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Abstract

Multimodal models, specifically Vision Language Models (VLMs), have shown increasing
capabilities in data visualization oriented downstream tasks, achieving performance satura-
tion in shorter intervals of time. Consequently, focus has shifted to assessing their poten-
tial towards new frontiers, specifically interactive environments. Various benchmarks center
around data visualization question answering tasks on static visualizations, and such rudi-
mentary approaches don’t reflect real world analysis scenarios where vast decision making is
required. Dashboards, while being commonplace tools in various industries, have had lim-
ited work done into evaluating the capabilities of VLMs to traverse and reason with them. To
tackle these limitations, this thesis presents DashboardQA, a novel benchmark for interactive
dashboard question answering. Overall, 292 tasks encompassing 405 QA pairs are presented
from 5 diverse category types, with 112 carefully chosen dashboards represented. Experi-
mental results show this benchmark is a challenge for various types of VLMs assessed, with

the best model achieving 38.69 %.
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Chapter 1

Introduction

1.1 Motivation

Interactive dashboards are powerful tools that combine visualizations such as charts, maps,
and tables with interactive features in a singular interface, allowing for a smooth analysis and
obtainment of granular details [1]. Within various industries, dashboards are catalysts for
decision making, serving as interfaces for streamlined insight extraction and extrapolation
[2-4]. However, despite their ability to compress information well, interactive dashboards
are still susceptible to information overload [5]. With their high volume of data, often com-
pressed visuals, and navigational requirements between and within different states, reasoning
over dashboards poses an inherently tedious and often demanding task [6], in particular with
less technically proficient stakeholders. This challenge, along with the increasing capabil-
ities of modern Vision Language Models (VLMs) to handle complex multi-modal question
tasks, notably in question answering, has attracted interest in leveraging Al models to aid in
analysis and ultimately decision making.

The fast paced improvements of modern VLMs have led to developments towards more

complex question answering tasks on data visualizations [7, [8]. In order to gauge their true
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More than a quarter of the 501 deaths in Texas county ails since 2009 have been by suicide, according to data from
the Texas Commission on Jail Standards. The vast majority have been hangings in which inmates have used
bedsheets, clothing, bags, or other linens to end their ives. I the wake of the high-profil jailhouse suicide of Sandra
Bland, state regulators and lawmakers are reexamining Texas jail standards to see if more can be done to prevent in-
custody suicides. To explore the data, click on a county or use the dropdown menus at right.
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Figure 1.1: Illustrating the evolution of data visualization question answering tasks over time. These
tasks have progressed from basic arithmetic and logical reasoning on single charts seen in subfig-
ure (a) to multiple charts seen in (b). From there DashboardQA has shifted to interactive interfaces
which entail multiple visualizations to reason from multiple views that must be traversed through key-
board/mouse actions, as shown in (¢)

capabilities, they have been assessed through various downstream tasks, primarily question

answering, on charts, infographics, and static dashboard snapshots [9]. What has started



with one-dimensional tasks over basic synthetic charts has progressed quickly into compos-
ite reasoning over multiple intricate, real-world visualizations. Nevertheless, previous work
revolving around data visualization question answering has a common limitation: a focus
solely around static visualizations. Such tasks are not practical as real world settings often
engage with more dynamic visualizations that offer interaction and contain multiple possi-
ble views [10]. For these models, this involves not just complex arithmetical and logical
reasoning between the views, but showing great GUI grounding abilities through executing
carefully crafted sequences of GUI operations of inter-view and intra-view navigation oper-
ations. The former consists of operations to move to new states such as changing dropdown
menu options or changing tabs, while the latter include of “Details on demand” activities to
reveal hidden information in charts or tables such as hovering over them to extract informa-
tion from a tool tip [11]. To effectively handle such complex tasks therefore requires careful
planning, detailed visual reasoning, and self-reflection in their trajectory. The evolution of
data visualization question answering over time is depicted in[I.1]

Navigation based interactive question answering has been the focus of multiple bench-
marks, featuring tasks that require traversing through web and desktop applications [12]].
Various environments have been created to streamline interactive benchmarking, notably OS-
World [13], OfficeBench [14]], and AndroidWorld [15]]. The results obtained showed that even
the best models achieved poor results in GUI based tasks. This has prompted the creation of
new agentic approaches to navigate computer environments. For example, OpenAl have re-
leased their Computer Using Agent (CUA), a gpt-4o powered agent that can traverse the
web. GUI oriented open source models such as UI - TARS [16] and JEDI [17] which are fine
tuned, supplemental models to help navigate GUIs. As agentic VLM systems are showing
increasing capabilities in complex tasks like navigating environments for question answering,

it is fitting to assess VLMs true capabilities through more challenging practical tasks akin to



human reasoning. Nevertheless, this has not been looked at towards interactive dashboards,
despite its common usage. Natural language question answering on dashboards can emulate

real world data-driven meetings, where dashboards are used to drive decision making [[18]].

1.2 Our Approach

This thesis presents DashboardQA, an agentic VLM based, exploration grounded benchmark
for advanced interactive dashboard question answering. This benchmark evaluates a range
of open source, closed source, and hybrid model approaches over 292 tasks encompassing
405 question answer pairs encompassing S categories of questions crafted through a custom
human-vlm collaboration framework are represented: Multiple Choice Questions (MCQs),
Factoid, Hypothetical, Multiple-Dashboard (Multi-Dashboard), and Conversational. Overall,
112 diverse, carefully curated interactive dashboards from tableau public are represented.

To evaluate such a benchmark, we utilize a custom framework on the OSWorld multi-
modal agentic evaluation environment. Experimental results achieved show that this is a
challenging task for all VLMs across all categories, with the best model approach of Gemini
Pro 2.5 being aided with an accessibility tree achieving the best accuracy of 38.69%. Be-
yond accuracy, logged VLM reasoning steps are utilized in order to grasp the analyze the
strengths and weaknesses of VLM agents in dashboard reasoning and navigation. Motivated
by HCI literature, this thesis extends our examination of the model’s task workflows towards
workaround approaches when facing breakdowns, helping to gauge how robust SOTA models
are. This work ultimately serves to show the viability of VLM integration into data science

workflows and create foundations to build upon creating effective agentic systems.



1.2.1 Research questions

The overall goal of this thesis is to understand general VLM capabilities in interactive dash-
board reasoning tasks. In answering the main research question, we seek to also answer the
following questions:

RQ1: What types of reasoning questions do VLMs struggle or perform well in?

5 discrete categories of questions are created to assess the diverse inferential abilities of var-
ious models. By obtaining the accuracy for each category for every model, we are able to
shine light on what types of tasks each model may be suited towards or need refinement in.
RQ2: What distinctions in performance can be made between open source, closed
source, and hybrid models?

A central theme of this paper revolves around analyzing the variation in results achieved
between the proprietary closed source models against open source models, and of hybrid
approaches. Open source models improve accessibility, increase transparency, and show
promise in various applications [19]. Thus, it is relevant to examine their potential to be
integrated into agentic workflows for dashboard analysis tasks, looking at both standalone
and hybrid collaboration frameworks.

RQ3: To what extent does supplemental information (ally trees) help with navigational
based dashboard question answering?

We host VLMs in an online environment where the task executions occur in tableau public
discover webpages featuring embedded dashboards. With this setting, al ly trees are able to
be extracted and given as supplemental aids for VLMs to navigate. Thus, for evaluation each
of the closed source proprietary models run 2 rounds of trials with the respective observation
spaces: (1) Screenshots, (2) Screenshot + ally trees. This helps evaluate VLLMs abilities as
standalone models and examine how much of a boost additional material may present.

RQ4: What types of errors, breakdowns, and workarounds are commonly seen in



traversing and reasoning across the dashboards?

It is crucial to understand why VLMs typically achieve low results in interactive environ-
ments, and look at what type of errors they make. Additionally, breakdowns (disruptions of
a trajectory) occur and require workaround solutions [20] that require self-reflection in order
to resolve. It is important to note the various approaches different VLMs take and the impact

on their performance.

1.3 Thesis contributions

This thesis comprises of four core components:

1. We present a novel Question Answering dataset, DashboardQA, to assess VLM agents
on their ability to navigate and reason with interactive dashboards. We provide 5 cate-
gories of questions to enable a holistic assessment of reasoning capabilities in situations

with different inferential requirements.

2. An evaluation of various open, closed, and hybrid models on DashboardQA through a

streamlined custom setup utilizing OSWorld and the tableau public website.

3. A thorough examination of the results achieved and key findings of performances by
the different VLMs in the different categories, including of a qualitative analysis and

quantitative analysis featuring insights into strengths and weaknesses of the models

4. We further examine logged VLM reasoning steps among SOTA models to identify and

quantify reasoning strategies taken when dealing with breakdowns.



1.4 Thesis organization

The remainder of this thesis is organized as follows: Chapter 2 outlines relevant literature
that gave inspiration and guided the development of this work. Chapter 3 details on the
dataset construction process and gives a multi-dimensional analysis of the diversity of the
dashboards curated and QA pairs. Chapter 4 clarifies the task at hand and explains the process
created for evaluation, including of the action and observation spaces. Chapter 5 presents an
overview of the results achieved and gives a qualitative and quantitative analysis of the VLM
task executions. Chapter 6 concludes the thesis with an overall summarization of the results

observed, examining limitations of this work, and proposing future research directions.



Chapter 2

Literature Review

Our literature review begins by outlining interactive dashboard features and applications, and
highlighting their importance. From there VLMs and their improvements over time, as well
as towards interactive applications, are looked at. The next three sections look holistically
at the how question answering benchmarks have branched to different focuses over time
and become more complex, and outline the changes in evaluation methods. The next two
sections look at the development of agentic environments and agentic applications in data
visualization downstream tasks. Human-VLM collaboration efforts are looked at next, and

finally HCT literature are examined for data analysis workflows.

2.1 Interactive Dashboard Features and Applications

Interactive dashboards are commonplace tools for data analysis that integrate multiple visual
and interactive features and tools into one compact and usable interface [21]. Interactive
dashboards have both navigation tools and built-in interactive features for visualization in-
teraction. The primary set of navigation tools consists of dropdown menus (Multiple option

and single option), range-sliders, tabs, and radio buttons, which all help users move to dif-



ferent dashboard states. Various visualization types are represented in dashboards, such as
bar charts, line charts, heatmaps, and cross tabs (tables), and often dashboards have multiple
visualizations in a single view. Interactive features are implemented to allow users to drill
down on data visualizations; users can find specific data point values through tool tips and
utilize space well with cross filtering and cross highlighting. Cross filtering in a view with
multiple visualizations allows a user to filter surrounding visualizations to have data on the
same topic [22]]. Similarly, cross highlighting allows a user to highlight a certain data value
in a visualization and related data in other visualizations by dimming the other data points
[22].

Dashboard usage extends to various fields, notably in time-critical, data-heavy areas
such as healthcare and finance, among many others [4, 23, 24]. In healthcare dashboard
applications can be seen on individual and broader scales. The former involves usage to
effectively gauge a patients data and thus treat the patient, while the latter focuses on eval-
uating larger population metrics such as infection or obesity rates for example, ultimately
guiding public health policy [23]. Within the finance sector, dashboards serve to highlight
market trends, study customer behavior, and overall help reduce risk management [4]. In
both the time sensitive industries mentioned, it is seen that with built-in mechanisms for real
time data updates, dashboards become more efficient alternatives for decision making than
static reports [25]]. Beyond these fields, various governments, organizations, and institutions
have utilized dashboards for demographic analysis, social justice, and as educational tools
(26, 27].

DashboardQA presents dashboards that reflect the interactive diversity that would be
present in real world dashboard analysis scenarios. Additionally, in order to assess the
prospect of VLM agents within appropriate domains, dashboards presented are carefully cu-

rated to help reflect their usage in various fields, most notably in the aforementioned fields of



healthcare, finance/business, and in shaping public policy.

2.2 Vision Language Models

Vision language models (VLMs) merge techniques from Computer vision (CV) and Natural
Language Processing (NLP) to create a multi-modal system that can comprehend both text
and image inputs [28]. Rapid progress has been made in enhancing the capabilities of these
models in handling complex tasks. Notably, novel proprietary models such as GPT4o [29]]
and Gemini Pro 2.5 [30] have shown State of the art (SOTA) performance in many tasks,
prompting further research on their viability as agents’ - entities mimicking human activity
to be integrated in various work environments within multiple domains [31]. To gauge their
capabilities in various fields, VLMs are assessed on a range of carefully crafted benchmarks.
In order to exploit the reasoning power of models, and thus obtain results that best present
their true capabilities, various prompting approaches have been proposed. Chain-of-thought
prompting serves to elicit reasoning through generating intermediate steps, breaking down
complex task requirements [32].

