Towards Fine-Grained Diagnosis of Computer Use

Agents

Surgan Jandial

CMU-RI-TR-26-63

June 2026

School of Computer Science
The Robotics Institute
Carnegie Mellon University

Pittsburgh, Pennsylvania

Thesis Committee

Fernando De la Torre Frade, Co-Chair
Andrea Bajcsy, Co-Chair
Louis-Philippe Morency

Yinong Oliver Wang

Submitted in partial fulfillment of the requirements for the Degree of

Master of Science in Robotics

© Surgan Jandial, 2026. All Rights Reserved.



To my parents, sister, partner and Ram.



i



Acknowledgements

I would first like to express my sincere gratitude to my advisors, Professor Fernando
De La Torre Frade and Professor Andrea Bajcsy. Their guidance was invaluable in
helping me identify meaningful research problems, refine my ideas, and develop a
more rigorous and formal perspective from which to approach them. I am especially
grateful for the times they challenged my assumptions and pushed back on my ideas,
as these discussions strengthened both my research and my thinking. Above all, I
deeply appreciate their patience, generosity, and willingness to accommodate my many
requests throughout this journey.

I am especially thankful to Oliver Wang, who began as a mentor but whom I now
regard as an elder brother — remarkably wise and always seems to have a thoughtful
solution to every problem. I have rarely encountered someone who combines such
exceptional ability with such genuine humility. Whatever he chooses to pursue, I have
no doubt that he is destined for success. In our own slang, he is truly the GOAT of
HSL.

My time in the lab was filled with conversations about everything and anything,
constant jokes, stimulating discussions, and, occasionally, perhaps a little too much
politics. These moments made the experience memorable, and I will always cherish
the time I spent with everyone I met along the way: Runkai, Ashish, Jose, Saswat,
Utkarsh, Aviral, Xiao, Yehonathan, Jianjin, Nicholas, Soham, Kennard, Xia, Jialu,
Junkai, Willy, Srinath, Ritaban, Tanisha, Yixing, and Minhyek. Tan Nhat Bui deserves
a special mention for his incomparable energy, and character.

This journey was made even more enjoyable by the company of an extraordinary
group of peers, each of whom taught me something new: Karan, Pratik, Shantanu,
Arsh, Richard, Avigyan, Srinivas, Sriram, Abhishek, and many others whose names I
may have unintentionally missed.

I am forever indebted to my parents, my sister, and Winnie, who stood by me
through thick and thin. They know a version of my Pittsburgh experience that no

one else does, including the challenges and struggles that shaped these years in ways I

i



would never wish.

Finally, as a devout Hindu, I offer my deepest gratitude to the divine forces that
guided and protected me at every step of this journey. I am who I am because of
the blessings of Lord Rama and Lord Hanuman, and because of the teachings of Shri
Premanand Maharaj. I pray that their wisdom and grace continue to guide me and

inspire the world toward truth, compassion, and righteousness.

il



v



Abstract

Recent advances in Large Language Models and Vision-Language Models have
enabled agents that interact with graphical user interfaces and web environments
on behalf of users. Although these agents show promising capabilities, they remain
unreliable in complex interactive settings. A key reason is that existing evaluations
often emphasize high-level outcomes, such as task success or next-action accuracy,
without diagnosing the underlying capabilities that cause agents to succeed or fail. As
a result, important failure modes in perception, grounding, temporal reasoning, and
planning can remain hidden behind aggregate metrics.

This thesis argues that building reliable GUI and web agents requires fine-grained
diagnostic evaluation of core agentic capabilities. We study this problem through two
complementary directions. First, we examine planning in web agents by evaluating
whether Vision-Language Models understand the temporal structure of web interaction
and can assess whether a sequence of actions achieves a given goal. Our analysis
shows that current models struggle with fundamental planning prerequisites, including
ordering webpage states, reasoning about state changes, and selecting effective plans.
Second, we investigate grounding in GUI agents by testing whether models consistently
identify the same UI element across diverse natural-language descriptions. Focusing
on desktop environments, we introduce a sensitivity-based evaluation that reveals
substantial variation in model predictions when the same target is referred to from
different perspectives.

Together, these studies demonstrate that models can perform well under standard
benchmarks while still lacking crucial fine-grained capabilities needed for reliable
interaction. By decomposing agent evaluation into targeted diagnostic tests, this
thesis provides a more precise understanding of current limitations in GUI and web
agents. The proposed evaluations and benchmarks offer tools for identifying failure
modes, guiding model development, and advancing toward more robust and trustworthy

interactive Al systems.
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Chapter 1
Introduction

Recent advances in Large Language Models (LLMg)1, 57] and Vision-Language
Models (VLMS) [2, 46] have enabled a new class of autonomous agents that interact
with digital environments on behalf of users. These agents are expected to understand
user instructions, perceive graphical or web interfaces, reason about task requirements,
and execute actions such as clicking, typing, selecting, or navigating across pages. In
particular, GUI automation [44] and web agents15, 72] have emerged as promising
directions for building practical Al systems that can complete complex tasks in
interactive environments.

Despite this promise, current agents remain far from reliable. Successful interaction
with digital environments requires multiple interdependent capabilities. An agent must
perceive the interface and identify relevant elements, ground instructions to concrete
coordinates or Ul components, reason about the current state, plan a sequence
of actions, and execute those actions correctly. For web agents, prior work has
characterized this process as requiring perception of webpage structure, planning over
task requirements, and action execution toward the desired godl4] 23. However,
failures in any of these components can cause the overall task to fail, and current
VLM-based agents remain inadequate for reliable deployment [15, 22, 33, 72].

A central limitation of existing evaluation is that it often focuses on high-level
outcomes. Prior web-agent benchmarks commonly assess whether a task is completed
or whether an agent's predicted action is correc8[ 15, 49). Similarly, GUI grounding
benchmarks typically evaluate whether a model can predict the correct coordinate or
bounding box for a given instruction §, 26]. While these evaluations are important,
they provide limited insight into why an agent succeeds or fails. A low task success rate
may result from weak perception, incorrect grounding, poor temporal understanding,
awed planning, or brittle action execution. Aggregate metrics therefore obscure the



underlying failure modes that must be understood in order to build reliable agents.

This thesis argues that progress toward reliable GUI and web agents requires moving
beyond high-level evaluation and toward ne-grained diagnosis of the underlying
capabilities that enable agentic behavior. Rather than treating an agent as a black
box and measuring only nal success, this thesis studies speci ¢ failure modes in two
core components of interactive agents: planning and grounding. Planning determines
whether an agent can reason about how interface states evolve over time and identify
a sequence of actions that satis es a goal. Grounding determines whether an agent
can map a user instruction to the correct Ul element or coordinate. Together, these
capabilities form a critical bridge between perception, reasoning, and action.

