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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 (LLMs) [51, 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 agents [15, 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 goal [14, 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 correct [8, 15, 49]. Similarly, GUI grounding
benchmarks typically evaluate whether a model can predict the correct coordinate or
bounding box for a given instruction [6, 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,

flawed 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 fine-grained diagnosis of the underlying
capabilities that enable agentic behavior. Rather than treating an agent as a black
box and measuring only final success, this thesis studies specific 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 satisfies a goal. Grounding determines whether an agent
can map a user instruction to the correct UI element or coordinate. Together, these
capabilities form a critical bridge between perception, reasoning, and action.

The first part of this thesis studies fine-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 define 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 fine-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 [13, 50, 61] and developed benchmarks for evaluating grounding performance [6,
26]. However, existing data and benchmarks are heavily skewed toward web and mobile
environments [9, 22, 53], while desktop-specific GUI grounding remains comparatively
underexplored [3, 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 simplified references such as ‘Click the Pictures icon” [26]. Although
recent works incorporate more implicit referring expressions [34, 43, 63], they generally
do not evaluate whether models can consistently identify the same UI 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 UI element. We focus on desktop environments, which are challenging yet
underrepresented, and design an automatic data generation and validation pipeline
followed by human verification. 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 different
perspectives. Motivated by these findings, we further develop a GUI grounding
diagnosis agent that automatically generates diverse instructions, uses model feedback,
and iteratively identifies 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 fine-grained capabilities. This suggests that improving agent
reliability requires not only stronger models and larger training datasets, but also
evaluations that expose the specific conditions under which models fail.

In summary, this thesis makes the following contributions:

o We propose a fine-grained diagnostic perspective for evaluating GUI and web
agents, emphasizing that high-level task success alone is insufficient 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.

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



whether grounding models remain consistent across diverse descriptions of the

same Ul element.

o 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 flight 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 significant challenge, we
argue that the lack of holistic evaluations is another key factor hindering progress.
More precisely, prior works primarily assess the efficacy of VLM agents by judging the
correctness of their actions and measuring task success rates, i.e., whether the goal
is achieved [8, 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 offer
detailed diagnosis and insight into the specific Perception and Planning capabilities.
Observing the gap, prior works [33, 58] prompt the evaluations of fine-grained VLM
skills in web scenarios, such as website grounding and WebQA [33, 58]. However, they
focus solely on perception skills, failing to address the underlying abilities required

for effective planning as shown in Figure 2.1, thus motivating our central research
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Figure 2.1: VLMs and Web Planning. For web agents to complete tasks, a set
of critical components are involved. Among them, the fine-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 first web
planning evaluation and concluding the lack of capabilities in VLMs to plan effectively
and reliably.

question: Have VLMs acquired the necessary capabilities to plan effectively
as reliable web agents?

To concretize our study, we define 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 first, 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 first 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

"find flights 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. Specifically, 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
significant struggles in handling edge cases, such as reverting erroneous actions (e.g
clicking the wrong checkbox) in the synthetic dataset.

Overall, our findings 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 effective and reliable web agents. In summary, our contributions are:

o We are the first to emphasize and study the fine-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.

o 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 challenges [12, 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 final 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 [66] typically evaluated web navigation in simple, simulated environments.

7
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Figure 2.2: Comparisons of benchmarks in different 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 [22], SeeAct [72], WebVoyager [15], 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 final objective is achieved, in two main approaches: the first employs step-wise
evaluation using human-annotated datasets, specifying the ground-truth action at
each step [8, 72|, whereas the second leverages contemporary VLMs (such as GPT-4o,
Gemini) to determine if the agent successfully completed the task [15, 49]. Despite
their intuitive nature, task success metrics have two key limitations: 1). Reliability —
As noted in [15], there exist multiple valid trajectories to solve a task and enforcing
the agent to match the predefined 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 environments [49]; 2). Depth
of Evaluation — While task success rates measure VLMs’ overall effectiveness, they
lack fine-grained insights into their capabilities and defects.

VLM Web Understanding and Reasoning Evaluation. To circumvent the
above issues in evaluation by success rates, recent works [5, 17, 31, 33] introduce
benchmarks to assess VLMs’ granular performance in web scenarios. Particularly,
VisualWebBench [33] focuses on tasks such as Web captioning/QA, Action Ground-
ing/Prediction, etc. Moreover, WebQuest [58] 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 fine-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 first 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
shuffled 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 GUlI-specific models. Considering the importance of practical-size web agents
(Section A.10), for general VLMs, we choose Qwen2-VL (2B, 7B, 72B) [59], Llava-1.6
(7B, 13B, 34B) [30], Llava-One-Vision (0.5B, 7B) [25], Minicpm-V [67], Minicpm-o
[41], InternVL2-MPO (8B) [60], DeepSeek-VL [36], GLM-4V [36], Idefics3 [20], and
Phi-3.5 Vision [11], and for GUI-specific models, we consider Ferret-UI (2B, 8B) [68],
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 Llama3-8B [10] 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 VLMs) per test. More details about human

study are in Section A.6.
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Table 2.1: Evaluation on Temporal Ordering Task. We show the mean accuracy
of various VLMs on two datasets across different configurations 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.
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2.4 Temporal Understanding Analysis

Understanding temporal relations is a fundamental aspect and prerequisite for
effective 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.,
filling 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 different 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 7" actions {a;}_, and
corresponding webpage screenshots {i;}_,. In these datasets, i (or initial webpage
state) is typically the homepage of a website and iz (or final webpage state) is typically
when task is completed. Therefore, for a clear and unambiguous test, we always use
19, 1; for inputs, hypothesizing that presenting the initial and final webpage states is
the easiest question to determine which comes earlier. For completeness, we include
further discussion and ablation on randomly sampled ¢, i; in Section A.2, which yields
similar findings.

To prepare inputs for VLMs, we label the screenshot images with IDs “Picture
1”7 and “Picture 27, and the ordered input image tuple as (Picture 1, Picture 2).
To mitigate the influence of prompt variations (specifically input orders), we create
two broad configurations for each screenshot pair. In the first setting (referred to
as Orderl), the input image tuple is (start state ig, end state ir), and the expected
answer is “Picture 1 comes earlier.”” (e.g., Figure 2.2(a)); in the second configuration
(referred to as Order2), the input image tuple is (end state iy, start state i), and the
expected answer is “Picture 2 comes earlier.” For each of the above two configurations,
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 configurations, exhibits a consistent performance above random guess but
still remains significantly lower than human performance. Additionally, we observe no
significant performance variations between MCQ and non-MCQ versions in Table 2.1.
Finding - Spurious preference for the first 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. Specifically, the mean performance difference across all models, between
cases where “Picture 1”7 is the correct answer and cases where “Picture 27 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 find that VLMs tend to rationalize
their answer of “Picture 1”7 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 final states resulting from different action sequences to
figure out the most effective course of action for achieving the goal. Although previous
works briefly 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 different action plans
lead to the same or distinct final states.

Experiment Setup: This test requires the model to evaluate two proposed action
sequences, provided with an initial state screenshot i, and determine whether the
future state 7; 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 significant
challenges for VLMs. For reliability, each data point is manually verified, 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 VLMs,
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 accuracy tion 2.5.2 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 shuffled orders. instruction.

current VLMs and raises concerns about their reliability due to inconsistencies across
different scenarios.
2.5 Plan Assessment Analysis

In this section, we investigate more complex reasoning capabilities: Can VLMs
select the right plan to achieve a specific 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. Specifically,
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, offering 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. Specifically, 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 first
perform a few modifications. We begin by removing samples where the action sequence
is longer than 10 steps to align with VLMs’ reasoning limitations [40, 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-4o [45]. To ensure data quality, we manually inspect
and refine each sample.

We construct the final test MCQ questions as follows: For each task instruction g,
we sample the web page screenshot (i.e., state) i, from its solution trajectory, where i,
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:
o Shuffling Perturbation: Given that a plan is a sequence of actions where the next
action depends on the previous actions, this configuration creates incorrect options
by violating the sequential flow 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

14



Cart", "Order'], an incorrect option would be ["Order", "Add to Cart', "Visit Amazon',
"Search Shampoo' | (see Figure A.20c).

o Semantic Perturbation: Given an action plan for a task, this configuration
generates incorrect options by inserting irrelevant actions from a different 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 flights 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 ?77.

Result - Lack of genuine understanding of plans: The experiment results
are presented in Table 2.3. Under the Shuffling Perturbation setting, while most
VLMs outperform random guess performance (i.e., 25%), their accuracy remains
significantly 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 Shuffling
Perturbation (due to intuitiveness, we skip human study for the generally easier
Semantic Perturbation setting). This suggests that while VLMs can differentiate 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 difference
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 fill a form, we define an ‘ideal state’ is an empty
form). However, in practice, edge cases such as random initializations (e.g., forms have
pre-filled fields) 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 UI 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 find that scaling does not automatically
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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 significantly 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 GUl-specific models (Ferret-Ul, UIX-Qwen2,
CogAgent), with a maximum accuracy of only 26%. Moreover, we observe that the
highest-performing Qwen2VL 72B model suffers 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 [48],
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 sufficient gains resulting from CoT. Specifically, while some models occasionally
showed reduced performance due to CoT, others consistently struggled to adopt it
effectively.

Are bigger models better than their smaller versions? From Figure 2.3, we
find that while Qwen2-VL family improves in performance, Llava 1.6-34B is not
significantly better than its smaller counterparts, contrary to the findings 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 GUlI-specific models outperform general VLMs? Although previous studies
show that GUl-specific models outperform generalist VLMs in GUI navigation and
comprehension tasks [7, 52], they significantly underperform on our tests in Tables 2.2
to 2.4 (last three rows). Similar to [33], we found this behavior is likely due to
over-fitting to the GUI settings, which affects 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 first evaluation frameworks aimed at understanding
the fine-grained skills required for VLMs 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
questions encompassing planning skills such as temporal relations over state trajectory,
temporal prediction of future states, and plan assessment for identifying effective 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 findings reveal that current VLMs are far from achieving human-like planning
capabilities, and hardly above random guessing in many evaluations, indicating
fundamental deficiencies in reasoning about web dynamics. Specifically, 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-specific
datasets, do not consistently lead to improvements in fine-grained planning tests.
These findings 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 [44] is an emerging application of
Large Language Models (LLMs) [51, 57] and Vision Language Models (VLMs) [2, 46].
Given a Ul and a user 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 UT layouts and instructions across platforms (web, mobile,
desktop) exacerbates the problem. To tackle these challenges, recent works generally
train large-scale GUI grounding models [13, 50, 61], and develop diverse grounding
benchmarks [6, 26].

Despite this, prior work remains heavily skewed toward web and mobile environ-
ments [9, 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-specific 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
different 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 different 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") [6] or simplified instructions (e.g.,
"Click the Pictures icon") [26], which fail to capture the complexity of real-world
interactions. Although recent efforts [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—Dby visual traits, relative position, or surrounding context. As such, judging
grounding models by their ability to ground a UI element for a single reference yields
an incomplete view. Instead, to assess whether GUI grounding models genuinely grasp
element identification, 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 first 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-verified to construct our benchmark: GUI Grounding
Sensitivity Benchmark.

We evaluate 12 GUI grounding models and report reasonable sensitivity in their
predictions. Importantly, we find that although many recent models Qwen-2.5 [2],
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
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 Ul element.

o We focus on the underrepresented desktop setting and propose an automatic
data generation pipeline, followed by human verification, to develop the GUI

Grounding Sensitivity Benchmark.

o 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 works [6, 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 [13] 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 UI-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 [18, 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-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[6, 26], 2) they only test the effect 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 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.
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 first effort 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 image I and a Ul element e, we can extract multiple visual and position

identifiers:
€y = {U17U27U37 s JUTL}

(3.1)
€p = {p17p27p37 s 7pm}

where e, is the set of visual identifiers v; and e, is the set of position identifiers p;.
We define a unique identifier for e as any individual identifier (visual or position) or
combination of v; and p; that matches only e—i.e., no other element can be described

using it. Consequently, multiple identifiers can uniquely identify e:

_ u u u i
6—{“1;“2»"':]917172,"‘a

3.2
(0, pR)", oy (g pR)" o) .

where v} and p¥ are individual unique identifiers, while (v;, px)* denotes a combination
unique identifier. Given that we aim to investigate the sensitivity of GUI grounding
models against various ways of referring to e, our goal is to develop a data generation

pipeline that reliably produces K distinct unique identifiers.

