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Abstract

Graphical User Interface (GUI) grounding is
critical for effective GUI agents. Despite re-
cent progress, key challenges remain: 1) ex-
isting grounding models and benchmarks are
skewed toward web and mobile environments,
neglecting desktop interfaces (especially win-
dows); and 2) grounding capability is assessed
using accuracy on a single "best" instruction
per UI element. However, users can refer to
a UI element in diverse valid ways – via vi-
sual attributes, spatial relations, etc, and a ca-
pable grounding model should produce consis-
tent outputs across such variations. Focusing
on desktop environments, we introduce GUI
Grounding Sensitivity Benchmark, which
investigates the model sensitivity to multiple
descriptions of the same UI element. We de-
sign an automatic pipeline to generate multiple
valid instructions per UI element, and develop
nuanced data validation methods, as frontier
models even hallucinate to produce a single
instruction. Evaluation of 12 models reveals
they are reasonably sensitive and their perfor-
mance on existing benchmarks does not reflect
their true ability. Building on the insight that
a given grounding model struggles more with
certain instructions or relations, we introduce
the GUI Grounding Diagnosis Agent, which
generates challenging instructions using model
feedback and iterative refinement. Our agent
reports high success rate (upto 84%) in gener-
ating instructions that fail the state-of-the-art
GUI grounding models.

1 Introduction

Graphical User Interface (GUI) automa-
tion (Nguyen et al., 2024) is an emerging
application of Large Language Models (LLMs)
(Qwen et al., 2025; Grattafiori et al., 2024) and
Vision Language Models (VLMs) (Bai et al.,
2025; OpenAI, 2025a). Given a UI and a user
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instruction, the goal is to perform the appropriate
action(s) to fulfill the instruction. A key challenge
in this setting is GUI grounding—predicting
the exact coordinates or bounding box where
an action (e.g., click) should occur. This task is
particularly difficult because: (1) it demands high
precision, as small coordinate errors can trigger
incorrect interactions and lead to unrecoverable
states; and (2) the variability in UI layouts
and instructions across platforms (web, mobile,
desktop) exacerbates the problem. To tackle these
challenges, recent works generally train large-scale
GUI grounding models (Qin et al., 2025; Gou
et al., 2025; Wu et al., 2024), and develop diverse
grounding benchmarks (Cheng et al., 2024; Li
et al., 2025).

Despite this, prior work remains heavily skewed
toward web and mobile environments (Rawles
et al., 2025; Koh et al., 2024; Deng et al., 2023),
limiting the development and analysis of desk-
top agents. This imbalance largely stems from
the ready availability of HTML and XML, which
allows easy extraction of UI element–coordinate
pairs. In contrast, desktop environments like Win-
dows typically provide only UI screenshots, mak-
ing dataset creation dependent on manual annota-
tion or proprietary VLMs—both hard to scale and
prone to hallucinations. Consequently, desktop-
specific GUI grounding benchmarks and datasets
are scarce, with only a few recent works (Hui et al.,
2025; Bonatti et al., 2024; Xie et al., 2024) explic-
itly targeting this domain.

Beyond these limitations, a crucial yet often over-
looked aspect of GUI grounding research is under-
standing the model’s ability to handle diverse user
instructions. Most prior works use either short (e.g.,
"close button") (Cheng et al., 2024) or simplified in-
structions (e.g., "Click the Pictures icon") (Li et al.,
2025), which fail to capture the complexity of real-
world interactions. Although recent efforts (Liu
et al., 2025a; Nayak et al., 2025; Xie et al., 2025)
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Figure 1: GUI grounding models struggle when UI ele-
ments are described from different perspectives (Row
1). Existing evaluations overlook this phenomenon by
measuring accuracy on a single "best"/"common" ref-
erence (Row 2). Instead, we estimate the sensitivity
(or consistency) of model predictions across different
but valid references in our GUI Grounding Sensitivity
Benchmark.

incorporate more implicit expressions (e.g., "click
the left icon"), they do not assess whether mod-
els truly comprehend the multifaceted ways users
might describe an element. This is partly due to
their focus on generating a single "best" instruc-
tion per element, which often results in the most
common or obvious phrasing. In practice, a UI ele-
ment can be referenced in multiple valid ways—by
visual traits, relative position, or surrounding con-
text. As such, judging grounding models by their
ability to ground a UI element for a single refer-
ence yields an incomplete view. Instead, to assess
whether GUI grounding models genuinely grasp
element identification, we must ask: Are ground-
ing model predictions consistent across diverse
descriptions of the same UI element?
We focus on desktop environments – a challeng-
ing yet underrepresented setting – and propose the
first work to investigate the sensitivity of ground-
ing models to multiple ways of referring to the
same UI element. Since manually annotating mul-
tiple diverse instructions per UI element is imprac-
tical, we design an automatic pipeline for data
generation and validation. This pipeline produces
high-quality image-instruction sets, which are sub-
sequently human-verified to construct our bench-
mark: GUI Grounding Sensitivity Benchmark.

