Can Al agents understand spoken conversations about data
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ABSTRACT

In this short paper, we present work evaluating an Al agent’s
understanding of spoken conversations about data visualiza-
tions in an online meeting scenario. There is growing inter-
est in the development of Al-assistants that support meetings,
such as by providing assistance with tasks or summarizing a
discussion. The quality of this support depends on a model
that understands the conversational dialogue. To evaluate this
understanding, we introduce a dual-axis testing framework for
diagnosing the Al agent’s comprehension of spoken conversa-
tions about data. Using this framework, we designed a series
of tests to evaluate understanding of a novel corpus of 72 spo-
ken conversational dialogues about data visualizations. We
examine diverse pipelines and model architectures, LLM vs
VLM, and diverse input formats for visualizations (the chart
image, its underlying source code, or a hybrid of both) to see
how this affects model performance on our tests. Using our
evaluation methods, we found that text-only input modalities
achieved the best performance (96%) in understanding discus-
sions of visualizations in online meetings.

Index Terms: Al agents, data visualization, online meetings,
multi-modal understanding, evaluation framework.

1 INTRODUCTION

Data-driven projects are often collaborative and interdisci-
plinary. To manage these collaborations, teams periodically
meet to present preliminary results, build a common un-
derstanding of the project, integrate varied perspectives and
make decisions. These meetings often occur virtually, uti-
lizing video conferencing platforms such as Zoom or Teams.
Such platforms are increasingly integrating Al-agents that uti-
lize large-language models (LLMs) to support and summarize
the discussion. For these agents to be successful, they must
demonstrate a deep and accurate comprehension of what meet-
ing participants are expressing to each other. For discussions
about data, a critical challenge is ensuring that these agents un-
derstand comments about data visualizations presented in the
meeting. Visualizations of data are vital tools for communicat-
ing data in meetings, providing a concrete reference point for
the conversation. During a discussion, meeting participants
might identify a trend or outlier in the visualization ("What
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is that peak in the middle?”), ask questions about data prove-
nance ("Is this a recent sample or the entire dataset? How was
it sampled?”), or express feedback about how the data is rep-
resented visually ("The colors are hard to distinguish in that
cluster.”). To understand these comments, Al-agents need to
integrate content from multiple sources (transcript, visualiza-
tion, data properties) and potentially multiple modalities (un-
structured text, code, images, or a hybrid of all).

There is prior work evaluating Al agents (LLMs or VLMs)
in visualization literacy benchmarks [4}|7,/12]]. In addition,
researchers have evaluated language models for Chart Ques-
tion Answering [3]. These assess how well these models un-
derstand questions about data visualizations. However, these
evaluations do not address LLM’s understanding of visualiza-
tions in relation to conversational dialogues, i.e., online meet-
ing scenarios. There has been work to evaluate different nat-
ural language techniques for conversations about data visual-
izations in meeting scenarios [9}/10,|/14|]. However, these ap-
proaches focused on classifying utterances and responding to
visualization requests, instead of directly assessing language-
model understanding of the discussion.

A critical challenge is determining the most effective way
to provide necessary context about a data visualization to Al
agents. Relying solely on a chart image risks factual errors
from imperfect visual interpretation [6]], while relying solely
on textual context, like source code, may lead to missed visual
nuances [15]]. Although researchers are interested in unifying
these modalities for modern Al agents, there is insufficient ev-
idence comparing these input strategies, especially for our tar-
get context of online meetings involving data visualizations.

In this paper, we consider 1) how to measure an Al agent’s
capacity to demonstrate an understanding of spoken conversa-
tions about data visualizations and 2) what input modalities,
pipelines, and model architectures best promote this under-
standing. We contribute:

¢ A corpus of 72 conversational discussions about data vi-
sualizations in an online meeting scenario.

¢ A benchmark of 318 questions about the discussions in
the corpus.

¢ A dual-axis evaluation framework for analyzing models’
performance on the above benchmark.

* Results from a four-way comparative evaluation of input
formats for visualizations (Image, Code(Text), Hybrid)
and model architecture (LLM vs. VLM), using our eval-
uation benchmark.