3.3.2 Data Generation

Image Selection: We select the desktop screenshots (particularly windows) from
ScreenSpot [6] and OmniAct [21], yielding 173 images. Then, we filter 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.

UI Element Extraction: For each image I, we first extract the bounding box (b;)
and OCR text (¢;) of all elements E using OmniParser [37]:

E = {e;}Y, = (b, 1)}, = OmniParser([) (3.3)

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

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) = {h}), (3.4)

where h; are the confusion risk scores for each element. We then select the top-D
elements Ep C E with the highest scores.

Further, it is also crucial that our pipeline generates K accurate instructions for a Ul
element e within /. However, selecting e 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 reflects how clearly it is visible on the screen (obtained by prompting the
VLM), and its bounding box area (area(b;)). We select the target element e from Ep
as the one maximizing v; x area(b;).

Before proceeding, we manually inspect a random subset of images and observe
that sometimes Fp is problematic. Specifically, 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 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 instructions for every (e, I) pair by incorporating multiple visual and
positional identifiers (Eqn. 3.1). Particularly 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 instructions, we observe a
notable number of hallucinations, consistent with findings in [13]. Thus, unlike prior
work, which assumes a single instruction per element, our setting necessitates a robust

verification pipeline, described next.

3.3.3 Data Validation

Overall Correctness Verification: Our first validation 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 instruction are visible, 2) the described visual details
are accurate, and, 3) the stated semantic relationships with surrounding elements are
correct.

Position Correctness Verification: Manual inspection reveals that while the
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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”—mnone of which were
explicitly enforced earlier. To address this, we define 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 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 Ul element e. That is, given an instruction ¢ that refers to the
UT 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.

3.3.4 Data Transformation

After manual inspection, we found that most generated instructions were acceptable,

with the exception of a small subset that failed to uniquely identify e. Instructions
containing visual cues (e.g., calendar icon) or specific positional references (e.g., first
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 fix such cases, we hypothesize that making such instructions
more specific (by adding visual details) is a more effective strategy for ensuring
correctness.
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 A (e) located within a distance
threshold d;y:

N(e)={i] lle; = cell, < dun}

Here, c; denotes the center of the element j. We use AN(e) to compute the local crop

IlocaI:
flocat =1 [j?bi?e) T B (3.5)

max Ty i, Inax s ;
JEN (€) 7 jeN(e)y 7

25



We then use [,ca1 to prompt the VLM to assess whether the instruction uniquely

identifies e (similar to Sec. 3. 3) This yields a set of successful and failing instruc-

tions (r?, rlf ). We transform r into r,. by augmenting it with visual identifiers
({v1,v2,vs,...,v,}), resulting in the final output instructions r,:

Ty = { (Ul,T{), (U27r£)7 R (Una Tﬁ) }

To =A{rs, T} (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 (Speqan): Given image I, Ul element e, and K different perspective
instructions ({ry}X_,), M predicts K output coordinates {c;}X_ ;. We compute their

centroid (Ceentroia ), and then define the sensitivity to understand e as the mean distance:

| Ck — Ccentroid ’
mean - 3.7
Z diag(b) (37)

where diag(b) is the diagonal of the bounding box b enclosing e. Finally, we average

dpmean across input images (I € ) to obtain S,,eqn:

Smean = dmean (38)
G

Iel

Worst Distance (Syorst): We define the worst-case sensitivity as the maximum

distance of any predicted coordinate ¢, from Ceentroid:

’ck - Ccentroid‘
dwors = i N 3.9
e S g(b) (39)

Then, we average dyors; across input images (I € Z) to obtain Syepst:

Sworst = |I| Z dworst (310)

1€l
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Instruction Out-of-Box Rate (s,0): This metric measures the number of instruc-
tions where the output coordinate ¢ does not lie inside the bounding box b containing

(o

L > ZI: ey & b} (3.11)

Soob =
ZIGI K IeT k=1

3.3.6 Experiments

Models Used: We evaluate 12 models: OpenAl Operator [47], Ul-Tars-1.5-7B [50],
UGround-V1-2B/7B [13], OS-Atlas-7B [61], ShowUI-2B [28], Jedi-3B/7B [63],
Qwen-2.5-VL-7B/32B [2], InfiGUI-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 findings 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 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 Ul 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 Ul elements appear within GUI
screenshots. For the first setup, Local Crop, we use Eq.3.5 to zoom-in and generate
a crop around the UI 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 benefit 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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Base Local Crop ‘Window-in-Background Language SS-Pro
Smean & Sworst & Soob 4 | Smean 4 Sworst +  Soob 4 | Smean | Sworst 4 Soob | Smean 4  Sworst +  Soob 4 | Acc. T
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
UL-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 2255 | 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

Model

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 3.1: Main Results. (a). Sensitivity scores (Smean, Sworst, Soob) 0f 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 confidently. 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 difficult 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 I - Seed Instruction Generation: To initiate our agentic loop, we first obtain
K seed instructions (Ry, Ry, ..., Ri) for a Ul element e using Sections 2.2-2.3. We
then predict output coordinates of for each Ry using the grounding model M, and
record whether o” lies within the bounding box b containing e.

Step II - Diagnosis Plan Generation: Next, we use the instructions where M

¥ is inside b) to devise a diagnosis plan that could fail M. We begin

succeeds (i.e. o,
by asking the VLM to analyze previous successful instructions, and come up with

reasons 7 that made those instructions easy to ground:

e Y

o Reason why instruction did not introduce ambiguity.

» Highlight specific cues/phrasing that made disambiguation easy.

J

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:

( 3

Your instruction Generation Strategy may include:

e Spatial phrasing traps with nearby elements
e Visual lookalike confusion based on color, size, iconography
e Functional overlaps with elements that do similar things

e OCR proximity issues for ambiguity with nearby text

J

Note that even though the aforementioned step involves 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 di-
agnostic instructions (R4, RS, - -- | R%,) that are different 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"

},

J

Since every R¢ may not fail the model (i.e. o.F is outside b), we filter those that
achieve the intended goal. Then, we loop through Steps II, III for a maximum 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 incorrect 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 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. Specifically, 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 final step, we select
the best one—defined as the instruction with the fewest identifiers that could be
confused with other elements. 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.
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"number": [number],
"elements": [
{
"description": "element description",
"clarity_rating": "(1-5), how clearly does
instruction refer to the element"

1,

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 find such an instruction—either by
hitting the iteration limit or being filtered 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. Specifically, we define 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 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
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Figure 3.2: Evaluation of our Diagnostic agent. (a) High Success Rate of di-
agnostic instructions that fail UGround-V1-7B and ShowUI-2B, (b). Diagnosis
Plan Generation improves the precision of generated instructions (c). Instruction
Selection effectively filters out incorrect failing instructions.

-
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(a). Use the Open button directly (b). Pick the option in the upper
above Windows Media Player row, furthest from Cars.

Figure 3.3: Failing Instructions generated for UGround-V1-7B. H : Target Ul
element, o : Incorrect model prediction. Zoom in for clarity.

study.

From Fig. 3.2b, we observe that total number of failure-inducing instructions is compa-
rable with and without the Diagnosis Plan Generation step. However, the accuracy of
the generated instructions is significantly higher when this step is included, indicating
the benefit of structured planning in instruction quality. Fig. 3.2¢ further shows that
omitting the Instruction Selection step increases the number of failing instructions,
but many are incorrect, 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.

3.5 Conclusion

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

To address this, we design an automated data synthesis pipeline that generates
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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 3.2: Instruction failure rate(|) of GUI grounding models on failing instruc-
tions generated for UGround-V1-7B and ShowUI-2B.

multiple instructions per UI element and release the GUI Grounding Sensitivity
Benchmark to assess sensitivity to diverse descriptions. Our findings show that current
models 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 Ul elements, we propose extracting the relations or descriptions they struggle
with. We introduce the GUI Grounding Diagnosis Agent that automatically generates
diverse 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.
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Chapter 4
Conclusion

This thesis investigated how computer-use agents can be evaluated beyond ag-
gregate measures of task success. Although end-to-end benchmarks are useful for
measuring whether an agent ultimately completes a task, they often provide limited
insight into the capabilities that caused success or failure. A single unsuccessful
trajectory may arise from incorrect perception, imprecise grounding, weak temporal
understanding, flawed planning, or an inability to recover from an earlier mistake.
Conversely, an agent may succeed on a benchmark through shortcuts or favorable
task structure while still lacking the capabilities required for reliable deployment. The
central argument of this thesis is therefore that progress toward robust computer-use
agents requires fine-grained diagnostic evaluation of the underlying abilities that
connect perception, reasoning, and action.

The first part of this thesis examined planning in web environments. We evaluated
whether Vision-Language Models possess several prerequisites for effective planning;:
understanding the temporal order of webpage states, predicting how actions change
an interface, and assessing whether a proposed sequence of actions will achieve a
goal. Across these evaluations, current models showed substantial weaknesses. They
frequently relied on spurious cues such as input order, degraded as action horizons
increased, and struggled to distinguish plans that differed primarily in the ordering
of otherwise relevant actions. They also performed poorly in controlled edge cases
that required reasoning about non-ideal initial states or recovering from prior errors.
Moreover, chain-of-thought prompting, increasing model scale, and leveraging GUI-
specific models did not consistently resolve these limitations. These results suggest
that strong visual recognition or next-action prediction does not necessarily imply an
internal understanding of interface dynamics.

The second part of this thesis examined the grounding in desktop graphical user
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interfaces. Standard grounding benchmarks usually associate each target element
with a single instruction, although users can describe the same element through
its appearance, function, relative position, or surrounding context. To address this
limitation, we introduced a sensitivity-based evaluation that measures whether a
grounding model produces consistent predictions across multiple valid descriptions
of the same element. The resulting benchmark revealed that strong performance
on conventional grounding benchmarks does not guarantee robust understanding of
UI elements. Models often changed their predictions when the referring expression
changed, despite the target remaining fixed. Increasing visual complexity further
worsened this sensitivity. We additionally introduced a GUI Grounding Diagnosis
Agent that uses model feedback to iteratively generate instructions that expose model-
specific failure cases, demonstrating how diagnostic evaluation can move from passive
measurement toward active failure discovery.

The results of this thesis indicate that reliable computer-use agents will not emerge
from optimizing a single benchmark score alone. They require models that understand
how interfaces change over time, ground language consistently to interface elements,
recover when their expectations are violated, and expose uncertainty when they cannot
act safely. Fine-grained diagnosis provides a practical path toward these goals by
revealing failures that aggregate metrics conceal and by turning those failures into
concrete targets for model improvement. As computer-use agents become more capable
and are trusted with increasingly consequential tasks, evaluation must evolve from
asking only whether an agent succeeded to asking what it understood, why it failed,

and whether it can be trusted under variation.

35



Chapter 5

Future Work

5.1 Closing the Loop Between Diagnosis and Train-
ing

A natural next step is to use the failures identified by diagnostic evaluations as
direct training signals. The planning evaluations in this thesis could support curricula
that explicitly teach temporal ordering, action-conditioned state transitions, and
recovery from erroneous states. Similarly, grounding failures discovered across diverse
referring expressions could be converted into hard negative examples or consistency
objectives that encourage a model to map semantically equivalent instructions to the
same Ul element. The GUI Grounding Diagnosis Agent provides an initial mechanism
for automatically finding such examples, but future systems could form a continuous
loop in which a diagnostic agent generates challenging cases, a target model is updated
on those cases, and the evaluator verifies whether the improvement generalizes beyond
the generated examples. Reinforcement-learning approaches, including group-relative
optimization objectives, may also be useful for training instruction generators to

discover valid, diverse, and increasingly informative failure cases.