We evaluate 12 GUI grounding models and re-
port reasonable sensitivity in their predictions. Im-
portantly, we find that although many recent mod-
els Qwen-2.5 (Bai et al., 2025), Jedi (Xie et al.,

2025) outperform on popular GUI benchmarks they
lag behind earlier models like UGround-V1 (Gou
et al., 2025), OS-Atlas (Wu et al., 2024)) on our
proposed benchmark. The aforementioned varia-
tion in sensitivity across models suggests that for a
given GUI grounding model, certain instructions or
contextual relationships are more challenging than
others. This leads us to our next research question:
developing a diagnostic pipeline that automatically
generates diverse instructions, uses model feed-
back, and iteratively refines them to expose failure
cases of the model. We call this system – GUI
Grounding Diagnosis Agent. In summary:

• We propose the first framework for evaluating
the sensitivity of GUI grounding models to
diverse references of the same UI element.

• We focus on the underrepresented desktop
setting and propose an automatic data genera-
tion pipeline, followed by human verification,
to develop the GUI Grounding Sensitivity
Benchmark.

• We present a GUI Grounding Diagnosis
Agent to automatically extract failure cases
of grounding models.

2 Related Work

Desktop GUI Agents: Vision Language Model
(VLM) agents show strong potential in automating
GUIs using natural language user instructions (e.g.,
"install apps", "close settings") and environment
representations – text, images, or both (Koh et al.,
2024; Rawles et al., 2023, 2025; Zheng et al., 2024;
He et al., 2024; Deng et al., 2023; Jandial et al.,
2025). While HTML, XML, or other text inputs
are helpful, it is critical to improve GUI agents
for image-only settings without access to such
information (e.g desktop). Our work focuses on
visual GUI grounding for desktop agents, which
demands robust perception and GUI understanding.
Prior works (Gou et al., 2025; Cheng et al.,
2024; Qin et al., 2025) tackle this by collecting
large-scale image-position pair data, however their
focus is primarily mobile and web. UGround
(Gou et al., 2025) collects 1.3M web-only GUI
screenshot data, while GUICourse does 82K
samples spanning web and mobile interfaces.
OS-Atlas further curates 2.23M cross-platform
screenshots (web, mobile, desktop), though
their dataset remains web-heavy, with only 54K
desktop-specific samples. Other approaches like
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UI-Tars (Qin et al., 2025), combine closed-source
and open-source data; however, they still report
the desktop samples contribute the least to the
open-source split. Although a few works (Xie et al.,
2025; Hui et al., 2025; Xu et al., 2025) introduce
desktop-focused datasets covering common usage
scenarios, there is still a pressing need for broader
attention to this domain. Thus, steering our focus
towards the limitations and sensitivities of Desktop
Grounding models.
GUI Grounding Evaluation: While recent
models show improvements on existing bench-
marks (Cheng et al., 2024; Li et al., 2025), the
lack of rigorous desktop-specific testing in those
evaluations limits our ability to accurately gauge
their effectiveness in real desktop environments.
In addition, these evaluations face two challenges:
1) they either test short or straight-forward
explicit/implicit instructions that reflect the most
common ways to refer to elements(Cheng et al.,
2024; Li et al., 2025), 2) they only test the effect of
image variations on GUI grounding (Zhao et al.,
2025; Li et al., 2025; Zhang et al., 2025). Their
fundamental limitation is that none consider the
fact that there are often many ways to refer to a
single UI element within a GUI screenshot. More
precisely, for every GUI screenshot, a single UI
element has multiple unique identifiers – visual,
position, and so on. In other words, while GUI
grounding models understand a few instructions
(or common ways) to refer to a UI element, there
is no guarantee that it will understand other ways
to refer to the same element. Our analysis (Fig.
1) supports this observation, showing that current
models frequently fail to identify a UI element
when it is described from varied perspectives.
To address this, we present the first effort to
understand the sensitivity of grounding models
to diverse referring expressions for the same UI
element. Based on these insights, we introduce a
novel agentic diagnostic pipeline that automatically
uncovers instruction formulations where grounding
models fail, enabling robust evaluation.

