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Abstract

Dashboards are powerful visualization tools for
data-driven decision-making, integrating mul-
tiple interactive views that allow users to ex-
plore, filter, and navigate data. Unlike static
charts, dashboards support rich interactivity,
which is essential for uncovering insights in
real-world analytical workflows. However, ex-
isting question-answering benchmarks for data
visualizations largely overlook this interactivity,
focusing instead on static charts. This limita-
tion severely constrains their ability to evaluate
the capabilities of modern multimodal agents
designed for GUI-based reasoning. To address
this gap, we introduce DASHBOARDQA, the
first benchmark explicitly designed to assess
how vision-language GUI agents comprehend
and interact with real-world dashboards. The
benchmark includes 292 tasks on 112 interac-
tive dashboards, encompassing 405 question
answer pairs overall. These questions span five
categories: multiple-choice, factoid, hypothet-
ical, multi-dashboard, and conversational. By
assessing a variety of leading closed- and open-
source GUI agents, our analysis reveals their
key limitations, particularly in grounding dash-
board elements, planning interaction trajecto-
ries, and performing reasoning. Our findings
indicate that interactive dashboard reasoning is
a challenging task overall for all the VLMs
evaluated. Even the top-performing agents
struggle; for instance, the best agent based on
Gemini-Pro-2.5 achieves only 38.69% accu-
racy, while the OpenAI CUA agent reaches just
22.69%, demonstrating the benchmark’s signif-
icant difficulty. We release DASHBOARDQA
at https://github.com/vis-nlp/DashboardQA.

1 Introduction

Using visualizations to explore data and answer
questions is fundamental to many decision-making
tasks (Kim et al., 2020; Hoque et al., 2022). While

* Equal contribution.

static charts can present snapshots of specific in-
sights, they fall short in capturing the dynamic, iter-
ative nature of real-world data exploration. In prac-
tice, analysts continuously refine queries, switch
views, and filter subsets of data as their investiga-
tive goals evolve (Hoque et al., 2018). Interactive
dashboards support these workflows by allowing
users to adjust visual and query parameters via
UI controls (e.g., filters, sliders, dropdowns, tabs),
while linking coordinated views so that interactions
in one view propagate to others—facilitating navi-
gation through complex datasets and extraction of
deeper insights. Effective question answering over
dashboards also broadens access to data-driven in-
sights(Chowdhury et al., 2020), supporting appli-
cations such as accessibility for users with visual
impairments (Alam et al., 2023).

However, automatic question answering over
such dashboards presents unique challenges. An-
swering even a single question may require a se-
quence of GUI operations such as setting filters,
switching tabs, zooming into a chart, then comput-
ing a ratio or identifying an outlier across views,
while maintaining and interpreting intermediate
states (see an example in Figure 1). This multi-step
process is cognitively demanding for humans, in-
curring high mental load as they make efforts to
manage linked visualizations and interactive con-
straints (Convertino et al., 2003). These challenges
raise a fundamental research question: Can we
build AI agents that answer questions by interact-
ing with dashboards as humans do—through a se-
quence of informed, goal-directed GUI operations
over dynamic visual states?

While interest in benchmarking reasoning over
data visualizations has grown over the past few
years, existing work has consistently overlooked
the critical element of interactivity. Early bench-
marks focused on synthetic static charts (Fig-
ureQA (Kahou et al., 2017), PlotQA (Methani
et al., 2020)), and while later work introduced real-
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Figure 1: An overview of the DASHBOARDQA task execution pipeline within the OSWorld environment, where (a)
illustrates the overall setup of the VLM agent, and (b) shows an interaction trajectory to answer a question. The
VLM, acting within an Ubuntu virtual environment, takes visual (Screenshot) or structural (A11y tree) input and
generates pyautogui commands (e.g., mouse clicks, movements, scrolling) to guide navigation at every step.

world data and more complex reasoning (ChartQA
(Masry et al., 2022), ChartQAPro (Masry et al.,
2025a)), the visualizations remained static. In
parallel, vision-language models (VLMs) (Ope-
nAI et al., 2024; Comanici et al., 2025), partic-
ularly those adapted to chart-centric tasks through
fine-tuning or fine-tuning followed by reinforce-
ment learning (Masry et al., 2023, 2024a,b, 2025b),
have significantly advanced static chart understand-
ing (Islam et al., 2024); however, their application
to interactive data analysis remains underexplored.

Concurrently, a wave of general-purpose GUI
benchmarks like OSWorld (Xie et al., 2024a),
AndroidWorld (Rawles et al., 2025), and Of-
ficeBench (Wang et al., 2024a) has emerged, re-
vealing that even state-of-the-art agents struggle
with fundamental skills like grounding UI elements
and planning long interaction sequences.

This has spurred the development of a new class
of agentic approaches, from closed-source systems
like OpenAI’s Computer-Use Agent (ope) to open-
source agents like UI-TARS (Qin et al., 2025) and
hybrid strategies pairing powerful planners (e.g.,
Gemini Pro 2.5 (Comanici et al., 2025) or GPT-
4o (OpenAI et al., 2024)) with specialized visual
grounding modules like JEDI (Xie et al., 2025) or
GTA1 (Yang et al., 2025). Yet, existing GUI bench-
marks to evaluate these agents remain focused on
utility-oriented tasks (e.g., clearing cookies, editing

files), offering limited insights into agents’ ability
to perform analytical reasoning over visual data.