5.2 Unified Diagnosis Across the Agent Pipeline

This thesis studied planning and grounding as separate capabilities in order to
isolate their failure modes. In an end-to-end agent, however, these components interact
closely. A grounding error can corrupt the state used for subsequent planning, while a
planning error can cause an otherwise correct grounding prediction to be applied to

the wrong action. Future work should therefore develop unified diagnostic frameworks
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that trace how errors propagate across perception, grounding, memory, planning, and
execution. Controlled interventions could replace one component with ground-truth
information while leaving the rest of the agent unchanged, making it possible to
estimate the causal contribution of each capability to task success. Such evaluations
would provide a more precise bridge between unit-level benchmarks and end-to-end

performance.

5.3 Interactive, Long-Horizon, and Recovery-Centered

Evaluation

The tests developed in this thesis intentionally isolate specific capabilities, often
over relatively short horizons or controlled screenshots. Future evaluations should
extend these ideas to interactive environments in which agents must maintain state over
longer trajectories, handle delayed consequences, and adapt when the interface changes
unexpectedly. In particular, recovery should be treated as a first-class capability. Real
agents will inevitably misclick, encounter pop-ups, lose context, or reach states that
differ from the expected trajectory. Benchmarks should therefore measure not only
whether an agent avoids errors, but also whether it detects them, revises its internal
state, and returns to a valid plan. This direction is especially important for tasks
containing irreversible or costly actions, where an agent must reason about risk before

acting.

5.4 State Representation and Predictive Models of

Interfaces

The planning results suggest that current VLMs often lack a stable representation
of how interfaces evolve under actions. One promising direction is to equip agents
with explicit state representations or learned world models of graphical environments.
Rather than reasoning only from the current screenshot and a textual action history,
an agent could maintain a structured belief over Ul elements, their attributes, and
the effects of previous actions. Training objectives based on action-conditioned future-
state prediction, state consistency, and counterfactual rollouts may improve both
planning and error recovery. These representations could also connect planning and
grounding by associating linguistic references with persistent interface entities rather

than isolated pixel coordinates.
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5.5 Broader Generalization and Human Variation

The grounding study focuses on desktop environments, but substantial variation
remains across operating systems, applications, languages, accessibility settings, screen
resolutions, and user populations. Future benchmarks should include multilingual
instructions, assistive technologies, personalized terminology, and interfaces with un-
common layouts or visual themes. The same principle applies to planning: agents
should be tested across websites and applications whose structure, interaction con-
ventions, and state transitions differ from those seen during training. Evaluating
such distribution shifts would help determine whether a model has learned general

principles of computer interaction or merely adapted to recurring interface patterns.

5.6 Calibration, Verification, and Safe Delegation

Finally, reliable agents should recognize when their grounding or planning is
uncertain. Future work should pair diagnostic accuracy with measures of calibration,
abstention, and selective prediction. An agent that can identify ambiguous references,
request clarification, verify the effect of an action, or defer a high-risk decision may
be substantially safer than one that always acts with high confidence. Diagnostic
evaluations could be used to define capability-specific confidence thresholds and to
determine when human oversight is necessary. This would shift the goal from building
agents that always produce an action to building agents that act only when they have

sufficient evidence that the action is correct.
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Appendix A

Additional material for Chapter 1

A.1 Creating Synthetic Data with MiniWob-++

In this section, we describe more details and examples for the data we create for
Section 2.4.2, Section 2.5.2 using the MiniWob++ environment.
Edge Case Test: As shown in Figure A.2, given a task (e.g "Check abs checkbox"),
we first obtain a clean or fresh form which has not been interacted with. Next, we
algorithmically perform a series of actions, where we randomly interact with a subset of
form elements (e.g clicking one/two checkboxes). to generate our edge-case screenshots.
This process results in an edge case screenshot where some incorrect elements may
be clicked, or certain fields may have different pre-filled values, and VLMs have to
figure out their way to navigate (or recover) through this altered state and solve the
task. We perform the above across three MiniWob++ environments, each featuring
a form with a distinct combination of elements - (1) checkboxes only, (2) a slider
and a checkbox, (3) a textbox and a radiobutton (See Figure A.1). Finally, these
environments correspond to three specific tasks for our Edge Case test, namely Task
1, Task 2, and Task 3, respectively (See Figure A.3).
Future State Consistency: Now, we leverage the form screenshots obtained above
and algorithmically create three tasks (Task 1, Task 2, Task 3) to examine if VLMs
can determine whether two sequences of action lead to the same future states (see

Figure A.4 for long-horizon action plan scenarios and see Figure A.5 for shorter ones).
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Ppra3
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Submit ’

Task 1 Task 2 Task 3

Figure A.1: Example Synthetic Data from MiniWob++4. We leverage the
MiniWob++ environment to generate three groups of tasks: 1). a list of checkboxes,
2). a slide with three checkboxes, and 3). three radio-buttons with three text boxes.
All tasks contain a “Submit” button.

Task: Check OU1A, Goba6 and click Submit

) 2njs ZNjS
_J ou1A . _J ou1A
) coal Automatic ) coal
- Perturbation —
— RSUA meesssmmm) — RSUA
— Ppr33 for Random Ppra3
_ Gobab Initializations _ Gobab
and Errors
Submit Submit
Original Clean Form Edge Case Scenarios

Figure A.2: Tllustrating one of our algorithmic interactions to perturb the original
clean form state.
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Task: Change the current state of the form shown in the image to the state where only
the checkboxes labeled cdCuet, VLNhwA4F, ke are selected. Once the form is in this
state, click the Submit button. If any other checkboxes remain selected prior to
submitting, ensure you uncheck them accordingly.

Check cdCuet, VLNhw4F, ke and Click Submit

cdCuet

T Uncheck cdCuet, Check edCuet, vENhwAF, ke and Click Submit
ANEwdE
ke Uncheck Tg, Check vLNhw4F, ke and Click Submit
Submit ‘

Check VLNhw4F, ke and Click Submit

L JL LU JLUJ

Directly click Submit.

(a) Task 1

Task: Change the current state of the form shown in the image to the state where only
the checkboxes labeled cdCuet, vVLNhw4F, ke are selected. Once the form is in this
state, click the Submit button. If any other checkboxes remain selected prior to

bmitting, ensure you uncheck them accordingly.

Click the 1st checkbox and then hit Submit.

Move the slider handle to the right until the slider value increases by 5 units,
and then click Submit.

Move the slider handle to the left until the slider value decreases by 5. Then,
uncheck the 1st checkbox, click the st checkbox and then hit Submit.

) ]
Move the slider handle to the left until the slider value decreases by 10. Thcn,]
Directly click Submit. ]

Submit Q uncheck the 2nd checkbox, click the 1st checkbox and then hit Submit.

(b) Task 2

Task: Check the 1st radio button and enter the number \"46\" into the 2nd textbox.
Before proceeding, ensure that no other radio button is selected and no text is entered in
any other textbox.

6 Check the 3rd radio button and enter number 46 into the 2nd textbox. ]
) @

( 7‘@3 Check the Ist radio button. Then, clear the number 46 from the 2nd textbox
e — and enter it into the 3rd textbox.

‘ Submit ‘ e No action needs to be taken. ]

Check the It radio button and enter the number \"46\" into the 2nd textbox. Before proceeding,
ensure that no other radio button is selected and no text is entered in any other textbox

(c) Task 3

Figure A.3: Task examples for Edge Case Test Study

A.2 Choice of States in the Temporal Ordering
Setup

As discussed earlier, our design in the temporal ordering experiment focuses on
transitions between the initial state iq and the final state i; to reduce ambiguity. We
now present a discussion for our choice along with the ablation experiments after
selecting random states ;, iy.

Discussion. Our original choice addresses challenges of noise associated with the
random sampling of intermediate webpage states. For example, in tasks like “Buy
Louis Vuitton on Amazon,” users scroll through search results dynamically, producing
intermediate screenshots that reflect varying, non-sequential segments of the page.

These variations, which do not follow a consistent semantic order, complicate efforts
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1. Move the slider handle to the

right until the slider value increases by 3.
2. Uncheck the 3rd checkbox

3. Click the 2nd checkbox

4. Hit Submit 1. Move the slider handle to the right until the slider value increases by 8.
2. Move the slider handle to the right until the slider value increases by 1.

1. Uncheck the 3rd checkbox 3. Uncheck the 3rd checkbox

4. Click the 2nd checkbox.
2. Click the 2nd checkbox 5. Hit Submit.

3. Move the slider handle to the right until the slider value increases by 9.

4. Hit Submit
4. Hit Submit.

3. Move the slider handle to the right until
. A 1. Uncheck the 3rd checkbox j
the slider value increases by 3. [2 Click the 2nd checkbox

1. Check iyHxAx m

2. Uncheck Br
3. Uncheck iyHxAx
4. Check Br

\ 5. Hit Submit )

1. Uncheck Br

2. Check iyHxAx
3. Check Br

4. Uncheck Br

5. Hit Submit

(c) Task 3

Figure A.4: Task examples for Future State Prediction study — Long Horizon i.e plans
have (3-4 action steps before submitting the form)
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1. Move the slider handle to the

right until the slider value increases by 3.
2. Uncheck the 3rd checkbox

3. Hit Submit

3. Hit Submit.

1. Uncheck thx? 3rd checkbox ) : oo
2. Move the slider handle to the right until

the slider value increases by 3. — -
3. Hit Submit [zim‘;mm et th rightun Value increases by ﬂ

1. Move the slider handle to the right untilthe slider value increases by 8.
o 2. Move the slider handle to the right until the slider value increases by 1.

1. Check iyHxAx
2. Uncheck iyHxAx
3. Hit Submit

~— @@

1. Uncheck Br m

2. Check Br
3. Hit Submit

(c) Task 3

Figure A.5: Task examples for Future State Prediction study — Short Horizon i.e plans
have (1-2 action steps before submitting the form)
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to determine which state occurs earlier. Similarly, in tasks such as “Add toilet paper
and laundry detergent to Amazon cart,” the order of intermediate screenshots can
plausibly vary depending on user behavior, making definitive temporal labels infeasible.
Thus, creating a reliable evaluation data in the random way necessitates the need for
manually inspecting and filtering the ambiguous intermediate states and the entire
generated data, which is out of scope for our work.

Ablation Results. For the sake of completeness, we now include evaluation results
with random states 7;,4;. From Table A.1, we can observe that for both the datasets
MM-M2W, GUIAct, the performance of chosen VLMs (MiniCPM, Qwen2-VL-7B)
is poor and not very substantiallyy better than the random guess performance of
50%. Although the potential for the aforementioned issues makes it harder to draw
trends from these numbers, we can still observe the VLMs to struggle similarly for

the intermediate states.

Model MM-M2W GUIAct
ode Instruct CoT | Instruct CoT

Minicpm 46.28  48.26 | 51.65%  59.35%
Qwen2-VL 7b 44.94 44.72 | 54.28%  54.64%

Table A.1: Comparison of performance on MM-M2W and GUIAct datasets using
random intermediate states.

A.3 Correlation Between Planning Skill Perfor-

mance and Task Success Rate

To investigate the relationship between planning skill performance and overall
task success, we analyze the results of three models—Qwen2-VL-7B, LLaVA-1.6, and
Phi-3.5—on the Mind2Web-Live benchmark [48]. We evaluate these models across
three core planning skills: Future State Prediction, Plan Selection (Real World), and
Edge Case Detection, along with their task success metrics, including average step
success rate, completion rate, and full task success rate. The results are summarized
in Table A.2.