With newer models showing ever increasing performance saturation on static visual
benchmarks, a new focus on gauging the interaction abilities of multi-modal models in inter-
active environments. In order to supplement the capabilities of VLMs in these environments,
various GUI oriented models have been introduced to enable integration into high-end multi-
agentic framework pipelines, such as Ul-Tars [16]] and Jedi [[17]. These models are built
on top of the QWEN VL model series [33], and fine-tuned, respectively, on custom made
datasets. High-end and more standalone capable models for open ended, interactive reason-
ing tasks have also been created, notably through the utilization of a reinforcement learning
framework. GUI-Owl [34] follows a similar construction process to UI-Tars and Jedi, but also

uses reinforcement learning to enhance abilities in downstream tasks. Additionally, OpenAl

10



released a computer using agent (CUA) model, enhancing the power of GPT40’s abilities to
traverse environments with advanced reinforcement learning [35].

Despite all the progress made, even State of the art (SOTA) VLMs have shown poor
performance in open-ended tasks simulating real world computer environments [13]. In spite
of agentic VLM frameworks increasingly being integrated in many phases of the data science
pipeline [36], their effectiveness of reasoning and navigating with dashboards is not well
understood. This motivates the need to evaluate, and further analyze the responses, of both
standalone models, closed and open source, as well as hybrid models on the tasks created in

DashboardQA.

2.3 Visual Question Answering

Visual Question Answering (VQA) broadly refers to the task of generating responses to inputs
of images accompanied with a natural language question [37]]. Various benchmarks have
been developed to assess multi-modal models in reasoning between both textual and visual
modalities. Over time, many of these benchmarks have evolved to simulate tasks more akin
to real world human tasks, incorporating more linguistic principles, as well as focusing on
interactive environments.

VQA benchmarks have branched to many different focuses over time. Agrawal et al.
[38] introduced one of the earliest large scale VQA benchmarks, featuring open ended MCQs.
Open ended visual question answering has also been done by Ging et al.[39]], with a focus on
a granular evaluation of the images. Another focus has been on multi hop reasoning which
looks at multiple levels or pieces of information being reasoned through together [40]. Tran
et al. [41] introduced ReasonVQA, a dataset focused on multi-hop visual question answering.
This entails inputs of images of real world objects, coupled with a natural language question,

that involve combining multiple pieces of external information given to answer.

11



2.3.1 Interactive Question Answering

Recently, shifting interest has come into interactive question answering, whereby given con-
tinuous screenshots of dynamic GUI states models must navigate and reason through com-
puter environments. Such tasks require more cognitive efforts - necessitating additional plan-
ning and forethought, GUI grounding and self-reflection. An example is seen in AppWorld
[42], where a subset of the benchmark presents question answering tasks that require travers-
ing commonly used applications such as gmail or spotify.

DashboardQA extends interactive question answering to tableau dashboards hosted on the
tableau public website [43]. In our dataset and evaluation analysis, various navigational

properties are quantified to show interactive necessity.

2.3.2 Pragmatic Oriented Visual Question Answering

A core facet of multi-turn Natural Language Processing (NLP) tasks is pragmatics, which
looks at how context affects the meaning of language [44]. The primary means for demon-
strating core pragmatics principle is through conversational question answering, which re-
quires utilizing contextual information from previous queries and responses in order to an-
swer follow up questions [45]. To do as such, models must leverage pragmatic principles
to handle any ambiguity seen [45]. This presents a task more in tune with natural human
dialogue.

Prior literature has focused on evaluating the abilities of LLMs to understand prag-
matic principles. Benchmarks focusing on fine grained analysis on a singular principle has
been done for implicature [46] and presupposition [47]. Sravanthi et al. combine many ideas
to [48] provide a benchmark featuring MCQ tasks on 4 pragmatics principles: Implicature,
Presupposition, Reference, and Deixis. These approaches have been purely text based, but

slowly have been integrated into visual question answering tasks. Specifically, with the grow-
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ing popularity of data visualization comprehension tasks, various pragmatics understanding
tasks related to their comprehension have been proposed. Before the deep learning era, ap-
proaches towards pragmatics oriented question answering were more rule and logic based
[49]. This evolution has extended towards data visualizations comprehension tasks. For ex-
ample, Hoque et al. [S0] present Envizeon, a system built for multi-turn interactions, or
conversations, with data visualization and has a focus on pragmatics. Support for handling
such tasks are embedded into the system to help locate anaphoric, deidetic, and visual prop-
erty references, starting from an initial utterance. Following this more deep learning oriented
benchmarks came. ChartQA Pro [8] features a conversational question category in its ques-
tions revolving around chart, infographics, and static dashboards.

The interest in visualization question answering and pragmatics comprehension, but
lack of attention to interactive visualization, has prompted this effort in DashboardQA to-

wards evaluating conversational question answering on tableau dashboards.

2.3.3 Evaluation Metrics

Evaluation of generated answers in VQA benchmarks have evolved with different metrics
over time, with both human and automatic evaluation approaches being utilized. Changes
in evaluation methods are the result of benchmarks containing more categories of questions
that require different means of assessment, and also due to stricter rules towards higher end
models. Additionally, differences in evaluation exist depending on the whether the answer
is fixed or more open ended. For example, a custom human evaluation approach have been
proposed for more open-ended and subjective VQA by Agrawal et al. [38], where 10 workers
are asked to answer the question at hand and compared with the model’s response through
min(n/3,1) , where n represents the number of agreements with different annotators. How-

ever, an inherent flaw is that questions with minimal agreement, specifically below 3, limit
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the accuracy score that can be achieved [37]].

Large scale benchmarks pose inherent issues when relying on human annotations, pos-
ing a time consuming and costly challenge, and consequently prompting the need for more
automated evaluation frameworks [S1]]. Strict exact match assessment is used particularly
for the cases of MCQs or true/false questions [8,, 152, 53]. Less strict approaches include of
BLEU [54] and ROGUE [55]], and METEOR [56]], which all compare generated responses
with ground truths through different variants of n-gram (Sequences of n words) comparisons.
In order to account for textual information within images while not heavily penalizing minor
reasoning mistakes in Optical Character Recognition use tasks, Biten et al [S7] introduce the
Average Normalized Levenshtein Similarity, which uses the Normalized Levenshtein metric
comparing two strings [S8] to give a score between 0.5 and 1. In equation (2.1), N represents
the number of questions being evaluated on, and the ground truth string a;; is being compared
to the predicted answer string o0;;. The function s shown in (2.2) calculates the Normalized
Levenshtein, and a threshold 7 set to be 0.5 to be strict in cases where over half of the string’s

characters are incorrect [57]].

1 N
ANLS = N Z (mjaxs(a,-j,oqi)) (2.1)

i=0

I—NL(aij,Oqi), ifNL(aij,Oqi) <7,
s(aij,0q) = (2.2)
0, ifNL(aij,Oqi) >1

DashboardQA was built in order to reflect the growing question answering landscape
and present a more complex, interactive task for VLMs. Furthermore, given the diverse cate-

gories of questions contained with the dataset, a multifaceted evaluation framework reflecting
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many ideas of the diverse approaches summarized above is utilized.

2.4 Data Visualization Oriented Downstream Tasks

The Al landscape has seen rapid improvements in VLM agentic capabilities within data
visualization comprehension tasks. In particular, the task of Data Visualization Question
Answering (DVQA) has grown in popularity [[10]. What started with value extrapolation
and comparisons from simple charts has evolved toward arithmetic and logical reasoning
on multi-chart visualizations for more advanced comprehension [59, 60]. Various datasets
surround Data Visualization comprehension have been created as such. Tables [2.1] and
present, in chronological order, prominent datasets created for data visualization question
answering tasks and analyzes them to show respective refinements made over time. This
evaluation is split by a image/visualization analysis in table [2.1)and QA pair analysis in table
[2.2]respectively.

Before ChartQA primarily template based questions were in focus in various datasets
[59, 161-64], with a lack of complex categories of questions (i.e hypothetical, unanswerable
etc) that usually would entail composite reasoning involving multiple steps/techniques to an-
swer. Additionally, the visualizations either had synthetic data or were made synthetically.
The main changes seen were additional question templates, clearer categorization of ques-
tions, and even a move from synthetic data to real world data, but still synthetic visualizations
remained.

The new era of visualization comprehension was pioneered with ChartXiv [65], ChartQA
[7] and its extension ChartQAPro [8]. They focused on shifting away from template based
questions, and incorporating human made or machine generated question answer pairs on
both real world data and visualizations. ChartQA created both machine generated and hu-

man made questions. They utilized a TS5 (Text to Text Transfer Transformer) model [66]]
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for question and answer generation and trained the model on SQuAD’s (passage,answer) to
create the question dataset [67]. Shortly after ChartQA was released the advent of GPT and
various other MLLMs showed great capabilities in creating a wide variety of questions for
chart comprehension. In turn, Wang et al. introduced ChartXiv [65] to increase the com-
plexity of chart understanding tasks for MLLMs, and found flaws in SOTA MLLMs systems.
They create a stress test and find that MLLMs performance deteriorates when dealing with
perturbations, or “small visual or textual changes in charts”. With the eventual performance
saturation Masry et al. [8] introduce ChartQAPro, featuring 5 diverse categories of questions.
The visualization scope was also extended to feature dashboards and infographics, and some
of the visualizations presented were accompanied with supplemental text to create a more
multi-modal challenge for the VLMs to work with. Additionally, the QA pairs generated
were either through humans or utilizing three popular VLMs (GPT4o, Claude Sonnet 3.7,
or Gemini 2.5 pro). Specifically, VLMs were prompted such as to elicit question answer
pairs from the respective categories of questions, which then were either refined/corrected or
kept as given. Multi-ChartQA by Zhu et al. [60] was created slightly before ChartQAPro,
but nevertheless focused on the issue that only singular charts were used before in existing
benchmarks, aiming to then put in multi-hop reasoning that is the type of complexity seen in
the real world. Beyond Question Answering, ChartInstruct [9] presents a broad range of in-
struction following downstream tasks, from creating basic summaries and future forecasting
to coding abilities.

The overarching attribute to all of the datasets created were that the visualizations used
were static images. This is not how visualizations are utilized with in the real world where
they are more interactive in nature [10]. This in turn would prompt the desire for the cre-
ation of DashboardQA which features only dynamic visualizations with questions requiring

exploration.
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Name ‘Rea]l Synthetic data Real/ Synthetic visualizations # of visualizations Static/ Dynamic Basic charts Infographics Dashboards

FigureQA[61] Synthetic Synthetic 100k Static v X X
DVQAI59] Synthetic Synthetic 300k Static v X X
LEAF-QA[62] Real Synthetic 240k Static v X X
LEAFQA++ [64] Real Synthetic 244k Static v X X
PlotQA [? ] Real Synthetic 224k Static v X X
ChartQA [7] Real Real 20882 Static v X X
ChartXiv[65] Real Real 2323 Static v X X
ChartQAPRO [8 Real Real 1341 Static v v v
Multi-chartQA [60] Real Real 2000 Static v X X
DashboardQA Real Real 112 Dynamic ' X v

Table 2.1: Comparison of visualization characteristics across DVQA datasets.

Name ‘ # of questions Template/Human/VLM based Factoid MCQ Conversational Hypothetical Multi-visualization Unanswerable
FigureQA[61] 1 million Template v X X X X X
DVQA[39] 3,487,194 Template v X X X X X
LEAF-QA[62] 2 million Template v X X X X X
LEAFQA++[64] 2.6 million Template v X X X X X
PlotQA[? ] 28.9 million Template v X X X X X
ChartQA 32.7k Template/Human based v X X X X X
ChartXiv[65] 5000 Human v X X v v v
ChartQAPRO[8] 1948 Human/VLM based v v v v v v
Multi-chartQA[60] 1370 Human v v X X v X
DashboardQA 500 Human/VLM based v v v v v v

Table 2.2: Comparison of QA pair characteristics across DVQA datasets.

2.4.1 Agentic Frameworks

The advent of multi-agentic reasoning frameworks has shown in various fields that they have
a great potential to autonomously solve complex tasks with little to no human intervention
[68]. Through task delegation, collaboration efforts, and reflective strategies, multi-agentic
systems are able to grasp flexibility to undertake tasks in new environments [69]. Multi-
agentic frameworks have been extended towards data visualization comprehension tasks. To
tackle the issue of hallucination within chart question answering, Goswami et al. [/0]] create
a multi-agentic framework called ChartCitor to supplement chart question answering with
fine grained bounding box annotations on pertinent chart elements. Another paper by Suri et
al. [[71] looks at visual attribution through set-of-marks prompting [72]] as a means to avoid
hallucinations and increase faith in the VLMs response.

Additionally, work on multi-agentic frameworks for data visualization downstream

tasks serve as inspiration for testing the capabilities of hybrid models on dashboard question-

17



answering, utilizing proprietary models for reasoning and GUI-oriented models for naviga-
tion. This reflects a planner navigator framework, which will in turn be evaluated against

standalone model approaches.

2.5 Agentic Environments

Multiple benchmarking environments and respective benchmarks have been created for the
assessment of multi-modal models in a variety of interactive tasks mimicking real world
computer use.

