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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 pro cient 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



Figure 1.1: lllustrating 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 sub g-
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 (c)

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-re ection in their trajectory. The evolution of
data visualization question answering over time is depicted in 1.1.

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], Of ceBench [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-40 powered agent that can traverse the
web. GUI oriented open source models such as Ul - TARS [16] and JEDI [17] which are ne
tuned, supplemental models to help navigate GUIs. As agentic VLM systems are showing
increasing capabilities in complex tasks like navigating environments for question answering,

itis tting 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 5 categories of questions crafted through a custom
human-vim 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 work ows 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

work ows 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 re nement 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 work ows 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, ally 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 VLMs 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-re ection 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 ndings of performances by
the different VLMs in the different categories, including of a qualitative analysis and

guantitative analysis featuring insights into strengths and weaknesses of the models

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

gquantify 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 clari es 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

nally HCI literature are examined for data analysis work ows.

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 nd speci ¢ data point values through tool tips and
utilize space well with cross Itering and cross highlighting. Cross ltering in a view with
multiple visualizations allows a user to Iter 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 elds, notably in time-critical, data-heavy areas
such as healthcare and nance, 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 nance 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 ef cient alternatives for decision making than
static reports [25]. Beyond these elds, various governments, organizations, and institutions
have utilized dashboards for demographic analysis, social justice, and as educational tools
[26, 27].

DashboardQA presents dashboards that re ect 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 re ect their usage in various elds, most notably in the aforementioned elds of



healthcare, nance/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 GPT40 [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 elds, 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 ne-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 Ul-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
etal. [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-re ection. 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 quanti ed 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 ne 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. Speci cally, with the grow-

12



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. [50] 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 xed 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 aw is that questions with minimal agreement, speci cally 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 [51]. Strict exact match assessment is used particularly
for the cases of MCQs or true/false questions [8, 52, 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 [57] introduce the
Average Normalized Levenshtein Similarity, which uses the Normalized Levenshtein metric
comparing two strings [58] 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 s{riadpaing compared
to the predicted answer stringj 0 The function s shown in (2.2) calculates the Normalized
Levenshtein, and a threshold t set to be 0.5 to be strict in cases where over half of the string's

characters are incorrect [57].

N
ANLS = —a maxs(&j;0q) (2.1)
NiZp
8
%1 NL(a ij;0q); if NL(ajj;0q) <t;
S(aji%a) = (2.2)
-0 if NL(ajj;0q) t

DashboardQA was built in order to re ect 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 re ecting
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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 2.2
present, in chronological order, prominent datasets created for data visualization question
answering tasks and analyzes them to show respective re nements 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, 61-64], 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
guestions, 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 T5 (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 aws in SOTA MLLMs systems.
They create a stress test and nd 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 (GPT40, Claude Sonnet 3.7,
or Gemini 2.5 pro). Speci cally, VLMs were prompted such as to elicit question answer
pairs from the respective categories of questions, which then were either re ned/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 \Real/ Synthetic data Real/ Synthetic visualizations # of visualizations Static/ Dynamic Basic charts Infographics Dashboards

FigureQA[61] Synthetic Synthetic 100k Static X 7 7
DVQA[59] Synthetic Synthetic 300k Static X 7 7
LEAF-QA[62] Real Synthetic 240k Static X 7 7
LEAFQA++ [64] Real Synthetic 244k Static X 7 7
PlotQA [? ] Real Synthetic 224k Static X 7 7
ChartQA [7] Real Real 20882 Static X 7 7
ChartXiv[65] Real Real 2323 Static X 7 7
ChartQAPRO [8] Real Real 1341 Static X X X
Multi-chartQA [60] Real Real 2000 Static X 7 7
DashboardQA Real Real 112 Dynamic X 7 X

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 X 7 7 7 7 7
DVQA[59] 3,487,194 Template X 7 7 7 7 7
LEAF-QA[62] 2 million Template X 7 7 7 7 7
LEAFQA++[64] 2.6 million Template X 7 7 7 7 7
PlotQA[? ] 28.9 million Template X 7 7 7 7 7
ChartQA 32.7k Template/Human based X 7 7 7 7 7
ChartXiv[65] 5000 Human X 7 7 X X X
ChartQAPRO[8] 1948 Human/VLM based X X X X X X
Multi-chartQA[60] 1370 Human X X 7 7 X 7
DashboardQA 500 Human/VLM based X X X X X X

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 elds that they have
a great potential to autonomously solve complex tasks with little to no human intervention
[68]. Through task delegation, collaboration efforts, and re ective strategies, multi-agentic
systems are able to grasp exibility 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. [70] create
a multi-agentic framework called ChartCitor to supplement chart question answering with
ne 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-
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answering, utilizing proprietary models for reasoning and GUI-oriented models for naviga-
tion. This re ects 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 Of ceBench, 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 of ce 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 le management, among others. Overall,
369 are featured, and they look at both single and multi-app work ows 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 re ect 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. Speci cally, 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 re nement. 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 [73]. 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 rst action, a re ner 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 veri er 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 Work ows

Human-computer interaction (HCI) research has often focused on analyzing data science
work ow practices of professional and non-professional data workers in various domains,
helping create empirical foundations to re ne 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. [76] 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
de ned 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 work ows. To |l this gap, Tory et al. [20] through an
interview study examined how dashboard users make sense of their dashboards and handle
any dif culties, or "breakdowns”, encountered when completing any of their assigned tasks.
Breakdowns were classi ed into various high and low-level tasks and quanti ed 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 tting given the shift from humans to VLM agents in the automation revolution
of data analysis work ows [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

DashboardQAs construction framework encompasses three phases : (1) Interactive Dash-

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

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 - Dashbhoard 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- ltering, 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-de ned topics of interest were put into search terms
and then ltered 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 elds 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 speci cally 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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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 re nement: When unsatisfactory output given by the VLM requires re ne-

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

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

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

. | Human-made | VLM Assisted | VLM-Only
Question Category
| | GPT40 Claude Gemini| GPT4o 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
re ne. 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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guestions. GPT40 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
shapshot / 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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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 re nement. 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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