As shown in Table A.2, the average planning skill scores for LLaVA-1.6, Phi-3.5,
and Qwen2-VL-7B are 41.72, 44.75, and 60.31, respectively. These scores correlate
with each model’s task success rates: LLaVA-1.6 achieves a full task success rate

of 4.8%, while Phi-3.5 and Qwen2-VL-7B achieve 13.3% and 19.3%, respectively.
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Model Future State Plan Selection Edge Case Planning | Avg Step Completion Full Task

Prediction  (Real World) Detection Avg SR Rate SR
LLaVA-1.6 35.70 54.67 34.79 41.72 32.0 30.3 4.8
Phi-3.5 56.68 48.04 29.52 44.75 44.0 34.0 13.3
Qwen2-VL-7B 64.71 67.53 48.70 60.31 45.3 40.2 19.3

Table A.2: Comparison of planning skill evaluation and task success metrics across
models on the Mind2Web-Live benchmark.

The ranking of models by average planning ability closely mirrors their ranking in
task-level performance metrics, suggesting a strong relationship between planning
skill and downstream task effectiveness. This finding reinforces the value of skill-level
evaluations in understanding and predicting model performance in real-world web

environments.

A.4 Comparison with Proprietary Models

Given resource constraints, we were unable to run the complete set of experiments
on large-scale proprietary models. To demonstrate the value of our experimental setup,
we conducted smaller-scale evaluations using GPT-40-mini across two representative
tasks: Temporal Ordering and Plan Selection in Real Web Environments.

For the Temporal Ordering task, we select the GUIAct data and sample a subset of
500 questions from the full evaluation set, whereas for Plan Assessment, we evaluate
on the Shuffle Perturbation setting. The results are shown in Table A.3.

Phase Instruct CoT

Orderl 40.6 41.6
Order2 57.8 59.6

Table A.3: Temporal Ordering task performance (%) on GPT-40-mini.

Prompt Type Accuracy (%)

Instruct 49.66
CoT 48.97

Table A.4: Plan Selection task performance (%) on GPT-40-mini under the Shuffle
Perturbation setting.

Our results with GPT-40-mini reveal two key findings: (1) temporal prediction

accuracy is only marginally better than random guessing (50%), and (2) performance
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on the plan selection task is weaker than that of many open-source models (see
Table 2.3). These observations suggest that proprietary models do not necessarily
outperform smaller open models on fine-grained web planning evaluations, highlighting

the value of our task-specific benchmarking approach.

A.5 Prompts

In this section, we include the following prompts: Temporal Ordering: For
simplicity, we only include the prompts for Non-MCQ settings. Note that we use the
same prompt for the MCQ setting, differing only in the output format. Figure A.6
shows the Instruction prompt and Figure A.7 shows the CoT prompt.

Future State Prediction: Figure A.8 shows the Instruction prompt and Figure A.9
shows the CoT prompt.

Plan Assessment : Real Web Environment Figure A.10 shows the Instruction
prompt and Figure A.11 shows the CoT prompt. We add action history to the prompt
in Figure A.12 to evaluate the impact of the presence of history in Section A.7.
Plan Assessment : Edge Case Scenario Figure A.13 shows the Instruction prompt
and Figure A.14 shows the CoT prompt.

Llama as a Judge Prompt Figure A.16, Figure A.15, Figure A.17 includes all the

LLama prompts we use throughout our paper.

A.6 Human Study Details

In this section, we describe the process we followed to obtain human performance
for the tests mentioned in this paper.
Number of samples. We randomly sample 15 questions for Temporal Ordering,
Plan Selection (Real Web Scenarios), and Plan Selection (Edge Cases). For Future
State Prediction, which has Long and Short Horizon configurations, we sample 20
total questions to balance volunteer effort and question count. As noted in the main
paper, of the two configurations for Plan Selection (Real Web)—Shuffling Perturbation
and Semantic Perturbation—we conduct human study only for the harder Shuffling
Perturbation due to constraints.
Instructions given to raters. The tests are presented to humans in the same format
as the VLMs in our study, i.e., MCQs with 4/5 options. To ensure a fair comparison,
we present the same instructions to both VLMs and human raters. Accordingly, we

use the prompts outlined in Figure A.13, Figure A.8, Figure A.10, and Figure A.6.
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Temporal Ordering (No-MCQ) (Instruction Prompting)

You are given a task along with two image screenshots representing steps in a
trajectory that either solves the given question or helps find the relevant information
required to answer it. Your goal is to determine which screenshot likely represents an
earlier step in the trajectory.

An earlier step in the trajectory refers to a step that must logically or
procedurally occur before the other. Consider dependencies, prerequisites, or actions
that logically precede others. For example, if one step involves entering information
and another involves confirming it, entering the information must logically come
earlier. Use this principle to analyze the order of the screenshots.

Use the task to understand the context, and carefully examine each screenshot for
any clues that suggest their order in the sequence. Consider all visible text, Ul el-
ements, and page structure to infer which screenshot likely comes earlier in the process.

Important Notes:

1. Picture Labelling: Refer to the input image screenshots as [Picture 1, Picture
2]. These labels are purely for identification and do not indicate any logical order or
sequence in the trajectory. Your objective is to determine which picture represents
the earlier step in the trajectory based on the given question description and careful
analysis of the pictures.

2. Relevance to the Task: Both screenshots are directly related to either solving
the question or finding relevant information to answer it. Do not assume that either
image is irrelevant.

3. Expert Trajectories: These screenshots are taken from expert human trajectories
that were executed to successfully solve the question. Trust that the screenshots
reflect valid steps.

4. Arbitrary Order: The screenshots are presented in no particular order. Their
arrangement does not indicate which step comes earlier in the trajectory.

Task:
{task}

Question:
Based on the two given images and the question, determine which image (or
screenshot) represents an earlier step in the trajectory.

Output format:
Clearly state which picture represents the **earlier step** in the trajectory, "Picture
1" or "Picture 2".

Only output your answer choice ("Picture 1" or "Picture 2"). Do not include any
reasoning, explanation, or additional text.
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Temporal Ordering (No-MCQ) (Chain-of-Thought Prompting)

You are given a task along with two image screenshots representing steps in a
trajectory that either solves the given question or helps find the relevant information
required to answer it. Your goal is to determine which screenshot likely represents an
earlier step in the trajectory.

An earlier step in the trajectory refers to a step that must logically or
procedurally occur before the other. Consider dependencies, prerequisites, or actions
that logically precede others. For example, if one step involves entering information
and another involves confirming it, entering the information must logically come
earlier. Use this principle to analyze the order of the screenshots.

Use the task to understand the context, and carefully examine each screenshot for
any clues that suggest their order in the sequence. Consider all visible text, Ul el-
ements, and page structure to infer which screenshot likely comes earlier in the process.

Important Notes:

1. Picture Labelling: Refer to the input image screenshots as [Picture 1, Picture
2]. These labels are purely for identification and do not indicate any logical order or
sequence in the trajectory. Your objective is to determine which picture represents
the earlier step in the trajectory based on the given question description and careful
analysis of the pictures.

2. Relevance to the Task: Both screenshots are directly related to either solving
the question or finding relevant information to answer it. Do not assume that either
image is irrelevant.

3. Expert Trajectories: These screenshots are taken from expert human trajectories
that were executed to successfully solve the question. Trust that the screenshots
reflect valid steps.

4. Arbitrary Order: The screenshots are presented in no particular order. Their
arrangement does not indicate which step comes earlier in the trajectory.

Task:
{task}

Question:

Based on the two given images and the task, determine which image (or screenshot)
represents an earlier step in the trajectory.

Output format:

REASONING: Provide a concise step-by-step reasoning using the steps outlined above.

OUTPUT: Output your answer choice ("Picture 1" or "Picture 2"). Do not include
any additional text here.
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Future State Prediction (Instruction Prompting)

You are given an image showing the initial state of a form. This form requires
the user

to perform a series of actions before clicking the Submit button. Submitting
the form

navigates the user to a new window or page.

You are provided with two action plans (Plan A and Plan B) that describe the
sequence of

actions to interact with the form. Each plan is executed independently and in
isolation,

starting from the exact same initial state shown in the image. The two plans
are not

executed one after the other, and neither plan influences the result of the other.

Your task is to determine if the state of the form just before clicking Submit
will be
the same after following either plan.

Action Plans:
{plan_ choices}

Question:

Based on the given image and the provided action plans, do both plans lead to
the same

state of the form just before clicking Submit when executed independently and
in isolation,

cach starting from the same initial state of the form (i.e., shown in the image)?

Output format:
Only output "Yes" or "No".

Do not include any reasoning, explanation, or additional text.

Figure A.8: Prompt for Future State Prediction
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Future State Prediction (Chain-of-Thought Prompting)

You are given an image showing the initial state of a form. This form requires
the user

to perform a series of actions before clicking the Submit button. Submitting
the form

navigates the user to a new window or page.

You are provided with two action plans (Plan A and Plan B) that describe the
sequence of

actions to interact with the form. Each plan is executed independently and in
isolation,

starting from the exact same initial state shown in the image. The two plans
are not

executed one after the other, and neither plan influences the result of the other.

Your task is to determine if the state of the form just before clicking Submit
will be

the same after following either plan.

Action Plans:
{plan__choices}

Question:

Based on the given image and the provided action plans, do both plans lead to
the same

state of the form just before clicking Submit when executed independently and
in isolation,

each starting from the same initial state of the form (i.e., shown in the image)?

Follow the steps provided next to arrive at your answer:

1. Image Analysis: Describe the relevant elements in the image, and carefully
review the initial state of the form.

2. Plan Evaluation: Separately evaluate both the action plans step-by-step,
and carefully determine how each step changes the state of the form.

3. State Comparison: Compare the final states of the form just before
clicking Submit after executing Plan A and Plan B in isolation, each starting
from the same initial state. Look for differences in the values and configurations
of the form elements.

4. Final Answer: Based on your analysis, state whether both plans result in
the same state of the form just before clicking Submit. Your final answer must
be either "Yes" or "No".

Output format:
REASONING: Be concise and to the point.
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Real Web Environment Study (Instruction Prompting)

You are given an image and a task that needs to be performed based on that
image. The image represents what a user is currently seeing on their screen
while attempting to solve the task. You are also provided with four choices of
action plans (each represented as a set of actions) that outline potential steps
to accomplish the task.

Your goal is to carefully analyze the image and evaluate the four action plans
to decide which one most effectively helps the user complete the task.

Important Notes:

1. The current screenshot represents the user’s current state or screen. As the
user executes an action (e.g., clicking a button) from any plan, the screen or
state may change. You must imagine these transformations and assess the
feasibility of the remaining actions in each plan.

2. Some action plans may include invalid actions that cannot be executed
based on the current or subsequent screens. It is your responsibility to identify
and exclude such plans from being valid answer candidates.

3. The task is guaranteed to succeed within the next {plan_len} steps. If an
action plan cannot complete the task within its steps, it is not a valid answer
candidate.

4. Assume all plans are related to the task. However, some plans may include
errors, inefficiencies, or invalid actions. Your responsibility is to evaluate each
plan thoroughly to determine its effectiveness.

Task:
{task}

Plans (each represented as a series of actions):
{plan_ text}

Question:
Based on the given image (the webpage screenshot), and the task,
which plan (A, B, C, D) would most effectively accomplish the task?

Output format:
Only output your choice of A, B, C, or D.

Do not include any reasoning, explanation, or additional text. Only provide
your choice of plan (either A, B, C, D) in the response.

Figure A.10: Prompt for R5efﬂ Web Environment Study



Real Web Environment Study (Chain-of-Thought Prompting)

You are given an image and a task that needs to be performed based on that
image. The image represents what a user is currently seeing on their screen while
attempting to solve the task. You are also provided with four choices of action plans
(each represented as a set of actions) that outline potential steps to accomplish the task.

Your goal is to carefully analyze the image and evaluate the four action plans to
decide which one most effectively helps the user complete the task.

Important Notes:

1. The current screenshot represents the user’s current state or screen. As the user
executes an action (e.g., clicking a button) from any plan, the screen or state may
change. You must imagine these transformations and assess the feasibility of the
remaining actions in each plan.