To bridge this gap, we introduce DASH-
BOARDQA, the first benchmark for agentic ques-
tion answering over interactive dashboards. It com-
prises 112 diverse dashboards from Tableau Public
and 292 expert-authored tasks including factoid,
multiple-choice, hypothetical, conversational, and
unanswerable questions to reflect realistic, complex
analytical workflows. All together, 405 QA pairs
are created, where all question categories are sin-
gle turn expect for conversational, in which each
task can comprise of 3-7 QA pairs. Answering
these questions often requires multi-step interac-
tion sequences such as filtering, switching views,
interpreting updated charts, and analyzing vari-
ous data visualization types present. We evalu-
ate a range of open- and closed-source agents on
this benchmark and find that even top-performing
models struggle significantly; for example, the
best-performing agent based on Gemini-Pro-2.5
achieves only 38.69% accuracy, underscoring the
benchmark’s difficulty and novelty.

In summary, our contributions are: (i) A compre-
hensive benchmark that requires complex, multi-
step GUI interactions and more advanced visual
reasoning with coordinated multi-view dashboards
to answer questions. (ii) Extensive evaluation of
open- and closed-source agents, revealing signifi-
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cant performance drops on interactive dashboard
QA tasks compared to static charts and utility-
based benchmarks; (iii) In-depth analysis and
ablations that reveal key limitations in grounding,
planning, and visual reasoning, providing concrete
directions for improving future multimodal agents.

2 Related Work
Data Visualization QA Benchmarks. Bench-
marks designed to evaluate visual-language mod-
els (VLMs) through question answering on data
visualizations have significantly evolved in com-
plexity over recent years. Early datasets, such
as FigureQA (Kahou et al., 2018), DVQA (Kafle
et al., 2018), and PlotQA (Methani et al., 2020),
primarily relied on synthetic data and simple charts.
Later, benchmarks including ChartQA (Masry
et al., 2022) InfoVQA (Mathew et al., 2021),
Open-ended ChartQA (Kantharaj et al., 2022) and
Text2Vis (Rahman et al., 2025) introduced real-
world visualizations paired with human-authored
questions, but still focused on static charts. How-
ever, rapid advancements in vision-language model-
ing quickly saturated performance on these datasets.
To provide a greater challenge, recent bench-
marks like CharXiv (Wang et al., 2024b) and
ChartQAPro (Masry et al., 2025a) were developed,
emphasizing more complex and diverse question
types as well as richer visual content, including
infographics and static dashboards.

Despite these advancements, existing bench-
marks are fundamentally limited by their reliance
on static images. Even recent work like Multi-
ChartQA (Zhu et al., 2025), which incorporates
multiple charts, still operates in a non-interactive
setting. This stands in contrast to real-world analy-
sis, which is often performed on interactive settings
featuring coordinated views, filters, and other dy-
namic controls. DASHBOARDQA aims to bridge
this critical gap by evaluating question answering
on interactive dashboards, encompassing diverse
question types and dynamic user interactions.

GUI Agents and Associated Benchmarks. Re-
cent benchmarks such as OSWorld (Xie et al.,
2024b), AndroidWorld (Rawles et al., 2025), We-
bArena (Zhou et al., 2024), and OfficeBench (Wang
et al., 2024a) evaluate agent capabilities in ground-
ing (locating and manipulating UI elements) and
planning (sequencing actions) across desktop, mo-
bile, web, and office environments. Specialized
grounding benchmarks such as ScreenSpot and

ScreenSpot Pro further isolate the grounding chal-
lenge (Cheng et al., 2024; Li et al., 2025).

Existing GUI agent approaches typically either
use separate specialized models for grounding and
planning or unified models for both tasks. Closed-
source models are generally strong in planning but
may struggle with grounding, leading to the devel-
opment of open-source models explicitly trained
for grounding, such as JEDI, AgentS2, and GTA1
(Xie et al., 2025; Agashe et al., 2025; Yang et al.,
2025). Conversely, unified models include fully
open-source solutions like UI-TARS (Qin et al.,
2025) and proprietary models such as CUA, Gem-
ini, GPT-4o, and Claude (ope; Georgiev et al., 2024;
OpenAI et al., 2024; Anthropic, 2024)

Existing benchmarks do not evaluate the end-to-
end analytical reasoning required for interactive
dashboards—skills like grounding linked views,
maintaining state across interactions, and per-
forming visual mathematical calculations. DASH-
BOARDQA is designed specifically to test GUI
agents and VLMs on these critical capabilities.

3 THE DASHBOARDQA BENCHMARK

As illustrated in Figure 1, an agent is given a
dashboard interface and a natural language ques-
tion about it. To arrive at the correct answer, the
agent must reason and plan a sequence of actions–
navigate the interface by making selections and
applying filters, extract relevant information from
the views, synthesizing information across views
and perform any necessary calculations.

3.1 Dataset Construction

The dataset construction process comprises three
key stages (Figure 2): (i) Interactive Dashboard
curation, (ii) Question-Answer pair collection, and
(iii) Question-Answer Review.