Wang et al. [14] introduce OfficeBench, featuring various large scale tasks requiring
traversing and working on multiple work applications such as Microsoft word, excel, and
email. This designed to mimic typical larger scale tasks with multiple applications being
used that take place in the office environment. Over time, we see larger scale environments to
encompass more OS related features. Xie et al. introduced OSWorld, a specialized environ-
ment that allows for evaluation of multi-modal agents on computer tasks [[13]. This includes
of tasks like creating scripts, editing documents, and file management, among others. Overall,
369 are featured, and they look at both single and multi-app workflows that feature various
popular applications and require either Graphical User Interfaces (GUI) or Command Line
Interface (CLI) usage. However, the agentic capabilities on computer tasks done through the
OSWorld environment were reported to have very low scores, with a majority of models hov-
ering well below 30 percent success rate. Noticing a lack of agentic work done for mobile
applications even with its commonplace usage, Rawles et al. presented AndroidWorld [15]
for testing autonomous agents in an Android OS emulator environment. In order to reflect the
dynamic nature of real world tasks, AndroidWorld randomly instantiates the task parameters
in order to extend the number of tasks it can work on.

In this work we utilize the agentic oriented OSWorld environment for streamlined and
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scalable testing on virtual machines, and also create our own novel framework for doing
so. Specifically, we utilize agentic VLM frameworks as a means to traverse the dashboards

within the tableau public website.

2.6 Human VLM Benchmarking Collaboration

Benchmark creation can be tedious, time-consuming, and costly. In the case of large scale
dataset, these are seemingly inevitable. To alleviate these problems, many benchmarks have
utilized VLM assisted approaches that involve model generation and human refinement. K-
viscuit [73] introduces a Korean cultural understanding benchmark created through a human-
VLM collaboration whereby models, given guidelines and few shot learning, output is cor-
rected by native Korean speakers [73l]. Additionally, ChartQA Pro [8] presents usage of a
human VLM collaboration framework to generate 5 categories of questions revolving around
standalone image representations of charts, dashboards, and infographics. A common at-
tribute between the aforementioned benchmarks is a focus on static question answering.
Nevertheless, there has been research done to utilize VLMs in automated GUI trajec-
tory creation, focusing on both formulaic and exploration based approaches. Noticing the
scarcity of GUI training data, AgentTrek [74] creates a scalable framework utilizing auto-
mated collection of web tutorials coupled with human-assessed VLM evaluators to create
structured GUI trajectories. Explorer [[75] focuses on a more exploration-based automated
trajectory creation process, with a clearer usage of a multi-agentic framework including of
task delegation and collaboration. From an initial snapshot to generate a starting task tra-
jectory and first action, a refiner agent iteratively tunes the trajectory based on new views
given. An accompanying task description is given by a summarizer agent after analyzing
action history and screenshots. To evaluate alignment between the task description and the

trajectory given, a task verifier agent is featured [75]. Ultimately, they utilized the power of
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multi-agentic frameworks to help automate their benchmark creation.

In tune with the evolving use of Human VLM collaboration strategies in various do-
mains, this thesis builds on ideas presented in the aforementioned approaches, focusing on
utilizing an expert guided human VLM collaboration framework for dashboard exploration

oriented QA pair generation.

2.7 Empirical Studies of Data Analysis Workflows

Human-computer interaction (HCI) research has often focused on analyzing data science
workflow practices of professional and non-professional data workers in various domains,
helping create empirical foundations to refine systems [20]. Notably, studies have examined
strategies data workers have taken when dealing with general obstacles and broad solution
spaces during their tasks. For example, Boukhelifa et al. [/6] use interviews to gauge how
various domain experts handle uncertainty in their data analysis process, categorizing and
quantifying strategies employed for different goals they set. Similarly, Liu et al. [77/] examine
how data workers from various domains choose among various “alternatives” - a broadly
defined solution space encompassing tools, sources of information, algorithms, hypotheses
etc. The results obtained from semi-structured interviews ultimately helps create a clear
multi-dimensional characterization of the respective roles of the alternatives [77]. However,
these examinations as a whole have seldom taken dashboard usage into account, even with
their widespread usage in modern data workflows. To fill this gap, Tory et al. [20] through an
interview study examined how dashboard users make sense of their dashboards and handle
any difficulties, or “breakdowns”, encountered when completing any of their assigned tasks.
Breakdowns were classified into various high and low-level tasks and quantified to illustrate
how often dashboard users encountered the problem.

This thesis extends the analysis of dashboard sense making and hardship management
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in dashboard reasoning capabilities to modern vision language models. Such an extension
is deemed fitting given the shift from humans to VLM agents in the automation revolution
of data analysis workflows [24]. Additionally, given the ’Jack of all trades, masters of none’
capabilities of Al systems seen in data analysis tasks [78]], many parallels can be seen with the
study conducted by Tory et al. [20] whereby non-professionals data workers are examined

on their dashboard sensemaking processes.
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Chapter 3

The DashboardQA Benchmark

This chapter outline how the DashboardQA dataset was made, looking at the dashboard cura-
tion and QA pair creation process for DashboardQA. Additionally, a holistic analysis of our
multi-modal dataset is presented through a topical, navigational, and visual diversity analysis

of the dashboards collected.

3.1 Dataset Creation

DashboardQA’s construction framework encompasses three phases : (1) Interactive Dash-

board curation, (2) QA pair generation, and (3) QA peer review.

Interactive Dashboards Question-Answer / Question-Answer
Collection - Annotation Review DashboardQA Benchmark
S +abl H VLM Collab Answer (1) )
g a eau uman- ollaboration _1
o= D Annotator (1 - org.) O—. U[]I][I —
=G =S ,—.1 s
N *\ﬁﬁ>~ gu "L® ¥ q= q= aq=
— Final pp— g ah
Answer A= A= A=
Screenshots Anotater 2) Answer @)

Figure 3.1: DashboardQA creation process, from curating dashboards in tableau public to creation
using a Human-VLM collaboration framework, and lastly reviewing.
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3.1.1 Phase 1 - Dashboard Curation

All of the dashboards were sourced from Tableau Public - a free to use cloud-based platform
for creating and sharing tableau dashboards [43]. Tableau public was chosen because of the
vast range of easily accessible dashboards available. Additionally, there are various qualities
of the dashboards that make it appealing for interactive based evaluation; they often support
rich interactivity features such as coordinated views, cross-filtering, and cross-highlighting.
Beyond that, a diverse set of navigation tools and chart types are commonly featured.

We extracted real world, interactive dashboards based on various pertinent social, eco-
nomic, and political issues. Multiple pre-defined topics of interest were put into search terms
and then filtered in terms of relevancy or view count. On top of topic diversity, both the vi-
sual and navigational diversity was also examined. Noticing similar types of authors tend to
use recurring layout patterns, we looked at various different individuals, organizations, and
corporations in our search. Notable dashboard sources include of U.S Census Bureau [27],

United Nations [79], and USDA[80].

3.1.2 Phase 2 - QA Pair Creation

DashboardQA features 5 categories of questions: (i) Multiple Choice Questions (MCQs), (ii)
factoid, (iii) hypothetical, (iv) conversational, (v) multi-dashboard. Group members, consist-
ing of researchers well versed in the fields of HCI, NLP, and data analytics and visualization,
cooperated to create the dataset through a human-VLM collaboration framework. Measures
taken to avoid bias by humans and VLMs involved utilizing 3 different VLMs to create 3
different methods, representing different combinations of human-VLM interactions, of QA
creation. We specifically used state of the art models available - GPT-40, Gemini Pro 2.5,
and Claude Sonnet. 3 different approaches were used to create the QA pairs, and are detailed

as follows:
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4 (a). MCQ R

1

. o

'ﬂ\dﬂmﬂuhmdhhmll_knﬁ Y

Q: In the Midwest region what is the difference
between the oldest age white women married with an
Advanced Degree as opposed to those with less than
a high school diploma?

r

4 (b). Factoid

N\ (c). Conversational

Q:Among UNIFIL (Lebanon), UNMIL (Liberia), and
UNOMIG (Georgia), which mission had the

Q1: How many job types have above 5000 workers?
Q2: What are the top 3 jobs by occupation type?

between them?
ALS.

Q5: Now for these two what is the difference in job growth from 2017-2022

Q: If the current trends continue, what will be the
difference between how many confirmed cases will
Sao Paulo and Rio de Janeiro each have in 3 days,
assuming the prior day's increase remains constant?

A.62661

J

B.3years steepest single-year budget drop? A2 ["Securities, Commodities, and Financial Services Sales Agents’,
C.4years "Computer Systems Analyst", "Software Developers, Applications"].

\D. 5 years _/\AUNMIL % Qs: 1324.

4 (d).Hypothetical Y4 (e). Multiple Dashboards

Dashboard 1

Q: If we assume the immigrants coming in to Washington took the most common low paying job
at the same rate listed for the jobs percentage of immigrants in D.C, what would the ratio be between the

overall number of Afghan and Cuban workers for that particular job in 2014?

KA: 0.3

Dashboard 2

)
<

J

Figure 3.2: DashboardQA focuses on 5 categories of questions that require exploration of dynamic
dashboards. Questions are formulated so as to require dashboard exploration and reasoning between

multiple views or visualizations.

* Curating seed QA pairs: After scrutinizing the dashboard at hand, the author created

their own meaningful QA pair without any VLM assistance. DashboardQA was set

up so that at least 25 percent of all examples here human created. Aside from adding

diversity and mitigating VLM bias, the human-made examples offer more authentic

means of evaluating human thinking [81]].

* VLM generated: Purely VLM generated questions are those that were taken directly

as given by the VLM, and were rare occurrences. Obtaining an ideal question answer

pair without any visual or semantic errors was a challenge for all of the VLMs.

* Human refinement: When unsatisfactory output given by the VLM requires refine-

ment, modifications and corrections are made by the author. This includes of correcting
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errors in the answers generated, along with fixing punctual and grammatical errors in

the questions. VLM assissted questions created represent the vast majority of qa pairs.

Table 3.1: Counts of question creation methods through Human, VLM or mixed use in our collabora-
tion framework.

Questi | Human-made | VLM Assisted | VLM-Only
uestion Category
‘ ‘ GPT40 Claude Gemini ‘ GPT40 Claude Gemini

MCQ 39 15 10 7 5 1 3
Factoid 34 11 0 6 3 0 13
Hypothetical 28 19 8 6 1 0 0
Multi-Dashboard 18 8 8 10 2 0 0
Conversational 9 7 6 6 0 0 0

For the questions that involved VLM use, contributors were provided with carefully
crafted textual prompts, seen in[A] tailored to each respective question category, and directed
to change the examples at the end of each prompt to help diversify the QA pair created.
Additionally, they were instructed to decompose the dashboard(s) into screenshots to add for
visual context. These screenshots include of the dashboards default view, additional views in
different states, and snippets of revealed dropdown menu options upon expanding. Notably,
if there are multiple tabs in the dashboard, then more views are to be given as they have a
tendency to have different structural layouts. The views are given to help the VLM understand
semantic layouts commonalities, whereas the dropdown menu options are given to help show
possible trajectory options to create multi-view questions. As was instructed in the prompts,
5 examples were to be generated and the annotator was to choose the best to either keep or
refine. In the case of poor generated QA pairs, authors were allowed to follow up with the
VLM in a conversational approach to get better output. To streamline VLM evaluation and
inter-annotater agreements, all answers were required to be concise, either true/ false, yes/no,
a numerical value, or a label taken from the dashboard itself. List options were also allowed.

As seen in table 3.1 VLM assisted questions as a whole represent the largest share of
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questions. GPT4o0 was the most chosen model, and the reason for variations between the
models was due to inference limitations with free trials as well as time restrictions.

Table 3.2: Example prompt given for factoid QA pair generation

Category Prompt

Factoid I am giving you multiple snapshots/views of an interactive dashboards, including
of the respective default views, options available for navigation through the dash-
board’s navigation tools (i.e Dropdown menus, radio buttons, scrollers, etc.), and
more views from when particular options are selected. Since not every possible
snapshot / view of each dashboard is given, the selection options available and the
example views for each dashboard should together help you guess how the views
for the rest of the options would be structurally (i.e types and content of the charts
or textual data available) for that particular dashboard.

Using all of these, please generate 5 diverse and challenging factoid reasoning ques-
tions that involve arithmetic and logical reasoning. They must have multiple oper-
ators (i.e sum, ratio, etc.) in the question. Additionally, make sure the answers
required are succinct, where they are either a numerical value, True or False, Yes or
No, unanswerable or simply a label taken from the dashboard itself. Each question
must require 3 to 5 views (Cumulative) of the dashboards to answer. Just the ques-
tions are to be given now from your end, in the next prompt the required views will
be given for you to answer.

Here are some sample questions to give some inspiration, but make sure to create

the questions with lexical and semantic differences.

3.1.3 Phase 3 - QA Peer Review

In order to assure quality and accuracy in our question answer pairs, all QA pairs were peer-

assessed by a separate co-author working on a different question category. This also served to
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Assuming the trends continue at the same rate as observed from 1970 to 2017, will processed
or fresh apples be likely to hit 40 pounds per capita first?