2. Some action plans may include invalid actions that cannot be executed based on
the current or subsequent screens. It is your responsibility to identify and exclude
such plans from being valid answer candidates.

3. The task is guaranteed to succeed within the next {plan_len} steps. If an
action plan cannot complete the task within its steps, it is not a valid answer candidate.

4. Assume all plans are related to the task. However, some plans may include errors,
inefficiencies, or invalid actions. It is your responsibility to evaluate them thoroughly.

Task:
{task}

Plans (each represented as a series of actions):
{plan__text}

Question:
Based on the given image (the webpage screenshot), and the task, which plan (A, B,
C, D) would most effectively accomplish the task?

Output format:
Follow the format below for your response.

REASONING: Provide a concise step-by-step reasoning using the steps outlined above.

OUTPUT: Output your answer choice (’A’, 'B’, ’C’, or ’'D’).

Figure A.11: Chain-of-Thought Prompt for Real Web Environment Study
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Real Web Environment Study (Instruction Prompting) with Action

History / Previous Action Input

You are given an image and a task that needs to be performed based on that
image. The image represents what a user is currently seeing on their screen
while attempting to solve the task. Along with this, you are given the exact set
of previous actions the user has taken to reach the current state depicted in the
image.

In addition, you are provided with four choices of action plans (each represented
as a set of actions) that outline potential steps to accomplish the task. Your
goal is to carefully analyze the image, review the previous actions, and evaluate
the four action plans to determine which one most effectively helps the user
complete the task.

Important Notes:

1. The current screenshot represents the user’s current state or screen. As the
user executes an action (e.g., clicking a button) from any plan, the screen or
state may change. You must imagine these transformations and assess the
feasibility of the remaining actions in each plan.

2. Some action plans may include invalid actions that cannot be executed based
on the current or subsequent screens. It is your responsibility to identify and
exclude such plans from being valid answer candidates.

3. The task is guaranteed to succeed within the next {plan_len} steps. If an
action plan cannot complete the task within its steps, it is not a valid answer
candidate.

4. Assume all plans are related to the task. However, some plans may include
errors, inefficiencies, or invalid actions. Your responsibility is to evaluate each
plan thoroughly to determine its effectiveness.

Task:
{task}

Previous actions:
{previous_ actions_ text}

Plans (each represented as a series of actions):
{plan__text}

Question:
Based on the given image (the webpage screenshot), the previous actions,
and the task, which plan (A, B, C, D) would most effectively accomplish the task?

Output format:
Only output your choice of A, B, C, or D.




Edge Case Test Study (Instruction Prompting)

You are given an image and a task that needs to be performed based on that
image. Additionally, you are given several possible action plans, each describing
potential next steps to achieve the task. Your goal is to select the most effective
plan from the options provided. Carefully analyze the image, and then evaluate
each option to decide which one best completes the task.

Task:
{task}

Possible Action Plans:
{plan__text}

Question:
Based on the given image, and the given task, which action plan ({option_ text})

would most effectively accomplish the task?

Output format:
Only output your choice of {option text}.

Do not include any reasoning, explanation, or additional text.

Figure A.13: Chain-of-Thought Prompt for Real Web Environment Study with Action
History / Previous Action Input

o4



Edge Case Test Study (Chain-of-Thought Prompting)

You are given an image and a task that needs to be performed based on that
image. Additionally, you are given several possible action plans, each describing
potential next steps to achieve the task. Your goal is to select the most effective
plan from the options provided. Carefully analyze the image, and think
step by step to evaluate each option to decide which one best completes the task.

Task:
{task}

Possible Action Plans:
{plan_ text}

Question:
Based on the given image, and the given task, please follow these steps:

1. Image and Task Analysis: Describe relevant elements in the image and
clarify the requirements of the task.

2. Option Evaluation: Go through each action plan ({option_ text}) one by
one, and describe why it would or would not help achieve the task. Mention
any advantages or limitations of each option based on the image.

3. Final Choice: Based on your analysis, select the option ({option_ text})
that best accomplishes the task.

Output Instructions:
Your output should follow the below format:

REASONING: Be concise and to the point.

OUTPUT CHOICE: An uppercase letter

Figure A.14: Chain-of-Thought Prompt for Edge Case Test Study

Gathering Responses. Our raters included individuals from diverse backgrounds,
including students across various degrees (Bachelor’s, Master’s, PhD) and fields (CS,
ECE, Mathematics, Robotics, Nursing, Pharmacy, etc.), as well as Postdoctoral Re-
searchers, Research Associates, and Technical Industry Professionals. Responses were
collected via Google Forms. Depending on their availability, each rater participated in
1-4 studies, with 2 being the most common. This ensured a minimum of 15 responses
per study.

Results. The performances of human raters are 96.2% for Temporal Ordering, 97%
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Llama as a judge for Temporal Ordering

You are acting as a judge. The statement below describes in text which image
comes

earlier in a sequence. Parse it carefully and decide which picture comes earlier.
Respond strictly with either "Picture 1" or "Picture 2" and no additional text:

Statement:
{output}

Figure A.15: Prompt for Llama as a judge for Temporal Ordering

Llama as a judge for Future State Prediction

You are provided with a response to the following question:

"Do both plans (Plan A and Plan B) result in the same final state of the
form (i.e., just before clicking Submit)?"

Your task is to analyze the response and determine the answer based on the
following criteria:

1. Output "yes" if the response explicitly states that both Plan A and Plan B
achieve the same final state.

2. Output "no" if the response explicitly states that Plan A and Plan B do not
achieve the same final state.

3. Output "unclear" if the response does not clearly state whether Plan A and Plan
B achieve the same final state.

Respond with only the answer: "yes", "'no", or "unclear". Provide no additional text.

**Response: **
{response}

** Answer: **

Figure A.16: Prompt for Llama as a judge for Future State Prediction
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Llama as a judge for Plan Assessment (both Real-World and Edge
Case)

You are acting as a judge. The statement below describes in text which Action
Plan Option best accomplishes the task. Parse it carefully.

Your task is to analyze the statement and determine the answer based on the
following criteria:

1. Output "A" if the statement states "Plan A" or "Option A" or anything
related.

2. Output "B" if the statement states "Plan B" or "Option B" or anything
related.

3. Output "C" if the statement states "Plan C" or "Option C" or anything
related.

4. Output "D" if the statement states "Plan D" or "Option D" or anything
related.

5. Output "unclear" if the statement does not state which Action or Option best
accomplishes the task.

Respond with only the answer: "A", "B", "C", "D", or "unclear". Provide no
additional text.

Statement: {response}

** A pswer: **

Figure A.17: Prompt for Llama as a judge for Plan Assessment
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for Future State Prediction, 90% for Plan Selection — Real Web Scenarios, and 99.2%
for Plan Selection — Edge Case Test. Qualitative feedback from raters revealed that
most errors occurred due to rater fatigue of questions, rushing, or missing thorough

reading of the task instruction and options.

A.7 Impact of Action History in Future Plan As-

sessment

As described in Section 2.5.1, we use the MM-M2W dataset [72], where each data
point includes a task instruction and a human-annotated trajectory (a sequence of
states/screenshots and actions at each state) to complete the task. We first select
samples with action trajectories of length < 10. To create a test question for each
task instruction g, we sample a web page screenshot (or state) i; from its solution
trajectory, where i, is 4-5 action steps (a,) away from the task’s end state (or goal
completion). Thus, it can be understood that for sequences with lengths > 5, there
will be 7, steps leading from the start state (ig, typically the homepage) to i;. We
refer to these as "previous actions." or "action history". In this ablation experiment,
we investigate whether VLM performance in plan assessment improves when provided
with "previous actions" as input, specifically testing if VLMs can better assess plans
when given the history of actions. To construct prompts for this study, we adapt those
used in Section 2.5.1, e.g, Figure A.12 is derived from Figure A.10.

Our results in Table A.5 reveal a trend similar to the main paper table without
action history. Notably, only 2/19 models achieve an average performance of >50%
under the Shuffling Perturbation setting, while models perform better in the Semantic
Perturbation setting. In summary, we conclude that augmenting action history offers

no significant benefit in improving VLMs’ plan assessment capabilities.

A.8 Additional Results and Details

In this section, we visualize outputs and include tables that we could not include
in the main paper due to space constraints. Specifically, we present more results
for: (1) VLMSs’ spurious preferences in Temporal Ordering task (Figure A.18), (2)
Unreasonable quality of GUI-specific models (Figure A.19), (3) Samples with erroneous
responses for Future State Prediction (Figure A.21) and Real-Web Plan Assessment
Analysis (Figure A.20), (4) Comprehensive tables detailing results for each individual
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Shuffle Perturb. | Semantic Perturb.
INS COT Avg | INS COT Avg
Qwen2-VL 2B 41.88 23.01 32.45 | 52.45 28.67 40.56
Qwen2-VL 7B 56.22 483 52.26 | 87.92 71.69 79.81
Qwen2-VL 72B | 79.24 69.05 74.14 | 95.09 90.94 93.02

Main

Minicpm 55.47 36.22 45.84 | 83.01 63.01 73.01
Minicpm-o 49.05 39.24 4414 | 73.0 70.56 71.78
Phi 3.5 2792 332 30.56 | 56.6 55.09 55.84

IDEFICS3 43.39 33.58 38.48 | 80.75 55.47 68.11
DeepSeek VL 28.67 20.0 24.34 | 38.87 25.66 32.27
Llava OV 0.5B 24.52 83 1641 | 27.02 8.3 17.66
Llava OV 7B 56.6  41.5 49.05 | 89.05 75.09 82.07
InternVL2-MPO | 46.41 30.56 38.48 | 90.56 71.32 80.94
Glm 28.3 39.62 33.96 | 64.52 59.62 62.07
Llava 1.6 - 7B 26.41 30.18 28.30 | 38.86 46.59 42.73
Llava 1.6 - 13B | 30.94 29.43 30.19 | 52.45 48.3 50.38
Llava 1.6 - 34B | 41.50 41.50 41.50 | 87.16 70.45 78.81
Ferret-Ul-Llama | 23.1 26.03 24.57 | 26.03 23.77 24.90
Ferret-UI-Gemma | 12.07 21.13 16.60 | 9.88 21.21 15.55
UIX-Llava 48.3 33.2 40.75| 67.54 41.88 54.71
CogAgent 23.86 22.34 23.10 | 23.77 17.73 20.75

Table A.5: Evaluations of 19 VLMs on Plan Selection in Real-Web Environment. In
this particular experiment, we augment VLM input with the history of its previous
actions. While we anticipated an improvement in performance after using information
of previous actions, we found that VLMs reaped no substantial benefit from the
aforementioned.

task—Task 1, Task 2, and Task 3 of the Edge Case Test (see Table A.9), as well
as Task 1, Task 2, and Task 3 of the Future State Consistency test (see Table A.7,
Table A.8), (5) Dataset Statistics summarizing number of test examples for every

configuration of our paper (see Table A.6).

A.9 Would VLMs perform perfectly if Perception

error did not exist?

In the error case study for the edge case test (Figure 2.4), we observe that
"Perception Error," where VLMs misinterpret certain visual details in the image,
emerges as a bottleneck for plan identification. While addressing this issue is beyond
the scope of our work, we explore how VLM performance changes when provided

with accurate ground truth captions describing the form. Specifically, we aim to
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Task: Find the qualifications for Senior Mechanical Engineer jobs in Espoo, Finland.

Picture 1 Picture 2
] P T —— P

[ —— e e

Entry Level Tax Preparer ERET

Senior Mechanical Engineer, 1
o =]

Average base salary estimate
J— 0 FRN——— 0

Lot TaxPropare Gusrtm s Enger

OO e——

S, [

Reasoning: To determine the earlier step in the trajectory, we need to understand the logical sequence of actions required to find the qualifications for Senior
Mechanical Engineer jobs in Espoo, Finland. The first step would likely involve searching for job listings, which is shown in Picture 1. Once job listings are found, the
next step would be to review the qualifications for those jobs, which is depicted in Picture 2.\nnPicture 1 shows a job search interface with various job listings,
indicating that the user is in the process of searching for jobs. Picture 2 shows a detailed job listing for a Senior Mechanical Engincer position, suggesting that the user
has found a relevant job and is now reviewing the qualifications for that specific position.\ninTherefore, the carlier step in the trajectory is finding job listings, which is
shown in Picture 1.\n\n

Output : Picture |

Task: Find the qualifications for Senior Mechanical Engineer jobs in Espoo, Finland.