We found that the text-only LLM pipeline performed the
best, achieving a nearly perfect accuracy of 95.9%, followed
by the text-only VLM pipeline, achieving 72.4% accuracy.
The hybrid pipeline performed the worst with an accuracy



score of 68%, while the image-only pipeline scored 70%. We
discuss the implications of these findings for the development
of Al-support tools for online meetings about data.

2 ONLINE MEETING DATA CORPUS

First, we needed to build a corpus of conversations about data
visualizations in an online meeting scenario. This corpus is
used to test Al-agent understanding.

Recruitment and Protocol: We recruited participants who
had some experience working with data. These participants
were recruited from the University mailing lists. This study
took place over Zoom, with two participants and one re-
searcher. The researcher showed the participants a set of slides
depicting 8 data visualizations. These visualizations included
bar charts, line charts, histograms, box-plots, and scatter plots.
These charts visualized a movie dataset [1]], which is originally
sampled from the MovieLens dataset [5] utilizing the TMDB
Open APIL. We selected this dataset because we believed it to
be familiar to a general audience. During the session, the re-
searcher introduced each visualization. Meeting participants
were encouraged to discuss the data and visualization freely.
Each session was recorded and transcribed using Zoom. Fol-
lowing the sessions, we divided each transcript into 8 sub-parts
for each of the visualizations discussed.

Corpus description: We recruited 18 participants (16M,
2F) to 9 paired mock-meeting sessions. Participant ages
ranged from 21 to 35 years old, from backgrounds such as
computer science, business administration, biostatistics, and
finance. Sessions ranged from 17 to 55 minutes, with tran-
scripts of 2228 to 7343 words. This produced 72 (8+*9)
transcript-chart pairs. We conducted two pilot sessions with
4 participants to refine our study protocol.

3 BENCHMARK QUESTIONS

Our goal is to develop a method that assesses how well Al-
pipelines showcase an understanding of spoken conversational
discussions about data visualizations. Two researchers iter-
atively designed a set of 318 evaluation questions in total for
the 72 transcript-chart pairs. These questions were designed to
cover significant discussion points in each conversation. They
also referenced content present in the transcript and visualiza-
tion. These questions were posed in a multiple-choice format
to allow for automated scoring of pipeline performance, mir-
roring prior language-model evaluation approaches [4,/12].

4 DuAL AXIS EVALUATION FRAMEWORK

To provide a more granular score of model performance, we
labeled our questions based on 1) level of complexity and 2)
topic. These two labels formed our dual-axis framework for
diagnosing LLM comprehension. The distribution of the 318
benchmark questions on the two axes is available in the sup-
plementary materials (Section 9).

4.1 Level of complexity

Questions were sorted into 3 categories of increasing complex-
ity. These labels are inspired by Bloom’s Taxonomy, which is
a hierarchical framework for categorizing learning objectives
from simpler tasks, such as basic recall of factual information,
up to more complex activities like synthesis and evaluation of
information [2]]. This taxonomy is often used by instructors to
design assessments that measure student learning at different

levels of complexity. We selected Bloom’s taxonomy as a ref-
erence for our assessment because we wished to measure our
pipeline’s understanding in the same way you might assess the
understanding of a student. Our three complexity labels are
as follows: Level 1: Factual Recall: Does the model show-
case a capacity to report the basic facts of what was said and
what happened? Example questions in this category may in-
volve asking the model to recall the insights or points directly
expressed by participants in the dialogue. Level 2: Data In-
terpretation: Can the model identify the trends, patterns, and
outliers in the data alluded to or implied by participants in the
discussion? Example questions in this category require con-
necting opinions or observations to the underlying pattern in
the data. Level 2: Participant State Analysis: Can the model
go beyond the recall of statements to gauge opinions and un-
derstand reactions? Example questions in this category re-
quire inferring opinions or beliefs from participant statements.
Level 3: Causal and Process Analysis: Can the model ex-
plain the underlying reasons for participant statements about
their opinions? Example questions ask the model to identify
hypotheses and theories behind participant statements.
Although Bloom’s taxonomy features six levels [2], we se-
lected three based on applicability to our tasks. Our ’Level
1: Factual recall’ label directly maps to the first level, “re-
membering”. Our ’Level 2: Data Interpretation, Participant
State Analysis’ labels encompass the cognitive skills of “un-
derstanding” and “applying” concepts to the data. Finally, our
"Level 3: Causal and Process Analysis’ label corresponds to
“analyzing”, as it requires the model to deconstruct participant
arguments to understand causal theories. The higher levels of
the taxonomy, “evaluating” and “creating”, are more aligned
with generative tasks, which we will pursue in future work.