1 2

U.S. per capita food availability for additional dities U.S. per capita food availability for additional commodities

Frosh frut Processed frut

R

Food availability data: Processed fruit, 1970-2017

100

Food availability data: Fresh fruit, 1970-2017

2

Pounds per capta
>
Pounds per capt
8 8

Processed fruit
availabilty

o o (fresh-weight
equivalent) has
steadily fallen since

2 reaching a peak in the
late 1970s. The bulk
s of the decline has
Fresh bananas and © come from juice,
apples are the leading specifically orange
fresh fruis in per juice avalabilty
capita availabiliy. R

o Fresh orange
1970 1675 1960 1985 1990 1995 2000 2005 2010 2015 2020

1 175 e 1ees 190 195 200 2:w0s 2010 20t 2020 2VAlabilly per person
has steadily fallen

Year over the past four and Note: For the supply an efer to the ERS website.
a half decades.

Note: For and use refer o the ERS webse.

Source: USDA ihe Food Avaiabiy (Per Capita)
Source: USDA, Economic Research Service, food availabilty data series from the Food Avaiabilty (Per Capita) Data System, 2019.
Data System, 2019.

. . . Click tab (Processed fruit) - Examine current multi -
Default view ~ Examine current multi - line chart for .
line chart for processed apples ~ Analyze processed

Fresh apples - Am?ly ze fresh apple trends over time apple change over time —~ Notable increase (15/57~
- Negligable overall change
0.26/year)

Answer: Processed fruit

Figure 3.3: Example hypothetical question featured in DashboardQA, depicting future forecasting.

highlight any unnecessary complexity that a question may have had. In the case of questions
that require estimations, a percentage difference of less than 0.5 would be deemed acceptable.
Overall, an inter-annotater agreement rate of 74.93%, with the remaining 25.07% needing
further refinement. While a lot of DashboardQA is based on ChartQAPro, there is a clear
focus on agentic reasoning on dynamic visualizations as opposed to static. Every question
is created such that there must be multiple views traversed and reasoned over to obtain an

answer. The following question categories are covered:
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1 Dashboard decomposition 2 ) QA pair curation & refinement

D; state Default view Best QA pair selection QA pair refinement

space e
.representation A E 2 E f a@»\%
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Figure 3.4: DashboardQA QA pair generation and refinement process. Starting with a carefully crafted
prompt given with dashboard UI screenshot decomposition with multiple views appended, generated
ga pairs are filtered and then refined with a separate annotator.

MCQ: When given 4 or 5 candidates, the VLM must reason with information from multiple
views and elements of the dashboard to find which answer is the best fit. Many of these ques-

tions feature cases where the options are separated by small margins, thus requiring precise

information extraction and accurate computation. An example is given in[3]

Factoid: These focus on information retrieval, pattern recognition, and extrapolation to de-
rive answers on questions that involve visual perception and logical reasoning towards the
dashboard in question. Emphasis is placed to make sure each question involves multiple

arithmetic and logical operations. A standard example is seen in

Hypothetical: Hypothetical questions requires reasoning beyond what is seen in the dash-
board itself. These consist of counterfactual (i.e looking at what might happen in different
scenarios) and future prediction related questions involving trend analysis. Figure [3.4] shows

an example future forecasting question.
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Conversational: Conversational question answering assesses the ability of VLMs to show
linguistic proficiency through recognizing contextual dependencies and handling coreference
resolution. Essentially, they must show the ability to understand references to ideas in the pre-
vious question to resolve later question ambiguities. Additionally, they must utilize previous
questions answers (intermediate calculations) in follow-up questions. An example conver-
sational task and answer workflows is given in [3.5] In Dashboard QA, each conversation
contains anywhere from 3 to 7 factoid style questions, and only the final question in the con-

versation is given to be answered to account for VLM inference costs.

Multi-Dashboard: Multi-Dashboard question answering involves reasoning between multi-
ple dashboards. This focuses on an inherently more challenging task that involves both inter-
dashboard and intra-dashboard analysis, requiring an understanding of the visual and seman-
tic diversity between dashboards along with a higher degree of planning and self-reflection.
The action space increases as we not factor in moving back and forth between the dashboards.
This, in turn, leads to a propensity of erroneous results. Given the high inference costs and
substantial reasoning requirements of working with many dashboards, each multi-dashboard
question is confined to two dashboards. Figure 3.6/ shows an example question and answer

workflow.

Additionally, each of the single-turn categories of questions have a unique sub-category
of unanswerable questions. These require reasoning with information not available in the
dashboard, and are a good way to assess a models robustness by evaluating their capabilities
in handling adversarial tasks [82]. Examples of QA pairs from each category are shown in
Figures 2 and 3. Figure 2 represents single dashboard single turn questions, whereas in figure

3 the categories that either require multi-turn or multiple dashboards are shown, representing
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Q1: How many centuries are featured in the timeline?

11

Global Primary Energy Consumption during 200 Years

Drag the mouse pointer to the top right corner — Click and
drag the year range slider to identify years and centuries -
Initial value is 1800 to 2010 - Century 1 =1800

1.2

Global Primary Energy Consumption during 200 Years

Click and drag the year range slider value from 1800 to 1900
~ Century 2=1900

Answer: 3.

13

Global Primary Energy Consumption during 200 Years

: =
Pe -
= =

Click and drag the year range slider value from 1900 to 2000
~ Century 3 =2000 — Final Answer is 3

Q2: Comparing only between Coal, Natural gas, and Crude oil, which century shows the most one sided energy consumption distribution?

2.1

Global Primary Energy Consumption during 200 Years

Select ‘Coal’ on the right side of the dashboard and hover on the
“Coal’ button - It’s 19" Century for ‘Coal’

2.2

Global Primary Energy Consumption during 200 Years

;

Now select ‘Crude Oil’ on the right side of the dashboard and
hover on the ‘Crude Oil’ button -~ It’s 19" Century for ‘Crude Oil’

Answer: 19th century.

2.3

Global Primary Energy Consumption during 200 Years

Finally, select ‘Natural Gas’ on the right side of the dashboard
and hover on the ‘Natural Gas’ button — It’s 19" Century for
‘Natural Gas’ - Final Answer is 19 Century

Q3: Which century shows the most uniform distribution then?

3.1

Global Primary Energy Consumption during 200 Years

Click and drag the year range slider to identify the first century
(19") starting from 1801 - 1900 and check the distribution

3.2

Global Primary Energy Consumption during 200 Years

Click and drag the year range slider to identify the second century
(20") starting from 1901 - 2000 and check the distribution

Answer: 21st century.

3.3

Global Primary Energy Consumption during 200 Years

Click and drag the year range slider to identify the last century
(21%) starting from 2001 - 2010 - The 21* Century shows the
most uniform distribution, so the answer is 21* Century.

Figure 3.5: Example conversational question in DashboardQA

what we believe is a more challenging problem.
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Compare the ratio of the most recent per capita Out-of-pocket health spending between Japan and Portugal
versus the ratio of their Health Expenditure Ranking. Which is larger?

1 2
HEALTH SPENDING HEALTH SPENDING
JAPAN - PORTUGAL -

| \

my \
j|

Click tab “US dollar / Capita” - Click only dropdown menu Click dropdown menu - Select option Portugal -~ Analyze ‘OUT

Select option Japan — Analyze ‘OUT OF POCKET’ multi-line chart OF POCKET’ multi-line chart ~ $1k.
- $1k Ratio between Japan and Portugal =1000/1000 = 1

| == 1= Z World Data

Open new dashboard - Click Japan on map — Find Health Click dropdown menu - S.elect opﬂfm Portugal - Find Health
expenditure ranking ~ 114 expenditure ranking - 60.
P H Ratio between Japan and Portugal =114/60=1.9 >1

Answer: Health Expenditure Ranking

Figure 3.6: Example multiple dashboard question in DashboardQA

3.2 Dataset Analysis

In analyzing our dataset we examine the dashboards for their topical, visual, and navigational/

interactivity diversity. Additionally, we look at the complexity of the answer requirements

for the QA pairs created.
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3.2.1 Dashboard Analysis

Topic distribution: In order to see patterns in topic choices between the types of authors,
we examine their topic distributions. Figure shows categorized distributions of the 9
topics seen in curated dashboards, with respective spreads displayed across for organiza-
tions, institutions, and individual authors. Individual and organization created dashboards
encompass all the topics seen, whereas institutions encompassed half. This can be due to
the restrictions and specializations that institutions have. Additionally, institutions showed
the most skewed distribution with a particular leaning towards politics, comprising 54% of
the dashboards. Organizations and individual authors showed the most uniform distribution
of dashboard topics, with individuals marginally more balanced. Organizational dashboards
focused mostly on economics with a 37% share, while individuals focused the most on health

related topics with a 25% share.

Figure 3.7: Dashboard topic breakdown by author type. For the 8 dashboard topics present, the nested
pie chart shows the entire composition of the topics (outer loop) to their respective author source type
(inner loop).



Visualization components analysis: Overall, 13 visualization types were seen across the
dashboards collected, consisting of cross tabs maps, and 11 chart sub-types. As depicted in
table [3.3] basic charts such as line and bar charts were the most prevalent, with more com-
plex charts such as heat maps, bubble charts, and bump charts being less common. In tune
with the instructions given to the authors, the average number of navigation tool components
per dashboard was around 2.66, showing the emphasis placed on having multiple exploration

means in the dashboards selected.

Navigation tools analysis: Our analysis included of a prevalence count seeing how many
respective dashboards included the tool, and of an average per dashboard which sums the to-
tal number of the navigation tool groups seen and divides by the total number of dashboards
(112). As seen from table dropdown menus were seen in almost every dashboard with a
92.31% prevalence rate, and had multiple of them with 2.38 on average. Tabs come in second
with 23.08%. Radio Buttons and Range Sliders hold an equal presences of 7.69%. However,
radio button groups were seen more often when indeed present, having a higher average per

dashboard.

3.2.2 Question Answer Pair Complexity Analysis

To gauge the difficulty and level of effort required to answer the questions, we examine the
minimum number of required states to traverse to answer, as well as the number of steps

required.

State navigation requirements: In DashboardQA, a state represents the current configura-
tion of selected navigation tool options of the dashboard. Often, state and view might be

used interchangeably, they don’t always represent the same thing. A view refers to a snap-
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Table 3.3: Prevalence, count, and average number of respective visualization types across all dash-
boards, along with overall average of all visualizations.

Visualization | Prevalence | Count | Avg. per dashboard

Line Chart 48.51% 86 0.77
Bar Chart 42.57% 79 0.71
Map 20.79% 25 0.22
Area Chart 16.83% 31 0.28
Scatter Plot 10.89% 30 0.27
Crosstab 10.89% 12 0.11
Pie Chart 6.93% 9 0.08
Bubble Chart 5.94% 7 0.06
Heat Map 5.94% 7 0.06
Tree Map 4.95% 7 0.06
Donut Chart 1.98% 2 0.02
Histogram 1.98% 2 0.02
Bump Chart 0.99% 1 0.01
Total \ 100 % \ 298 \ 2.66

shot at the current time, so when data visualizations are interacted with to reveal tooltips for
example, the view changes but the dashboards state doesn’t. Table [3.5] displays the distri-
bution of dashboard states required to traverse and reason over to complete all of the tasks.
The most common number of views was 2, with 7 or more views being the least. Notably,
the more complex question types (Hypothetical, Multi-Dashboard, and Conversational) con-
tained higher shares of questions requiring 6 or more states to traverse. This is the case as
these tasks were intentionally framed to be more challenging with more multi-view reason-
ing, as opposed to MCQs and Factoids which had more of a focus on simple exploration
abilities. Among all the categories, factoids had the most uniform distribution for the number
of views required to answer their respective questions. The most skewed distribution was for

Multi-Dashboard with 2 to 4 states representing close to 84.78 % of the distribution.
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Table 3.4: Prevalence, count, and average number of respective navigation tools across the dashboards
curated.

Navigation Tool | Prevalence | Count | Avg. per
dashboard

Dropdown Menus 92.31% 266 2.38
Tabs 23.08% 103 0.92
Radio Buttons 7.69% 26 0.23
Range Sliders 7.69% 9 0.08

Step requirements: In the context of DashboardQA, a step is defined as a round of mouse or
keyboard actions that will either change the configuration of a navigation tool or drill down
on a particular data visualization to reveal specific data values. From table[3.6]it is once again
clear that the easier categories have their question distribution skewed towards "Medium’ and
"Hard’ questions whereas conversational and Multi-Dashboard questions are skewed towards
’Hard’. Overall, "Medium’ level questions represent the largest share of questions, and "Hard’
the least.

Table 3.5: Distribution of views/states of dashboards required for the respective question categories.

CategoryType |[1| 2 | 3 | 4 |56 |7+
MCQ 014125 7 (34| 0
Factoid 5014121 (21192 2
Hypothetical 41301197 |22 1
Multi-Dashboard | O | 9 |17 |13 |0 |5 | 2
Conversational o4 1|7 |8 [42] 2
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Table 3.6: Distribution of difficulty levels and corresponding number of steps across different question

categories in DashboardQA.

Easy Medium Hard Total
Question Category

1 2(3 4 5|6 7 8+
MCQ 14 24115 11 6 |7 3 O 80
Factoid 10 2119 12 3|6 1 2 74
Hypothetical 18 1312 8 6|4 3 1 65
Multi-Dashboard 3 918 1 8 46
Conversational 1 4 4|12 1 4 27
Total 46 66 |59 43 28|27 9 15| 292

3.3 Summary

In this chapter we outlined how the DashboardQA benchmark was created through a human-

VLM collaboration framework. Furthermore, for the sake of transparency on the dataset’s

diversity, we present a fine grained multi-dimensional breakdown of the dashboards and QA

pairs created.
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Chapter 4

Methodology

This chapter focuses on the task setup used to evaluate the VLM agents for the tasks in Dash-
boardQA. Starting with a formal definition, we then describe the overall custom framework

setups and detail on the action and observation spaces.