3 GUI Grounding Sensitivity

3.1 Background and Motivation
Given an image I and a UI element e, we can
extract multiple visual and position identifiers:

ev = {v1, v2, v3, . . . , vn}
ep = {p1, p2, p3, . . . , pm} (1)

where ev is the set of visual identifiers vi and ep is
the set of position identifiers pi. We define a unique
identifier for e as any individual identifier (visual or
position) or combination of vi and pi that matches
only e—i.e., no other element can be described
using it. Consequently, multiple identifiers can
uniquely identify e:

e = { v1u, v2u, · · · , p1u, p2u, · · · ,
(vi, pk)

u, · · · , (vj , pk)u, · · · }
(2)

where vui and pui are individual unique identifiers,
while (vi, pk)

u denotes a combination unique iden-
tifier. Given that we aim to investigate the sensitiv-
ity of GUI grounding models against various ways
of referring to e, our goal is to develop a data gen-
eration pipeline that reliably produces K distinct
unique identifiers.

3.2 Data Generation

Image Selection: We select the desktop
screenshots (particularly windows) from
ScreenSpot (Cheng et al., 2024) and Omni-
Act (Kapoor et al., 2024), yielding 173 images.
Then, we filter out screenshots that were too easy
to understand. Particularly, we prompt VLM1 to
skip images with too few UI elements, a static,
or minimally interactive screen requiring no
meaningful GUI reasoning.
UI Element Extraction: For each image I , we
first extract the bounding box (bi) and OCR text
(ti) of all elements E using OmniParser (Lu et al.,
2024):

E = {ei}Ni=1 = (bi, ti)}Ni=1 = OmniParser(I)
(3)

To allow for sensitivity in model predictions, we
focus on UI elements that can be challenging to
ground. We employ some heuristics to guide this
selection - 1) visual similarity to other elements, 2)
positional ambiguity – grouped closely with similar
elements, overlapping, and 3) functional overlap
– elements appear to serve similar purposes. We
then ask VLM to sample relatively challenging UI
elements from E:

H = V LM(E) = {hi}Ni=1 (4)

where hi are the confusion risk scores for each
element. We then select the top-D elements ED ⊆
E with the highest scores.

1all our pipelines use GPT-4.1 as the VLM
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Further, it is also crucial that our pipeline generates
K accurate instructions for a UI element e within I .
However, selecting e based solely on confusion risk
scores can be unreliable, as VLMs often struggle
to ground elements that are small or poorly visi-
ble (see Fig 10). To address this, we incorporate
two cues: the element’s visibility score (vi), which
reflects how clearly it is visible on the screen (ob-
tained by prompting the VLM), and its bounding
box area (area(bi)). We select the target element e
from ED as the one maximizing vi × area(bi).

Before proceeding, we manually inspect a ran-
dom subset of images and observe that some-
times ED is problematic. Specifically, several
bounding boxes generated by OmniParser are in-
correct—either empty, containing partial or multi-
ple UI elements in a single box, or capturing non-
interactive regions (like plain text). We prompt the
VLM to filter out such cases, resulting in a set of
100 high-quality images.
Candidate Instruction Generation: Now, we ask
the VLM to generate a diverse set of referring in-
structions for every (e, I) pair by incorporating mul-
tiple visual and positional identifiers (Eqn. 1). Par-
ticularly for positional cues, the VLM is instructed
to describe e based on its immediate neighbors,
broader local context, or the section it belongs to.
While this approach yields many candidate instruc-
tions, we observe a notable number of hallucina-
tions, consistent with findings in (Gou et al., 2025).
Thus, unlike prior work, which assumes a single
instruction per element, our setting necessitates a
robust verification pipeline, described next.

3.3 Data Validation
Overall Correctness Verification: Our first val-
idation step is a simple check: we highlight the
element e using a bounding box and ask the VLM
to check whether the instruction correctly refers
to e. Particularly, the VLM is instructed to assess
whether: 1) the elements mentioned in the instruc-
tion are visible, 2) the described visual details are
accurate, and, 3) the stated semantic relationships
with surrounding elements are correct.
Position Correctness Verification: Manual in-
spection reveals that while the previous step filtered
some positional errors, it struggled with others.
This is partly because VLMs tend to overgeneralize
spatial terms like “next to” or “between,” or lack
precise interpretations for relations such as “left” or
“above”—none of which were explicitly enforced
earlier. To address this, we define strict spatial se-

mantics (e.g., “left” refers to horizontal left; “next”
means immediate adjacency). For instructions that
pass the earlier check, we now perform explicit po-
sition verification by guiding the VLM with clear
definitions of terms like “above,” “below,” “left of,”
and “right of,” and filter out any spatially imprecise
instructions.
Uniqueness Verification: In this step, we verify if
the remaining instructions uniquely refer to the UI
element e. That is, given an instruction i that refers
to the UI element e, we ask the VLM to find (or
count) if there exist other UI elements in image that
can reasonably/substantially match the instruction.