Picture 1 Picture 2
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Reasoning: To determine the earlier step in the trajectory, we need to understand the logical sequence of actions required to answer the question about the qualifications
for Senior Mechanical Engineer jobs in Espoo, Finland. The first step would likely involve searching for relevant job listings, which is depicted in Picture 1. Once the job
listings are found, the next step would be to review the qualifications listed in the job descriptions, which is shown in Picture 2.\ninPicture 1 shows the search results

for Senior Mechanical Engincer jobs in Espoo, Finland, which s the initial step in finding relevant job information. Picture 2 displays the detailed qualifications for one of
the job listings, which s the subsequent step after identifying the job\n\nTherefore, the earlier step in the trajectory is finding the job listings, which is represented by
Picture 1.inn

Output ; Picture |

(a) Example 1

Task: Find me some information about the book The Girl with the Dragon Tattoo by Stieg Larsson.
Picture 1 Picture 2

¢ g™ . TheGirl with the Dragon Tattoo
L
Uain *ok ok ok ok 417

Reasoning: The first image provides detailed information about the book \"The Girl with the Dragon Tattoo\" by Stieg Larsson, including the book's cover, title, author,
and a bricf synopsis. This suggests that the user is looking for specific details about the book, such as its content and background.\n\nThe second image, on the other hand,
shows the interface of the Goodreads website, specifically the \"2024 Reading Challenge\" section. This indicates that the user is engaging with the website to set a reading
goal for the year 2024, which is unrelated to the specific details of the book \"The Girl with the Dragon Tattoo\"\n\nGiven the context of the question, which is to

find information about the book, the first image logically represents an earlier step in the trajectory because it provides relevant information about the book itself. The
second image is more about the user's engagement with the Goodreads platform and does not contribute to finding information about the book \n\nTherefore, the earlier
step in the trajectory is represented by \"Picture 1\"\n\n

Output : Picture 1

Task: Find me some information about the book The Girl with the Dragon Tattoo by Stieg Larsson.
Picture 1 Picture 2

-
B sonind-

challenge! .‘
a %

The Girl with the Dragon Tattoo
g Larson, R K

kK

Reasoning: To find information about the book \"The Girl with the Dragon Tattoo\" by Stieg Larsson, one would likely start by searching for the book on the

Goodreads website. Picture 1 shows the Goodreads homepage with options to search for books, which aligns with the initial step of searching for the book. Picture 2
shows a detailed book page, which suggests that afier finding the book, one would click on it to get more information. Therefore, the carlier step in the trajectory would be
searching for the book on the homepage.\nn

Output : Picture 1

(b) Example 2

Figure A.18: In the main paper, we find that VLMs are biased towards answering
"Picture 1’ for the temporal ordering task. Here, we show qualitative results how
VLMs tend to rationalize their answer of6“ icture 1”7 with untenable reasons



Task: Select 9 with the slider, click the 2nd checkbox, then hit Submit. Before you click submit,
ensure that no other checkbox is selected.

Move the sider handle 1o the lef unil the slider value decreases by 6 units, and then
click Submit.

4

Tight il the s by 13. Then,
2ndc

0O euv\chwkmch}smgkkwx.ch i 2nd checkbox and then hit Submit

Move the sider handle to the right unil the slider value increases by 6. Then,
incheck the 2nd checkbos,clik th S

Ferret-UL-Gemma Output: A, B, C, D, E s the most effective action plan. It involves moving the
slider to the right until the slider value decreases by 6 units, then clicking the 2nd checkbox and
then hitting Submit.

it Subt

Submit

)
J
)
)
)

(a) GUI Model Outputs — Irrelevan-

Task: Select -4 with the slider, click the 2nd checkbox, then hit Submit. Before you click submit,
ensure that no other checkbox is selected.

’
oo@

Submit

its, and then

Ferret-UL-Gemma Output: The correct answer is B. Action B: 5000, 5000, 5000, 5000, 5000, 5000,
5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000,
5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000,
5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000, 5000,

J
J
J
]
J

(b) GUI Model Outputs — Irrelevan-
t/Gibberish

t/Gibberish

Figure A.19: In the main paper, we discuss how GUI models have worse performances
than general VLMs. We now demonstrate qualitative outputs eliciting deterioration in
GUI models’ general reasoning and instruction following capabilities. More specifically,
fig (a), (b) represent cases where model starts producing gibberish content and does
not choose an option from the given choices. Fig (c), (d), (e) has examples where
model did choose an option but gave an incorrect description of what the option

Task: Select -6 with the slider, click the Ist checkbox, then hit Submit. Before you click submit,
ensure that no other checkbox is selected.

0@

Submit

until the siider 10, Then,

box,click the

Ferret-Ul-Llama Output: A. Action plan: Move the slider handle to the left until the slider value
decreases by 5 units, and then click Submit.

(¢) GUI Model Outputs — Wrong op-
tion description

Task: Select -7 with the slider, click the 2nd checkbox, then hit Submit. Before you click submit,
ensure that no other checkbox is selected.

click Submit.

2 Then, uncheck

o )
p

C
) ( emc3rﬂchcckbnx4chcklthndchcckboxmd\ hit Subr

Submit

)
e by 1. Then, uncheck. ]
)

UIX-Qwen2 Output: ......Action E is the most effective plan as it moves the slider handle to the
left until the value decreases by 1, clicks the 2nd checkbox, and then hits Submit.nd. The best plan
option is *#E**,

(d) GUI Model Outputs — Wrong op-
tion description

Task: Select -4 with the slider, click the 3rd checkbox, then hit Submit. Before you click submit,
ensure that no other checkbox is selected.

Kbox, click the 3rd chekbox and th

Tightunil Ty 5 units, and e
0 click Submit

Move the slider handle to the Ief unil the sider value decreases by 11, Then,
I K the S

Move the slder handle to the lef unilthe sider value decreases by 5. Then, uncheck
the 3rd che hit Submit.

it Submit.

CogAgent Output: .......\n\nThe most effective plan is: \nl1. Action A: \n- Move the slider handle
to the left until the the slider value decreases by 5. Then, uncheck the 33rd checkbox, click the
333rd checkbox and then hit Submit.

(e) GUI Model Outputs — Wrong op-
tion description

actually is in the question.
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Task:Show me the list of one-way flights today (April 17) from Chicago to Paris

Plan A

1. Click on the Show flights button to view the available flight options.",

2. Click on the Continue button to proceed with the booking process.",

3. Select 17 April 2023 from the available grid cell for the departure date.",

4. Click on the Paris France CDG Charles De Gaulle Airport menu item to select the departure location.",
5. Choose the One way option for the type of trip."

© Fiight status .

.

= Book

Plan B

Flights  Qatar Stopover

Gricgn 0 © e ey e essengr,Eanomy L. Click on the Add to Cart link to include the item in your shopping cart.",
2. Click on the Buy a copy link to proceed with purchasing options.",
Al pirports de ‘Show flights 3. Click on the Gorillaz link to explore more about Gorillaz.",
il i e ‘Mf“:‘; 4. Click on the Gorillaz Gorillaz Artist link to view the artist's page."
e p—" \. J

still interested in travelling

e e e
. i Plan C
“an

1. Click on the Show flights button to view the available flight options.",
ARN i T 2. Click on the Continue button to proceed with the booking process.",
) iaad 3. Select 17 April 2023 from the available grid cell for the departure date.",
4. Choose the One way option for the type of trip.",
5. Click on the Paris France CDG Charles De Gaulle Airport menu item to select the departure location."
.

() cancel within 22 hours Voucher with 10% more v

.

Start planning your next trip

Plan D

1. Click on the Continue button to proceed with the booking process.",
2. Select 17 April 2023 from the available grid cell for the departure date.",

Thinking of travelling somenhere soon? Here are some options to help you get started

_ 3. Choose the One way option for the type of trip.",
4. Click on the Paris France CDG Charles De Gaulle Airport menu item to select the departure location.",
i out ot 5. Click on the Show flights button to view the available flight options.”
\ J

Reasoning: "REASONING: \nl. The task requires showing a list of one-way flights today (April 17) from Chicago to Paris.\n2. The screenshot shows a
booking form with fields for departure and destination airports, trip type, and departure date.\n3. Plan A starts by clicking the \"Show flights\" button,
which is not the correct first step since the departure date needs to be set first.\n4. Plan B selects the destination airport first, which is incorrect since the
departure date needs to be set first.\n5. Plan C starts by clicking the \"Show flights\" button, which is incorrect as the departure date needs to be set
first.\n6. Plan D starts by clicking the \"Continue\" button, which is not the correct first step since the departure date needs to be set first.\n7. None of the
plans correctly set the departure date as the first step, which is necessary to complete the task.\n\nOUTPUT: None of the plans (A, B, C, D) effectively
accomplish the task.\n"

Output Choice: None of the plans (A, B, C, D) effectively accomplish the task.\n

(a) Shuffling Perturbation: Example 1
Task: Find a Buick for sale within 250 miles from 26807.

Questions? Let us help 855-850-00. Plan A

AVIS | Si%cc  mveworr oeais Lockmions FmaNci uLniwaTeTeSTDRNVE  ABOUT 1. Click on the image to view a larger picture of the vehicle.
2. Select the Buick checkbox to filter the vehicle options.
3. Click on the information icon for more details.

BUDGET CAR SALES 4. Click on the View Vehicles button to see available vehicles.
. N 9 N o 5. Click on the 250 miles from the available options.
Happy Renting with Budget? Buy with Avis! \_ Y,

Drivers who value quality and a competitive price when they rent turn to Budget Car Plan B
Rental. But where do you turn when you want a more long-term commitment behind the
wheel? Avis Car Sales, the car-buying segment of the Avis Budget Group, offers a
premium lineup of used rental cars for purchase online and at many retail locations.

1. Click on the 250 miles from the available options.

2. Click on the View Vehicles button to see available vehicles.
3. Click on the information icon for more details.

4. Select the Buick checkbox to filter the vehicle options.

Feedback

SEARCH FOR PRE-OWNED CARS 5. Click on the image to view a larger picture of the vehicle.
. J
Your Location aan |Within | == |
—— Plan C
e e I T 1. Click on the image to view a larger picture of the vehicle.
| 25mies 2. Select the Buick checkbox to filter the vehicle options.
s0mies 3. Click on the information icon for more details.
> 100iides 4. Click on the 250 miles from the available options.
Rewlivak - 5. Click on the View Vehicles button to see available vehicles.
s0mies ‘ \ J
. 1000 mies
& <5 <o ED
1. Select the Buick checkbox to filter the vehicle options.
021 hyser Voyager L Tl o £ et i e Sl 2. Click on the information icon for more details. v
25,007 3. Click on the View Vehicles button to see available vehicles.

4. Click on the 250 miles from the available options.
5. Click on the image to view a larger picture of the vehicle.
.

.

Reasoning: \nl. The task is to find a Buick for sale within 250 miles from 26807.\n2. The screenshot shows a search interface with options to enter

a location and select a range.\n3. Plan A starts with an irrelevant action (viewing a larger picture of the vehicle) and does not include selecting the
Buick checkbox.\n4. Plan B also starts with an irrelevant action (viewing a larger picture of the vehicle) and does not include selecting the Buick
checkbox.\n5. Plan C starts with an irrelevant action (viewing a larger picture of the vehicle) and does not include selecting the Buick checkbox.\n6.
Plan D includes selecting the Buick checkbox, viewing vehicle details, and selecting the 250-mile range, which are all relevant actions to complete the
task.