4.1 Task Defintion

Every task in DashboardQA is framed as exploration and required dashboard navigation.
The entire dataset can formally be defined as D = (di,q,-,a,-)f.vz 1> Where each triple comprises
of an interactive dashboard d;, associated question g;, and ground truth answer a;. Overall,
there are 292 tasks representing 405 questions, where all categories are single turn except for

conversational which contain anywhere from 3 to 7 questions.

4.2 Task Setup

To help streamline our evaluation for our interactive setting, we utilized a custom framework

with OSWorld’s environment and the tableau public. For each task, the entire evaluation
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process begins through launching an Ubuntu OS virtual machine and opening up the ques-
tion’s associated tableau public URL to show the default view of the embedded interactive
dashboard. This is done in a google chrome browser, where the page is set to full screen
at 1920 x 1080. The task for the VLM agent is initiated when given a triple of an initial
observation of the web view captured from the virtual environment, instruction prompt, and
the dashboard’s corresponding question. The agent then processes this information to plan
accordingly and give an initial reasoning thought accompanied with a proposed action exe-
cution code sequence. Following the environment’s execution of the given code sequence,
another observation is taken and given to the VLM to reason over. This back and forth
continues until either the model signals task completion or acknowledges failure, or if the
environment sees the process going over the predefined step limit. The final step involves
parsing the answer from the completed log files, where the structured format answer given
by the VLM is extracted and assessed. Figure .| displays the architecture used and provides

an example demonstration of task workflow executions.

4.3 Prompt Setups

For each question category a specific prompt is given to instruct them on the type of task
they have and the rules to be followed. This is shown in table[d.1] All prompts were setup in
order to elicit succinct answers within brackets so as to make for easy parsing and automatic
evaluation, and Chain of Thought (COT) prompting is used in order to see the thought process

the VLMs take and to enable further qualitative and quantitative analysis on the logged steps.
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Table 4.1: Prompt Templates for Each Question Category.

Category Example Prompt

Factoid You are given a factoid question about an interactive Tableau dashboard that you need to navigate to
answer the question.You need to think step-by-step, but your final answer should be a single word,
number, or phrase. Do not generate units. But if numerical units such as million, m, billion, B, or K are
required, use the exact notation shown in the dashboard. Remember to navigate the dashboard, think step-

by-step, and put the final answer between these brackets <answer></answer>Question: <question>
MCQ You are given a question about an interactive Tableau dashboard along with different possible answers.

You need to navigate the dashboard to select the correct answer from them. You need to think step-
by-step, but your final answer should be one of the options letters only (without any additional text).
Remember to navigate the dashboard, think step-by-step, and put the final answer between these brackets
<answer></answer>.

Question: <question>
Hypothetical You are given a hypothetical question about an interactive Tableau dashboard that you need to navigate

to answer the question. You need to think step-by-step, but your final answer should be a single word,
number, or phrase. Do not generate units. But if numerical units such as million, m, billion, B, or K
are required, use the exact notation shown in the dashboard. Remember to navigate the dashboard, think
step-by-step, and put the final answer between these brackets <answer></answer>

Question: <question>
Multi-dashboard You are given a question about two interactive Tableau dashboards that are open in two tabs in the

browser. You need to navigate them to answer the question. You need to think step-by-step, but your
final answer should be a single word, number, or phrase. Do not generate units. But if numerical
units such as million, m, billion, B, or K are required, use the exact notation shown in the dashboard.
Remember to navigate the dashboard, think step-by-step, and put the final answer between these brackets

<answer></answer>Question: <question>
Conversational You are given a multi-turn conversation, and your job is to answer the final question based on the con-

versation history and the information in the provided interactive Tableau dashboard that you need to
navigate. You need to think step-by-step, but your final answer should be a single word, number, or
phrase. Do not generate units. But if numerical units such as million, m, billion, B, or K are required,
use the exact notation shown in the dashboard. Remember to navigate the dashboard, think step-by-step,
and put the final answer between these brackets <answer></answer>

Question: <question with conversation history>

4.4 Action and Observation Spaces

A clear set of definitions of the action and observation spaces is given as follows:
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L -~ Q: Among Black Beans (dry), Broccoli (fresh), Cabbage (fresh), and Potatoes
3 (fresh), which crop had the highest peak price from 2004 to 2023?
Task configuration G Virtual Environment ﬁ

Task Setup

/ﬁ/\vr‘v\d U]

pyautogui.moveTo(xy) Ally Tree
pyautogui.click() 11
@ "-‘ Click Dropdown — Select Option (Black Click Dropdown ~ Select Option
Actions Screenshot ! Beans, dry) - Peak Value (<32) (Broccoli, fresh) -~ Peak Value (=72)
o o} \ . 3 4
Dashboard URL Thoughts 4, |
i Pro nd pri d 20042
Input: QA PAIR + Prompt + Question o VLM Agent

D URL v

)
A <> Parse answer </>
5 e e
ov® had
Eval . Click Dropdown — Select Option Click Dropdown — Select Option
valuation (Cabbage, fresh) - Peak Value (=33) (Potatoes, fresh) - Peak Value (20)
Answer:
(a) Overall Workflow (b) Example of Agent’s Step-by-Step Interaction Workflow

Figure 4.1: An overview of the DashboardQA task execution pipeline within the OSWorld environ-
ment, where (a) illustrates the overall setup of the VLM agent, and (b) shows an example interaction
trajectory required to find an answer to a given question. The VLM, acting within an Ubuntu virtual
environment, takes visual (Screenshot) or structural (ally tree) input at each step and guides the nav-
igation actions by generating corresponding pyautogui commands at every step. The action space of
our agent consists of moving the mouse to a particular location, scrolling, and clicking.

4.4.1 Action Space

The action space, in accordance with OSWorld’s framework, encompasses of fundamental
mouse movements and keyboard interactions executed through either pyautogui, and virtual
machine control done by special meta actions. Termination of the task execution occurs in
three scenarios: (1) The model has found the answer, (2) The agent acknowledges task failure,

(3) The agent has reached the predefined step limit of 25.

Category Actions

Mouse and keyboard actions Move position, Click, Drag, Scroll

VM control actions Wait, Fail, Done

Table 4.2: GUI interaction and VM control actions
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4.4.2 Observation Space

For the evaluation each VLM undergoes 2 rounds of trials on the entire dashboardQA dataset,

with each batch having different observation types given for environment representation:

i) Screenshot: A raw pixel-level representation of the dashboard interface, showcasing
the most difficult comprehension challenge whereby models must handle all reasoning
and GUI grounding without supplementary materials. This requires extracting precise
mappings and understanding of dashboard layouts, and ultimately is the best means of

assessment for raw model capabilities.

ii) Screenshot + accessibility (ally) tree: An ally, represented in XML format, con-
taining meta information about Ul components seen in the webpage [83] is obtained
through the ATSPI framework [13]] and appended to the screenshot input. The given in-
formation entails the component type, title, location coordinates, and size dimensions.
This helps to evaluate how useful supplemental inputs to raw screenshots are bypassing

common limitations seen in navigating GUI interfaces [[13]].

0
*
.
.
*
.
0
*
.
0
LN

Traffic citations issued by the Madison Police Department by quarter since 2003

heading Filter Quarter of year Inclusive (771,157) (139, 17)
push-button Filter Quarter of year Inclusive (772, 174) (137, 20)
list-item Total violations (917, 157) (153, 20)

M N P - AN | st i violati
N VY list-item Speeding violations (917,177) (153, 20)

Percentage of total traffic citations from speeding by quarter

VV\/ L \/

X
.
.
0
B
.
.
.
.
.
.
.
0
.
0
x
.

Ally tree
Screenshot

Figure 4.2: Example dual observation space given in (ii). On the left a dashboard view screenshot is
given, and to the right is the ally tree representation of the dashboard UI elements.
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4.5 Summary

This section has outlined the framework for testing the VLMs on the tasks in DashboardQA
with the use of OSWorld and the tableau public website. The environment setup, prompt
setups for each question category, action space and two types of observation spaces used

have been given.
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Chapter 5

Evaluation

This section summarizes the results achieved for all the open, closed, and hybrid model setups
on the DashboardQA benchmark, and analyzes how the reasoning behavior contributes to
the model’s performances; after summarizing the models evaluated, outlining the evaluation
framework, and examining the results achieved, a qualitative and quantitative analysis of task

workflows by the models are given.

5.1 Baselines

Overall, 5 closed source models, 3 standalone open source models, and 2 hybrid approaches
were assessed on the dataset. The open source setups involved testing various independently
crafted models with various parameter values. Ul -TARS 2B, UI-TARS 1.5 -7B, and GUI-
OWL 7B were chosen as the standalone open source models, whereas the hybrid approaches
entailed Jedi-3b and 7b with GPT4o0. The closed source models include of Gemini-Pro-2.5,
GPT4o0 and it’s smaller size alternatives of O4-mini and GPT5-mini, as well as of OPENAI’s

CUA.
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5.2 Evaluation Metric

To calculate the accuracy of the responses we utilize the relaxed accuracy metric used in
ChartQA Pro [8] in order to encompass all the respective categories of questions. This is
shown in the piece-wise function in (1). Multiple different evaluation styles seen in various
VQA datasets are utilized to account for the different requirements required for different an-
swer types. Given the difficulty of the task at hand, an error margin of 5 percent is given
for a prediction p against ground truth t for each category. Notably, we utilize the Average
Normalized Levenshtein similarity (ANLS) metric [S7], specifically made for evaluating vi-
sual question answering where images have textual information. List-based answers were
evaluated by parsing the solution list, comparing with the ground truth, and finding the ra-
tio of correct entries to total entries. The overall accuracy is calculated as the accumulated

correctness sum divided by the total number of tasks.

EXACTMATCH (p,t), if MCQ or the answer involves years,

- 1, if numeric and ‘ pT_t‘ <0.05,
cp=9 o if numeric and | 22| >0.05, G-
ANLS(p,t), Otherwise
1 N
Clist([plapZa """ 7pn]7[t17t2>""7tn]):Nzc(thpi)' (52)
i=1
1 M
Accuracy = i Z C (5.3)
j=1
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Table 5.1: Accuracy (%) on DashboardQA across different Observation Types (main headers) and
Question Categories (sub-headers). Each Observation block includes five question types along with
an Overall score. Color shading indicates model category: closed models (grey), hybrid models (blue),
and fully open-source models (orange). The highest score within each category is shown in bold.

Model ‘ Screenshot ‘ Screenshot + Ally Accessibility Tree

‘Factoid MCQ Convers. Hypoth. Multidash. Overall ‘ Factoid MCQ Convers. Hypoth Multidash Overall

Closed-Source Models

GPT4-0 8.88  20.00 14.81 7.69 435 11.50 27.25  35.00 17.86 13.85 10.87 22.94
O4-mini 1.35 1.25 0.00 0.00 0.00 0.68 792 2250 0.00 2.82 2.17 9.14

GPT5-mini 1.35 2.50 0.00 0.00 0.00 1.03 13.11  27.50 7.41 16.55 0.00 15.28
Gemini-Pro-2.5 1033 15.00 2222 7.69 8.70 11.86 40.03  46.25  51.20 39.27 15.22 38.69
OpenAI CUA 2645 4250  29.63 7.22 0.00 22.69 | 2224 3875 16.93 3.08 0.00 18.50
Open-Source Models

Jedi-3B w/GPT40 | 32.70 40.00  44.85 23.41 6.67 29.73 N/A N/A N/A N/A N/A N/A

Jedi-7B w/GPT40 | 35.33 42,50  49.52 34.00 2.17 33.09 N/A N/A N/A N/A N/A N/A

UI-Tars-2B 0.75 0.00 0.00 0.00 0.00 0.19 N/A N/A N/A N/A N/A N/A

UI-Tars-1.5-7B 8.98 12.50 0.00 2.40 0.00 6.23 N/A N/A N/A N/A N/A N/A

GUI-OWL-7B 17.12 1.25 25.93 17.75 0.37 11.12 N/A N/A N/A N/A N/A N/A

5.3 Main Results

As shown in Table all models demonstrated poor overall performance, struggling in ev-
ery question category. While noticeable improvements are seen when models are aided with
ally trees or utilizing hybrid approaches, the overall accuracy percentages never break the
40 % threshold. Most of the variations in results between the SOTA, hybrid models, and
standalone open source models were as expected. Gemini pro 2.5 shows the best overall per-
formance (38.69%) when aided with an ally tree, while Jedi-7B with GPT40 shows the best
performance with sole screenshot (33.09%). GPT4’s smaller size counterparts showed very
poor performance, with 04-mini achieving 0.68% and GPT5-mini 1.03%. displaying results
comparable to standalone open-source models. Notably, OPENAI CUA shows a decline in
results when given an al ly tree, indicating that the reinforcement learning framework it was
built on did not comply with supplemental meta data approaches.