The rst part of this thesis studies ne-grained planning capabilities in web agents.
Existing works primarily focus on perception skills 33, 58], and do not directly assess
the planning abilities required for reliable web interaction. We de ne planning as
an agent's ability to devise a sequence of actions to successfully complete a given
task. In the web setting, a capable planning model must understand the order in
which webpage states should occur, recognize how actions change those states, and
assess whether a proposed plan can achieve the desired goal. We therefore construct
diagnostic evaluations that test temporal understanding and plan assessment directly.
These evaluations reveal that current VLMs struggle with basic prerequisites for web
planning: they often fail to infer the correct ordering of webpage states, rely on spurious
input-order heuristics, degrade as action sequences become longer, and perform poorly
when asked to assess plans in both real and synthetic web environments.

The second part of this thesis studies ne-grained grounding capabilities in GUI
agents, with a particular focus on desktop environments. GUI grounding refers
to predicting the exact coordinate or bounding box where an action, such as a
click, should be performed. Recent works have trained large-scale GUI grounding
models [L3, 50, 61] and developed benchmarks for evaluating grounding performanég [
26]. However, existing data and benchmarks are heavily skewed toward web and mobile
environments P, 22, 53], while desktop-speci ¢ GUI grounding remains comparatively
underexplored B, 18, 62]. This imbalance partly stems from the availability of HTML
and XML in web and mobile settings, which makes it easier to extract Ul element
coordinate pairs, whereas desktop environments often provide only screenshots and
require manual annotation or proprietary VLMs.

Beyond the lack of desktop-focused evaluation, existing GUI grounding benchmarks
often use a single instruction per Ul element, typically written in a short, direct, or
canonical form. For example, benchmarks may include brief instructions such as “close



button [ 6] or simpli ed references such as "Click the Pictures icon2f]. Although
recent works incorporate more implicit referring expression84, 43, 63, they generally
do not evaluate whether models can consistently identify the same Ul element when
it is described in multiple valid ways. In realistic settings, users may refer to the same
element through visual traits, relative position, surrounding context, or functional
role. Therefore, a model that truly understands a GUI should produce consistent
predictions for the same element across diverse descriptions.

To evaluate this property, we introduce a sensitivity-based grounding evaluation
that measures whether grounding models remain consistent across multiple references
to the same Ul element. We focus on desktop environments, which are challenging yet
underrepresented, and design an automatic data generation and validation pipeline
followed by human veri cation. This results in a GUI grounding sensitivity benchmark
that exposes failure modes hidden by conventional single-reference evaluations. Our
results show that current grounding models exhibit meaningful sensitivity to how
an element is described: models that perform well on standard benchmarks can still
produce inconsistent predictions when the same element is referred to from di erent
perspectives. Motivated by these ndings, we further develop a GUI grounding
diagnosis agent that automatically generates diverse instructions, uses model feedback,
and iteratively identi es failure cases.

Across these two studies, this thesis develops a common methodology: decomposing
agent evaluation into targeted diagnostic tests. In the planning setting, we ask whether
VLMs possess the temporal understanding and plan-assessment abilities required to
act reliably on the web. In the grounding setting, we ask whether GUI grounding
models robustly identify the same element across diverse user descriptions. Both
studies show that models can appear competent under standard evaluations while
still lacking important ne-grained capabilities. This suggests that improving agent
reliability requires not only stronger models and larger training datasets, but also
evaluations that expose the speci ¢ conditions under which models falil.

In summary, this thesis makes the following contributions:

A

We propose a ne-grained diagnostic perspective for evaluating GUI and web
agents, emphasizing that high-level task success alone is insu cient for under-
standing agent reliability.

We introduce diagnostic evaluations for web-agent planning, focusing on temporal
understanding and plan assessment as prerequisites for reliable web interaction.

We introduce a sensitivity-based framework for GUI grounding, evaluating

3



whether grounding models remain consistent across diverse descriptions of the
same Ul element.

We focus on the underrepresented desktop setting and develop a benchmark and
diagnosis pipeline for identifying grounding model failure cases.



Chapter 2

Fine-Grained Diagnosis of Planning
Capability

2.1 Introduction

Recent advancements in Vision-Language Models (VLMs) have shown great po-
tential as web agents capable of autonomously executing user instructions, such as
Buy a ight ticket from A to B. To successfully accomplish these tasks, recent
literatures [14, 23 have shown that VLMs must perform three key functions: perceive
and comprehend the structure of a webpage and relevant elements (Perception), reason
about task requirements and devise actionable plans (Planning), and execute appro-
priate actions to achieve the desired goal (Action). While VLMs have demonstrated
promising potentials, their current performance remains inadequate for reliable web
agents [15, 22, 33, 72].

Although limitations in model and algorithms pose a signi cant challenge, we
argue that the lack of holistic evaluations is another key factor hindering progress.
More precisely, prior works primarily assess the e cacy of VLM agents by judging the
correctness of their actions and measuring task success rates, i.e., whether the goal
is achieved §, 15, 49). While this is intuitive and aligned with the objective of task
completion, end-to-end success rates cannot reveal the bottlenecks of agents or o er
detailed diagnosis and insight into the speci ¢ Perception and Planning capabilities.
Observing the gap, prior works 33, 58] prompt the evaluations of ne-grained VLM
skills in web scenarios, such as website grounding and Web@@8,[58]. However, they
focus solely on perception skills, failing to address the underlying abilities required
for e ective planning as shown in Figure 2.1, thus motivating our central research



Figure 2.1: VLMs and Web Planning. For web agents to complete tasks, a set

of critical components are involved. Among them, the ne-grained evaluation in
the planning component is essential but overlooked. Thus, we design questions that
investigate whether VLMs possess the nuanced planning skills, enabling the rst web
planning evaluation and concluding the lack of capabilities in VLMs to plan e ectively
and reliably.

guestion: Have VLMs acquired the necessary capabilities to plan e ectively
as reliable web agents?

To concretize our study, we de ne planning as an agent's ability to devise a
sequence of actions to successfully complete a given task. In the context of web, a
performant planning model must possess three fundamental skills. First, it needs to
understand order , determining which webpage states should come earlier during
task completion, essentially answering the question, "What needs to be done rst, and
what comes later?" Second, it must grasp change , recognizing how the sequence of
action(s) transforms the webpage states. Third, it must be able to incorporate the
order and change to assess a plan that achieves the desired goal.

Hence, we design a series of unit tests to target the above prerequisite skills
through two key dimensions. In the rst dimension, Temporal Understanding
(Figure 2.1 Q1), we conduct two tests in Section 2.4 to examine whether VLMs can infer
which web-page state/screenshot comes earlier in the trajectory of a given task (e.g
"nd ights from Washington to New York"), and can predict future states following



actions. Our results highlight that VLMs struggle with basic temporal understanding
capabilities and they tend to rely on spurious heuristics, such as the order in which
inputs are presented, instead of the actual semantic logic. Moreover, as the number of
action steps increases, VLMs exhibit declining performance in predicting future states.