Output: D\n
(b) Shuffling Perturbation: Example 2

Figu%ezA.QO



Task: Use the FareFinder to find flights for $150 or less from Dublin to anywhere.
Plan A

1. Click the Let's go button to continue with the booking process.
2. Select the price indicator showing $150 for further details.

3. Click on the 'Anywhere' icon to proceed with the selection.

4. Click on the 'To' section to explore destination options.

. J
Find Cheap Flights to Europe
Find the lowest fares to over 200 destinations Plan B
1. Select the price indicator showing $150 for further details.
tain Tayitiors ey 2. Click the Let's go button to continue with the booking process.
3. Click on the 'Anywhere' icon to proceed with the selection.
o 4. Click on the 'To' section to explore destination options.
o Agadic soroees Arport S y,
— Algarve rorugs)
Hahero 2y Plan C
BlicaTs Spsh i 1. Click the Let's go button to continue with the booking process.
Almeria spain Fod 2. Select the price indicator showing $150 for further details.
3. Click on the 'To' section to explore destination options.

4. Click on the 'Anywhere' icon to proceed with the selection.

.

.

Plan D

1. Click on the 'To' section to explore destination options.
2. Click on the 'Anywhere' icon to proceed with the selection.
3. Select the price indicator showing $150 for further details.
4. Click the Let's go button to continue with the booking process.

visa, [T ) B poyrl

Server p10:161-2:167 / FE 112142 /8E 10,909
2023 & Ryanair DAC. Alights reservec.

.

.

Reasoning:\n1. The task is to find flights for $150 or less from Dublin to anywhere using the FareFinder.\n2. The screenshot shows the FareFinder
interface with fields for \"From,\" \"To,\" and \"Budget,\" and a \"Let's go\" button.\n3. Plan A starts by clicking the \"Let's go\" button, which is not the
correct first step since the budget needs to be set first.\n4. Plan B starts by selecting the price indicator showing $150, which is the correct first step,
followed by clicking the \"Let's go\" button, which is the correct second step.\n5. Plan C starts by clicking the \"Let's go\" button, which is incorrect as
the budget needs to be set first.\n6. Plan D starts by clicking on the \"To\" section, which is incorrect as the budget needs to be set first.

Output: Bn

(c) Shuffling Perturbation: Example 3

Task: Use the FareFinder to find flights for $150 or less from Dublin to anywhere.
Plan A

1. Click the Let's go button to continue with the booking process.

2. Select the price indicator showing $150 for further details.

3. Click on the HAPPY HOUR BURGER link for the event on Thursday. April 13, 2023.
4. Click on the 'To' section to explore destination options.

. J
Find Cheap Flights to Europe
Find the lowest fares to over 200 destinations Plan B
1. Click on the Flight status link to check the details.
Pettin ‘ ‘ ysitiors hso 2. Click the Let's go button to continue with the booking process.
3. Click on the 'Anywhere' icon to proceed with the selection.

4. Click on the 'To' section to explore destination options.

Anywhere

.

Agadic soroees
.

Airports.

Algarve rertugsl

Plan C

Regions.

Alghero ity

Countres
Blicants Spaln Apor 1. Click the Let's go button to continue with the booking process.
Almeria spain P 2. Select the price indicator showing $150 for further details.
3. In the ZIP text box, type \"11101\" as the postal code.

4. Click on the 'Anywhere' icon to proceed with the selection.

.

.

Plan D

1. Click on the 'To' section to explore destination options.
2. Click on the 'Anywhere' icon to proceed with the selection.
3. Select the price indicator showing $150 for further details.
4. Click the Let's go button to continue with the booking process.

Server p10:1612167/ FE 112142/ 8E 10,909
2023 & Ryanair DAC. Alrights reserved.

.

.

Reasoning: \nl. The task is to find flights for $150 or less from Dublin to anywhere using the FareFinder.\n2. The previous actions show that the user
has already entered Dublin as the departure location and is currently selecting the destination.\n3. In the screenshot, the user has selected \"Anywhere\"
as the destination and set the budget to $150.\n4. Plan A involves checking flight status and selecting a price indicator, which is not relevant to the
task.\n5. Plan B involves typing an unrelated location and clicking the Let's go button, which is not relevant to the task.\n6. Plan C involves typing a
postal code, which is not relevant to the task.\n7. Plan D involves selecting \" Anywhere\" as the destination and then selecting the price indicator
showing $150, which aligns with the task.\n8. Plan D is the only plan that directly addresses the task and can be completed within the given 4 steps.

Output: D\n
(d) Semantic Perturbation: Example 4
Figure A.20: Qualitative results for Plan Assessment - Real web scenario. The above

figure shows outputs from Qwen2-VL 72B. Example 1, 2, 3 includes results for Shuffling
Perturbation whereas Example 4 is the rektlt for Semantic Perturbation.



10 2. Move the sl il the sl d byl
1. Move the sli until the sli by 11 3-Hit Submit.
s 2. Uncheck the 2nd checkbox. oo

3. Check the It checkbox.

4. Uncheck the 1t checkbox

5. Hit Submit. 1. Move the sli until the i by 11

2. Hit Submit

1. Uncheck the 2nd checkbox

2. Move the sl untl the i by 1.

3. Hit Submit.

Yes No
Yes No Reasoning: \nl. Image Analysis: The initial state of the form shows a slider set to 10, a checked
checkbox, and a Submit button.\n2. Plan Evaluation:\n - Plan A: \n - Move the slider handle to the left

Reasoning: \n1. Image Analysis: The initial state of the form shows a slider set to 5, the first checkbox until the slider value decreases by 10: The slider value becomes 0.\n - Move the slider handle to the left
checked, and the second checkbox unchecked.\n2. Plan Evaluation:\n - Plan A: Unchecks the 2nd until the slider value decreases by 1: The slider value remains 0.\n - Hit Submit: The form is submitted
checkbox (already unchecked), moves the slider to 4, and then hits Submit.\n - Plan B: Moves the slider ‘with the slider value at 0 and the checkbox checked.\n - Plan B: \n - Move the slider handle to the left
1o 4, unchecks the 2nd checkbox (already unchecked), checks the 1st checkbox, unchecks the 1st until the slider value decreases by 11: The slider value becomes -1.\n - Hit Submit: The form is
checkbox, and then hits Submit.\n3. State Comparison: \n - After Plan A: The slider is at 4, the first submitted with the slider value at -1 and the checkbox checked.\n3. State Comparison: \n - Just before
checkbox is checked, and the second checkbox is unchecked.\n - After Plan B: The slider is at 4, the clicking Submit in Plan A, the slider value is 0 and the checkbox is checked.\n - Just before clicking
first checkbox is unchecked, and the second checkbox is unchecked.\n4. Final Answer: The states of the Submit in Plan B, the slider value is -1 and the checkbox is checked.\n4. Final Answer: The states of the
form just before clicking Submit are not the same after executing Plan A and Plan B. form just before clicking Submit are not the same for both plans.
Output: No'n Output: No'n

(a) Example 1 (b) Example 2

1. Check YqTOE
KsTONIO 2. Uncheck YqTOE.
O varoe 3. Hit Submit
Or
O
O yanegmk 1. Uncheck ksTONIO
T2R9b1 2. Check YTOE

3. Check kSTONIO
m 4. Uncheck YqTOE
5. Hit Submit

Yes No

Reasoning: \nl. Image Analysis: The initial state of the form shows checkboxes for ksTONIO, YqTOE,
FP, 7K, yxnEg7k, and T2R9b1. ksTONIO and T2R9b1 are checked, while the others are unchecked.\n2.
Plan Evaluation:\n - Plan A: \n - Uncheck ksTONIO: ksTONIO becomes unchecked.\n - Check YqTOE:
YQTOE becomes checked.\n - Check ksTONIO: ksTONIO becomes checked again.\n - Uncheck YqTOE:
YqTOE becomes unchecked.\n - Hit Submit: The final state before hitting Submit is ksTONIO checked.
'YqTOE unchecked, and the rest unchanged.\n - Plan B: \n - Check YqTOE: YTOE becomes checked.\n -
Uncheck YqTOE: YqTOE becomes unchecked.\n - Hit Submit: The final state before hitting Submit is
YqTOE unchecked, and the rest unchanged.\n3. State Comparison: \n - After Plan A: ksTONIO checked,
YqTOE unchecked, and the rest unchanged.\n - After Plan B: YqTOE unchecked, and the rest
unchanged.\n - The state of ksTONIO is different in the final states of Plan A and Plan B.

Output: No\n

(c) Example 3

Figure A.21: Qualitative results for Future State Prediction. The above figure shows
outputs from Qwen2-VL 72B.
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Test Name Configuration | Number of Examples
Total 2018

Temporal Ordering - MM-M2W Orderl 1009
Order2 1009

Total 4742

Temporal Ordering - GUIAct Orderl 2371
Order2 2371

Total 3838

. . Task 1 960

Future State Prediction - Long Horizon Task 2 1316
Task 3 1062

Total 3358

. . Task 1 960

Future State Prediction - Short Horizon Task 2 1336
Task 3 1062

Total 1530

. . Task 1 531

Plan Selection - Edge Case Scenario Task 2 00
Task 3 499

Plan Selection - Real Web Environment | Total 435

Table A.6: Dataset Statistics: Number of examples for each test and configuration.

assess whether VLMs can reason about plans even after getting an accurate and
complete textual description of the form screenshot. For simplicity, we conduct this
test using Task 1 from the Edge Case Test Study and evaluate five VLMs. We compare
performance across three configurations — Image Only, Caption Only, and Image +
Captions. Our results in Table A.10 reveal two key findings: (1) Although adding
ground truth captions improves performance over the Image-Only configuration, the
selected models still fall significantly short of reasonable performance, and (2) while
ground truth captions provide slight improvement, the Image + Caption configuration
is either worse than Caption-Only or offers no noticeable advantage. Thus, highlighting

critical limitations in the reasoning and planning capabilities of contemporary VLMs.

A.10 Additional Related Work: Importance of
Small Models for Web Planning

While several recent studies have employed proprietary models for web agents,
our work emphasizes the use of open-source models, many of which—despite being

small—have been widely adopted in the web planning literature. For instance, prior
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works [4, 7, 48] utilize models such as Qwen-VL and Minicpm, while others leverage
models like Phi-3.5v, Ferret-Ul, UIX (LLaVA-based), and CogAgent for GUI-specific
tasks [7, 16, 65]. Unlike models that solely generate actions, many of these approaches
train models to produce thoughts or reasoning steps prior to action execution, thereby
implicitly requiring planning capabilities. Notably, Qwen2-VL models have been
explicitly trained with planning and reasoning datasets to support such behavior.
Given the high costs, proprietary constraints, and privacy concerns associated
with large-scale commercial models, the broader research community is increasingly
gravitating toward smaller, open-access alternatives. Our study aligns with this
direction by providing timely insights into the intrinsic planning capabilities of vision-
language models (VLMs) that are already seeing practical use in web-based tasks.
Although resource limitations prevented us from conducting the full experiment
suite on proprietary models, we conducted additional trials using GPT-40-mini to
demonstrate the broader potential of our approach. In this work, we focus on two
core tasks—Temporal Ordering and Plan Assessment for real-world web environments.
For temporal prediction, we utilize the GUIAct dataset and evaluate a sample of 500
questions from the full set. For Plan Assessment, we assess model behavior under the

Shuffle Perturbation setting.
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Task 1 Task 2 Task 3
Main Avg.
INS COT | INS COT | INS COT
Qwen2-VL 2B 73.43 63.64 | 43.98 49.32 | 49.62 47.08 | 54.51
Qwen2-VL 7B 99.27 90.48 | 50.81 81.27 | 50.00 57.25 | 71.51

Qwen2-VL 72B | 97.50 97.91 | 97.66 98.37 | 99.71 95.76 | 97.82

Minicpm 52.39 66.67 | 50.99 64.93 | 50.00 56.04 | 56.84
Minicpm-o 70.10 82.25 | 40.76 67.47 | 60.64 55.57 | 62.80
Phi 3.5 87.50 81.77 | 61.19 62.42 | 53.86 56.68 | 67.24