3.4 Data Transformation

After manual inspection, we found that most gener-
ated instructions were acceptable, with the excep-
tion of a small subset that failed to uniquely identify
e. Instructions containing visual cues (e.g., calen-
dar icon) or specific positional references (e.g., first
list item) were typically reliable, whereas those
relying solely on relative position (e.g., icon be-
tween list and sidebar) often lacked uniqueness
(see Fig 11) . Rather than repeatedly attempting to
fix such cases, we hypothesize that making such in-
structions more specific (by adding visual details)
is a more effective strategy for ensuring correct-
ness.
We begin by isolating the set of instructions that
refer to e purely through its relative position to
nearby elements. Next, we evaluate whether these
positional relationships are sufficient to uniquely
identify e. To do this, we crop the image around
e to include its local context—that is, neighboring
elements N (e) located within a distance threshold
dth:

N (e) =
{
j
∣∣ ∥cj − ce∥2 ≤ dth

}

Here, cj denotes the center of the element j. We
use N (e) to compute the local crop Ilocal:

Ilocal = I
[

min
j∈N (e)

x1,j , min
j∈N (e)

y1,j ,

max
j∈N (e)

x2,j , max
j∈N (e)

y2,j

] (5)

We then use Ilocal to prompt the VLM to assess
whether the instruction uniquely identifies e (sim-
ilar to Sec. 3.3). This yields a set of successful
and failing instructions (rsi , rfi ). We transform rfi
into rtr by augmenting it with visual identifiers
({v1, v2, v3, . . . , vn}), resulting in the final output
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instructions ro:

rtr =
{
(v1, r

f
1 ), (v2, r

f
2 ), . . . , (vn, r

f
n)

}

ro = {rs, rtr} (6)

Finally, we perform a manual review of the gen-
erated instructions, resulting in 1,712 validated in-
structions across all images — approximately 17
instructions per UI element. Refer to Fig 4 for
the visual illustration of the entire data generation
pipeline.

3.5 Evaluation Metrics

In this section, we describe our evaluation mea-
sures to assess the proposed sensitivity of ground-
ing models M .
Mean Distance (smean): Given image I , UI
element e, and K different perspective instruc-
tions ({rk}Kk=1), M predicts K output coordinates
{ck}Kk=1. We compute their centroid (ccentroid), and
then define the sensitivity to understand e as the
mean distance:

dmean =
1

K

K∑

k=1

|ck − ccentroid|
diag(b)

(7)

where diag(b) is the diagonal of the bounding box
b enclosing e. Finally, we average dmean across
input images (I ∈ I) to obtain smean:

smean =
1

|I|
∑

I∈I
dImean (8)

Worst Distance (sworst): We define the worst-case
sensitivity as the maximum distance of any pre-
dicted coordinate ck from ccentroid:

dworst = max
k

|ck − ccentroid|
diag(b)

(9)

Then, we average dworst across input images
(I ∈ I) to obtain sworst:

sworst =
1

|I|
∑

I∈I
dIworst (10)

Instruction Out-of-Box Rate (soob): This metric
measures the number of instructions where the out-
put coordinate c does not lie inside the bounding
box b containing e:

soob =
1∑

I∈I KI

∑

I∈I

KI∑

k=1

1{ck /∈ bk} (11)