In the second dimension, Plan Assessment (Figure 2.1 Q2), we examine whether
VLMs can reason and choose the correct course of action to achieve a task, given
a goal and a screenshot as the start state. Speci cally, in Section 2.5, we test on
real-world web environments and a synthetic web dataset curated for diversity and
controllability. The results show overall poor performance in assessing plans, with
signi cant struggles in handling edge cases, such as reverting erroneous actions (e.g
clicking the wrong checkbox) in the synthetic dataset.

Overall, our ndings reveal that VLMs are not yet equipped with adequate abilities
to reliably plan as trustworthy web agents. We envision that our benchmark can pave
the way for future research in thorough evaluations of VLMs and hopefully inspire
ideas to advance e ective and reliable web agents. In summary, our contributions are:

A

We are the rst to emphasize and study the ne-grained skills or prerequisites

required by the VLMs to serve as reliable web agents.

We repurpose existing datasets/environments to construct our test datasets and
release for future web agent evaluations.

We benchmark 19 state-of-the-art VLMs and conclude that current VLMs cannot

be reliable web agents yet due to limitations in planning.

2.2 Related Work

VLMs as Web Agents. Vision Language Models (VLMs) exhibit great potential
across a diverse range of challengd[27, 39). Of these, one such problem is "Web
Navigation" [65, 72|, where given a user instruction (e.g., "Buy a pen from eBay"), and
the current state (e.g., webpage screenshot, HTML or meta-data), VLMs' objective is
to predict the next best action(s) that could lead to the nal goal. To succeed, VLMs
must excel in three key areas: 1) Perceiving web pages with arbitrary formats, dense
images and text, 2) Planning and Reasoning over user's intent, extracted webpage
information, and potential steps to solve the task, and 3) Predicting the next Action
and its location on the webpage. This led to diverse benchmarks to evaluate VLMs as
shown in Figure 2.2.

VLM Agent Task Evaluations. Earlier benchmarks, such as Miniwob [ 55| and
WebShop p6] typically evaluated web navigation in simple, simulated environments.

7



Figure 2.2: Comparisons of benchmarks in di erent components. While
extensive study has focused on evaluating the required capabilities of the perception
and action stage of web agents, the necessary skills for web planning are overlooked in
existing literature and we contribute to cover this gap through four evaluations in this
paper.

More recently, works like VisualWebArena 2], SeeAct |27, WebVoyager [L5, and
MMInA [ 70] introduced more challenging settings, testing agents on the real web.
Building on this, [56] decomposed the agent's performance into grounding and
planning by measuring the success rate on samples where VLM achieved perfect
grounding. However, these benchmarks primarily assess task success, i.e., whether
the nal objective is achieved, in two main approaches: the rst employs step-wise
evaluation using human-annotated datasets, specifying the ground-truth action at
each step §, 72], whereas the second leverages contemporary VLMs (such as GPT-4o0,
Gemini) to determine if the agent successfully completed the task, 49. Despite
their intuitive nature, task success metrics have two key limitations: 1). Reliability

As noted in [L5], there exist multiple valid trajectories to solve a task and enforcing
the agent to match the prede ned action for each step makes the evaluation overly
restrictive. Moreover, relying on existing VLMs/LLMs to assess task completion
introduces errors due to their limited capabilities in web environmentsig]; 2). Depth

of Evaluation While task success rates measure VLMs' overall e ectiveness, they
lack ne-grained insights into their capabilities and defects.

VLM Web Understanding and Reasoning Evaluation. To circumvent the

above issues in evaluation by success rates, recent works1[7, 31, 33] introduce
benchmarks to assess VLMs' granular performance in web scenarios. Particularly,
VisualWebBench B3] focuses on tasks such as Web captioning/QA, Action Ground-
ing/Prediction, etc. Moreover, WebQuest 8] extends the above single web page



evaluations to web page sequences. They propose Multi-Screen QA, which requires
gathering information across multiple webpages, and Trace QA, asking about the entire
sequence viewed by the user when browsing the web. However, their questions focus
on extracting information across multiple web pages instead of reasoning or action
prediction. In summary, the above works focus on two categories: 1). Perception,
where VLMs process the textual and visual content of web pages to answer direct
or complex information extraction questions; 2). Single-Step Action, where VLMs
determine the nature and the location of action on the user screen. This lack of
focus on Planning motivated our ne-grained investigation into such capabilities. We
devise novel questions, experiment formulations and examine 19 VLMs to derive our
analysis. To our knowledge, this is the rst work to analyze VLMs' nuanced planning
capabilities in web environment.

2.3 Experiment Setup

Overview: In our experiments (Sections 2.4 and 2.5), we test VLMs on four groups
of questions as discussed in Section 2.1 and Figure 2.2 and derive model responses
by prompting the model to solve multiple-choice questions (MCQs) with randomly
shu ed options and one correct choice labeled. In Section 2.4.1, we also evaluate
the model in a non-MCQ QA setup for comparison. Moreover, for each experiment,
we prompt VLMs with direct instructions (Instruct) and chain-of-thought (CoT)
reasoning [24].

VLMs used: Our experiments evaluate 19 VLMs including general multi-modal
and GUI-speci ¢ models. Considering the importance of practical-size web agents
(Section A.10), for general VLMs, we choose Qwen2-VL (2B, 7B, 72Bp9, Llava-1.6
(7B, 13B, 34B) [3(], Llava-One-Vision (0.5B, 7B) R5], Minicom-V [67], Minicpm-o0
[41], InternVL2-MPO (8B) [60], DeepSeek-VL 36], GLM-4V [3€], Ide cs3 [20], and
Phi-3.5 Vision [L1], and for GUI-speci ¢ models, we consider Ferret-Ul (2B, 8B) 64,
UIX-Qwen2 [32], and CogAgent [16]. We utilize a maximum of 4 A4500 GPUs.
Response Evaluations: We parse the VLM output and measure accuracy against
the ground truth of the questions as our metric. While we typically use deterministic
regular expressions for parsing, some models did not follow the output format, for
which we use Llama3-8B1(] for parsing (see Section A.5). As additional baselines, we
also conduct a human study with at least 15 raters on 15 randomly sampled questions
(with the same input and instruction for VLMSs) per test. More details about human
study are in Section A.6.



Table 2.1: Evaluation on Temporal Ordering Task. We show the mean accuracy

of various VLMs on two datasets across di erent con gurations of the temporal
ordering task. Picl and Pic2 indicate which the correct answer is. We observe most
models fail to exceed the random guess baseline of 50%, with only Qwen2-VL 72B
consistently surpassing it at 65.89%. The results highlight VLMs' reliance on spurious
heuristics, i.e., the order of options, rather than genuine temporal understanding.