Phase 1 – Dashboard Curation: We selected
Tableau Public (Tableau Software, 2025) as our
primary source due to its large and diverse reposi-
tory and support for rich interactivity features such
as coordinated views, cross-filtering, and cross-
highlighting—critical for evaluating agents on dy-
namic visual updates. We curated dashboards with
multiple linked views and meaningful text–chart in-
tegration to mirror real-world analytical workflows.
Using keyword and topic searches (e.g., “interac-
tive dashboards,” “analytics dashboards,” “health,”
“renewable energy”), we manually screened dash-
boards for relevance and popularity. We excluded
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Figure 2: DASHBOARDQA benchmark construction process. We collect interactive dashboards from the Tableau
Public website. Annotators collaborate with VLMs to generate question–answer pairs by providing dashboard
screenshots. Each QA pair is then reviewed by a second annotator to verify and resolve the final answer.

static or single-view dashboards and infographics,
retaining only those with rich interactivity (e.g.,
dropdowns, filters, tabs), pertinent modern-day top-
ics, varied chart types, and visually distinct layouts.
In the end, we selected 112 high-quality dashboards
for our benchmark. Example dashboard catego-
rized by topics are displayed in 11, and by source
in 10.
Phase 2 - QA pair creation: DASHBOARDQA
includes five question categories: (i) Factoid,
(ii) MCQ, (iii) Hypothetical, (iv) Conversational,
and (v) Multi-Dashboard (see example QA pair
walkthroughs for each category are given in 5–9).
A team of eight annotators—comprising university
students and professors experienced in data visual-
ization tasks—collaboratively created the QA pairs,
with two annotators assigned per category to ensure
semantic diversity. To enhance coverage and re-
duce bias, we employed a three-step human–VLM
collaboration process:
• Curating Seed QA Pairs: Annotators crafted
a diverse set of seed QA pairs covering different
question types that required complex reasoning,
interactive operations (filters, tabs), and realistic
analytical workflows.
• VLM-Assisted Expansion: To enrich the
dataset and reduce potential bias, we used mul-
tiple VLMs (GPT-4o, Gemini, Claude) to expand
the initial seed QA pairs. Each model received a
seed pair and was instructed to generate five new
QA pairs across multiple dashboard views. This
interactive prompting strategy encouraged greater
diversity and novelty in the generated questions.
Prompts used are shown in 13 and 12.
• Human Refinement: Finally, annotators re-
viewed the generated questions to remove incor-
rect or overly simple ones(e.g., direct data retrieval
from charts) and revised those that were unclear,
hallucinatory or ambiguous.

During the QA creation process, we prioritized
interactivity to distinguish our benchmark from
traditional chart QA tasks (Masry et al., 2022).

Conventional chart QA datasets typically use static
charts, allowing answers to be derived from a sin-
gle visualization without interaction. In contrast,
DASHBOARDQA focuses on dynamic dashboards
that require multi-step reasoning through naviga-
tion across linked views and the application of in-
teractive controls (e.g., filters, tabs). This design
evaluates not only answer correctness but also nav-
igational efficiency, reflecting realistic analytical
workflows and imposing higher cognitive demands.

Below we present a brief description of each
question type, with corresponding visual examples
shown from 5 to 9:
Factoid: These questions focus on information
retrieval, pattern recognition, and comparative rea-
soning, requiring the model to extract key facts,
identify patterns, and make informed inferences
from contextual cues.
MCQ: MCQs test a VLMs ability to evaluate var-
ious candidate options for a question. We specif-
ically focus on scenarios where the VLM Agent
is presented with four or five answer options and
must synthesize information from multiple views
within a dashboard in order to select the correct
response. Often, options feature values very close
to each other, so it would test the ability to extract
data values from visualizations as accurately as
possible when used in intermediate calculations for
the answer.
Multi-Dashboard: These questions require VLM
agents to reason across two or more dashboards,
introducing significantly greater cognitive complex-
ity. Beyond understanding a single dashboard, the
agent must interpret, compare, and synthesize infor-
mation across diverse visual and textual contexts.
This tests cross-dashboard navigation, multi-view
integration, and higher-order reasoning—making
such questions inherently more demanding than
single-dashboard tasks.
Conversational: These questions consist of mul-
tiple interrelated QA pairs based on one or more
dashboard views. Each question builds logically on
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Figure 3: 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).

the previous ones, forming a coherent dialogue that
tests the model’s ability to track context and reason
over a sequence. This setup evaluates the model’s
grasp of contextual dependencies, including coref-
erence resolution, multi-step reasoning, and both
logical and arithmetic inference.
Phase 3 - Question-Answer Review: To ensure
quality and accuracy, each annotator reviewed ques-
tions from a different category than they originally
worked on, then cross-checked their assessments
with the original author. Discrepancies were re-
solved through discussion, and unresolved cases
were discarded. This cross-category review en-
sured factual correctness and helped eliminate am-
biguity or unnecessary complexity. We also ex-
amined the interaction states associated with each
QA pair to confirm that the optimal navigation tra-
jectory (i.e., number of steps) was used. For es-
timation questions, we accepted responses within
a 0.5% margin of the reference value. The inter-
annotator agreement rate was 74.93%, with 25.07%
requiring further revision.

3.2 Dataset Analysis
We analyze DASHBOARDQA along two dimen-
sions: dataset composition, covering the diversity
of visualizations, topics, and question types, and
interaction diversity, representing UI controls and
the multi-step complexity of tasks.

3.2.1 Dataset Composition
The dataset dashboards were carefully curated to
maximize high visual diversity, including 13 vi-
sualization types (Table 8). Fundamental chart

Navigation Tool Prevalence Count Avg. per
dashboard

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

Table 1: Prevalence, count, and average number of re-
spective navigation tools across the dashboards curated.