Comparatively, most open source models underperformed compared to the best per-

forming approaches, but exhibtied comparable performance to smaller GPT4 variants. Ul-
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Tars-2B showed the worst results overall (0.19%), with the upgraded variant showing sub-
stantial increase (6.23%). GUI-OWL-7B performed substantially better than its open source
peers in standalone approaches, displaying inference abilities to reason beyond just GUI
grounding and abilities to act as a sole agent.

Multiple Dashboard questions proved to be the most challenging category, obtaining
the lowest results in all cases except for Gemini Pro 2.5. Additionally, hypothetical questions
proved to be exceptionally difficult as well, but with notable increases when aided with ally
trees. Conversational questions went better than expected, attributable to the simplified eval-
uation approach involving just the final question to be answered. MCQs and factoids showed

to be the best performing category for the models with their direct reasoning requirements.

5.4 Qualitative Analysis

25 samples were taken from (1) Gemini pro 2.5, (2) GPT4o, and (3) Jedi-7B w/GPT-40 to
find strengths and weaknesses of the VLMs, and what common patterns were seen in the gold
correct and erroneous samples. Their runtime logs were examined thoroughly to look at the

reasoning steps and trajectories taken for the various categories of questions.

5.4.1 Strengths

Upon inspection, the SOTA models displayed competence in trajectory planning, extracting
and extrapolating information from the visualizations present in the dashboard, and utilizing
the navigation tools available. In particular, hybrid approaches like using Jedi 7B with GPT40
showed sound ability in not just navigating to relevant new views, but in attempting to extract
hidden details from visualizations shown through hovering over certain data points to reveal

exact values, and utilizing self-reflection to re-locate to the correct points when needed. This
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demonstrates that GUI-oriented models additions help enable dashboard GUI grounding.

5.4.2 Weaknesses

Jedi 7B With GPT40 Gemini Pro 2.5
Is the average number of beds for Houses higher than that of All types, Looking at the increase in imports rate from 2017 and assuming
Aparments, and Hotels/Hostels? that stays constant, which country would have the largest
number of imports in the next 10 years?

AirBnB in former

| EAST Raing:

BERLIN ™.

AirBnB in former ours M0 2018 = 20002018

o5 | EAST ws 55| 96 m E i,
27 33
22 BERLIN : P

Furee oy W
”

roraL ustines

8,254

Step 1: Value of “All type” (1 out of 4 collected)

roraL LsTINGS

476

Step 3: Value of “House” (2 out of 4 collected)

Step 2: Selects Imports from the menu

T This Cycle continue a number of l ¢

times upto step 25

AirBnB in former s AirBnB in former

| EAST %0 | EAST
BERLIN ™ BERLIN

FuTER BY FuTeR BY

& -

ToTAL LSTINGS

Ignores China having a steeper increase
7,619 ) curve than Bangladesh
Step 6: Value of “Apartment” (3 out of 4 collected)

Step 9: Value of “Hotel/Hostel” (collection complete)

Step 4: Value Extraction and Reasoning

(a) Plan Tracking Error (b) Incorrect Reasoning

Gemini Pro 2.5

'During the period 1990-2010, the availability of whole milk decreased by approximately what percentage, while the availability
of Shortening increased by what percentage?

U.S. per capita food availability for selected commodities U.S. per capita food availability for selected commodities USS. per capita food availability for selected commodities

=3 o oy
Food availability data: Dairy products, 19702017

Food avalability data: Dairy products, 1970-2017 Food availabilit data: Dairy products, 19702017

RESPONSE: | need to answer a question about the changes in

availability of whole milk and shortening between 1990 and 2010
using the provided Tableau dashboard.

Finally, | will compare my calculated percentages with the given
options to determine the correct answer.

Step 1: Planning

RESPONSE: | have successfully found the "Milk, whole" value for
1989, which is 97.9. However, the question asks for the value in 1990.
I need to move the mouse slightly to the right to get the 1990 data
point.

1 will now move the mouse to the right to get the tooltip for "Milk,
whole" in 1990.

Step 4: Finds value of Milk, Whole, but for 1989

RESPONSE: | have successfully found the "Milk, whole" value for
1990, which is 97.9. Now | need to find the value for 2010. | will move
the mouse to the right to the 2010 data point on the "Milk, whole"
line.

Step 5: Mistakes previous value as that of 1990

(c) Incorrect Information Retention

Figure 5.1: DashboardQA Error Analysis: Illustrative cases of VLM failures, including plan-tracking
errors, incorrect trend reasoning, and loss of intermediate values during interactive dashboard analysis.

Ultimately, the poor results obtained by the VLMs can be explained through common mis-

takes. The following types of errors in reasoning were found:
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Plan tracking errors: While the models showed good trajectory mappings in its initial plan-
ning, a notable fault was their inability to utilize the information retrieved in the first few
steps. At times, the models were observed to forget important intermediate values retrieved,
causing them to revert back to the same states. Often, this cycle would repeat in a loop until
the maximum number of steps was achieved. This is seen in figure X for example with Jedi
7B with GPT40, whereby all the 4 required states were visited by the 9th step, but the system
kept looping over them and with the 25 step limit being reached no answer was ultimately
given.

Incorrect interpretations/hallucinations: Hallucinations, representing mismatches between
the visuals given and text analysis generated by the models [[84]], were another common error
seen. An example of this is seen in subfigure (b) in|5.1|where the VLM is required to compare
trajectories of various countries cotton imports as depicted in a multi-line chart. The model
was unable to notice the steeper increase from 2017 by China and gives Bangladesh as the
answer. Notably, tiny perturbations to what would otherwise be standard questions were not
recognized at times. Figure 6 depicts another example on the left where the unanswerable
question given simply gives a out of bounds date as compared to what is given in the dash-
board, but the VLM doesn’t recognize the issue.

Inconsistencies in information retention: Occasionally the models in latter steps would in-
correctly recall intermediate values needed. Subfigure c in shows this where an incorrect
date value, which was in fact noted as faulty by the VLM, was taken into computation. This,
along with the aforementioned plan tracking errors, showed that on occasion the longer con-
text tasks involved in DashboardQA imposed too much of a mix of memory and reasoning
demands to handle.

Incorrect parsing: Despite being explicitly instructed to give their answers as structured
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tags, there were cases where the VLMs were unable to parse their own answer, leading to re-
peated task executions with either repeated answers or new ones eventually being calculated.
Although there were cases where the models had got the correct result and failed to parse the

answer (leading to either a new incorrect calculation or an exhaustion of the step limit).

-
GPT4o incorrect response (Multi-Dashboard)
Look at the energy usage per capita for the United Arab Emirates in 2021. How much larger is this than
the difference between the energy usage change for them between 1965 and the end of 2023?
Ground Truth : Unanswerable
= .. =]
L7
"C'hange from 1965 to 2023: +143.7K kWh/persoﬁ:’ S ’ Energy usage per capita for UAE in 2021: :
. - . . 40,918 kWh/person.
(Incorrect timeline detection)
e, -~ "Calculate the difference: ™"
N Difference: 143,700 - 40,918 = . h
S 102,782 P
Answer: 102,782
GPT4o incorrect response (Factoid)

Referring to the 'Employment Status' topic view, find the approxi age does the ivilian' ion count first
clearly exceed the 'Not in Labor Force' ion count. At this i ifi i age, what is the ion estimate for
individuals categorized as 'White Alone' in the 'Race’ topic view?

Ground Truth : 300K

[ ] | Bl _—|

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, -n
| select Status' from the dropdown menu. The next
| stepis to examine the data visualization for the 'Employment . i o
| status' topic to identify the age where the 'Employed-Civilian' The next step is to switch the topic to ‘Race’ to find the
| population first clearly exceeds the 'Not in Labor Force' i estimate for individuals as 'White
| Let's assume the crossover happened at age 25. | will Alone' at the identified age.
| look at the chart to find the population estimate for 'White Alone’
| at age 25.
Answer: 400,000

Figure 5.2: Example incorrect reasoning trajectories as done by GPT4o.

Overall, while there was impressive ability in tackling many sub-tasks required for
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the problem, there were issues in synthesizing all the information collected efficiently and
maintaining a correct reasoning trajectory. The primary difficulty with DashboardQA with

the final answer evaluation is that a single mistake can offset all other sound efforts.

5.4.3 Breakdowns and Solutions

Upon inspection of the logged reasoning steps for completing DashboardQA tasks, many
breakdowns were seen while navigating and reasoning with tableau dashboards, attributable
to their visual, functional, and interactive complexity and diversity. In this context, a break-
down is specifically defined as any situation where the model faced any impediments in com-
pleting any particular action in dashboard interface grounding and trajectory reasoning. To
tackle such challenges, a diverse set of workarounds taken by the VLMs were observed,
displaying VLM capabilities of handling adversity and utilizing self-reflection. This ranged
from repetitive re-calibrations to completely new routes taken to achieve objectives. Some of

the following breakdown and workaround were seen:

* Visualization usage failure: Often, locating items whose bounding box is not explic-
itly given through the ally tree would cause difficulties in pinning exact locations. Ex-
ample cases are seen in figures[5.3|and [fl when attempting to locate exact data points in
charts to hover over requiring precision clicking in dense visualizations. At times when
tooltips were not showing up to display exact data values, the VLM would attempt to
utilize downloadable data such as CSV files to find underlying data. An example case

of this is seen in steps 12 and 15 in[5.7]
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Visualization usage failure

he Hill in the USA?

Are You Over the Hill in the USA? o Are You

Step 1: I need to click the "30" age bar to see the relevant Step 3: The age 29 bar is currently selected in the
data. Click on the age 30 bar in the histogram histogram. | need to select the age 30 bar.
pyautogui.click(651, 477, duration=1) pyautogui.click(649, 522, duration=1)

Are You Over the Hill in the USA? Are You Over the Hill in the USA?

Step 5: The age Is set to 29, not 30. Step 6: The age is set to 29.
I need to set the age to 30 I need to change it to 30.
pyautogui.click(649, 540, duration=1) pyautogui.click(652, 561, duration=1)

Result: Fail

Environment breakdown

@]
The "Private" tab is currently loading. The map and datahave  The map now shows private college enrolment by county
not vet appeared. | need to wait for the "Private” tab to load with various color codes.

Figure 5.3: Examples visualization tool usage failure and environment breakdown. The former shows
mouse position recalibration for accurate cross filtering on a bar chart, and the latter waiting for the
case of dashboard loading latency.

» Navigation tool usage failure: These were mostly the case for multi-option drop-
down menus and range sliders. For the former, wrong options, or wrong dropdown
menus would be clicked on. Approaches to tackling these errors would primarily cen-
ter around re-calibrating the positions of the mouse through spatial reasoning or, if
possible to manually type the option for isolation and making it easier to click on. Of-

ten, the models would decide to leave the multi-option menu as a whole and focus on
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isolating the particular (topic) through using the legends and the “keep only” attribute
available. This is seen in steps 3,5, and 6 in[5.7} Additionally, when using range sliders
and not able to drag to the correct positions the VLM would resort to manual input or

using arrow icons.

Planning failure: In some cases the VLMs misjudged the required states to answer
the question, and would have to reroute. However, sometimes they would not be able
to utilize the information available and inefficiently traverse the dashboard. Figure [5]
shows this where both the tabs metadata text is not used and the VLM skips over the

correct state, while going back to incorrect states.

Environment bottleneck: Often, an OS or webpage related bottleneck would appear.
From the OS side, when the VLM would take too long they would be logged out.
The VLM would simply type the password and login. With respect to the web pages,
sometimes there would be dashboard loading latency or a 404 error. To tackle this, the

models would either simply wait or refresh the page.

In order to elucidate the strategies taken by the agents in various contexts, a taxonomy

of the high level goals, breakdowns, and workarounds/fixes are shown in table[5.2] An exam-

ple task workflow by Gemini Pro 2.5 demonstrating some of the workaround/fixes to various

breakdowns is presented in figure

5.5 VLM Reasoning Behavior Quantitative Analysis

The logged reasoning thoughts of the VLMs are quantitatively evaluated through three dimen-

sions: step count,step lengths, and workaround breakdown pairings. The first two categories

are done to assess their efficiency levels. Specifically, this helps to gauge how often models

would either converge effectively, or diverge off track or loop due to erroneous and redundant
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Table 5.2: Goals, Breakdowns, and Workarounds seen in VLM-based interactive dashboard environ-

ments

reasoning. The last category is to see what types of workaround strategies lean to and stray

away from.

Figures [5.7] and [7| quantifies the workaround strategies taken by Gemini Pro 2.5 (aided

High level goal

Description

Environment/interface
use

Data retrieval

Dashboard navigation

Able to successfully interact with tableau
public’s dashboard interface through Ubuntu

Finding a specific data value in dense visual-
izations.

Utilizing navigation tools to go to new dash-
board states.

Information  synthe- Compound operations on extracted or given

sis/Calculation values pertaining to the given question’s re-
quirements.

Breakdown Type Description

Navigation tool usage
failure

Visualization
failure

usage

Environment/Interface
bottleneck

Planning failure

Unable to click or configure widgets / navi-
gation tools correctly for navigation.