2.4 Temporal Understanding Analysis

Understanding temporal relations is a fundamental aspect and prerequisite for
e ective planning. For web agents, comprehending the sequential order of events (e.g.,
adding to shopping cart before checking out ) and reasoning about how a webpage's
state changes through a series of interactions is critical for making informed plans and
decisions. In this section, our objective is to evaluate the temporal understanding of
VLMs through two hypotheses: 1). Temporal Ordering: Can VLMs identify which
webpage screenshot/state comes earlier in the user's trajectory for a given task (e.g.,
lling out form comes before submitting it) 2). Future State Prediction: Can VLMs
determine whether two sequences of actions lead to same future states?

2.4.1 Temporal Ordering

Motivation: As agents often process sequences of prior state screenshots to predict
subsequent actions, understanding the order of webpage states during navigation
is crucial to reason about the dynamics in web tasks. This process requires agents
to inherently understand task trajectories (e.g., during online shopping) and infer
the sequential ordering of screenshots to make decisions. To test this requirement,
we assess whether VLMs can understand the temporal relationship of screenshots
representing di erent steps in a task.
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Experiment Setup: In this test, we provide VLM with a task instruction, two
webpage states (or screenshots), and the objective to determine which screenshot
represents an earlier step in the trajectory to solve the task. We use Multimodal
Mind2Web (MM-M2W) [ 72] and the web-environment subset of GUIAct 4], both of
which consist of a task and a ground-truth trajectory comprising actionsfag., and
corresponding webpage screenshdisgl, . In these datasetsj, (or initial webpage
state) is typically the homepage of a website and (or nal webpage state) is typically
when task is completed. Therefore, for a clear and unambiguous test, we always use
io; I for inputs, hypothesizing that presenting the initial and nal webpage states is
the easiest question to determine which comes earlier. For completeness, we include
further discussion and ablation on randomly sampleq; iy in Section A.2, which yields
similar ndings.

To prepare inputs for VLMs, we label the screenshot images with IDs Picture
1 and Picture 2, and the ordered input image tuple as (Picture 1, Picture 2).
To mitigate the in uence of prompt variations (speci cally input orders), we create
two broad con gurations for each screenshot pair. In the rst setting (referred to
as Orderl), the input image tuple is (start stateiy, end stateit), and the expected
answer is Picture 1 comes earlier. (e.g., Figure 2.2(a)); in the second con guration
(referred to as Order2), the input image tuple is (end statér, start state ig), and the
expected answer is Picture 2 comes earlier. For each of the above two con gurations,
we prompt the model in MCQ and non-MCQ format as described in Section 2.3. Each
data point thus generates four question types, enabling a comprehensive evaluation of
the model's ability to reason about temporal relationships.
Result - Poor sense of temporal relation: We observe in Table 2.1 that the
average performance (the rightmost column) of almost every model fails to surpass
the random guess performance of 50% while a human rater achieves a performance of
about 96.2%. Particularly, only Qwen2-VL 72B, with a mean accuracy of 65.89%
across 16 con gurations, exhibits a consistent performance above random guess but
still remains signi cantly lower than human performance. Additionally, we observe no
signi cant performance variations between MCQ and non-MCQ versions in Table 2.1.
Finding - Spurious preference for the rst input image: Moreover, we observe
that irrespective of the order of images, VLMs tend to prefer the answer Picture 1
comes earlier in the trajectory after logically assessing both images before making
a decision. Speci cally, the mean performance di erence across all models, between
cases where Picture 1 is the correct answer and cases where Picture 2 is the
correct answer, is 46.64% for MCQ and 41.66% for non-MCQ. We further study this in
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Section A.8 through some qualitative examples, and nd that VLMs tend to rationalize
their answer of Picture 1 with untenable reasons. These examples highlight VLMs'
reliance on spurious heuristics over genuine temporal understanding, increasing their
failures in temporal ordering tests.

2.4.2 Future State Prediction

Motivation: A critical aspect of temporal understanding and planning is imagining
webpage state changes and predicting outcomes from action sequences. Particularly, a
model must reason about the nal states resulting from di erent action sequences to
gure out the most e ective course of action for achieving the goal. Although previous
works brie y discuss next-state prediction (see Section 2.2), understanding outcomes
over a series of actions remains underexplored for VLMs. To address this, we propose
a simple formulation and examine whether VLMs can predict if di erent action plans
lead to the same or distinct nal states.

Experiment Setup: This test requires the model to evaluate two proposed action
sequences, provided with an initial state screenshof, and determine whether the
future state i; achieved by these plans are identical. To construct this evaluation,
we utilize the data from MiniWob++ environment [ 29 to generate user interface
screenshots, and two candidate action plans per screenshot, representing common
web interactions involving Ul elements such as checkboxes, textboxes, sliders (see
Figure 2.2(b) and more in Section A.1). To analyze the impact of trajectory length
on planning capacity, we generate data samples with short-horizon (1-2 action steps)
and long-horizon (3-4 action steps) plans. Although longer horizons (e.g., 6-8 steps)
are possible, we limit our exploration to 1-4 steps, which already pose signi cant
challenges for VLMs. For reliability, each data point is manually veri ed, including
validating the logical coherence of action plans and the clarity of resulting states.
Result - Failure in predicting future states: We present our results in Table 2.2.

While a random baseline would achieve approximately 50%, most models either perform
below or near random guess in both short- and long-horizon scenarios. Notably, for the
CoT setting in longer-horizon tasks, only (Qwen2 VL 72B) exceeds 75%. Meanwhile,
human performance in these tasks is 97%.

Finding - Easier to reason on shorter horizons: We see a trend where all VLMSs,
except CogAgent, perform better on short-horizon than long-horizon plans. While
the accuracy gain varies, some models, such as Llava 1.6 - 34B, show improvements
of 32% over their long-horizon results. This highlights the persistent limitations of
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Table 2.2: Evaluation Table 2.3: Evaluation Table 2.4: Eval-
on State Prediction on Plan Selection in  uation on Plan
Task in Section 2.4.2. Real Web Environ-  Selection in Edge
We show the accuracy of ment. in Section 2.5.1 Cases in Sec-
VLMs on the short- and We show the accuracytion 2.52 We
long-horizon splits. While of VLMs with two types observe a similar
overall performance is of MCQ choices (Sec-trend to Table 2.3
suboptimal, models show tion 2.5.1). Many VLMs here. Moreover,
improved accuracy with perform under 50%. Mod- CoT  consistently
shorter horizons, under- els perform better to dis- hurts the model
scoring their limitations tinguish semantically dif- performance com-
in multi-step reasoning. ferent options than op- pared to the direct
tions with shu ed orders. instruction.

current VLMs and raises concerns about their reliability due to inconsistencies across

di erent scenarios.

2.5 Plan Assessment Analysis

In this section, we investigate more complex reasoning capabilities: Can VLMs
select the right plan to achieve a speci ¢ goal under real-world and challenging synthetic
edge-case scenarios? While the previous temporal analysis focuses on understanding
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the relationship between steps in a sequence, plan selection requires using this under-
standing to choose the optimal course of actions. This transition represents a critical
step in evaluating whether VLMs can function as reliable web agents. Speci cally,
each test example consists of a goal description, a screenshot of current webpage state,
and possible action plan candidates presented in an MCQ format. The model must
identify the single correct plan to achieve the desired goal.