Question Category Difficulty Level

Easy Medium Hard Total

MCQ 38 32 10 80
Factoid 31 34 9 74
Hypothetical 31 26 8 65
Multi-Dashboard 5 24 17 46
Conversational 7 14 6 27

Total 112 130 50 292

Table 2: Distribution of difficulty levels across different
question categories in DASHBOARDQA

types dominate: 48.51% of dashboards include at
least one line chart and 42.57% include at least
one bar chart. Other common charts in data sci-
ence and analytics, such as maps, pie charts, scatter
plots, and area charts, also appear with moderate
frequency. The dataset also exhibits strong domain
diversity, covering a wide range of real-world top-
ics and maintaining an almost equal distribution
of dashboards created by organizations (Figure 3).
Finally, we also prioritized QA diversity, includ-
ing five question categories: factoid, hypothetical,
MCQ, multi-dashboard, and conversational. These
categories are designed to test distinct reasoning
skills, from direct retrieval to multi-step numerical
and logical inference.

3.2.2 Interaction Diversity
We emphasize dynamic navigation, requiring
agents to perform multi-step interactions rather
than just single-view information extraction. To
facilitate this, DASHBOARDQA dashboards incor-
porate four primary UI controls: dropdown menus
(92.31%), tabs (23.08%), radio buttons (7.69%),
and range sliders (7.69%). Dropdown menus are
the most prevalent, appearing in nearly all dash-
boards with an average of 2.38 each (Table 1).

Table 2 summarizes question diversity by task
difficulty. We define task difficulty by the number
of interactions. or “actions”, an agent must perform
to get the correct answer. We approximate this by
counting the steps (e.g., mouse clicks, scrolls) a hu-
man would take to answer each question. We cate-
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gorize difficulty into three levels: EASY, MEDIUM,
and HARD, corresponding to 1–2, 3–5, and 6+ re-
quired steps, respectively. While MCQ, Factoid,
and Hypothetical questions primarily fall into the
Easy and Medium levels, Multi-Dashboard and
Conversational questions are more skewed toward
the Medium and Hard levels. This is because
Multi-Dashboard questions often require navigat-
ing across multiple visualizations, while Conver-
sational questions involve referencing previous an-
swers, leading to additional interactions. A more
granular distribution is shown in Table 7. Overall,
DASHBOARDQA contains 112 Easy, 130 Medium,
and 50 Hard questions, reflecting its focus on multi-
step reasoning and cross-view planning.

4 Methodology

4.1 Task Definition
DASHBOARDQA frames the QA task as an interac-
tive question-answering problem. Formally, given
a dataset D = (di, qi, ai)

N
i=1, each example com-

prises an interactive dashboard di, an associated
question qi, and a ground truth verifiable answer
ai. The autonomous agent must navigate and in-
teract with the dashboard di to accurately generate
the correct answer ai. Solving such tasks requires
planning, state tracking, and logical reasoning in
dynamic environments.

4.2 Overall Framework
We evaluate agents using an extended version of the
OSWorld environment (Xie et al., 2024a), which
facilitates interactive navigation within virtual ma-
chines. As illustrated in Figure 1, each evaluation
begins by launching an Ubuntu OS virtual machine,
opening the dashboard URL in a Chrome browser
configured in full-screen mode at 1920×1080 res-
olution. An initial observation (state) of the en-
vironment is captured from the virtual environ-
ment and provided to the VLM agent, accompa-
nied by a task instruction that includes an input
prompt and the associated question from DASH-
BOARDQA. The VLM agent processes this infor-
mation and responds with intermediate reasoning
steps ("thoughts") and predicted actions, which are
executed in the environment. This cycle repeats
with updated observations until task completion.
Below, we formally define the observation and ac-
tion spaces.

Observation Space. We employ two types of ob-
servations to represent the environment state to the

VLM agent: (i) Screenshot: a raw pixel-level cap-
ture of the dashboard interface, mimicking human
perception, and (ii) Screenshot + Accessibility
Tree (A11y): which augments the visual input with
structured UI element information. This hybrid in-
put is particularly beneficial for addressing ground-
ing limitations commonly observed in VLMs when
relying solely on raw visual data (Xie et al., 2024a).
We extract the A11y tree using ATSPI1.

Action Space. Following the OSWorld frame-
work (Xie et al., 2024a), we define the action space
to encompass a wide range of GUI operations, in-
cluding mouse movements (e.g., clicking, dragging,
scrolling) and keyboard inputs (e.g., typing text,
pressing specific keys). Additionally, we incorpo-
rate three special meta-actions: WAIT, FAIL, and
DONE. These allow the agent to (i) pause and wait
for the environment to update, (ii) terminate the
episode when the task is deemed unsolvable, or
(iii) signal task completion, respectively.

All responses from the agent are logged during
this process. The process terminates when one
of the following conditions is met: (i): the agent
successfully completes the task and outputs the
DONE meta-action, (ii) the agent admits failure
and outputs the FAIL meta-action, or (iii) the agent
reaches the max number of allowed steps, which
is set to 25 steps. Finally, we extract the final
answers from the VLM agent’s logs (responses).
The complete prompts used for model evaluation
is presented in Appendix A.5 and Table 14.

5 Evaluation

5.1 Experimental Setup

We conduct experiments under two observations
types: dashboard screenshots (primary setting)
and screenshots with accessibility (a11y) trees us-
ing ATSPI2. Evaluations are conducted on Google
Cloud, deploying open-source models on either
L4 or A100 GPU machines based on model size,
utilizing the vLLM framework (Kwon et al., 2023).