IDEFICS3 b3.22 96.56 | 0.5 87.34 | 50.28 54.80 | 57.12
DeepSeek VL 58.85 79.89 | 44.35 53.02 | 50.65 39.64 | 54.40
Llava OV 0.5B | 50.00 43.95 | 50.00 40.78 | 52.35 48.11 | 47.53
Llava OV 7B 55.83 87.18 | 52.14 76.47 | 60.16 65.72 | 66.25
InternVL2-MPO | 62.91 96.77 | 20.96 92.04 | 28.53 72.10 | 62.22
Glm 50.31 68.64 | 50.23 57.07 | 63.46 58.28 | 58.00
Llava 1.6 - 7B 92.08 82.29 | 5891 78.08 | 44.82 32.16 | 64.72
Llava 1.6 - 13B | 50.00 76.14 | 50.00 63.46 | 50.00 47.87 | 56.25
Llava 1.6 - 34B | 91.14 91.87 | 83.03 81.94 | 65.91 55.36 | 78.21
Ferret-Ul-Llama | 50.00 50.10 | 50.00 49.88 | 40.29 50.00 | 48.38
Ferret-Ul-Gemma | 69.00 5.72 | 44.73 2.75 | 64.23 10.07 | 32.75
UIX-Qwen2 60.52 70.20 | 59.94 63.00 | 32.01 54.80 | 56.75
CogAgent 50.00 30.93 | 50.00 32.06 | 50.00 43.97 | 42.83

Table A.7: Task-wise results for Future State Prediction in short horizon action
scenarios
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Task 1 Task 2 Task 3
Main Avg.
INS CcoT INS COT | INS COT

Qwen2-VL 2B 52.60 51.56 | 48.95 48.12 | 49.71 48.39 | 49.89
Qwen2-VL 7B 84.27 55.75 | 68.07 385 | 50.0 50.90 | 57.91
Qwen2-VL 72B 100 57.70 | 45.81 55.67 | 84.83 88.32 | 55.55

Minicpm 50.0  48.00 | 50.00 2.29 | 50.00 56.42 | 42.78
Minicpm-o 50.41 54.08 | 86.89 40.27 | 36.15 52.14 | 53.32
Phi 3.5 74.06 54.27 | 11.56 34.14 | 49.71 53.01 | 46.13

IDEFICS3 50.83 51.97 | 49.39 34.63 | 50.00 64.87 | 50.28
DeepSeek VL 50.00 51.56 | 30.34 45.26 | 49.43 40.58 | 44.53
Llava OV 0.5B | 50.00 42.81 | 50.00 40.91 | 47.83 48.30 | 46.64
Llava OV 7B 50.00 51.66 | 51.10 44.49 | 49.24 60.73 | 51.20
InternVL2-MPO | 75.62 65.52 | 39.20 46.21 | 48.77 67.48 | 57.13
Glm 50.62  55.20 | 50.00 43.85 | 48.68 52.30 | 50.11
Llava 1.6 - 7B 58.22 56.04 | 22.19 41.18 | 41.43 48.68 | 44.62
Llava 1.6 - 13B | 50.00 55.41 | 50.00 34.58 | 50.0 47.12 | 47.85
Llava 1.6 - 34B | 72.08 65.729 | 22.46 48.84 | 43.97 46.79 | 49.98
Ferret-Ul-Llama | 100  49.79 | 50.0 49.77 | 49.23 50.00 | 58.13
Ferret-Ul-Gemma | 52.36  4.89 | 44.80 6.55 | 49.92 6.40 | 27.49
UIX-Qwen2 51.14 51.04 | 50.00 44.76 | 19.20 44.35 | 43.41
CogAgent 50.00 48.54 | 50.00 38.21 | 50.00 42.93 | 46.61

Table A.8: Task-wise results for Future State Prediction in long horizon action scenarios
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Main Task 1 Task 2 Task 3
INS COT | INS COT | INS COT
Qwen2-VL 2B 27.11 28.92 | 26.66 32.20 | 59.71 45.29
Qwen2-VL 7B 13.74 11.86 | 67.20 62.40 | 67.73 69.27
Qwen2-VL 72B | 95.29 88.51 | 83.40 81.40 | 87.57 58.83
Minicpm 1.6 10.54 | 42.60 25.00 | 57.11 65.93
Minicpm-o 26.36  20.15 | 49.60 32.60 | 67.33 59.31
Phi 3.5 21.84 12.05 | 26.00 16.00 | 50.70 50.50
IDEFICS3 27.11 43.69 | 59.20 64.00 | 52.30 59.91
DeepSeek VL 0.9 12.24 | 13.80 38.60 | 40.28 33.66
Llava OV 0.5B | 14.87 20.52 | 28.60 22.20 | 14.87 22.24
Llava OV 7B 19.39 13.93 | 65.20 53.60 | 28.05 47.69
InternVL2-MPO | 45.38 24.14 | 75.60 66.20 | 52.10 57.11
Glm 25.80 28.86 | 54.00 42.60 | 60.52 55.22
Llava 1.6 - 7B 26.55 31.45 | 33.40 41.60 | 28.05 47.69
Llava 1.6 - 13B | 26.36 32.01 | 24.40 33.60 | 27.51 30.26
Llava 1.6 - 34B | 14.90 11.48 | 35.60 29.20 | 70.54 48.49
Ferret-Ul-Llama | 28.06 23.6 | 18.40 23.60 | 16.03 20.64
Ferret-Ul-Gemma | 10.73 12.42 | 8.00 12.80 | 16.43 14.62
UIX-Qwen2 0.3 10.73 | 37.00 8.00 | 30.66 24.64
CogAgent 16.57 22.22 | 41.40 21.80 | 21.04 19.23

Table A.9: Task-wise results for Plan Selection — Edge case Test
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Img Only Img + Cap Cap Only
INS CoT Avg INS CoT Avg INS CoT Avg

Minicpm-o 26.36 20.15 23.26 33.90 20.53 27.21 34.46 20.90 27.68
Qwen2-VL-7TB  13.74 11.86 12.81 15.25 3.58 942 1394 9.04 11.49
Phi 3.5 21.84 12.05 16.95 3277 25.61 29.19 3296 27.87 30.41
Glm 25.80 28.86 27.33 23.35 22.03 22.69 2222 2429 23.26
UIX-Qwen2 0.3 10.73 556 452 904 6.78 3.77 9.04 6.40

Table A.10: Performance comparison under different configurations (Img Only, Img +
Cap, and Cap Only) across INS, CoT, and Avg metrics.
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Appendix B

Additional material for Chapter 2

Step 1: Data Generation

Candidate
Instruction
Generator

Click the Brushes dropdown in the

Click the icon to the immediate left of
shapes

Glick the brush ican on the right of
magnifying glass.

Glick brush icon o right of pencil
button

Selectthe drawing icon in the home
tab

Click the dropdown between Select

dropdown and Siza dropdown

Image + Extracted Ul Element

Step 3: Data Transformation

Filter instructions
w/ only Local
Position Identifiers

#K Candidate Instructions

"Curved paint tool"

Highlighted Element Visual Identifiers

Step 2: Data Validation

Overall
Correctness
Verification

Success?

Paosition

Correctness
Verification

Clickthe Brushes dropdownin the
Click the icon to the immediate Left of
shapes

Click brush icon to right of pencil
button

Click the dropdown between Salect
dropdown and Size dropdown

Uniqueness
Verification

Click the Paintbrush dropdown between Select
drapdowin and Size dropdown

Click the dropdown between Select
dropdown and Size dropdown

T ¢ = | Unitied - Paint

K o

Crop 0
=l
oo sone

Click the icon to the immediate left of
shapes

Click the dropdown between Select
dropdown and Size dropdown

Local

Uniqueness
cation

"Paintbrush ",
"Orange stroke brush’, Data +
o Transformation

Clickthe Brushes dropdown in the
ab

Clickthe icon to the immediata laft of

shapes

Cliskbrush icon to right of pensil
button

Final Qutput
Instructions

Only Local Position Identifier Instructions

Figure B.1: Data synthesis pipeline for generating multiple instructions per Ul element.
For more details, refer to Sec 3.2 for Step 1, Sec 3.3 for Step 2, Sec 3.4 for Step 3.

71



B.1 Additional Visualizations

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

Windows-In-Background View.

Cl

"Select the option in the Suggested section just after Email and accounts™
"Click the Paste icon in the Clipboard section*

"Open the white oval feature between the envelope and the circular arrow"
"Use the Paste option in the upper left corner”,

"Launch the fourth item in the Suggested list*
"Hit the downward arrow under the clipboard image in Home"

"Click the scissors icon in the Suggested section”
"Click the clipboard icon in the Home tab section"

"Select the tool between Email and accounts and Check for updates”,
"Select the large button above the word Paste in the ribbon"

Figure B.2: Dataset examples from the GUI Grounding Sensitivity Benchmark. For
illustration, we display only 5 instructions per Ul elements.

+ E X ar EI bed 4+ Dw’l
Take a note Take a note Take a note..
B u & = N B 7 U & = ® B I U & = B
- . Ed
Click to add title Click to add title Click to add title
[ - - - [ = pe - o -,
(a). Operator (b). UGround-V1-78 (¢) ShowUI-2B

Figure B.3: Qualitative visualizations of grounding model outputs on diverse instruc-
tions 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.
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(a) Original Image (b) Local Crop (c) Window-in-Background

Figure B.4: Diverse ways in which Ul elements can appear

Reaso ere is also a Microsoft Edge entry in the left app list (ID 11)
and a Microsoft Edge shortcut in the taskbar (ID 20). All share the same
icon and label, and a generic instruction (‘'open Edge') could refer to

Reason: 'C'and 'CE' (ID 14) are very similar both visually and any. The tile and list versions are especially similar.

functionally. References to 'clear’ are highly ambiguous.

Figure B.5: Qualitative visualization of the VLM’s inferred reasoning for why a Ul
element is confusing to ground (See Eqn 4 in the main paper).

B.2 GUI Grounding Performance over granularity

of instructions

Results in Sec 3.3.6 demonstrate that current models struggle in consistently
predicting outputs over multiple ways to describe Ul elements. In this section, 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 Ul element of same visual
appearance, and it would not necessarily produce a correct instruction. We report
the Instruction Out-of-Box rate (s,0) in Fig. B.6 and observe a clear trend: model
performance degrades (higher s,0) as instruction specificity decreases, highlighting

their sensitivity and supporting our hypothesis.
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UGround-V1-78B
UI-TARS-1.5-7B
Qwen2.5-VL-32B
Qwen2.5VL-7B
0s-Atlas-7B
501 [ Model Averages

60 4

40

Percentage

204

Image Explicit Image Implicit + Position Only Position

Figure B.6: Grounding Performance over granularity of Instructions

B.3 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 elements is crucial to ensure that proprietary VLMs (such as GPT-4.1) can
accurately interpret the elements and generate multiple valid, high-quality instructions.
In Fig B.7, we present empirical results supporting our observation that instruction

generation is often unreliable for small UI elements.

Click to add subtitle

X the red color to the immediate left of yellow )( the Documents folder in the Quick access section above Music

X the red color between orange and yellow in the color picker X the Documents icon in the Quick access section

Figure B.7: Proprietary VLMs like GPT-4.1 generate incorrect referring instructions
for small elements (shown in red bounding box).
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B.4 Limitations of Data Validation

As discussed in Section 3.4, even after the data validation step, some instructions
may still ambiguously 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. B.8 to better understand on what kind of samples does the validation process

fails.

Choose the library entry in the sidebar below Home Open the app tile lies between Photos and Samsung Printer

Center
Reason: There are two library icons — Music and Video and both

are below Home Reason: There are two apps - Microsoft Edge and Microsoft Store

Figure B.8: Examples where Data Validation step (Sec 3.3) fails to filter out instruc-
tions that do not uniquely identify the target element.
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