To analyze whether VLMs can reliably reason and select plans across diverse
contexts, we conduct two tests. First, we evaluate real-world web use cases using
tasks and scenarios from actual website data. Second, we leverage synthetic edge cases
designed to challenge VLMs in controlled environments, o ering a more comprehensive
assessment of their reasoning abilities.

2.5.1 Real Web Environment Study

Experiment Setup: To test VLMs in real-world web environments, we evaluate
whether VLMs can choose the correct plan from four MCQ options, given the current
webpage screenshot and task instruction. Speci cally, we curate the real-web dataset
from the MM-M2W dataset [72], where each data point consists of a task instruction
and a human-annotated trajectory to solve that task. To leverage this data, we rst
perform a few modi cations. We begin by removing samples where the action sequence
is longer than 10 steps to align with VLMs' reasoning limitations40, 42]. Then,
to make the dataset's provided action descriptions (e.g., Target element: [button]
Search, Action: CLICK ) more natural to VLMs (e.g., Click on the search button),
we paraphrase them with GPT-4045. To ensure data quality, we manually inspect
and re ne each sample.

We construct the nal test MCQ questions as follows: For each task instructiog,
we sample the web page screenshot (i.e., staig)from its solution trajectory, wherei
is 4-5 action steps away from reaching the task's end state (or goal completion). These
action steps will now serve as the ground-truth correct answer for MCQ. By limiting
the reasoning to the next 4 5 steps, we simplify the task for a reasonable chance of
success. Incorrect MCQ options are then populated using the following two strategies:

Shu ing Perturbation: Given that a plan is a sequence of actions where the next

action depends on the previous actions, this con guration creates incorrect options
by violating the sequential ow of actions. Particularly, we create incorrect options
by entirely or partially reversing the correct action sequence, e.g., for the task "Buy
a Shampoo on Amazon" and the plan ["Visit Amazon", "Search Shampoo", "Add to
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Cart", "Order"], an incorrect option would be ["Order", "Add to Cart", "Visit Amazon",
"Search Shampoo” ] (see Figure A.20c).

Semantic Perturbation: Given an action plan for a task, this con guration
generates incorrect options by inserting irrelevant actions from a di erent task into the
current task's action plan. Particularly, for the task "Buy a Shampoo on Amazon" and
correct action plan ["Visit Amazon", "Search Shampoo”, "Add to Cart", "Order"], an
incorrect option would be ["Visit Amazon", "Search ights to New York", "Add to Cart",
"Order" ] (see Figure A.20d). With manual validation, we obtain 435 high-quality
samples per strategy, as detailed in ?7.

Result - Lack of genuine understanding of plans: The experiment results

are presented in Table 2.3. Under the Shu ing Perturbation setting, while most
VLMs outperform random guess performance (i.e., 25%), their accuracy remains
signi cantly lower than that of human raters (i.e., 90%), with only 3 models exceeding
50%. In contrast, in the Semantic Perturbation setting, many models achieve higher
accuracy over 50%, and every model surpasses its own performance under Shu ing
Perturbation (due to intuitiveness, we skip human study for the generally easier
Semantic Perturbation setting). This suggests that while VLMs can di erentiate plans
by assessing whether each of their action is contextually appropriate for the given
task (shown in Section A.8), they struggle to compare plans based on the di erence
between the temporal ordering of actions, which is critical for planning. Consequently,
we anticipate a need to explicitly model action sequences and state changes in VLMs.

2.5.2 Edge Case Test Study

Motivation: Real-world data provides valuable insights but often lacks the diversity

of scenarios that agents may encounter during web browsing. For instance, datasets
like MM-M2W include human-annotated trajectories that typically start from website
homepages, have human labels for each action, as well as represent perfect trajectories
with minimal navigation errors and where each webpage's state is likely an “ideal
state' for possible actions (e.g., to Il a form, we de ne an ‘ideal state' is an empty
form). However, in practice, edge cases such as random initializations (e.g., forms have
pre- lled elds) or error states (e.g., checking the wrong checkbox) are common. While
humans can recover from these, we explore whether VLMs can do the same. Thus,
motivating our development of synthetic edge case data with controlled variations,
focusing on recoverable errors.

Experiment Setup: We again leverage MiniWob++, focusing on Ul elements
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Figure 2.3: Performance v/s Model Scales. We plot average performance of Qwen2-
VL and Llava-1.6 family over all settings in real web environment (Section 2.5.1) and
edge case experiments (Section 2.5.2). We nd that scaling does not automatically
help every model.

Figure 2.4: Error case study. We demonstrate three common error paradigms
observed in our experiments.

including checkboxes, textboxes, sliders, radio-buttons, and buttons. For a given
task (e.g., Check the 1st and 2nd checkbox ), we algorithmically perform actions
that modify the empty form state to introduce random initializations or errors (e.g.,
toggling the 3rd checkbox), and then generate four action plans, only one of which
correctly solves the task (see Section A.1). To ensure high-quality data, we manually
validate the correctness of the questions, and the existence of a single correct option.
Result - Worse performance on edge cases: From Table 2.4, we observe that
most models perform signi cantly poor, with accuracy below 50% for both Instruct
and CoT variants. Meanwhile, human raters achieve 99.2% accuracy for these tasks.
The performance is even poorer for GUI-speci ¢ models (Ferret-Ul, UIX-Qwenz2,
CogAgent), with a maximum accuracy of only 26%. Moreover, we observe that the
highest-performing Qwen2VL 72B model su ers a 12% performance drop in its CoT
variant. This reinforces concerns if models rely on spurious correlations rather than
genuine understanding to arrive at correct answers.

2.6 Discussion and Analysis

In this section, we highlight the consistent trends observed across our experimental
settings.
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Do these skills lead to task success? We compare the task success of three models
Qwen2-VL-7B, LLaVA-1.6, and Phi-3.5 from the Mind2Web-Live benchmark [4§],
and their performance across our planning skills. As detailed in Section A.3, model's
capabilities in our planning skills are correlated with the task success rate.

Is CoT reasoning always helpful? In Tables 2.1 to 2.4, we explore the impact

of CoT reasoning on the performance in each experiment. Interestingly, we did not
observe su cient gains resulting from CoT. Speci cally, while some models occasionally
showed reduced performance due to CoT, others consistently struggled to adopt it
e ectively.

Are bigger models better than their smaller versions? From Figure 2.3, we

nd that while Qwen2-VL family improves in performance, Llava 1.6-34B is not
signi cantly better than its smaller counterparts, contrary to the ndings of [33]

- scaling improves perception-related web tasks. Thus, it is crucial to investigate
how factors beyond scaling such as architecture and pre-training impact VLMs'
reasoning and planning abilities on the web.