5.2 Baselines

We evaluate a comprehensive list of 12 agents cat-
egorized into three groups: closed-source, open-
source, and hybrid. Closed-source models include
GPT4o (OpenAI et al., 2024), GPT5-mini (OpenAI,
2025), O4-mini (OpenAI et al., 2024), Gemini Pro

1https://docs.gtk.org/atspi2/
2https://docs.gtk.org/atspi2/
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Model Screenshot Screenshot + A11y Accessibility Tree

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

Closed-Source Models
GPT4-o 8.88 20.00 14.81 7.69 4.35 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 7.92 22.50 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 10.33 15.00 22.22 7.69 8.70 11.86 40.03 46.25 51.20 39.27 15.22 38.69
OpenAI CUA 26.45 42.50 29.63 7.22 0.00 22.69 22.24 38.75 16.93 3.08 0.00 18.50

Open-Source Models
Jedi-3B w/GPT4o 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/GPT4o 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

Table 3: 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-source models , hybrid models , and fully open-source models . The
highest score within each category is shown in bold.

2.5 (Comanici et al., 2025), and OpenAI’s Com-
puter Use Agent (CUA) (ope). Hybrid models
combine open-source grounding models with pro-
prietary planning models and include Jedi-3B and
7B w/GPT4o (Xie et al., 2025). Open-source mod-
els include UI-TARS 2B and 7B (Qin et al., 2025),
and GUI-OWL-7B (Ye et al., 2025).

5.3 Evaluation Metric

We evaluate performance using the enhanced re-
laxed accuracy metric (Masry et al., 2025a), which
applies a 5% tolerance for numerical answers, ex-
act matching for years, and ANLS (Biten et al.,
2019) for textual responses.

5.4 Main Results

Table 3 presents accuracy across two observation
settings: Screenshots and Screenshots with Acces-
sibility Tree (A11y), and five question categories:
Factoid, MCQ, Conversational, Hypothetical, and
Multi-Dashboard. With A11Y, Gemini Pro 2.5
achieves the strongest overall accuracy (38.69%),
outperforming other closed-source agents (GPT-
4o: 22.94%, OpenAI CUA: 18.50%). Under the
SCREENSHOTS-ONLY setting, all closed-source
agents remain below 23%, indicating grounding
and navigation challenges when relying solely on
visual input. In this setting, the best overall result
comes from the hybrid setup Jedi-7B with GPT-
4o (33.09%), well above OpenAI CUA (22.69%).
These gaps highlight both the value of structured
UI representations (A11y) and the advantage of spe-
cialized hybrid pipelines for UI grounding. Among
the question categories, Multi-Dashboard remains
the hardest category: even with A11y, the best ac-
curacy is 15.22% (Gemini Pro 2.5), reflecting per-
sistent difficulties with cross-view reasoning and

Task Difficulty Gemini Pro 2.5 Jedi-7B w/ GPT4o
(Screenshot + A11y) (Screenshot)

Easy 50.64 40.40
Medium 32.17 32.31
Hard 28.86 18.74

Overall 38.69 33.09

Table 4: Ablation results on DASHBOARDQA across
task difficulty levels: EASY, MEDIUM, and HARD.

long-horizon planning. Overall, DASHBOARDQA
exposes significant weaknesses in grounding, plan-
ning, and multi-view visual reasoning.

We further conducted a quantitative compari-
son of the reasoning behaviors exhibited by the
strongest model under each setup: Gemini-Pro-2.5
(Screenshot + A11y setup) and Jedi-7B w/ GPT-
4o (Screenshot setup). Specifically, we analyzed
four key metrics: response lengths, step distribu-
tions, frequency of reaching the maximum step limit,
and action type frequencies. Figure 15 illustrates
the distributions of steps and reasoning thought
lengths for both models. To avoid skewing the re-
sults, we excluded 11 extreme outliers in Gemini’s
thought lengths (exceeding 10K characters). For
Jedi-7B, the reasoning traces are relatively short,
with all actions restricted to simple click opera-
tions. Nevertheless, the model frequently fails to
complete tasks within the allowed trajectory length,
reaching the maximum 25-step limit in 56 cases. In
contrast, Gemini exhibits more diverse interaction
patterns, with actions distributed across three cate-
gories: click (2,920 instances), moveTo (3,796
instances), and hotkey (876 instances). Despite
this richer action space, Gemini Pro 2.5 hits the
25-step ceiling in 77 cases.
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(a) Plan Tracking Error (b) Visual Reasoning Error
Figure 4: Reasoning errors: (a) Plan tracking: the VLM follows the correct states but fails to use them, looping until
step limit. (b) Visual reasoning: the VLM misinterprets visual information in a multi-line chart.

5.5 Ablation Studies

Table 10 presents the ablation results on DASH-
BOARDQA across three task difficulty levels de-
fined in Table 2: EASY, MEDIUM, and HARD. We
analyze Gemini Pro 2.5 and Jedi-7B w/ GPT4o, the
two strongest models from our main results under
the Screenshot + A11y and Screenshot setups, re-
spectively. Both models achieve higher accuracy
on easier tasks, with performance gradually declin-
ing as task complexity increases. Gemini Pro 2.5
surpasses Jedi-7B on the Easy and Hard categories,
while both perform comparably on Medium tasks.
Overall, these results highlight the need for future
models to strengthen multi-step reasoning, long-
horizon planning, and context retention to handle
complex dashboard interactions more effectively.