Unable to extract required information from
data visualizations through interaction.

Unable to use dashboard due to webpage or
OS bottlenecks.

Unable to gather relevant/required results
from planned path into dashboard state.

Workaround/Fix

Description

Re-calibrate position

Tool re-orientation

Change tool/widget
Modality shift

Environment / Inter-
face reorientation

Wait

Move mouse position (x,y) for precision
clicks.

Use the same navigation tool in a different
manner.

Move to different widget.

Move from data visualizations to underlying
data files to retrieve data. .

Refresh webpage/research URL, change to
previous webpage tab.

Wait for state to re-orientate itself.

53



by an A11Y tree) and GPT4o with Jedi 7B. In order to gather these results, 292 tasks for
were analyzed through the use of few-shot prompting with the openAl API utilizing gpt4o.
Specifically, the VLM’s reasoning logs were parsed and given as input, along with the in-
structions of finding all breakdown-workaround correspondences. The prompt used is given
in @ Overall, most issues faced stemmed from dashboard navigation and data retrieval is-
sues, associated with GUI grounding capabilities. The results show how hybrid approaches
are less prone to breakdowns in general and typically have a less varied workaround solution
space. However, when looking at the heatmaps and comparing that with the performance
results seen where Gemini with an ally tree outperforms GPT4o with Jedi 7B, Gemini Pro
2.5 1s shown to be a very robust model, persevering to ultimately obtain their answer with a

higher degree of accuracy.

Role:

You are an analyst summarizing logged task executions taken by Vision Language Models in response to an interactive dashboard question
answering task. Given a series of reasoning steps taken by the VLM, you must identify all the breakdowns and workarounds seen when
accomplishing specific goals.

Rules:

-You must output in JSON format only.

-The breakdown, workarounds, and goals must be taken from the following lists:

Breakdowns: f{breakdowns}

Workarounds: f{workarounds}

Goals: f{goals}

-The evidence strings must be taken directly as given in the reasoning steps.

Contents:
| am giving you the VLM generated reasoning steps here: {thoughts}.
Note: Don't mistake common task workflows as a breakdown, the first view not being in the right state and parsing issues are not breakdowns.
Breakdowns occur only when there are general impediments to completing and reasoning with the task at hand.
If there are none at all, just return an empty list for extractions.
Output only JSON using this design format, replacing variable placeholders as needed:]
{{ "File": "{task_num}_runtime.log",
"extractions": [ {{
"goal": "string for goal 1",
"breakdown": "issue_faced",
"evidence_breakdown": "log_quote",
"workarounds": [
{{"action": "workaround_x",
"workaround_num_attempts": "N (Must be an integer)",
"evidence_action_1": "string A from reasoning logs",
"workaround_num_attempts": "P (Must be an integer)",
"evidence_action_1": "string A from reasoning logs." }},
{{ "action": "workdaround_y",
"workaround_num_attempts": "Z (Must be an integer)",
"evidence_action_2": "string B from reasoning logs" }}
1, Hh

Figure 5.4: Prompt used to find VLM goals, breakdowns, and workarounds
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Can't update Chrome

Chvom

pate to

P A

Number of reported violent crimes’
Thicker lines '

people, according to data collected by the FBI's Uniform Crime Thinner lines poy

Census. which provides a fough sense of whether increases in he fotal number of vioient crimes MIGht be related 10 a GIOWING POPUaBoN.

sherir 10n region that serves more than 100,000

‘Sheritt Department

‘Select chart filters

Sherift department

4% View on Tableau Public . - ] o Share

Step 1: First, | see a "Can't update Chrome" pop-up that is
obscuring part of the view. | will close this pop-up first to
have a clear view of the dashboard.

Step 3: | have opened the "Sheriff department" filter
dropdown. Now | need to select only "Brazoria County".
To do this, | will first deselect "(All)" to clear the current

selections, and then | will select "Brazoria County".

Number of reported violent crimes

Select chart fiters

Sherift department

£ View on Tableau Public

<5 Share

Number of reported violent crimes

Thicker ines show the number of violent crimes reported by each sherifs department i e Houst
people, accorcing 1o Gata coliected by the FBI's Uniort Crme Reporting Program. Thinner lnes s ennia
Centus. which prOVAGES & 10ugh 567 of whether INrEases in e 0l PUTer of olent crmes MG De related 0.8 Growing POPLALN

Shertt Department
[ "

90 9192 93 94 95 96 97 98 99 00 01 02 03 04 05 06 07 08 09 10 11 12

43 View on Tableau Public “ - D 2 Share

Step 5: My previous action of deselecting "(All)" and
selecting "Brazoria County" seems to have resulted in an
empty chart. Instead of deselecting all and then selecting
one, which failed, | will deselect the other counties one by

one, leaving only "Brazoria County" checked.

Step 6: | made an error in my previous step by clicking on

a location that was part of the open "Sheriff department”

filter dropdown, instead of the "Type of crime" filter. My

immediate next step must be to close this dropdown so |
can access the "Type of crime" filter.

Number of reported violent crimes
ket tnes

View Data: UCR VC Detalled - Google Chrome
% publictableau.com
Summary
Summary

Agency Population Numbe reported | <

:

1991 Beasoria County ~ w

8 radsta Yoarof Year date

P 6

Step 12: | have moved the mouse over the peak of the line
chart, but the tooltip with the data did not appear. | have
tried hovering and clicking on the peak of the line chart to

Step 15: The most promising option is to use the
"Download" feature. I have successfully opened the data
view. which provides a table with the exact numbers for

Figure 5.5: Showing multiple different breakdowns and workarounds for a sample task execution by
Gemini Pro 2.5
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Figure 7 illustrates the distribution of steps and lengths of the highest achieving agents
thoughts for completing the problems given in DashboardQA. Quantitatively, Gemini Pro
2.5 required additional steps and in carrying out the tasks of dataset compared to our hybrid
model setup. In particular, the model appeared to reach the maximum step limit more often.
Notably, the hybrid approach showed a far more skewed distribution towards its reasoning
steps lengths, with a much larger range as well.

How Many Steps Were Taken to Answer Questions

How Many Steps Were Taken to Answer Questions

g

&

s

Number of Questions (Frequency)

R I I TR A R IR IR IR R I R A I
Number of Steps

(b) Distribution of steps taken by Jedi-7B w/ GPT-
(a) Distribution of steps taken by Gemini-Pro-2.5. 40.

R T B T R R I IR R Rt R i R
Number of Steps

Lengths of VLM Agent Thoughts Lengths of VLM Agent Thoughts

2500

2000 -

Frequency

1000 -

500 1000 1500 2000 0 1000 2000 3000 4000 5000 6000 7000 8000
Thoughts Length (No. of Characters) Thoughts Length (No. of Characters)

(c) Lengths of reasoning thoughts generated by Gem- (d) Lengths of reasoning thoughts generated by Jedi-
ini. 7B.

Figure 5.6: Comparison of reasoning behaviors between Gemini-Pro-2.5 and Jedi-7B w/ GPT-40 on
the DashboardQA benchmark. The plots illustrate (a, b) the distribution of the number of interaction
steps taken to answer questions and (c, d) the lengths of intermediate reasoning thoughts.
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Figure 5.7: Heatmap representing breakdown-workaround pairs found for Gemini Pro 2.5 task execu-
tions
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5.6 Ablation Study

To gauge the effect of task complexity on SOTA model performance, a benchmark abla-
tion study is conducted where questions are categorized into "Easy’ (1-2), "Medium’(3-5),
or "Hard’(6+) - based on the number of steps required to answer from. Specifically, top per-
forming model observation space combos from[5.1|are chosen - Gemini Pro 2.5 when given a
screenshot + al ly tree and Jedi-7B with GPT4o with just a screenshot. From table[5.6] there
is a clear performance decline among both models in more difficult tasks, and with Gemini
outperforming in easier and harder tasks, but the hybrid approach just surpassing in Medium
tasks. This shows that Gemini Pro 2.5 as a model is relatively competent in long horizon

planning tasks.

Table 5.3: Ablation results for Gemini Pro 2.5 with an ally tree and Jedi 7B W GPT40 on Dash-
boardQA across 3 task difficulty levels: EASY, MEDIUM, and HARD.

Task Difficulty Gemini Pro 2.5 Jedi-7B w/ GPT40

(Screenshot + Ally) (Screenshot)

Easy 50.64 40.40
Medium 32.17 32.31
Hard 28.86 18.74

5.7 Summary

This chapter has outlined the evaluation framework used and analyzed the results achieved by

various types of VLMs. Additionally, an analysis of the strengths and weaknesses of VLMs
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is given. Further analysis of the reasoning workflows, specifically the workaround strategies
taken when dealing with breakdowns, is given through a taxonomy and quantified by their
respective goals. Finally, a benchmark ablation study is conducted to elucidate the effect of

the question difficulty, as highlighted by step ranges, towards the performance levels.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This work aimed to gauge the capabilities of modern Vision Language Models to navigate and
reason among interactive dashboards through various categories of question answering tasks.
To do so, we introduced DashboardQA, a novel benchmark for assessment on carefully cu-
rated dashboards. Additionally, a custom framework was created for evaluation through OS-
World, and with the results retrieved an analysis of the performances of closed, open-sourced,
and hybrid models was given. Finally, following the creation of a customized taxonomy of
breakdowns and workarounds/fixes for respective goals, their mappings were quantified for
the highest performing models.

Our study showed that VLMs face significant challenges in exploration based question
answering with interactive dashboards, lacking the ability to combine accurate GUI ground-
ing with multi-state reasoning throughout their trajectories. Notably, while VLMs showed
promise with good initial planning and good understanding of task requirements, they strug-
gled with maintaining correct reasoning throughout their trajectories. Given that these multi-

hop question answering tasks require compound operations, their answers were susceptible
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to error propagation.

Most of the variations in results between the models achieved were as expected. Hybrid
models performed the best when given standalone screenshots, and Gemini Pro 2.5 with
ally trees was the best performing approach overall. When aided with ally trees or using
a higher parameter model variant, models generally had great improvements in their results.
With respect to dealing with breakdowns, it appears that standalone proprietary models like
Gemini pro 2.5 (aided with a ally tree) face more breakdowns than hybrid approaches like
Jedi with GPT4o0, but are quite robust with their workarounds and fixes as seen by a better
accuracy rate. This can also serves as indicators that open source GUI models need revamping
if approaches with ally trees can obtain better results.

Ultimately, this work serves as a foundation to understand how VLMs could be used in
real world applications to expedite and enhance the process of utilizing and comprehending
dashboard content. The empirical analysis built in this paper serve can help to build more

robust agentic VLM frameworks.

6.2 Limitations

Even though a great effort was made to develop a holistic benchmark, inherent limitations of
the dataset, as well as of the evaluation setup, must be noted.

Tableau oriented: Firstly, all of the dashboards curated were from tableau. This limits the
spatial, topic, and navigational diversity that would exist otherwise if visualizations from
alternative visualization platforms such as Power BI and Zoho analytics were included. In
addition, the website URLS on tableau public were utilized as they allowed for accessibility
tree access, allowing for smooth, no fault agentic navigation evaluation. This is not available
directly for desktop apps/offline use.

Expert annotation bias: For the purely human and human with VLM assistance questions
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made, only those proficient in the fields of data analytics and NLP were used in the dataset
generation process. While in a professional sense this assesses the dashboards well, this does
not take into consideration the context of industries with stakeholders of varying knowledge
levels on the topic at hand and dashboard usage proficiencies. Thus, the semantic, linguistic,
and complexity diversity of the QA pairs may be lacking.

Conversational and Multi-Dashboard question answering scope limitations: While our
conversational and multi-dashboard categories proved to be challenging for all the VLMs,
there were restrictions placed on them. The evaluation of the conversational category only fo-
cused on the final question’s answer. This was done due to the high inference costs that would
be involved in calculating all turns. Such a limited approach overlooks the true challenge of
conversational question answering to maintain accuracy throughout; marginal errors in ini-
tial questions can propagate through the conversation and have compounding effects. This
occurs as intermediate values obtained in earlier questions would be included in composite
calculations later. For similar reasons, the multi-dashboard setup only involved 2 dashboards
per question, when real-world setups could involve analyzing between a larger number of

dashboards.

6.3 Future Work

The rapid advancements of the Al landscape have given various research directions to expand
upon this work of assessing VLM capabilities with interactive visualizations. Primarily, this
pertains to developments to our existing benchmark and evaluation framework, the use of
specialized multi-agentic frameworks in evaluation, and looking at various other dashboard

related downstream tasks. Example future work applications include:

* There are more possible categories of questions that could be added. In particular,
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Retrieval Augmentation Generation (RAG) has shown increasing popularity in tack-
ling VLM hallucinations and addressing limitations to pretraining knowledge by uti-
lizing information retrieval techniques on external corpus of information to append to
prompts for more accurate, contextual answer generation [85]]. In our context, most of
the dashboards represented in DashboardQA contain source links to additional meta-

data about the topic at hand, representing another exploration domain.

Evaluation could be done in offline settings (i.e with the tableau desktop app). A mixed
offline and online testing setup would align more with the complexities data analysts

could face in the real world.