Do GUI-speci ¢ models outperform general VLMs? Although previous studies

show that GUI-speci ¢ models outperform generalist VLMs in GUI navigation and
comprehension tasks7, 52, they signi cantly underperform on our tests in Tables 2.2

to 2.4 (last three rows). Similar to B3], we found this behavior is likely due to
over- tting to the GUI settings, which a ects their general reasoning and instruction-
following capability. We support this using qualitative examples of GUI-Models in
Section A.8, demonstrating their poor output quality.

Case Study: We present examples in Figure 2.4 to better understand the errors made
by the model. This section focuses on the results of Qwen2-VL 72B in Section 2.5.2,
with additional results provided in Section A.8. Our analysis reveals three most
common errors: 1). Perception Errors (Figure 2.4a), where incorrect perception of
details becomes bottleneck in reasoning, 2). State Change Understanding (Figure 2.4b),
where the model fails to imagine future states, 3). Basic Reasoning (Figure 2.4c),
where the model fails to make straightforward logical inferences.

2.7 Conclusion

In this work, we introduce the rst evaluation frameworks aimed at understanding
the ne-grained skills required for VLMSs to plan in web environments. While prior
research has largely focused on webpage perception and task success metrics, such
evaluations overlooks the necessity in thoroughly assessing the planning capability
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required for reliable web agents to plan. To address this gap, we carefully design critical
guestions encompassing planning skills such as temporal relations over state trajectory,
temporal prediction of future states, and plan assessment for identifying e ective plans.
By carefully re-purposing existing data, generating synthetic data and validating by
humans, we create four high-quality tasks and benchmark 19 state-of-the-art VLMs.

Our ndings reveal that current VLMs are far from achieving human-like planning
capabilities, and hardly above random guessing in many evaluations, indicating
fundamental de ciencies in reasoning about web dynamics. Speci cally, we observe
that models struggle with temporal reasoning and plan assessment, highlighting
their limitations in synthesizing sequential web information. Additionally, common
strategies, such as CoT reasoning, increasing model scale, and training on GUI-specic
datasets, do not consistently lead to improvements in ne-grained planning tests.
These ndings underscore the pressing need for more sophisticated training and
evaluation paradigms.
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Chapter 3

Fine Grained Diagnosis of
Grounding Capability

3.1 Introduction

Graphical User Interface (GUI) automation §}4] is an emerging application of
Large Language Models (LLMs) 91, 57] and Vision Language Models (VLMs) %, 46).
Given a Ul and a user instruction, the goal is to perform the appropriate action(s) to
ful Il 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 di cult because: (1) it demands high precision, as small
coordinate errors can trigger incorrect interactions and lead to unrecoverable states;
and (2) the variability in Ul layouts and instructions across platforms (web, mobile,
desktop) exacerbates the problem. To tackle these challenges, recent works generally
train large-scale GUI grounding modelsl13, 50, 61], and develop diverse grounding
benchmarks [6, 26].

Despite this, prior work remains heavily skewed toward web and mobile environ-
ments P, 22, 53], limiting the development and analysis of desktop agents. This
imbalance largely stems from the ready availability of HTML and XML, which allows
easy extraction of Ul element coordinate pairs. In contrast, desktop environments like
Windows typically provide only Ul screenshots, making dataset creation dependent
on manual annotation or proprietary VLMs both hard to scale and prone to halluci-
nations. Consequently, desktop-speci ¢ GUI grounding benchmarks and datasets are
scarce, with only a few recent works [3, 18, 62] explicitly targeting this domain.

Beyond these limitations, a crucial yet often overlooked aspect of GUI grounding
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Figure 3.1: GUI grounding models struggle when Ul elements are described from
di erent perspectives (Row 1). Existing evaluations overlook this phenomenon by
measuring accuracy on a single "best"/"common" reference (Row 2). Instead, we
estimate the sensitivity (or consistency) of model predictions across di erent but valid
references in our GUI Grounding Sensitivity Benchmark.

research is understanding the model's ability to handle diverse user instructions. Most
prior works use either short (e.g., "close button")g] or simpli ed instructions (e.qg.,
"Click the Pictures icon") [26], which fail to capture the complexity of real-world
interactions. Although recent e orts [34, 43, 63 incorporate more implicit expressions
(e.g., "click the left icon"), they do not assess whether models truly comprehend the
multifaceted ways users might describe an element. This is partly due to their focus
on generating a single "best" instruction per element, which often results in the most
common or obvious phrasing. In practice, a Ul element can be referenced in multiple
valid ways by visual traits, relative position, or surrounding context. As such, judging
grounding models by their ability to ground a Ul element for a single reference yields
an incomplete view. Instead, to assess whether GUI grounding models genuinely grasp
element identi cation, we must ask: Are grounding model predictions consistent
across diverse descriptions of the same Ul element?

We focus on desktop environments a challenging yet underrepresented setting and
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propose the rst work to investigate the sensitivity of grounding models to multiple
ways of referring to the same Ul element. Since manually annotating multiple diverse
instructions per Ul element is impractical, we design an automatic pipeline for data
generation and validation. This pipeline produces high-quality image-instruction sets,
which are subsequently human-veri ed to construct our benchmark: GUI Grounding
Sensitivity Benchmark.

We evaluate 12 GUI grounding models and report reasonable sensitivity in their
predictions. Importantly, we nd that although many recent models Qwen-2.57],
Jedi [63] outperform on popular GUI benchmarks they lag behind earlier models like
UGround-V1 [13], OS-Atlas [61]) on our proposed benchmark. The aforementioned
variation 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 feedback, and iteratively
re nes them to expose failure cases of the model. We call this system GUI
Grounding Diagnosis Agent. In summary:

We propose the rst framework for evaluating the sensitivity of GUI grounding
models to diverse references of the same Ul element.

A

We focus on the underrepresented desktop setting and propose an automatic
data generation pipeline, followed by human veri cation, to develop the GUI
Grounding Sensitivity Benchmark.

A

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

3.2 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
[9, 15, 19, 22, 52, 53, 72]. While HTML, XML, or other text inputs are helpful, it is
critical to improve GUI agents for image-only settings without access to such infor-
mation (e.g desktop). Our work focuses on visual GUI grounding for desktop agents,
which demands robust perception and GUI understanding. Prior work$,[13, 50]
tackle this by collecting large-scale image-position pair data, however their focus is
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primarily mobile and web. UGround [L3] 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-speci ¢ samples. Other approaches
like Ul-Tars [50], 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 [L8, 63, 64] 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
benchmarks 6, 26|, the lack of rigorous desktop-speci c testing in those evaluations
limits our ability to accurately gauge their e ectiveness in real desktop environments.
In addition, these evaluations face two challenges: 1) they either test short or straight-
forward explicit/implicit instructions that re ect the most common ways to refer to
elementsp, 26], 2) they only test the e ect of image variations on GUI grounding
[26, 69, 71]. Their fundamental limitation is that none consider the fact that there
are often many ways to refer to a single Ul element within a GUI screenshot. More
precisely, for every GUI screenshot, a single Ul element has multiple unique identi ers
visual, position, and so on. In other words, while GUI grounding models understand
a few instructions (or common ways) to refer to a Ul element, there is no guarantee
that it will understand other ways to refer to the same element. Our analysis (Fig.
3.1) supports this observation, showing that current models frequently fail to identify
a Ul element when it is described from varied perspectives. To address this, we present
the rst e ort to understand the sensitivity of grounding models to diverse referring
expressions for the same Ul element. Based on these insights, we introduce a novel
agentic diagnostic pipeline that automatically uncovers instruction formulations where
grounding models fail, enabling robust evaluation.
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3.3 GUI Grounding Sensitivity