5.6 Qualitative Analysis

We examined 20 randomly sampled cases from
the strongest open-source and closed-source mod-
els Jedi-7B w/GPT-4o (Screenshot) and Gemini-
Pro-2.5 (Screenshot + A11y Accessibility Tree).
These were drawn from instances where at least
one model failed or reached the 25-step limit. Our
review revealed recurring error patterns.
Plan Tracking Errors: Both models frequently
lost track of their initial reasoning plans. Steps
that had already been completed were redundantly
repeated, causing loops that often exhausted the
25-step budget. In Figure 4(a), for example, the
model had all necessary details by step 9 but kept
re-cycling through earlier actions until termination.
Visual Reasoning Errors: Models also made bla-

Failure analysis Gemini Pro 2.5 Jedi-7B w/ GPT4o
(Screenshot + A11y) (Screenshot)

Navigation Tool Usage errors 66 29
Visualization Tool Usage errors 43 10
Planning failure errors 25 19

Overall 134 58

Table 5: Failure quantification for SOTA models on
DASHBOARDQA.

tant reasoning mistakes or hallucinations. Figure
4(b) illustrates a misinterpretation of a multi-line
chart that led to an incorrect answer.
Information Retention Errors: Models some-
times misremembered or clung to incorrect details.
Figure 13(c) shows a case where a year from an
earlier step was misrecalled; in other cases, screen-
shots were taken before the dashboard fully up-
dated, caused by underestimating the required wait-
ing time, locking in the wrong state.

Table 5 depicts the number of tasks the best per-
forming models encountered certain error types in.
Notably, the hybrid model approach was less prone
to all error types, but still wasn’t able to match the
performance of Gemini Pro 2.5.

6 Conclusion

We introduced DASHBOARDQA, the first bench-
mark for question answering over interactive dash-
boards, aimed at advancing the capabilities of
vision-language and GUI agents in realistic, ex-
ploratory data analysis tasks. Unlike prior bench-
marks focused on static charts or utility-based GUI
tasks, DASHBOARDQA requires agents to plan and
execute complex sequences of GUI interactions to
answer diverse question types including factoid,
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multiple-choice, hypothetical, and conversational
queries. Our experiments on this benchmark ex-
pose critical limitations in current models, with
even the strongest agents experiencing substantial
performance drops. Through extensive evaluation
and analysis, we identify key challenges in ground-
ing, planning, and visual reasoning, highlighting
open problems in interactive multimodal under-
standing. We hope DASHBOARDQA catalyzes
future research toward more robust, grounded, and
reasoning-capable agents for dynamic, real-world
visual environments.

Limitations

Firstly, this is a Tableau-centric dataset. This
limits the visual and topic diversity that would
exist otherwise if dashboards from alternative
visualization platforms such as Power BI and
Zoho analytics were included. In addition, the
website URLS on tableau public were utilized in
this dataset. Future work on interactive dashboard
question answering can focus more on essential
GUI grounding tasks on the desktop app.

Ethical Considerations

During the dashboard curation process authors
were instructed to not collect controversial, divi-
sive, or harmful dashboards, and to rather focus on
more neutral and academic sources. This includes
of sources including of United Nation subgroups
and university institutions (i.e Oxford University).
All dashboards were taken from Tableau Public,
where they are publicly available and permitted for
use in developing AI models3

All QA pairs were either fully authored by the
authors or generated by vision-language models
(VLMs) and subsequently reviewed and validated
by the authors. Each author has expertise in data
visualization comprehension tasks. The annotators
were also informed that their annotations would
be released with the dataset for research purposes.
Additionally, AI-writing tools were employed to
improve the clarity, structure, and overall writing
quality of the paper.
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A Appendices

A.1 Dataset Analysis

Tableau (Tableau Software, n.d.) is a widely used
interactive visualization tool and platform for cre-
ating, publishing, and exploring dashboards that
allows users to freely share visualizations online
and browse a large repository of dashboards cre-
ated by others. We chose Tableau Public for the
following reasons: (i) scale and topic and source
diversity, with millions of dashboards covering
finance, health, public policy, sports, and more
(see Figure 3, 11, and 10); (ii) rich interaction
patterns among the dashboards, including coor-
dinated views, sliders, filters, and tooltips essen-
tial for multi-step reasoning; and (iii) reproducibil-
ity, since many dashboards expose dataset URLs
or allow crosstab export, enabling deterministic
ground-truth verification—something not reliably
supported on other public platforms. To mitigate
concerns about URL fragility, we release the ex-
tracted dashboards and their ground-truth crosstabs
alongside trajectories.

We present detailed statistics on the visualiza-
tion types and the navigation tool types in DASH-
BOARDQA dashboards in Table 8 and Table 1 re-
spectively. Additionally, we show the distribution
of the number of states traversed and steps needed
to answer the questions in 6 and 7. A state repre-
sents the current configuration of selected naviga-
tion tool options of the dashboard. 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 visualization within
the dashboard.

Category Type
Views required to answer

1 2 3 4 5 6 7+

MCQ 0 41 25 7 3 4 0
Factoid 5 14 21 21 9 2 2
Hypothetical 4 30 19 7 2 2 1
Multi-Dashboard 0 9 17 13 0 5 2
Conversational 0 4 7 8 4 2 2

Table 6: Distribution of number of dashboard states re-
quired to traverse for the respective question categories.