4.2 Topics

To form the second dimension of our dual-axis framework, we
designed a set of topic tags to pinpoint the visualization ele-
ments or discussion points referenced in the question. The tags
are designed for the questions about participant statements re-
lated to Chart Layout: Overall visualization, such as bars
being too big or too small; Axis & Labels: X-axis, Y-axis,
or their labels; Visual Encoding: How data is encoded, such
as color scales; Data Provenance: The origin, sample size,
time period, or accuracy of the data; Data Pattern: Identified
trends, outliers, and patterns in the data; Data Point: Focusing
on a single specific data point under discussion; Participant
Hypothesis: A specific explanation or reason, such as a par-
ticipant explaining a trend or pattern in the data.

5 COMPARATIVE PIPELINE DESIGN

We used this evaluation method to compare four different
pipelines, which utilized different models and visualization in-
put formats: (1) a Vision Language Model (VLM) which is
given a visualization image as input, (2) an Large Language
Model (LLM) which is given the code for the visualization,
(3) a VLM given the code for the visualization (tested to iso-
late architecture from input format), and (4) a VLM analyz-
ing a Hybrid of both image and text (code) for the visualiza-
tion input. We selected 1lava-1.5-7b-hf [[11] for the VLM and
Mixtral-8x7B-Instruct-v0.1 [§]] for the LLM, as both fit our
testing requirements for the two different model architectures
and allowed us to test our core questions related to image, text,
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Figure 1: High-level flow for pipeline operations: (A) Inputs (B)
Four Pipeline Modes (C) Standardized Comprehension Tasks

and hybrid inputs without the confounding factor of extreme
latency or memory-related failures.

For each pipeline, the Al agent performs a series of ini-
tial steps to extract information from its input. This includes
extracting user insights/feedback from the transcripts, gener-
ating structured metadata from the visualization images (for
the VLM-Image and VLM-Hybrid pipelines). We then pose
the questions to test each pipeline’s comprehension of the user
discussions, as shown in Figure[T]

Analysis methods: Quantitative analysis is performed by
calculating the accuracy of each pipeline’s answers to the
benchmark questions, broken down by complexity and topic,
as discussed previously. This approach enables us to analyze
specific strengths and weaknesses. For instance, we can isolate
and examine all Level 2 (Interpretive) errors that fall under the
’Data Provenance’ topic tag to understand why a model strug-
gles with that specific task.

6 FINDINGS

The Text-only LLM pipeline performed the best, achieving a
nearly perfect accuracy of 95.9%, followed by the Text-only
VLM pipeline, achieving 72.4% accuracy. This shows that
even with the same input modality, the architecture of the
pipeline, in this case, an LLM versus VLM, can significantly
affect its performance. The Hybrid pipeline performed the
worst with an accuracy score of 68%, while the Image-only
pipeline scored 70% on our evaluation. This was an interest-
ing observation since the Hybrid pipeline had more contextual
knowledge input compared to the other pipelines.

Text-Only (LLM): The Gold Standard This pipeline is
the top performer with a score greater than or equal to 90% in
almost every category for every comprehension level (Figure
2 t,b). The only areas where it scored less than 90% were Axis
& Labels for Data Interpretation (67%), Data Pattern for Fac-
tual Recall (81%), and Visual Encoding for Participant State
Analysis (80%). These results suggest that with structured text
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Figure 2: (top) Heatmap - Performance on Complexity Levels.
(bottom) Heatmap - Performance on Topic Tags

input (source code, schema), the LLM can robustly handle all
levels of comprehension, from factual recall to analysis.

