting or
IT, as they have expertise in that particular area.

Intent: A job seeker wants to narrow down their search results

datasets are sorted because they're looking for the most
recently added models rathe the most relevant ones to get the
latest research on phosphorus pollution mitigation. =

Error: The requested job could not be found.

ARI S o
aN

#  Groups  Water - Quality

Water - Quality

1 dataset found Ondec by | BT

@D ©

A model for cost-effactivaness analysis of feld scale sedimant-bound
phospho.

Figure 13: Qualitative examples on PragmaMind ’Iclick’ split. Blue denotes groundtruth and orange denotes the
prediction.
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PragmaMind “type in”

PragmaMind “type in”
Intent: I'm reading this blog about Holocaust denial quotes
and remembered a famous quote about responsibility | once
read. I'll search for ‘famous quotes' to see if this site has a
collection of other thought-provoking sayings on similar
themes.

Intent: I'm a collector looking for classic team-up issues
between Spider-Man and Daredevil, so I'll search 'Solder-Man
Daredevil team up' to find all available issues in the store’s
inventory.

Phrases sayings

Marvel Team-Up :mmn ey 10
(1972) #073 )

[ovonstancs ]

NEW
THIS
WEEK
There were many ways of not burdening on.. T
Description [ovommernrioe |

g o ' g o Whnge Mt { s

PragmaMind “type in”

Intent: John is facing assault charges in Kaufman County and
wants to contact Guest Gray Law Firm for legal
representation, so he begins filling out the contact form with
his first name.

PragmaMind “type in”
Intent: John wants to stay informed about Connecticut House
Republicans' positions on the gas-powered vehicle ban
mentioned in the banner, so he partially fills out the newsletter
form with his first name 'John' and email address
‘john.smith@email.com', planning to submit the minimal
required information.

DALLAS CRIMINAL DEFENSE LAWYER BLOG

E GUEST GRAY CALL TODAY 564 4644

Articles Posted in 22.01 Assault

(972) 364-4644
—John

Sign Up For Our
Newsletter!

| Lol
—t o] i
johosmitb@omailcom | | |
| Submit

] Jin] J OIS

CAUCUS NEWSROOM

Figure 14: Qualitative examples on PragmaMind ’type in’ split. Blue denotes groundtruth and orange denotes the
prediction.
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RelateLoc

Intent: Click on the author name and date that appears below
the Q&A article about Agile Leadership in the right column, RelateLoc
above the Scrum Alliance trademark article.

Intent: Click on the first text link in the navigation path at the

> top of the webpage.
MMEEARBYLL
Snowflake Announces General Availability of Scrum Alliance Withdraws Trademark Filing for

their Cloud Data Warehouse Offering *Scrum User Group® e

Day Trading Hardware, Software and Tools

1BM to Open Source 50 Projects QA with Jeff Sutherland on Agile Leadership

-3
Reaction to the Scrum Alliance Trademark Kubernetes v1 Released, and Cloud Native
Application for Scrum User Group Computing Foundation Formed ]

RelateLoc
RelateL.oc Intent: Click the comment link in the metadata section of the
) o ) o vivekananda article, which appears in the middle section of
Intent: Click on the text link in the main navigation bar at the the page

top of the page, located between ‘Awards' and 'About us'

IPHONE PHOTO AWARDS Photographe oyl About

Soundar
Rajan o
R The Faith in Apocalypse

Years ago, YouTube gave birth to a baby
named viog. As YouTube grow and
expands, so does its population of

vioggers,

| am the newest baby of you tube
vlogger community & | am from India
and my reason of starting “shot by
Soundar” was my son

Figure 15: Qualitative examples on RelateLoc split. Blue denotes groundtruth and orange denotes the prediction.
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ContextTwin
Intent: After the webpage loads, look for the navigation menu
at the very top of the page with various options. Find the
menu item that refers to reading materials or publications,
located between 'KEYNOTES' and 'CLIENTS' near the right

ContextTwin

Intent: Look for the list of categories on the right side of the
webpage, scroll down past options like 'Beauty tips', '‘Blog’,
and locate the category link that represents a professional field
related to commerce and industry

side of the navigation bar.

PODCASTS

2021 - All Episodes

=
i Love on the Coast:
? =l Beachfront Weddings in
;::A!::;i;itnlmranv:.'m Manage by Cabo San Lucas e
- 000

How to Manage the Pain of the End
Understanding Project Closure

o n

' ; |

Intent: scroll down to the August 29, 2023 blog post titled 'He
is the only man that transforms me on', then look at the
category tags at the bottom of this post. Click on the middle
tag between 'dating,’ and 'relationship'. Intent: Atter reading the blog post about shoes and Manolos,

find the author's signature at the end of the post content and
click on the blue with the author's name before the timestamp
Do you intend to play with me? that shows when the post was published

Staying in Seattle

ow addition to our family, This blog i mostly to update our friends

mmmm...Manolos.

P 3 )
saying yes to all kind of crazy ideas of dating %
" dations at London i = \#‘

He is the only man that transforms me on §

it
> comhint

s reavs:

. =R n valerie @
L 2

Figure 16: Qualitative examples on ContextTwin split. Blue denotes groundtruth and orange denotes the prediction.
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Intent: Draw a rectangle.

Figure 17: Qualitative examples from ScreenSpot Pro Cad Icon and Text.
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Creative-lcon
Intent: Add a new cone object to decorate the monkey.

Creative-Text

Figure 18: Qualitative examples from ScreenSpot Pro Creative Icon and Text.
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Dev-lcon
Intent: Rename the bookmark name in android studio.

SOe= A w

EiRIRN IR R IR IR

F

IO Fn BESrEA0 ‘0Os000-8- 6k BY

Figure 19: Qualitative examples from ScreenSpot Pro Dev Icon and Text.
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Intent: Set to the design with black background.

) i \-7

1
5 2020 3 Total

Office-Text

Intent: Confirm turning off.

Figure 20: Qualitative examples from ScreenSpot Pro Office Icon and Text.
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OS-Icon
Intent: Change to list view.

OS-Text
Intent: Switch to treemap chart.

Figure 21: Qualitative examples from ScreenSpot Pro OS Icon and Text.
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Scientific-lcon
Intent: Choose symbol size.

#ao-pBen A % = -

Intent: Input maximum errors before halting. ’

Eo.pBCD A%

Figure 22: Qualitative examples from ScreenSpot Pro Scientific Icon and Text.
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