Question Category
Easy Medium Hard Total

1 2 3 4 5 6 7 8+

MCQ 14 24 15 11 6 7 3 0 80
Factoid 10 21 19 12 3 6 1 2 74
Hypothetical 18 13 12 8 6 4 3 1 65
Multi-Dashboard 3 2 7 8 9 8 1 8 46
Conversational 1 6 6 4 4 2 1 4 27

Total 46 66 59 43 28 27 9 15 292

Table 7: Distribution of difficulty levels and correspond-
ing number of steps across different question categories
in DASHBOARDQA.

Visualization Prevalence Count Avg. per
dashboard

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

Total 100% 298 2.66

Table 8: Prevalence, count, and average number of re-
spective visualization types across all dashboards, along
with overall average of all visualizations.

A.2 Question source makeup

Our QA generation pipeline was designed to bal-
ance VLM assistance with strong human oversight.
We used multiple VLMs (GPT-4o, Gemini, and
Claude) to ensure topic, wording, and question di-
versity and to avoid the bias that would arise from
relying on a single model family. Most questions
in the dataset are either human-authored or human-
edited, and very few questions were accepted ver-
batim from a VLM. This substantially reduces the
risk of leakage or model-specific bias. Table 11 de-
picts the distribution of the sources for the question
answer pairs generated.

A.3 Prompts for QA pair generation

For reproducibility, we provide the exact prompts
used to generate QA pairs in Tables 12 and 13.
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A.4 Sample QA pairs for each category
We present multiple walkthroughs of sample ques-
tions from each category from 5 to 9.

A.5 Prompts and Step Limit for Models
Evaluation

For reproducibility, we provide the prompts
used for model evaluation, adapted from the
ChartQAPro benchmark (Masry et al., 2025a) in
Table 14. Additionally, our decision for setting
a 25-step cap was chosen based on two practical
considerations: (1) empirical human trajectories,
where all tasks were solvable within 8–12 steps dur-
ing annotation (see Table 6 in Appendix), and (2)
practical inference cost, since a single full pass of
Gemini Pro 2.5 with a11y input already costs 303
USD for 25 steps, making large-scale sweeps pro-
hibitively expensive. To evaluate whether the step
limit affected model performance, we conducted
a focused ablation on 50 randomly sampled tasks,
doubling the step budget from 25 → 50 for Gemini
Pro 2.5 under the (A11y + screenshot) setting. The
results (shown in the table 11) indicate no mea-
surable improvement in accuracy when additional
steps were allowed and additional steps primarily
led to looping or repeated mis-grounding rather
than progress toward the correct state.

A.6 Quantitative Analysis
Figure 15 shows the distribution of steps and
thought lengths for both Gemini Pro 2.5 and Jedi
7B w/GPT4o. For clarity, we excluded 11 extreme
outliers in Gemini’s thought lengths (exceeding
10K characters) to avoid skewing the histograms.

Failure analysis Gemini Pro 2.5 Jedi-7B w/ GPT4o
(Screenshot + A11y) (Screenshot)

tasks with dropdown menu errors 40 14
tasks with range slider errors 11 3
tasks with tabs errors 12 11
tasks with radio button errors 3 1

Overall 134 58

Table 9: Failure quantification for SOTA models on
DASHBOARDQA by navigation tool type.

Gemini Pro 2.5 Accuracy
(Screenshot + A11y)

25 steps 35.33%
50 steps 35.33%

Table 10: Step limits and accuracy rates for Gemini Pro
2.5 on DASHBOARDQA.

3397



Question Category Human-made Assisted Model-Only

GPT4o 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

Table 11: Counts of question creation methods through Human or VLMs.

Figure 5: Example MCQ question in DashboardQA

Figure 6: Example factoid question in DashboardQA
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Figure 7: Example hypothetical question in DashboardQA

Figure 8: Example multiple dashboard question in DashboardQA
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Figure 9: Example conversational question in DashboardQA
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Figure 10: Example Tableau dashboards collected from various institutions,organizations,and individuals.
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Figure 11: Sample dashboards chosen for all of the topics in DashboardQA
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Jedi 7B W/GPT4o correct response (MCQ)

Question: What is the approximate difference between the highest adult obesity rate and the highest childhood obesity
 rate shown in the scatter plots? 

A) 25 percentage points , B) 30 percentage points 
C) 35 percentage points ,  D) 40 percentage points , E) 45 percentage points

Dashboard state 1 anaysis Dashboard state 2 analysis

The scatter plot for children shows the highest 
obesity rate around 30%.

The scatter plot for adults showed the highest
 obesity rate around 60%.

The difference between the highest adult obesity rate (60%) and the highest
 childhood obesity rate (30%) is approximately 30 percentage points.

Answer: B) 30 percentage points

Secondly, I changed the dropdown from “Production” to “Domestic
Consumption” to visualize the relevant line graph. Once the variable
was updated, the line chart for “Leading cotton domestic consumers,
2000–2018” appeared, with each country represented by a colored

line. The orange line indicates China's data. By carefully inspecting the
graph between 2008 and 2014, I observed a clear dip in the orange line.

The year with the lowest domestic
cotton consumption for China between

2008 and 2014 is: 2013

Firstly, to determine the year in which China had the
lowest domestic cotton consumption between 2008
and 2014. I first needed to interact with the Tableau
dashboard. Initially, the dashboard was displaying

“Production” data, which isn’t helpful for the current
task.