3.6 Experiments

Models Used: We evaluate 12 models: OpenAI
Operator (OpenAI, 2025b), UI-Tars-1.5-7B (Qin
et al., 2025), UGround-V1-2B/7B (Gou et al.,
2025), OS-Atlas-7B (Wu et al., 2024), ShowUI-2B
(Lin et al., 2024), Jedi-3B/7B (Xie et al., 2025),
Qwen-2.5-VL-7B/32B (Bai et al., 2025), InfiGUI-
R1-3B (Liu et al., 2025b), UI-R1-E-3B (Lu et al.,
2025).
Performance on GUI Grounding Sensitivity
Benchmark: We report our results in Table 1 (Base
Column), which also includes model performance
on ScreenSpot(SS)-Pro (Li et al., 2025), a widely
used GUI grounding benchmark. Our findings in-
dicate that the Operator is the least sensitive model,
while the Jedi family has the highest sensitivity.
Among open-source models, UI Tars 1.5 7B and
UGround-V1-7B perform best, likely due to large-
scale training and curated datasets. We observe
that sensitivity generally improves with model size
– UGround-V1-7B and Qwen-2.5-VL 32B outper-
form their smaller versions.
Interestingly, reinforcement learning-trained mod-
els (Shao et al., 2024; Ahmadian et al., 2024) like
InfiGUI-R1-3B and UI-R1-E 3B are competitive
with 7B-scale models and sometimes surpass OS-
Atlas-7B, Qwen-2.5-VL 7B.
Finally, consistent with our hypothesis, we find that
strong performance on existing GUI benchmarks
does not imply that models better understand UI
elements from multiple perspectives. For example,
although UI Tars 1.5 7B outperforms Operator on
SS-Pro, it lags behind in our results. Similar trends
are noted for other pairs like UGround-V1-7B vs.
Qwen-2.5-VL 32B and OS-Atlas-7B vs. Qwen-2.5-
VL 7B, and so on.

Performance over different Image Inputs: Here,
we analyze the sensitivity of grounding models by
varying common ways in which UI elements ap-
pear within GUI screenshots. For the first setup,
Local Crop, we use Eq.5 to zoom-in and gener-
ate a crop around the UI element. In the second
setup, Window-in-Background, we simulate real-
istic scenarios where applications appear in smaller
windows over desktop backgrounds by overlaying
the original screenshot onto a background image
(see Fig. 7). Results in Table 1 show no clear bene-
fit of local cropping on sensitivity. This is because,
although cropping may improve visibility of tar-
get element, it does not necessarily help the model
understand the semantic relationship between ele-
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Model Base Local Crop Window-in-Background Language SS-Pro
smean ↓ sworst ↓ soob ↓ smean ↓ sworst ↓ soob ↓ smean ↓ sworst ↓ soob ↓ smean ↓ sworst ↓ soob ↓ Acc. ↑

Operator 0.3217 1.3342 13.52 0.2364 0.8817 14.02 1.0200 3.5524 33.06 0.1632 0.5346 2.96 36.6
UI-TARS-1.5-7B 0.3021 1.2723 20.61 0.2406 0.8683 33.24 0.9063 2.5977 38.94 0.1017 0.4773 2.50 61.6
Qwen2.5-VL-32B 0.5059 1.6707 28.44 0.3790 1.1481 36.36 1.4885 3.8425 54.82 0.1316 0.3727 2.73 47.6
Qwen2.5-VL-7B 0.4548 1.5358 41.20 0.3613 1.0161 46.76 1.7426 4.3578 73.12 0.1101 0.3324 4.82 27.6
UI-R1-E-3B 0.4207 1.4895 26.75 0.2503 0.7685 42.76 1.0909 3.4827 46.10 0.1043 0.2837 2.28 33.5
InfiGUI-R1-3B 0.3854 1.3938 26.52 0.2536 0.8966 41.53 1.2301 3.6199 44.00 0.1023 0.4426 2.42 35.7
UGround-V1-7B 0.3176 1.1512 22.55 0.2392 0.8616 24.82 1.0558 3.9273 39.92 0.0718 0.3212 1.28 31.1
UGround-V1-2B 0.6218 1.9334 39.54 0.4074 1.1863 38.38 1.4080 4.5210 54.90 0.0813 0.3618 3.07 25.0
OS-Atlas-7B 0.4641 1.6698 29.96 0.2747 0.8819 27.57 1.3227 3.8103 54.09 0.0967 0.2029 1.32 18.9
ShowUI-2B 0.6423 2.1535 47.20 0.3630 1.0758 45.79 1.1918 3.7318 71.15 0.2156 0.8340 6.56 7.7
Jedi-7B-1080p 1.0426 2.3546 77.39 0.4955 1.2417 79.21 1.2737 2.8370 87.94 0.7152 2.0161 7.58 39.5
Jedi-3B-1080p 0.9158 2.0822 76.20 0.5062 1.0818 74.47 1.1964 2.6510 81.67 0.7365 1.9309 13.97 36.1

Table 1: Main Results. (a). Sensitivity scores (smean, sworst, soob) of 12 grounding models (Base Column) reveal
that strong performance on existing benchmarks (SS-Pro Column) does not imply models truly understand a UI
element. (b) Enhancing target element visibility via zoom-in (Local Crop) does not improve sensitivity, while
increasing image complexity (Windows in Background) worsens it. (c) Models perform well under linguistic
perturbations (Language), suggesting that sensitivity mainly stems from inherent limitations in understanding UI
elements. Results for SS-Pro are taken from existing papers.