DashboardQA was evaluated through a single or double agent hybrid framework. This
does not allow for gauging the enhanced abilities of VLMs achieved through larger
scale collaboration with more specific task delegation, and through the use of layered

Chain of thought prompting [86]].

Recent research has looked into VLMs as judges approach to gauge their effectiveness
in analyzing responses in chart question answering , which can be utilized to bypass the
sheer cost, effort, and time required for human made qualitative analysis [87]. This can
be extended upon to DashboardQA to assess capabilities of models in evaluating long-
term reasoning in exploration. Specifically, ideas from workarounds and breakdowns

can be used to supplement automated trajectory analysis.

Many downstream tasks exist aside from general question answering. This includes of
retrieval, coding (i.e generating code for dashboard generation or dashboard analysis
scripts), or summarization tasks. It would be interesting to expand upon assessing,
evaluating, and improving the abilites of VLMs in more niche areas. In turn, this can

help in the integration with multi-agentic VLM frameworks for data analysis pipelines.
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* Previous HCI work with chart comprehension has focused on making data visualiza-
tions more accessible to those who are visually impaired [88]]. It would be useful to
expand upon this to the case of dashboard usage. For example, generated output from
VLMs can be turned into auditory output to help visually impaired users gain insights

about the contents.
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Appendices

A Prompts

Table 1: Examples of Prompt Categories in DashboardQA for single turn question single dashboard
questions

Category Example Prompt

Factoid I'am giving you multiple snapshots/views of an interactive dashboards, including of the respective default
views, options available for navigation through the dashboard’s navigation tools (i.e Dropdown menus,
radio buttons, scrollers, etc.), and more views from when particular options are selected. Since not every
possible snapshot / view of each dashboard is given, the selection options available and the example
views for each dashboard should together help you guess how the views for the rest of the options would
be structurally (i.e types and content of the charts or textual data available) for that particular dashboard.
Using all of these, please generate 5 diverse and challenging factoid reasoning questions that involve
arithmetic and logical reasoning. They must have multiple operators (i.e sum, ratio, etc.) in the question.
Additionally, make sure the answers required are succinct, where they are either a numerical value, True
or False, Yes or No, unanswerable or simply a label taken from the dashboard itself. Each question must
require 3 to 5 views (Cumulative) of the dashboards to answer. Just the questions are to be given now
from your end, in the next prompt the required views will be given for you to answer.

Hypothetical Iam giving you multiple snapshots/views of an interactive dashboards, including of the respective default
views, options available for navigation through the dashboard’s navigation tools (i.e Dropdown menus,
radio buttons, scrollers, etc.), and more views from when particular options are selected. Since not every
possible snapshot / view of each dashboard is given, the selection options available and the example
views for each dashboard should together help you guess how the views for the rest of the options
would be structurally (i.e types and content of the charts or textual data available) for that particular
dashboard. Using all of these, please generate 5 diverse and challenging hypothetical questions that
involve arithmetic and logical reasoning. This may involve looking into future trends, extrapolation
tasks, or looking at counterfactuals for example. They must have multiple operators (i.e sum, ratio,
etc.) in the question. Additionally, make sure the answers required are succinct, where they are either
a numerical value, True or False, Yes or No, unanswerable or simply a label taken from the dashboard
itself. Each question must require from 2 to 5 views of the dashboard to answer. Just the questions are to
be given now from your end, in the next prompt the required views will be given for you to answer.

MCQ I am giving you multiple snapshots/views of an interactive dashboard, including of the respective default
views, options available for navigation through the dashboard’s navigation tools (i.e Dropdown menus,
radio buttons, scrollers, etc.), and more views from when particular options are selected. Since not every
possible snapshot / view of each dashboard is given, the selection options available and the example
views for each dashboard should together help you guess how the views for the rest of the options would
be structurally (i.e types and content of the charts or textual data available) for that particular dashboard.
Using all of these, please generate 5 diverse and challenging MCQ reasoning questions that involve
arithmetic and logical reasoning. There may be 4-5 answer options available, but only one of them is
correct. They must have multiple operators (i.e sum, ratio, etc.) in the question. Additionally, make sure
the answers required are succinct, where they are either a numerical value, True or False, Yes or No,
unanswerable or simply a label taken from the dashboard itself. Each question must require 2 to 5 views
of the dashboard to answer. Just the questions are to be given now from your end, in the next prompt the
required views will be given for you to answer. Remember to not be biased towards just the views given,
and to reason as to how the others would look like as to help your questions.
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Table 2: Examples of Prompt Categories in DashboardQA involving multiple dashboards or multi-
turn question answering

Category Example Prompt

Multi-dashboard I am giving you multiple snapshots/views respectively for multiple interactive dash-
boards, including of their respective default views, options available for naviga-
tion through the dashboard’s navigation tools (i.e Dropdown menus, radio buttons,
scrollers, etc.), and more views from when particular options are selected. Since
not every possible snapshot / view of each dashboard is given, the selection options
available and the example views for each dashboard should together help you guess
how the views for the rest of the options would be structurally (i.e types and content
of the charts or textual data available) for that particular dashboard.

Using all of these, please generate 5 diverse and high level questions surrounding
all of the dashboards given that involve arithmetic and logical reasoning. This could
include having multiple operators (i.e sum, ratio, etc.) in the question. Additionally,
make sure the answers required are succinct, where they are either a numerical
value, True or False, Yes or No, unanswerable or simply a label taken from the
dashboard itself. Each question must require from 2 to 5 views of the dashboard
to answer, and a majority of the follow up questions should require utilizing one or
more of the previous questions to help. Just the questions are to be given now from
your end, in the next prompt the required views will be given for you to answer.
Here are some sample questions to give some inspiration, but make sure to create
the questions with lexical and semantic differences.

Conversational I am giving you multiple snapshots/views of an interactive dashboard, including the
default view, the options available for navigation through the dashboard’s naviga-
tion tools (i.e Dropdown menus, radio buttons, scrollers, etc.), and more views from
when particular options are selected. Since not every possible snapshot / view are
going to be given, the selection options available and the example views should to-
gether help you guess how the views for the rest of the options would be structurally
(i.e types and content of the charts or textual data available for that particular dash-
board).

Using all of these, please generate a conversation of 4-7 questions that analyzes
the contents of the dashboard and requires multiple operations (i.e sum, ratio etc.).
With a focus on arithmetic and logical reasoning, make sure that a majority of the
questions follow up on each other. Use ambiguous pronouns in the latter questions
when making references to previous questions. Additionally, make sure the answers
required are succinct, where they are either a numerical value, True or False, Yes or
No, or simply a label taken from the dashboard itself. The conversation must require
from 2 to 5 views of the conversation to answer, where each individual question can
either require just one to three views to answer respectively. Just the questions are
to be given now from your end, in the next prompt the required views will be given
for you to answer.

Here are some sample conversations to give some inspiration, but make sure to cre-
ate the conversations with different lexical and semantic differences. The respective
dashboard images are not given for these samples, they are just to get an idea (Not
purely representative) of the style of conversations.
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B Sample Dashboards

Institution - Center on International Cooperation New York University

UN Senior Leadership Appointments Dashboard

Individual

Institution - International Food Policy Research Institute (IFPRI)
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Figure 1: Example default views
tions,organizations,and individuals.

of Tableau dashboards collected from various institu-
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Figure 2: Sample dashboards chosen for all of the topics in DashboardQA

83



C Sample Questions and Answer Workflows

Which of the following universities in Ohio is a public university with the highest enrollment rate with ACT average above 25 and graduation rate above 80%?
A. University of Cincinnati-Main Campus, B. University of Ohio State - Main Campus , C. University of Dayton , D. Miami University-Oxford

1 2

Graduation Rate vs Average SAT Score Detaits T8 Graduation Rate vs Average ACT Score

Obertn @ Private notforprofit Oerin
®

Ohio State-Main Campus

Poll Grant % [

State
ono

Pall Grant + I

.t
John Casroll

Baldwin Wallaco

Bowiing Green Stat
Capita

tern Rese

Notre Dameyyy o

Wimington

Ohio Christian  Cleveland State. Ohio Chvistian Cleveland State

Exam SAT Exam [AcT
= 8001040020 800104020
Click ‘state’ dropdown menu - Select option Ohio Click ‘Exam’ dropdown menu - Select option ACT - Analyze

scatter plot for public university with attributes listed in
question -~ Ohio state - Main Campus

Answer: B. University of Ohio State - Main Campus

Figure 3: Example MCQ question and task workflow in DashboardQA
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Among UNIFIL (Lebanon), UNMIL (Liberia), and UNOMIG (Georgia), which mission had
the steepest single-year budget drop?

1 3

UN Peacekeeping Mission Approved
Budgets, 2006-2017 tlsson__

ping Mission Approved Budgets, 20

Mission / Year Category R

—

v
o~

Click dropdown - Select option (UNIFIL (Leb )) - Largest ive
category budget single year drop is in 2007-2008 ~ 50 + 40 + 10 + 10 = 110M

Approved Resources (Nominal USD)

N Peacekeeping Mission Approved Budgets, 20

Click dropdown - Select option (UNOMIG (Georgia)) ~ Largest cumulative
category budget single year drop is in 2008-2009 = 5+ 7.5 +
12.5+23=48M

~\
~—
<

Answer: UNMIL (Liberia)

Click dropdown — Select option (UNMIL (Liberia)) - Largest cumulative
category budget single year drop is in 2015-2016 ~ 160 + 90 + 30 + 30 =
310M

Figure 4: Example factoid question and task workflow in DashboardQA
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D Sample Errors, Breakdowns, and Workaround Strategies

Planning and perceptual failure

Step 1:The current view does not provide information about opioid prescription
rates. | will start by checking the navigation arrows to see if they lead to
relevant information.
pyautogui.click(x=200, y=200, duration=1)

Rate than Men

Step 2:The dashboard currently displays a bar chart comparing the number of

fentanyl-related deaths for men and women across different substances. There

is no visible information about the year 2017 or prescription rates.
pyautogui.click(1237, 276, duration=1)

Rate than Wen

: i ‘1" ) :‘HHH" w‘vH ‘\“‘ ‘” ‘w : = B \
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oyl _‘w,i il |

[
; il ‘h‘w‘““ i

| uw\‘”\”fu X

! ik \N“‘wt
L Ul

Step 3: The current view shows a scatter plot of overdose deaths by age and Step 4: The current view shows a line graph of opioid prescriptions per 100

date, with fentanyl and other drugs distinguished by color. The dashboard people from 2006 to 2018, categorized by County, National, and State.
information does not directly display the number of fentanyl-related deaths in The National and State rates for 2010 can be summed from the graph. Next
Hartford County in 2017. Step: Navigate further to find the total number of fentanyl-related deaths in

pyautogui.click(1237, 276, duration=1) 2017.
i.click(1237, 276, duration=1)
Rate than Hen
X 4
n —~ — — - .
Step 5: The current view shows a map with overdose death rates but does not Step 6: The graph shows opioid prescriptions per 100 people from 2006 to
provide specific information about the fentanyl-related deaths in 2017 or the 2018. The categories are County, National, and State. The dashboard does
opioid prescription rates in 2010. | need to continue navigating the dashboard.

not currently show the total number of fentanyl-related deaths in Hartford

Figure 5: Example planning failure breakdown seen. Jedi is unable to utilize visual tab titles to directly

go to required state, instead inefficiently sequentially moving along the tabs. Additionally, perceptual
failure is seen when the VLM is unable to realize they have traversed through the right state.
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I'm unable to complete the task as the screen is currently

Environment breakdowns

DemagraphicDispariis in Arrests, 2016

locked. I need to log in to access the dashboard.
pyautogui.typewrite('password!, interval=0.1)

Visualization usage failure

After logging in, | will navigate to the Tableau dashboard.

Top 10Re

Top 10 Repot Catgories Fraud Facs
— ——
— b
— fR—
—

—

s183M

5305

Mins Lo

Fravd Facs
3786
J——
s135M
sa00

Step 2: The map is currently showing data for a different state,

not Alabama. | need to select Alabama to view its specific data.

click(751, 465, )

Step 4: | need to correctly select Alabama to view its specific
fraud data
pyautogui.click(743, 496, duration=1)

Step 6: The map is currently focused on Kansas.
I need to select Alabama to view its specific fraud data.
i.click(759, 476, ion=1)

Top 10 RepreCaegories

Top 10 Report Categories.

Froud Fos
7289
-
s261M
337

Step 8: | need to correctly select Alabama on the map to view its
specific fraud data.
pvautogui.click(841. 496. duration=1)
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Step 10: | need to accurately select Alabama on the map to view its
specific fraud data.
pvautosgui.click(867. 518. duration=1)

Figure 6: Examples environment breakdown and visualization tool usage failure



E Additional breakdown workaround mapping quantification
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Figure 7: Heatmap representing breakdown-workaround pairs found for JEDI task executions
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F Code for breakdown and associated workaround identification
The script for breakdown/workaround identification and quantification is released at:

https://github.com/aaryamankartha/VLM-reasoning-open-coding/blob/main/
Agent_breakdown_quantification.ipynb
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