3.3.1 Background and Motivation

Given an imagel and a Ul elemente, we can extract multiple visual and position
identi ers:

(3.1)

whereeg, is the set of visual identi ersv; and g, is the set of position identi ers p;.
We de ne a unique identi er for e as any individual identi er (visual or position) or
combination ofv; and p; that matches onlyei.e., no other element can be described
using it. Consequently, multiple identi ers can uniquely identify e:

e="fv"; v Pt Pt ;

(3.2)
“vi; p)s v pdY g

wherev; and p' are individual unique identi ers, while (v;; px)" denotes a combination
unique identi er. Given that we aim to investigate the sensitivity of GUI grounding

models against various ways of referring te, our goal is to develop a data generation
pipeline that reliably produces K distinct unique identi ers.

3.3.2 Data Generation

Image Selection: We select the desktop screenshots (particularly windows) from
ScreenSpot§] and OmniAct [21], yielding 173 images. Then, we Iter out screenshots
that were too easy to understand. Particularly, we prompt VLM to skip images with
too few Ul elements, a static, or minimally interactive screen requiring no meaningful
GUI reasoning.

Ul Element Extraction: For each image |, we rst extract the bounding box (hy)
and OCR text (t;) of all elements E using OmniParser [37]:

E =feigY;, =(bi;t)gl;, = OmniParser(l) (3.3)

To allow for sensitivity in model predictions, we focus on Ul 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

Lall our pipelines use GPT-4.1 as the VLM
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elements, overlapping, and 3) functional overlap elements appear to serve similar
purposes. We then ask VLM to sample relatively challenging Ul elements from E:

H=VLM(E)=fh gl (3.4)

where h; are the confusion risk scores for each element. We then select the @p-
elements i E with the highest scores.

Further, it is also crucial that our pipeline generatek accurate instructions for a Ul
elemente within |. However, selectinge based solely on confusion risk scores can be
unreliable, as VLMs often struggle to ground elements that are small or poorly visible
(see Fig B.7). To address this, we incorporate two cues: the element's visibility score
(v;), which re ects how clearly it is visible on the screen (obtained by prompting the
VLM), and its bounding box area @redah)). We select the target elemente from Ep

as the one maximizing v area(b ;).

Before proceeding, we manually inspect a random subset of images and observe
that sometimesEp is problematic. Speci cally, several bounding boxes generated by
OmniParser are incorrect either empty, containing partial or multiple Ul elements in
a single box, or capturing non-interactive regions (like plain text). We prompt the
VLM to lter 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 instructions for every ¢, 1) pair by incorporating multiple visual and
positional identi ers (Eqn. 3.1). Particularly for positional cues, the VLM is instructed

to describee based on its immediate neighbors, broader local context, or the section
it belongs to. While this approach yields many candidate instructions, we observe a
notable number of hallucinations, consistent with ndings in 3. Thus, unlike prior
work, which assumes a single instruction per element, our setting necessitates a robust
veri cation pipeline, described next.

3.3.3 Data Validation

Overall Correctness Veri cation: Our rst validation step is a simple check: we
highlight the elemente using a bounding box and ask the VLM to check whether the
instruction correctly refers toe. Particularly, the VLM is instructed to assess whether:
1) the elements mentioned in the instruction are visible, 2) the described visual details
are accurate, and, 3) the stated semantic relationships with surrounding elements are
correct.

Position Correctness Veri cation: Manual inspection reveals that while the
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previous step ltered 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 de ne strict spatial semantics (e.g.,
left refers to horizontal left; next means immediate adjacency). For instructions
that pass the earlier check, we now perform explicit position veri cation by guiding
the VLM with clear de nitions of terms like above, below, left of, and right

of, and Iter out any spatially imprecise instructions.

Uniqueness Veri cation: In this step, we verify if the remaining instructions
uniquely refer to the Ul elemente. That is, given an instruction i that refers to the
Ul elemente, we ask the VLM to nd (or count) if there exist other Ul elements in
image that can reasonably/substantially match the instruction.

3.3.4 Data Transformation

After manual inspection, we found that most generated instructions were acceptable,
with the exception of a small subset that failed to uniquely identifye. Instructions
containing visual cues (e.g., calendar icon) or speci c positional references (e.g., rst
list item) were typically reliable, whereas those relying solely on relative position (e.g.,
icon between list and sidebar) often lacked uniqueness (see Fig B.8) . Rather than
repeatedly attempting to x such cases, we hypothesize that making such instructions
more specic (by adding visual details) is a more e ective strategy for ensuring
correctness.

We begin by isolating the set of instructions that refer toe purely through its relative
position to nearby elements. Next, we evaluate whether these positional relationships
are su cient to uniquely identify e. To do this, we crop the image arouncke to
include its local context that is, neighboring elements N (€) located within a distance
threshold dj,:

n_ (0]
N(E)= ] kcj €k, dn

Here, ¢ denotes the center of the element. We useN (e) to compute the local crop

| local -

locar =1 MIN Xgi: mMin yq.;

oca i2N(e) U j2N(e) Yii (3.5)
max Xzj; max Yo
j2N(e) i2N(e)
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We then usel oy to prompt the VLM to assess whether the instruction uniquely
identi es e (similar to Sec. 3.3). This yields a set of successful and failing instruc-
tions (r?, rf). We transform rif into ry by augmenting it with visual identi ers

(fv 1;V2; va; 11 vhQ), resulting in the nal output instructions r :
n f f f
re = (Vasry); (Vair2); tii; (Vi)
ro="1r s;re g (3.6)

Finally, we perform a manual review of the generated instructions, resulting in 1,712
validated instructions across all images approximately 17 instructions per Ul
element. Refer to Fig B.1 for the visual illustration of the entire data generation
pipeline.