ments, disambiguate similar-looking components,
or overcome inherent biases and limitations. Fi-
nally, we observe that increased visual complexity
of the Window-in-Background worsens sensitivity.
Performance over language variations: Here, we
explore grounding sensitivity to linguistic varia-
tions, including spelling errors, synonym replace-
ments, and paraphrasing. To ensure that perfor-
mance changes are attributed solely to these vari-
ations, we apply perturbations to instructions that
most clearly and directly describe the UI element –
cases where the model is expected to perform con-
fidently. Results in Tab. 1 (Language) show that
most models, with the exception of the Jedi family,
exhibit robustness to linguistic variations. More-
over, models exhibit substantially lower sensitivity
compared to results in Table 1 (Base). For instance,
Uground-V1-7B has smean = 0.3176 in Tab. 1
(Base) vs. 0.07 in Language; similarly, OS-Atlas-
7B has 0.46 vs. 0.09, and Qwen2.5-VL-32B has
0.50 vs. 0.13.

4 Automated Grounding Diagnosis

Motivation: Results from the previous section
highlight that state-of-the-art GUI grounding mod-
els exhibit sensitivity when a UI element is de-
scribed from multiple perspectives. That is, some
instructions or spatial relations are more difficult
for the model to interpret than others. This natu-
rally motivates our exploration towards an agentic
pipeline that can iteratively explore instructions,
understand model’s behavior on those instructions,
and automatically identify cases that lead to ground-
ing failures. In this section, we present our pipeline,
called Automatic Grounding Diagnosis Agent,

which comprises three key components.
Step I - Seed Instruction Generation: To initiate
our agentic loop, we first obtain K seed instruc-
tions (R1, R2, . . . , RK) for a UI element e using
Sections 2.2–2.3. We then predict output coordi-
nates okc for each Rk using the grounding model
M , and record whether okc lies within the bounding
box b containing e.
Step II - Diagnosis Plan Generation: Next, we
use the instructions where M succeeds (i.e. ock is
inside b) to devise a diagnosis plan that could fail
M . We begin by asking the VLM to analyze previ-
ous successful instructions, and come up with rea-
sons r that made those instructions easy to ground:

...
• Reason why instruction did not introduce ambigu-

ity.

• Highlight specific cues/phrasing that made disam-
biguation easy.

...

We then use r and ask VLM to generate a plan P
which results in instructions that can potentially fail
M . To ensure VLM generates P that is grounded
in realistic challenges faced by M , we provide a list
of heuristics to consider in the generated strategy:

Your instruction Generation Strategy may include:
• Spatial phrasing traps with nearby elements

• Visual lookalike confusion based on color, size,
iconography

• Functional overlaps with elements that do simi-
lar things

• OCR proximity issues for ambiguity with nearby
text
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Note that even though the aforementioned step in-
volves two logical parts, we find that incorporating
them in a single prompt is sufficient to achieve the
goal.

Step III - Diagnostic Instruction Generation: We
now require A to generate diagnostic instructions
(Rd

1, R
d
2, · · · , Rd

N ) that are different and appropri-
ately incorporate P .

{
"improvement_strategy": "how you used the
Plan to craft harder instructions",

"generated_instructions": [
{
"instruction": "user instruction #1",
"reason": "brief explanation"

},
...

]
}

Since every Rd
k may not fail the model (i.e. ock is

outside b), we filter those that achieve the intended
goal. Then, we loop through Steps II, III for a max-
imum of T = 10 iterations or until S = 5 desired
instructions are obtained.
Step IV - Instruction Selection: We find that some
of the S generated instructions may contain incor-
rect details. However, our goal is not to collect S
failing cases, but to identify the most accurate and
effective one. Furthermore, since each instruction
may include a different detail of the UI element, a
detail missed or misrepresented in one may be cor-
rectly captured in another. This motivates a joint
evaluation: instead of assessing correctness in iso-
lation, we verify every instruction in the context of
other instructions. Specifically, we input the image
and complete instruction set into the VLM, allow-
ing it to consider details from all instructions to
inform its decisions. In cases where no instruction
is deemed correct, we record no failing instruction
for that image.
Next, multiple instructions may pass the previ-
ous step. In the final step, we select the best
one—defined as the instruction with the fewest
identifiers that could be confused with other ele-
ments. To do this, we ask the VLM to describe
all UI elements that loosely match each instruction
and choose the one with the fewest matches. For
example, given "click the photos icon in the top
left," a photo icon in the bottom right would still
be counted as a loose match.