Text-Only (VLM): The Architectural Contender As dis-
cussed earlier, this pipeline was designed to isolate the model
architecture as a variable. Although it performs reasonably
well, its accuracy of 72.4% is significantly lower and more in-
consistent than the 95.9% accuracy of the Text-Only (LLM)
pipeline, despite receiving the exact same text-only input. For
example, it struggles with Causal & Process Analysis on Vi-
sual Encoding (20%) and general Factual Recall. This sug-
gests that the architecture of the underlying model has a tan-
gible impact on reasoning ability. The LLM is demonstrably
better at text-based reasoning tasks than the VLM, even when
the VLM is not “distracted” by an image in this case.

Hybrid (VLM): The Confused Performer This pipeline’s
performance indicates challenges in fusing inputs (text & im-
age). Although it performs well on some tasks (e.g., Causal &
Process Analysis on Axis & Labels and on Chart Layout), it
fails on others. For example, it achieved zero accuracy in Data
Interpretation on Data Provenance questions, on which the
Text-Only VLM scored perfectly, which implies that adding
the chart image caused a performance collapse. The model
may have exhibited a knowledge conflict, ignoring the correct
textual information in favor of incorrect visual information.

Image-Only (VLM): The Brittle Visionary This pipeline
demonstrates the unreliability of relying solely on visual inter-
pretation for complex analysis. The scores vary significantly.
It performs perfectly on some high-level tasks (for example,
Causal & Process Analysis on Chart Layout - 100%), but fails
on others (for example, Causal & Process Analysis on Axis &



Labels - 0%). It struggles with tasks requiring precise data ex-
traction, such as Data Interpretation on Data Point (40%) and
Axis & Labels (33%). This suggests that while it might grasp
the general layout, it cannot be trusted for detailed, factual
analysis and fine-grained visual perception.

7 DISCUSSION

Our findings suggest that Al agents perform well in our bench-
mark when given structured textual inputs, such as visualiza-
tion code and data schemas. Given a 96% performance of the
text-only LLM pipeline on our benchmark, there are strong
reasons to believe that Al-agents with an LLM can be explored
as support tools for meetings about data. However, these find-
ings do not imply limiting inputs to text, but encourage re-
searchers to explore better strategies for combining modalities.

Implications: These findings encourage us to explore Al’s
potential collaboration in meetings. Future studies should as-
sess how the presence and interventions of an Al agent impact
the nature of human-to-human conversation; the aim should
be to make Al a helpful collaborator instead of an unwelcome
intruder. Our findings also highlight a challenge for the design
of Al-agents for meetings. Typical tools for online meetings,
such as Slideware like PowerPoint, and video conferencing
systems like Zoom & Teams, primarily have access to visual-
izations in the form of images, either embedded in the slide or
within the video feed. However, we found that image-only in-
formation about visualizations may be insufficient for achiev-
ing model understanding of the discussion. Meeting tools may
need to embed visualization code and other metadata in text
form to enable effective Al support.

Limitations: Our current corpus is focused on partici-
pants with a range of data visualization experience examin-
ing charts from a tabular dataset. It is possible that we would
find different performance results given a corpus of conversa-
tions between experts in various domains with spatial, tempo-
ral, or graph-structured data in different visual templates. In
addition, our evaluation approach required human-generated
benchmark questions, which may be difficult to extend and
scale for more domains. Finally, given the strong performance
of the LLM on our benchmark, future benchmarks may need to
be more challenging and based on more complex and domain-
specific corpora, so that we can distinguish the performance
improvements of future model pipelines.

8 CONCLUSION

We contribute a novel corpus of 72 conversational discus-
sions about visualizations in an online meeting setting. We
developed a benchmark of 318 questions to evaluate the Al-
pipelines’ understanding of these discussions. We created
a dual-axis framework & labeled these questions based on
complexity and topic. Finally, we compared four pipelines
with different model architectures (VLM vs LLM) and input
modalities (text, image, and hybrid), using our benchmark and
corpus. We found that text-only LLM achieved 96% accuracy
on our benchmark. Future environments for online meetings
may need to consider ways to integrate text-based information
about visualizations to design Al-driven support tools.

9 SUPPLEMENTAL MATERIALS

To promote future benchmarking and reproducibility, materi-
als from this paper are published at/GitHub [[13], including: (1)

code for the pipelines, (2) study visualizations, (3) the corpus
of discussions, and (4) the benchmark questions and labels.
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