Question: What is the year between 2008 and 2014 (inclusive) where China's domestic cotton 
consumption was at its lowest?

Answer: 2013

Jedi 7b W/GPT4o correct response (Factoid)

Dashboard 2 analysisDashboard 1 analysis

From the first dashboard, I found the total
mortgage denial cases in New York:
- Total Applications in NY: 643,505

- Denial Rate in NY: 16.6%
- Denial Cases in NY = 643,505 * 0.166 =

106,821.83

From this second dashboard, I can see the
"Complaints Received by Product Type". 

The number of complaints for "Mortgage" is
12,470. 

This is the nationwide number since no filter is
applied.

Now I can calculate the ratio:
Ratio = (Mortgage complaints nationwide) / 

(Mortgage denial cases in NY)
Ratio = 12,470 / 106,821.83

Ratio ≈ 0.1167

Question: What is the ratio between mortgage complaints received nationwide versus 
the total amount of mortgage denial cases in the state of New York rounded to three decimal places?  

Answer: 0.117

Gemini pro 2.5 correct response (Multi-Dashboard)

Dashboard 2 analysisDashboard 1 analysis

From the first dashboard, I found the total
petitions received for Colombia: Petitions

Received (Colombia) = 859

From the second dashboard, the data indicates 29 petitions
pending initial review for Colombia. But the question specifies to
use 20 pending petitions instead. Petitions Pending Initial Review

(Colombia) = 20

Now I can calculate the petitions that have already
undergone the initial review: Reviewed Petitions=Total

Petitions Received−Pending Initial Review
Reviewed Petitions = 859 − 20 = 839

Question: If Colombia had 20 petitions marked as "pending initial review" in 2024, how many petitions had 
already undergone the initial review out of the total petitions received?

Answer: 839

Gemini pro 2.5 correct response (Hypothetical)

Dashboard state 2 analysisDashboard state 1 analysis

Figure 12: Examples of QA pairs that have received correct responses, and their corresponding dashboard and
VLM.

Figure 13: Additional error type seen from SOTA VLM and hybrid approaches.
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Energy usage per capita for UAE in 2021: 
40,918 kWh/person.

Calculate the difference:

Difference: 143,700 - 40,918 =
102,782

Answer: 102,782

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?

Change from 1965 to 2023: +143.7K kWh/person.

GPT4o incorrect response (Multi-Dashboard)

Ground Truth : Unanswerable

(Incorrect timeline detection)

GPT4o incorrect response (Factoid)

Select 'Employment Status' from the dropdown menu.  The next
 step is to examine the data visualization for the 'Employment

 Status' topic to identify the age where the 'Employed-Civilian' 
population first clearly exceeds the 'Not in Labor Force' population. 

Let's assume the crossover happened at age 25. I will
 look at the chart to find the population estimate for 'White Alone'

 at age 25.

The next step is to switch the topic to 'Race' to find the
population estimate for individuals categorized as 'White

Alone' at the identified age.

Ground Truth :  300K

Referring to the 'Employment Status' topic view, find the approximate age does the 'Employed-Civilian' population count first 
clearly exceed the 'Not in Labor Force' population count. At this identified approximate age, what is the population estimate for 

individuals categorized as 'White Alone' in the 'Race' topic view?

Answer: 400,000

Figure 14: Additional examples of errors, as done by GPT4o. On the left an unanswerable question is given with an
out of bounds date (2023), but GPT4o misses this. Additionally, an incorrect value is extracted from the second
dashboard looked at. On the right for this multi-hop reasoning question we have a mistaken value extracted from the
first dashboard and this error propagates to the information extracted from the next, resulting in an incorrect answer.

(a) Distribution of steps taken by Gemini-Pro-2.5. (b) Distribution of steps taken by Jedi-7B w/ GPT-4o.

(c) Lengths of reasoning thoughts generated by Gemini. (d) Lengths of reasoning thoughts generated by Jedi-7B.
Figure 15: Comparison of reasoning behaviors between Gemini-Pro-2.5 (left) and Jedi-7B w/ GPT-4o (right) 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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Category Prompt Template

Factoid I am giving you multiple snapshots/views of multiple interactive dashboards, including of their 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.
Here are some sample questions to give some inspiration, but make sure to create the questions with
lexical and semantic differences. Samples : <samples >

Multi Choice I am giving you multiple snapshots/views of multiple interactive dashboards, including of their 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.
Here are some sample questions to give some inspiration, but make sure to create the questions with
lexical and semantic differences. Samples : <samples >

Hypothetical I am giving you multiple snapshots/views of multiple interactive dashboards, including of their 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.
Here are some sample questions to give some inspiration, but make sure to create the questions with
lexical and semantic differences. Samples : <samples >

Table 12: Prompt Templates for Factoid, MCQ, and Hypothetical question answer generation. These represent the
single turn, single dashboard question types.
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Category Prompt Template

Multi-Dashboard I am giving you multiple snapshots/views respectively for multiple interactive dashboards, including
of their 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 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. Samples : <samples >

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 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 are going to be given, the selection options available and the example
views 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 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 log-
ical 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 create the con-
versations 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.
Samples : <samples >

Table 13: Prompt Templates for Multi-Dashboard and conversational question answer generation. These represent
the multi-turn or multi-dashboard question types.
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Category Prompt Template

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>

Multi Choice 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 Dashboards 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 conversation 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>

Table 14: Prompt Templates for Each Question Category in the Direct setup.

3407