{
"number": [number],
"elements": [
{
"description": "element description",
"clarity_rating": "(1-5), how clearly does
instruction refer to the element"

},
...

]
}

4.1 Experiments
In this section, we apply our Diagnostic Agent
on state-of-the-art GUI grounding models. Due
to OpenAI costs, we select 50 images and two
models—UGround-V1-7B and ShowUI-2B.
Performance of Diagnostic Agent: Given an in-
put image, the diagnostic agent aims to produce a
single instruction that causes the grounding model
to fail. There are two possible outcomes: (1) the
agent fails to find such an instruction—either by hit-
ting the iteration limit or being filtered out during
Instruction Selection; or (2) it succeeds in gener-
ating an instruction that triggers a grounding fail-
ure, however, instruction may be correct (i.e., it
accurately refers to a UI element) or incorrect. Im-
portantly, we do not expect the agent to succeed
for every image. The goal is to uncover potential
failure cases of the model, with an emphasis on the
accuracy of these failures. Specifically, we define
Success Rate (SR) as the percentage of correct in-
structions among all failure-inducing instructions.
To ensure evaluation reliability, we manually an-
notate the generated instructions when computing
SR, avoiding potential inaccuracies from VLM-
based evaluation. Our results in 2 (a) show that
our Diagnostic Agent achieves a high success rate
(upto 84%) in generating valid instructions that fail
the grounding model. We include example failure
cases generated by the agent in Fig. 3.

Figure 2: Evaluation of our Diagnostic agent. (a)
High Success Rate of diagnostic instructions that fail
UGround-V1-7B and ShowUI-2B, (b). Diagnosis Plan
Generation improves the precision of generated instruc-
tions (c). Instruction Selection effectively filters out
incorrect failing instructions.

Transfer to other GUI models: In this experiment,
we test if the correct failing instructions for previ-
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Figure 3: Failing Instructions generated for UGround-
V1-7B. : Target UI element, : Incorrect model
prediction. Zoom in for clarity.

ous models potentially fail other GUI grounding
models. Our metric here is Instruction failure rate,
i.e, how many failed a given model. The results in
Tab 2 demonstrate that failing instructions for one
model can also lead to failure for other models.

Model UGround-V1-7B ShowUI-2B

Operator 12.50% 16.67%
UI-TARS-1.5-7B 34.38% 25.71%
UGround-V1-7B 100.00% 44.44%
UGround-V1-2B 62.50% 69.44%
Qwen2.5-VL-32B-Instruct 43.75% 38.89%
Qwen2.5-VL-7B-Instruct 62.50% 66.67%
InfiGUI-R1-3B 34.38% 50.00%
UI-R1-E 37.50% 55.56%
OS-Atlas-Base-7B 43.75% 40.00%
ShowUI-2B 62.50% 100.00%
Jedi-3B-1080p 59.38% 77.78%
Jedi-7B-1080p 75.00% 83.33%

Table 2: Instruction failure rate(↓) of GUI grounding
models on failing instructions generated for UGround-
V1-7B and ShowUI-2B.

Impact of different components: In this section,
we ablate our core components – Diagnosis Plan
Generation and Instruction Selection component.
We use UGround-V1-7B as the reference model,
and manually annotated Success Rate (SR) for each
study.
From Fig. 2b, we observe that total number of
failure-inducing instructions is comparable with
and without the Diagnosis Plan Generation step.
However, the accuracy of the generated instruc-
tions is significantly higher when this step is in-
cluded, indicating the benefit of structured planning
in instruction quality. Fig. 2c further shows that
omitting the Instruction Selection step increases
the number of failing instructions, but many are in-
correct, resulting in a sharp drop in precision. With
Instruction Selection, the agent achieves a higher
accuracy—82.1% vs. 62.0%—demonstrating its
effectiveness to filter out noisy instructions.

5 Conclusion

In this work, we focus on GUI grounding and high-
light key limitations of existing approaches and
benchmarks. Current methods largely overlook
desktop environments, focus mainly on image vari-
ation, and evaluate grounding models using only a
single “best” instruction per UI element. However,
users may refer to UI elements through diverse
visual and positional cues. Therefore, grounding
models should produce consistent outputs across
such variations, as single-instruction accuracy pro-
vides an incomplete view of model performance.