3.3.5 Evaluation Metrics

In this section, we describe our evaluation measures to assess the proposed sensi-
tivity of grounding models M.
Mean Distance ( Smean): Given imagel, Ul elemente, and K di erent perspective
instructions (fr «gk.; ), M predicts K output coordinatesfcygk., . We compute their
centroid (Ceentroid ), @nd then de ne the sensitivity to understande as the mean distance:

_ 1% jec € centoul

Omean = K - diag(b) (3.7)

wherediag(b) is the diagonal of the bounding boxb enclosinge. Finally, we average
dmean across input images (I 2 1) to obtain Spean:

1 X
nre dImean (3'8)
JIJ 121

Smean =

Worst Distance ( Sworst): We de ne the worst-case sensitivity as the maximum
distance of any predicted coordinate,cfrom Ceentroig

= JCk_C centrid ]
Gworst = Max diag(b) (3.9)

Then, we average gt across input images (I 2 1) to obtain Syorst :

1x

Sworst = dworst (310)
I IPY
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Instruction Out-of-Box Rate ( Soob): This metric measures the number of instruc-
tions where the output coordinatec does not lie inside the bounding bo containing
e:

1 X X
12 K 121 k=1

3.3.6 Experiments

Models Used: We evaluate 12 models: OpenAl Operator 7], Ul-Tars-1.5-7B [B(Q],
UGround-V1-2B/7B [13, OS-Atlas-7B 1], ShowUl-2B P§g], Jedi-3B/7B [63,
Qwen-2.5-VL-7B/32B [2], In GUI-R1-3B [35], UI-R1-E-3B [38].

Performance on GUI Grounding Sensitivity Benchmark: We report our results

in Table 3.1 (Base Column), which also includes model performance on ScreenSpot(SS)-
Pro [26], a widely used GUI grounding benchmark. Our ndings indicate that the
Operator is the least sensitive model, while the Jedi family has the highest sensitivity.
Among open-source models, Ul 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 outperform their
smaller versions.

Interestingly, reinforcement learning-trained models 1} 54] like In GUI-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 nd that strong performance on existing
GUI benchmarks does not imply that models better understand Ul elements from
multiple perspectives. For example, although Ul 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 di erent Image Inputs: Here, we analyze the sensitivity of
grounding models by varying common ways in which Ul elements appear within GUI
screenshots. For the rst setup, Local Crop, we use Eq.3.5 to zoom-in and generate
a crop around the Ul element. In the second setup, Window-in-Background, we
simulate realistic scenarios where applications appear in smaller windows over desktop
backgrounds by overlaying the original screenshot onto a background image (see
Fig. B.4). Results in Table 3.1 show no clear benet of local cropping on sensitivity.
This is because, although cropping may improve visibility of target element, it does
not necessarily help the model understand the semantic relationship between elements,
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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 250 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| 335
In GUI-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 2255 | 0.2392 0.8616 24.82 1.0558 3.9273  39.92| 0.0718 0.3212 1.28 311
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 1397 36.1

Table 3.1: 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 Ul 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 Ul elements. Results for
SS-Pro are taken from existing papers.

disambiguate similar-looking components, or overcome inherent biases and limitations.
Finally, we observe that increased visual complexity of the Window-in-Background
worsens sensitivity.
Performance over language variations: Here, we explore grounding sensitivity to
linguistic variations, including spelling errors, synonym replacements, and paraphrasing.
To ensure that performance changes are attributed solely to these variations, we apply
perturbations to instructions that most clearly and directly describe the Ul element
cases where the model is expected to perform con dently. Results in Tab. 3.1
(Language) show that most models, with the exception of the Jedi family, exhibit
robustness to linguistic variations. Moreover, models exhibit substantially lower
sensitivity compared to results in Table 1 (Base). For instance, Uground-V1-7B has
Smean = 0:3176 in Tab. 3.1 (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.

3.4 Automated Grounding Diagnosis

Motivation: Results from the previous section highlight that state-of-the-art GUI
grounding models exhibit sensitivity when a Ul element is described from multiple
perspectives. That is, some instructions or spatial relations are more di cult for the
model to interpret than others. This naturally motivates our exploration towards an
agentic pipeline that can iteratively explore instructions, understand model's behavior
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on those instructions, and automatically identify cases that lead to grounding failures.
In this section, we present our pipeline, called Automatic Grounding Diagnosis
Agent, which comprises three key components.

Step | - Seed Instruction Generation: To initiate our agentic loop, we rst obtain

then predict output coordinatescf for eachRy using the grounding modeM , and
record whether ¢ lies within the bounding box b containing e.

Step Il - Diagnosis Plan Generation: Next, we use the instructions where M
succeeds (i.eoX is insideb) to devise a diagnosis plan that could faiM . We begin
by asking the VLM to analyze previous successful instructions, and come up with
reasons r that made those instructions easy to ground:

e Y

~ Reason why instruction did not introduce ambiguity.

~ Highlight speci ¢ cues/phrasing that made disambiguation easy.

J

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

( 3

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 similar things

~ OCR proximity issues for ambiguity with nearby text

J

Note that even though the aforementioned step involves two logical parts, we nd
that incorporating them in a single prompt is su cient to achieve the goal.

Step Il - Diagnostic Instruction Generation: We now require A to generate di-
agnostic instructions R{; RY;  ;RY ) that are di erent and appropriately incorporate
P.
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{

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

"generated_instructions": [

{

"instruction™: "user instruction #1",
"reason": "brief explanation”

h

]
}

J

Since everyR¢ may not fail the model (i.e. o is outsideb), we Iter those that
achieve the intended goal. Then, we loop through Steps II, Il for a maximum of
T =10 iterations or until S =5 desired instructions are obtained.

Step IV - Instruction Selection: We nd that some of the S generated instructions
may contain incorrect details. However, our goal is not to collec failing cases, but
to identify the most accurate and e ective one. Furthermore, since each instruction
may include a di erent detail of the Ul element, a detail missed or misrepresented in
one may be correctly captured in another. This motivates a joint evaluation: instead
of assessing correctness in isolation, we verify every instruction in the context of other
instructions. Speci cally, we input the image and complete instruction set into the
VLM, allowing 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 previous step. In the nal step, we select
the best one de ned as the instruction with the fewest identi ers that could be
confused with other elements. To do this, we ask the VLM to describe all Ul 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.
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"number"; [number],
"elements": [
{
"description": "element description",
"clarity_rating": "(1-5), how clearly does
instruction refer to the element"

h

3.4.1 Experiments

In this section, we apply our Diagnostic Agent on state-of-the-art GUI grounding
models. Due to OpenAl costs, we select 50 images and two models UGround-V1-7B
and ShowUI-2B.

Performance of Diagnostic Agent: Given an input 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 nd such an instruction either by
hitting the iteration limit or being Itered out during Instruction Selection; or (2)

it succeeds in generating an instruction that triggers a grounding failure, however,
instruction may be correct (i.e., it accurately refers to a Ul element) or incorrect.
Importantly, 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. Speci cally, we de ne Success Rate (SR) as the percentage of
correct instructions among all failure-inducing instructions. To ensure evaluation
reliability, we manually annotate the generated instructions when computing SR,
avoiding potential inaccuracies from VLM-based evaluation. Our results in 3.2 (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. 3.3.

Transfer to other GUI models: In this experiment, we test if the correct failing
instructions for previous 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 3.2 demonstrate that failing instructions for one model can also lead to failure
for other models.

Impact of di erent 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
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