To address this, we design an automated data syn-
thesis pipeline that generates multiple instructions
per UI element and release the GUI Grounding Sen-
sitivity Benchmark to assess sensitivity to diverse
descriptions. Our findings show that current mod-
els are indeed sensitive to instruction variation, and
strong performance on existing benchmarks does
not imply true UI understanding. We also observe
robustness to language variation, while increasing
image complexity worsens sensitivity.

Finally, recognizing that grounding models lack
a comprehensive understanding of UI elements, we
propose extracting the relations or descriptions they
struggle with. We introduce the GUI Grounding
Diagnosis Agent that automatically generates di-
verse instructions, incorporates model feedback,
and iteratively refines them to expose failure cases.
This diagnostic tool provides a new direction for
evaluating and improving grounding models.

6 Limitations

Despite our contributions, our work has several
limitations. First, due to constraints of GPT APIs
and manual verification, our sensitivity analysis is
confined to Windows desktop environments. We
chose this setting deliberately, as windows remains
the most underexplored environment compared to
the others. Second, our dataset construction relies
heavily on existing resources such as ScreenSpot
and OmniAct, which naturally constrain the diver-
sity of software and interaction scenarios included
in our benchmark. Consequently, there remain
many unexplored domains where sensitivity to var-
ied instructions could present unique challenges.
Finally, while our analysis sheds light on the impor-
tance of evaluating GUI grounding from multiple
perspectives, we did not conduct experiments to
explicitly establish how such multiple-description
datasets could improve model generalization. We
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hope that our benchmark and diagnostic pipeline
inspire future research to address these limitations
and build models that better adapt to diverse user
instructions.
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A Additional Visualizations

In this section, we present additional visual illus-
trations that were omitted from the main paper due
to space constraints: 1) Fig 4 is our data generation
pipeline in Sec 3, 2) Fig 5 includes dataset exam-
ples for our GUI Grounding Sensitivity Benchmark,
3) Fig 6 includes qualitative outputs of state-of-the-
art GUI grounding models on our benchmark, 4)
Fig 7 is the visualization for Local Crop View and
Windows-In-Background View.

B GUI Grounding Performance over
granularity of instructions

Results in Sec 3.6 demonstrate that current mod-
els struggle in consistently predicting outputs over
multiple ways to describe UI elements. In this sec-
tion, we understand the performance as a variation
of instruction specificity. More particularly, we
consider three levels of specificity: 1) High – most
direct and unambiguous combination of visual and
position indicators, 2) Medium – relatively less
specific visual indicators and position indicators,
3) Low – no visual indicator and only relies on
position indicator. Note that "no position indicator
and only visual indicator" is not plausible because
images often have more than one UI element of
same visual appearance, and it would not neces-
sarily produce a correct instruction. We report the
Instruction Out-of-Box rate (soob) in Fig. 9 and ob-
serve a clear trend: model performance degrades
(higher soob) as instruction specificity decreases,
highlighting their sensitivity and supporting our
hypothesis.
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Figure 4: Data synthesis pipeline for generating multiple instructions per UI element. For more details, refer to Sec
3.2 for Step 1, Sec 3.3 for Step 2, Sec 3.4 for Step 3.

C Unreliability to generate descriptions
of small UI elements

As discussed in Section 3.2, considering both the
visibility score and the bounding box of UI ele-
ments is crucial to ensure that proprietary VLMs
(such as GPT-4.1) can accurately interpret the el-
ements and generate multiple valid, high-quality
instructions. In Fig 10, we present empirical results
supporting our observation that instruction genera-
tion is often unreliable for small UI elements.

D Limitations of Data Validation

As discussed in Section 3.4, even after the data
validation step, some instructions may still am-
biguously refer to multiple UI elements within the
image, i.e, failing to uniquely identify the target
element e. We now present qualitative examples
in Fig. 11 to better understand on what kind of
samples does the validation process fails.
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Figure 5: Dataset examples from the GUI Grounding Sensitivity Benchmark. For illustration, we display only 5
instructions per UI elements.

Figure 6: Qualitative visualizations of grounding model outputs on diverse instructions referring to the same element
show that the predicted coordinates often vary within a region, appear in separate areas, or fall outside the target
bounding box.

Figure 7: Diverse ways in which UI elements can appear
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Figure 8: Qualitative visualization of the VLM’s inferred reasoning for why a UI element is confusing to ground
(See Eqn 4 in the main paper).

Figure 9: Grounding Performance over granularity of Instructions

Figure 10: Proprietary VLMs like GPT-4.1 generate incorrect referring instructions for small elements (shown in
red bounding box).
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Figure 11: Examples where Data Validation step (Sec 3.3) fails to filter out instructions that do not uniquely identify
the target element.
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